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Chapter 3.  Methodology 

I use several kinds of the most popular simple technical rules and one complex 

rule to find the log return of each rule, which including moving average, resistance 

and support, channel break and learning strategy. For all, there is a universe about 

4556 combinations. Then I use the White reality check (White,2000) and stepwise 

multiple testing(Romano and Wolf,2005) to see whether the excess return from 

technical trading rules is actually the result from data snooping. 

 

3.1  Technical Trading Rules  

Moving Average(MA) 

In an uptrend, long commitments are retained as long as the price trend remains 

above the moving average. Thus, when the price trend reaches a top, and turns 

downward, the downside penetration of the moving average is regarded as a sell 

signal.... Similarly, in a downtrend, short positions are held as long as the price trend 

remains below the moving average. Thus, when the price trend reaches a bottom, 

and turns up- ward, the upside penetration of the moving average is regarded as a 

buy signal. (Gartley (1935)p. 256)  

But there are still many variations and modifications of this rule. I also let the buy 

and sell signals can be generated by crossovers of a slow moving average by a fast 

moving average, where a slow MA is calculated over a greater number of days than 

the fast MA. 

 

Support and Resistance(S&R) 

A simple trading rule based on the notion of support and resistance (S&R) is to buy 

when the closing price exceeds the maximum price over the previous n days, and sell 

when the closing price is less than the minimum price over the previous n days. 
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Rather than base the rules on the maximum (minimum) over a pre-specified range of 

days, the S&R trading rules can also be based on an alternate definition of local 

extreme. That is, define a minimum (maximum) to be the most recent closing price 

that is less (greater) than the e previous closing prices. 

(Sullivan,Timmermann,White(1999)p.1546) 

 

Channel Break(CB) 

A channel (sometimes referred to as a trading range) can be said to occur when 

the high over the previous n days is within x percent of the low over the previous n 

days, which is not including the current price. The rules we develop for testing the 

channel break- out are to buy when the closing price exceeds the channel, and to sell 

when the price moves below the channel. 

(Sullivan,Timmermann,White(1999)p.1547) 

 

 There are three types of filters we imposed on the simple rules. The filters are 

designed to filter out the false signals. The fixed percentage band filter requires the 

buy or sell signal generated only when they exceed the original buy (sell) signal point 

by a fixed multiplicative amount. The time delay filter requires the buy or sell signal 

to remain valid for a pre-specified number of days, d, before the action is taken. The 

last filter is holding a given long or short position for c days (holding period); no 

matter what happen in this period. 

   

Learning Strategy(LS) 

A learning strategy assumes that an investor learn from the past m days (memory 

span) of the strategies’ performances within the certain class, he then switch his 

position by following the best strategy found during the memory span. After his 
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switch, he waits for r days (review span) and then evaluates the past m days 

(memory span) the strategies’ performances again to decide whether to 

switch. (Kuang, Schröder and Wang(2008)) 

 

For all, when there is a buy signal, I will hold a position of index, then if there a sell 

signal, I will liquidate the position and short it. Besides, all the strategies in the above 

follow a rule, which is after the first signal generating; I will only change the position 

until encounter an opposite signal. 

  

Trading Rule Parameters 

 

Rule Parameter 

name 

Parameter 

MA N 2,5,10,15,20,25,30,40,50,75,100,125,150,200,250 (105 combinations)  

B 0.001,0.005,0.01,0.015,0.02,0.03,0.04,0.05 (8 values) 

D 2,3,4,5 (4 values) 

C 5,10,25,50 (4 values) 

Plus other 9 rules, b=0.01 and c=10 are applied to all combinations of MA with a fast 

MA of one, two, and five days and a slow MA of 50, 150 and 200 days. 

n= number of fast-slow combinations of days in a moving average 

b=fixed band multiplicative value 

d=number of days for the time delay filter 

c=number of days a position is held, ignoring all other signals during that time 

Number of rules= n+(b*n)+(d*n)+(c*n)+9=1794 

 

Rule Parameter 

name 

Parameter 

SR n 5,10,15,20,25,50,100,150,200,250 (10 values) 

b 0.001,0.005,0.01,0.015,0.02,0.03,0.04,0.05 (8 values) 
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d 2,3,4,5 (4 values) 

c 5,10,25,50 (4 values) 

n=number of days in the support and resistance range 

b ,d and c, the same with the above. 

Number of rules=[(1+c)*n]+[b*n*(1+c)]+[d*c*n]=610 

 

Rule Parameter 

name 

Parameter 

CB N 5,10,15,20,25,50,100,150,200,250 (10 values) 

X 0.005,0.01,0.02,0.03,0.05,0.075,0.1,0.15 (8 values) 

B 0.001,0.005,0.01,0.015,0.02,0.03,0.04,0.05 (8 values) 

C 5,10,25,50 (4 values) 

 N=number of days for the channel 

 X=difference between the high price and the low price required to form a channel 

 B and c, the same with the above 

Number of rules=(n*x*c)+[n*c*(x-b combinations)]=2040 

 

 

Rule Parameter name Parameter 

LS m(memory span) 5,10,20,40,60,125,250 (7 values) 

R(review span) 5,10,20,40,60,125,250 (7 values) 

There are 4 rule classes (3 classes of simple rules and collection of all rules) and m 

must >= R, so there are 28 combinations,  

Number of rules=4*28=112   

 

3.2  White Reality Check 

   The process of the test 

1. First separate time series data into estimate and test part. The total length of the 

data is from 1 to T, the tested part has n items indexed from R to T. 

2. Decide the performance criterion, for example, if you want to compare which 
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regression equation has the better performance; you can decide by which MSE is 

lower. 

3. Generate L models and a benchmark to test which model is better than the 

benchmark. For instance, if you want to determine does the best trading rule 

beat the benchmark? You have to set a lot of rules and a benchmark like buy and 

hold strategy. 

4. Then you can put all of this result into a matrix like [ 
r11 r21 r1

r12 r22 r2
 ] , r11  means 

the return from the rule one and day 1, r12  means the return from the rule one 

and day 2. r1 means the day 1 return in the board market.  

5. Specify the number of the resample, N1 

6. Using the stationary bootstrap to make N resamples. 

The process of the stationary bootstrap: 

(a). Draw a number k at random, independently and uniformly from {R,...,T}. Then 

set the t (t=1) row of the matrix equal to k row of the matrix from the step 4. 

(b). Increment t by 1. If t > T, stop. Otherwise, draw a standard uniform random 

variable U independently of all other random variables. (a) If U < q2, draw k at 

random, independently and uniformly, from {R, ... ,T}. (b) If U≧q, expand the 

block by setting t row of the matrix equal to the k+1 row (k got from the last 

drawing) ; if k > T, reset to the starter.  

(c). Repeat step b. 

7. Compute the estimation and the performance value for benchmark model and 

the first model. h0,t+1
  is the benchmark performance, h1,t+1

  is the first model 

performance.  

h0,t+1
 = − yt+1 − x0,t+1β 0,t 

2
 or rt+1 

                                                      
1
 I set N=500 in this paper. 

2
 I use q=0.5 for most part of this research. 
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h1,t+1
 = − yt+1 − x1,t+1β 1,t 

2
 or r1,t+1           t=R……T 

f1,t+1
 = h1,t+1

 − h0,t+1
      ,       f1

 = n−1  f1,t+1
 T

t=R   

    

We can also get N amount of f1,i
    ∗

         i = 1 …… . . N 

 

8. Set V 1 = n1/2f1
      V 1,i

∗
=n

1

2(f1,i
    ∗

− f1
 )    i=1……N 

9. Get n1/2f2
  and n

1

2(f2,i
    ∗

− f2
 ) from the second model then set 

V 2 = max  𝑛
1

2𝑓2
  , 𝑉 1  V 2,i

∗
= max  𝑛

1

2 𝑓2,𝑖
    ∗

− 𝑓2
  , 𝑉 1,𝑖

∗
     i=1……..N 

10. Proceed recursively until finish all the L rules, and get the final result 

V L , V L,i
∗
       i = 1 … N   

11. Sort all the value of V L,i
∗
 increasingly, find M in V L,M

∗
≤ V L ≤ V L,(M+1)

∗
 

then you can get the White reality check p-value by 1 − M
N  

12. So if the P-V smaller than the significant level, then you can reject  

H0 : maxk=1..L[E(fk)] ≤ 0 , means the best model can beat the benchmark in 

some confidence. 

 

3.3  Stepwise Multiple Testing 

Historical returns of investment strategy s, say a particular mutual fund or a 

particular trading strategy, are recorded in xs
T . Historical returns of a benchmark, say 

a stock index or a buy-and-hold strategy, are recorded in xs+1
T .  

Let μs  denote the population mean of the return for strategy s. Based on an 

absolute criterion, strategy s beats the benchmark if μs> μs+1. Therefore, we 

defineθs =  μs − μs+1. Using the notation x T,s =
1

T
 xt,s

T
t=1  

ωT,s = x T,s − x T,s+1   H0: θs ≤ 0 vs. H1: θs > 0 
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Basic StepM Method:  

1. Relabel the strategies in descending order of the test statistics ωT,s: strategy  

r1 corresponds to the largest test statistic and strategy rs  to the smallest.  

2. Set j = 1 and R0 =0.  

3. For Rj−1 + 1 ≤ s ≤ S if 0 ∉ [ωT,s − c j , ∞), reject the null hypothesis Hrs
  

4.  (a) If no (further) null hypotheses are rejected, stop. 

 .(b) Otherwise, denote by Rj  the total number of hypotheses rejected so far and, 

afterward, let j = j + 1. Then return to step 3. 

 

Computation of the c j  via the Bootstrap: 

1. The labels r1, ..., rs  and the numerical values of R0, R1,... are given in above. 

2. Generate M bootstrap data matrices xT
∗,1,... xT

∗,M . (One should use M≥ 1,000 in 

practice.)  

3. From each bootstrap data matrix xT
∗,m , 1 < m < M, compute the individual test 

statistics ωT,1
∗,m ,..., ωT,s

∗,m .  

4. (a) For 1 < m < M, compute max
T,j

∗,m = maxR j−1+1≤s≤S( ωT,s
∗,m − θT,rs

∗ ) 

(b) Compute c j  as the 1 - α  empirical quantile of the M values     

      max
T,j

∗,1 … . . max
T,j

∗,m   

 


