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Abstract

This paper studies how technical analysis has been used throughout history

and constructs a technical trading strategy to be used in a computer algorithm.

The strategy is based on a linear regression indicator and aims to profit from

the assumption that markets, in this case the DAX, has some degree of serial

correlation in daily price-movements. The strategy developed in this paper does

beat a buy and hold with a substantial margin. Further, I test the validity of these

results by simulating two different sets of random stock-paths using monte-carlo

simulations; one following a geometric Brownian motion and the other a wiener

process with serial correlation. I find that the strategy based on a linear regression

has significantly higher returns than a buy and hold strategy over the same time

period and that the results generated by the strategy on the DAX give some degree

of evidence for serial correlation in daily prices on the DAX.
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1 Introduction

Whether or not trading strategies based solely on technical analysis are profitable

to a point where they continuously beat buy and hold strategies is a frequently

debated subject among economists. There are many who claim that the efficient

market hypothesis (EMH) holds true and that predicting market movements based

on historical data is impossible. Others claim the market is highly predictable,

and that it is simply a matter of finding the correct patterns. In recent years,

the general notion of the EMH being true has lost traction and traders are often

trying to predict the markets (Lo, Mamaysky, and Wang 2000).

Despite a historical acceptance of the EMH, technincal analysis has been used

for decades, often by professional traders seeking a good entry position for their

trade. In other words, technical analysis has historically mostly been used as a

complement to fundamental analysis (Brown and Jennings 1989).

The fairly recent loss of traction for the EHM has fueled an increase in the popu-

larity of technical analysis among professional and retail investors alike, many of

whom produce strategies exclusively on technical analysis. One famous technical

analyst, or chartist James Simons a.k.a the Quant King has run an incredibly

successful hedge funds that uses complex computer algorithms to identify trade

opportunities. Individuals such as James show the potential of technical analysis

and has helped the practice gain a foothold amongst investors.

There is an ongoing debate about technical analysis and whether or not it is a

self-fulfilling prophecy (Brown and Jennings 1989). If this is indeed the case then

the larger the amount of investors using a certain indicator the more efficient it

becomes, meaning it is in all traders best interest to get other investors to use the

same indicators in their trading. Other investors do not agree with this notion but

argue that the reason technical analysis works is because there exists information

in the stock price that allows for prediction of future price movements.

This paper will attempt to construct a trading strategy suitable for implementa-

tion in an algorithm, determine which type of market phenomena the strategy is

profitable on and seek to find evidence of said phenomena on the Deutche Borse
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Index (DAX). Initially four previously successful technical indicators will be dis-

cussed and tested to determine which will be used in the strategy. The indicators in

question are MACD, RSI, Linear Regression and Bollinger Bands, each explained

further in later sections. The strategy will be constructed using the indicator dis-

playing the best restults. Attempts to improve said results will be performed by

combining indicators.

To test the strategies ability to outperform buy and hold in specific market con-

ditions a set of simulated markets will be constructed using Monte-Carlso sim-

ulations: one following a random walk, realized through a geometric brownian

motion, the other based on the same time-series motion but containing serial cor-

relation. 1000 fictive markets, each spanning 2500 trading days (10 years of daily

prices) will be simulated for each market type to ensure rigorous testing. For each

generated market, results of a buy and hold will be compare to the result of the

constructed strategy. This will give a dataset where the results of two strategies

can be tested against each other.

Finally, the results from the DAX will be tried against the results from the fictive

markets to ascertain if the observed results could have been generated from the

aforementioned market phenomena.

2 Literature

According to the efficient market hypothesis (EMH), predicting stock price move-

ments should be impossible (Timmermann and Granger 2004). Proving or disprov-

ing the EMH has been a popular subject in financial economics for a long time.

During the 1960s researchers began to show substantial interest in the movement

of stock markets, particularly in price fluctuations and if these follow a random

walk (Fama and Blume 1966). Influential studies on the subject were conducted

by Samuelson and Mandelbrot in 1965 and 1966 and were in essence the first to

perform a rigorous study on random walks in stock market prices (Fama 1970).

The basic hypothesis of the random walk theory is that successive price changes

are identically and independently distributed(Fama 1970). This, per definition,
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means that past movement of a time series is not an indicator for future move-

ment. Proving that stock markets follow a random walk would therefor mean

that it is impossible to predict future price movement based solely on statistical

analysis of previous data. Early studies using standard statistical tools showed

strong evidence that prices do in fact follow a random walk (Fama and Blume

1966). These studies gave serial correlation coefficients very close or equal to zero.

However, it was argued that using standard statistical models is not a sufficient

method to capture all paramaters that chartists examine to determine whether or

not to enter the market (Fama and Blume 1966).

Not all researchers employed standard statistical models, however. One notable

and early exception is Alexanders Filter Rule created by Professor Sidney S.

Alexander. This purely mechanical (based solely on technical analysis) strategy

was based on difference in daily closing prices. An increase between daily opening

and closing price of x percent was a bullish signal and the user was to buy and

hold the security until the price moved down at least x percent from a previous

high. The strategy also utilized the ability for the trader to bet against the market

by short selling. Here, the indicators are reversed. Any market movements smaller

than x percent are ignored. (Fama and Blume 1966)

This strategy was formed to test a hypothesis widely held by market professionals,

that market prices adjust gradually to changes in information. The underlying

assumption of the hypothesis is that new information will not be available to all

market participants simultaneously, but that information will gradually spread

among investors. Investors will of course not react on new information until they

recieve it, thus slowing the overall reaction time of the market.

Alexander’s Filter Techniqe was tested on daily closing prices for the Dow-Jones

Industrials from 1897 to 1929 as well as the Standard and Poors Industrials from

1929 to 1959. His tests showed returns significantly greater than that of a buy

and hold strategy. This was true for all tests with x values of between 5 and 50

percent and over all time periods. This result implied that the independent and

identically distrbuted nature of returns assumed to apply to the security prices did

infact not apply to his dataset. (Fama and Blume 1966)

3



Alexanders strategy was critisized however, among others by Mandelbrot who

claimed that the results were highly overestimated by biases incorporated in the

computations. For example, Alexander had assumed that it was always possible

to enter the market at exactly the price that the model suggested. Additionally,

Alexanders model omitted dividends recieved if holding the security, thus underes-

timating the result of a buy and hold strategy. A model including the paramaters

omitted in Alexanders model was tested, the results of which showed that the

filter technique did not surpass a buy and hold strategy in terms of average re-

turns (Fama and Blume 1966). The study finally concluded that the Alexander

Filter Rule could not be said to consistently beat a buy and hold strategy, thus

supporting the efficient market hypothesis.

Eugeine Fama, among others, continued to research the EMH for many years to

come, one of his most influental research papers being ”Efficient Capital Mar-

kets” (Malkiel 2003) (Fama 1970). In this paper, Fama approached proving the

EFM using three different information subsets: weak form, testing information

sets consisting only of historical prices, semi-stong form in which the question of

whether prices adjust efficiently to new, publicly available information (such as

announcements of stock splits, new security issues, annual or quarterly reports,

etc.) and lastly, strong-form testing whether certain investor groups who have

exclusive access to relevant information have an advantage in the market.(Fama

1970).

In his paper, Fama concludes that the case of the weak form test of the clearly

point in favor of the EMH. Although some statistically significant evidence against

the EMH was found in the dependence of successive price changes and returns,

these were in line with the ”Fair Game” model or otherwise insignificant to declare

markets inefficient. (Fama 1970) In the semi-strong form tests, in which prices are

assumed to reflect all publicly available information, result also support the EMH

hypothesis.

On average, information about stock-splits concerning future dividend payments

of a firm is fully reflected in the stock price at the time of the split. Lastly, in

the strong form ony two groups, corporate insiders and exchange specialist were

concidered to have monopolistic information. Their excess information was not
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seen to affect any other investor group, and was therefor irrelevant. With these

result the paper finally concluded a vast majority of the evidence pointed in favor

of the EMH, with surprisingly little contradicting evidence. (Fama 1970).

As a result of the aforementioned papers, and similar studies of the time, it was

generally believed that the EMH did infact hold true, and that stock markets

were highly efficient in reflecting aggregated and individual stock information. It

was accepted that new information was incorporated in stock prices without delay,

making it impossible to use technical and even fundamental analysis to predict the

price movement of tomorrow, as only tomorrow’s news would influence tomorrow’s

stock price. (Malkiel 2003)

The general acceptance of the EMH was strong until around the turn of the cen-

tury when economists and statisticians began questioning the hypothesis again,

claiming that stock price movements were at least partially predictable. (Malkiel

2003)

In 2007 a litterary overview regarding the use of technical analysis was conducted

by economists Menkhoff and Taylor (Rosillo, Fuente, and Brugos 2013). This

paper reviewed many significant findings of previous papers and summarized them

into different ”stylized facts” (Menkhoff and Taylor 2007) about technical analysis.

Already in the early 1980s several studies had concluded that technical analysis was

indeed frequently used by traders, especially within the foreign exchange markets.

However, these studies simply stated that it was used but did not attempt to test

the success rate of it. Despite its widespread use, technical analysis was not of

academic interest and was often frowned upon by intellectuals who were still strong

believers of the EMH. (Menkhoff and Taylor 2007)

The interest in technical analysis among academics was spawned from the works of

economists Allen and Taylor, who in the 1990s systematically documented the use

of technical analysis as a tool in the decision making for foreign exchange investors

(Allen and Taylor 1998). What made this particular paper of such interest to the

academic community was its prominent characteristics in terms of how the sur-

vey was conducted. The survey was aimed towards foreign exchange professionals

based in Hong Kong, London, Frankfurt, New York, Tokyo, Singapore and Zürich.
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These seven locations, at the time the seven largest financial hubs, together ac-

counted for approximately 78% of the global market turnover in foreign exchange.

(Triennial Central Bank Survey of Foreign Exchange and Derivatives Market Ac-

tivity 2004 - Preliminary global results 2004) (Menkhoff and Taylor 2007)

The paper by Allen and Taylor concluded that technical analysis was indeed an

important factor considered in the decision making for investors, and was used

by almost all investors, at least to some extent. Furthur, the study found that

investors relied more heavily on technical analysis if the investment horizon was

shorter, i.e the reliance on technical analysis was skewed towards shorter trading

periods.(Allen and Taylor 1998) (Menkhoff and Taylor 2007)

Since then, economist sought a way to incorporate human behaviour and psyco-

logical traits in the movement of stockprices; the theory being that behaviour was

predictable and therefor the actions of investors must also, to a certain extent be

predictable. Additionally, many of these financial economist were claiming that

this information could be utilized to earn excess returns, even in risk adjusted

terms. (Malkiel 2003)

The notion that the market could be partially predicted and even possibly gen-

erate higher reward for a given level of risk started a new movement of technical

analysts or chartists. Technical analysis once again became a widely used method

of analysis, and thus also a highly debated subject. (Menkhoff and Taylor 2007)

3 Methodology

This thesis aims to create a technical trading strategy based on one, or a combi-

nation of, previously successful technical indicators. The strategy is then to be

implemented into an algorithm that trades by itself, entirely without human inter-

vention as to eliminate the effects of trading psychology. After acquiring a result

on real market data, the same strategy will be run on 1000 simulated stock paths

that follow a random walk using a Monte-Carlo simulation. This will enable us

to compare the results of the strategy between real data an a confidence interval

6



over fictive to determine if the result could be achieved on a random walk.

The strategy will further be tested on fictive data with serial correlation, as to

mimic a market with trends. This enables us to test how well the strategy works

with a particular trend type, and if this trend type is likely to exist in the real

market.

A selection of popular technical indicators is presented and discussed later in this

paper. Each indicator is then tested individually using ProRealTime
TM

(PRT)

software. The software is used for Contract For Difference, (explained further in

the next chapter) or CFD trading and is capable of backtesting strategies on real

market data. I have chosen apply the final strategy on CFDs as these derivatives

have low transaction costs, and enable shortselling as to profit from down turns

in the market. The software applies the strategy to historical data on a market

and time period specified by the user and shows the returns the strategy would

have generated had it actually been applied during that period. After running the

backtest the software shows the returns the strategy would have generated as well

as certain statistics of the trades taken, such as average return per trade, hit-ratio,

trades taken, etc.

The individual indicators as well as the final strategy will be tested on daily closing

prices from the Deutsche Boerse AG German Stock Index (DAX) from 1/1/2006

to 1/06/2016. After testing the strategy on real data and acquiring a result

However, the PRT software is not capable of statistical testing or creation of

Monte-Carlo simulations, therefor these calculations are done in Excel and Stata.

The only purpose of using PRT is to quickly be able to test and compare differ-

ent strategies. The most profitable one will then be applied to the Monte-Carlo

simulations generated in excel and its results tested for significance in stata.

The first of the two sets of 1000 fictive markets is generated using a Monte-Carlo

simulation creating a geometric brownian motion, or Wiener process with positive

drift. This effectively means that the stock price will follow a random walk (with

slight positive drift), indicating that the direction of the price for the next day

can not be predetermined from yesterdays price. The reasoning behind using a

geometric browninan motion is its frequent use in other studies when simulating
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the movement of a stockprice. (Campbell and Shiller 1988) (Engsted, Pedersen,

and Tanggaard 2012) If real markets truly followed a geometric brownian motion,

this would give weak evidence supporting the Efficient market hypothesis as it

would confirm that all previous information is included in yesterdays price and

todays price can only be affected by todays news.(Fama 1970)

The second of the two datasets is generated using the same method as mentioned

above but intoducing serial correlation. This is achieved by letting tomorrows

price be affected by the direction of todays price, meaning consecutive movements

in the same direction is more probable, i.e serially correlated daily prices. The

specific equations used for calculating prices will be explained in further detail

later in this chapter.

By testing the strategy on these two sets of fictive data we can determine first and

foremost if the strategy gives statistically significant differences in returns from

markets with serial correlation compared to those without. Furthermore, we can

test the results from the real market against the result of the fictive simulations,

to establish what type of market phenomena is most likely to exist in the real

market, in this case the DAX.

Testing the results of the strategy against those of a B&H will be conducted using

standard students t-tests to determine if the null hypothesis, that there is no

significant difference in returns, can be rejected. The t-test has been chosen as it

is a well proven method for the type of data used, and has frequently been used

successfully in similar previous studies.

3.1 Contract for difference (CFDs)

To test the strategy I will be using Contract for Differences derivatives, or CFDs. A

CFD is an agreement between an investor and a providor to exchange the difference

in value of a financial product between the time the contract opens and closes. The

investor never actually owns the underlying asset but rather recieves revenue based

on the movement of that asset. For example, if an investors wants to invest in

10 000 shares of a company, but does not want to pay for 10 000 shares, she
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can instead invest in a CFD contract that only requires her to pay for example

5% of the total value while still gaining exposure to 10 000 stocks. This enables

investors to gain the same exposure to a much lower cost. Further, the contract

enables investors to profit from both upturns and downturns as the contract can

be sold short. CFDs also provide access to international stocks and indecies that

might otherwise be difficult to take on exposure to. Together with a CFDs ease of

execution it has become a popular investment vehicle.

They are designed such that their price equals that of the underlying security.

Further, they give traders an opportunity to hedge existing positions and in some

cases avoid taxes or other legal fees implied by the underlying security. (Brown,

Dark, and Davis 2010) (Corbet and Twomey 2014)

Originally introduced in London in the 1990s as over the counter (OTC) derivatives

for institutional inverstors, these instruments have since become popular among

retail investors worldwide. Although CFDs are infact prohibited in the USA, other

contries do offer CFDs with US indecies or stocks as underlying securities. (Brown,

Dark, and Davis 2010)

An interesting feature of a CFD compared to a futures contract is that it does

not have a maturity date. Instead the day at which an investor chooses to sell

the contract is treated as the maturity date, providing a highly liquid and easily

executable security. This fact is potentially one of the reasons why it has become

so popular with retail investors. (Corbet and Twomey 2014)

CFDs have a predetrmined value change for each incremental movement of the

underlying security, usually defined as a per pip value change (one pip is the

smallest change a security can have). The value of one pip is often also the spread

that the trader pays to gain access to the derivative. The value per pip differs

across asset classes.

CFDs have been chosen for their wide availability, their low transaction costs and

the ability to short sell the security.
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3.2 The simulated stock price data

This paper involves two different simulations, as previously mentioned. Both sim-

ulations are based on the following equation which describes a geometric brownian

motion.

ln(
St

St−1

) ∼ Φ[(µ− σ2

2
)− t, σ

√
t] (1)

where St is the price in period t, St−1 is price in period t − 1, µ is the average

return per unit of time or drift of the price, and σ is the average variance scaled

with the square root of time.

This formula states that the continuously compounded periodic return (ln( St

St−1
))

is approximately equal to the mean minus half the variance.

For the explicit case we rewrite the equation as follows:

ln(
St

St−1

) = α + ztσ (2)

Where α is a deterministic component the average drift per day, σ is the variance,

and zt is a stochastic component to simulate shocks in the movement of the price.

For our simulation, we alter the equation slightly further to add room for a second

deterministic component to enable the inclusion of serial correlation.

ln(
St

St−1

) = α + ϵt (3)

where ϵt = zt ∗ σ + ρ ∗ ϵt−1

This equation includes the returns of the previous period scaled by a variable ρ. In

our case, ρ is set to 0.3 as this generated a reasonable level of serial correlation in

the simulated data. Higher values of ρ seemed to skew the time-series excessively

and no longer adequately resemble a real market.

10



Including the variable ρ enables us to use the same equations for all simulations by

simply altering the value of ρ. If ρ = 0 we do not include the previous price change

to any degree, and thus the equation describes a geometric Brownian motion, i.e

a random walk. If we assign a value to ρ we introduce a level of serial correlation

into the data set.

The final formula to calculate the price of each day is thus:

St = St−1 ∗ eα+ϵt (4)

For all simulations, α is based on 10% yearly returns converted to daily returns

through deviding by the number of trading days in a year (250). This level of

return was chosen as it is approximately the average return of the DAX per year

in the last ten years. The stocastic componenet z is the normal distribution

inverse of a randomly generated variable between 0 and 1. The variance is based

on yearly volatility of 24%, again converted to daily volatility through the square

root of time, i.e
√
250 since volatility scales with the square root of time. This

level was again chosen as it is the average yearly volatility of the DAX in the

last ten years. With these two variables in place we only need an initial price for

day one. This price has been set to 5410 for as this was the price of the DAX

on January 1st 2006. The function is then used to generate daily opening prices

from 1/1/2006 to 1/5/2016 as illustrated below. The function is set up in excel

such that the simulation can be recalculated with the click of a button, providing

a simple method of retrieving a large dataset of fictive markets to test the final

strategy on.

As previously mentioned the fictive data set will be recalculated 1000 times for

each market type. For each run the returns of both a buy and hold and the

strategy will be collected. This will enable testing for significant differences in

returns between the buy and hold and the strategy as well as between different

market phenomenas. Further, it will make possible the testing of which type of

market phenomena is most likely to be present on the DAX.
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Figure 1: Fictive stock price data following a wiener process with positive drift

Figure 2: Actual DAX movement last 10 years

Figure 3: 100 simulated stock price paths, plotted on exponential scale
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4 Indicators

This section discusses four of the most common technical indicators used by pro-

fessional and retail day traders. The four indicators discussed are RSI, MACD,

Linear Regression and Bollinger Bands. I will explain each indicator in detail,

how it is normally used by traders, and discuss previous studies on their ability

to generate positive returns. The final strategy that is to be implemented in the

algorithm will be based on one, or a combination of, the indicators mentioned in

this chapter. The indicators discusses in this chapter have been chosen because

of their popularity. They are some of the most frequently used technical indi-

cators by traders today. This in turn means a few things. First and foremost

they are the easiest indicators to find previously conducted research on. Secondly,

as these indicators are most frequently used they are also the indicator with the

highest chance of actually work. The higher the usage of a specific indicator, the

more decisions will be based on that indicator meaning that it will have stronger

statistical relevence the more people use it. This is an interesting concept that

applies to all technical analysis. The higher the proportion of traders who use a

specific indicator, the better that indicator will work, under the assumption that

all traders use the information given by the indicator in the same way.

4.1 Relative Strength Index (RSI)

The first indicator we want to look at is relative strength index, or RSI for short.

RSI is a momentum indicator that compares the magnitude of recent increases

(upclose) and decreases(downclose) in prices of a security to decide whether that

security is overbought or oversold. It is calculated using closing prices only and

analyses the ratio between up closes, and down closes. If we observe a majority of

upcloses RSI will show a higher value, and vice vesa (Wong, Manzur, and Chew

2003). To calculate the RSI we define Up-closes (Ut) and Down-closes (Dt) as

follows:
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Ut =

St − St−1 if St > St−1

0 otherwise
(5)

Dt =

St − St−1 if St < St−1

0 otherwise
(6)

where St is price in period t.

For Ut and Dt an average over n days is calculated, denoted as Ūt and D̄t. These

averages are subsequently divided to give the relative strength:

RSt,p =
Ūt

|D̄t|
(7)

The RSI over n periods at time t is then defined as:

RSIt,p = 100− 100

1 +RSt,p

(8)

If we combine the above equations and rearrange we get the following:

RSIt,p =

∑n−1
i=o (St−i − St−i−1)1{St−i > St−i−1}∑n−1

i=o |St−i − St−i−1|
(9)

where RSIt is the Relative Strength Index at time t,St is the price at time t of the

underlying security and n is the number of periods over which the averages are

calculated, thus the timespan of the relative strength. Further, 1{St−i > St−i−1}
is a binary function that takes the value 1 if the statement is true, and 0 if the

statement is false. The RSI can take on any value between 0 and 100 and oscillates

around the value 50. Values under 50 give bullish signals and vice versa. Important

levels to note for the RSI are 30 and 70, where if the value of the RSI dipps below

30 a bullish signal is given to the investor, as the security is then said to be

oversold. The same in reverse applies to values above 70 where the security is

deemed overbought. (Chong and Ng 2008) (Wong, Manzur, and Chew 2003)
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4.1.1 Buy & Sell signals of RSI

Traders interpret the RSI in a number of different ways. Some of the most com-

monly use are ”Touch”, ”Peak”, ”Retracement” and ”50 Crossover”. All methods

use a combination of the current value of RSI (a.k.a signal line) and some prede-

termined level or levels to generate buy or sell signals.

The first method, ”touch”, compares the current value of RSI to one lower and one

upper level, commonly 30 and 70. If RSI reaches 30 from above it indicates to the

trader that the asset is comparatively oversold meaning the current price is lower

than it should be, and that an upward adjustment should be imminent. Thus, if

RSI reaches 30 a buy signal is given. The opposite applies if RSI reaches the upper

bound, in our example set to 70, which would instead generate a sell signal. (Wong,

Manzur, and Chew 2003). The upper and lower levels differ between traders, but

30 and 70 commonly used levels.

The second method, ”peak”, seeks to find changes in direction of the signal line

above the upper or below the lower bound. In other words, when the signal line

is above 70 and changes from increasing over time to decreasing over time a sell

signal is generated. In theory, such an observation of the RSI value would signal

two things: that the asset is overbought and that the overbuying is no longer

increasing, but instead decreasing. This method is therefor (atleast in theory) a

more precise indicator of changes in momentum.

The ”retracement” interpretation generates a buy signal if the signal line has

crossed the lower level, reched a bottom, then retraced back to the same lower

bound or higher (Wong, Manzur, and Chew 2003).

The final, ”50 crossover” method gives a buy signal if the RSI value crosses above

the 50 line, and a sell signal if it crosses under the 50 line. (Chong and Ng 2008)

(Wong, Manzur, and Chew 2003)

As previously mentioned, RSI is a momentum indicator examining the speed and

change of price movements. The first three interpretations mentioned above all

attempt to capture a change in the direction of the momentum. The difference

between them lays in the timing of the generated entry signal, but the under-
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lying assumption as to why entering should be profitable is the same. The 50

crossover method on the other hand instead attempt to generate an entry signal

when momentum gathers traction, not when it changes direction.

For example, say the RSI at some arbitrary point in time is at 40 and increasing.

Further, assume its value passes 50, then continues to 85 before it starts to decrease

and goes down to 65. The ”50 crossover method” would generate a buy signal as

soon as the signal line crosses 50 as this would signal that the asset is on its way

to be overbought, thus the price is on its way up.

The ”touch” method would generate a sell signal when the signal line reaches 70, as

this signals that the asset is now oversold and that a downward correction should

shortly follow. This method gives the earliest entry compared the the ”peak” and

”retrace” method.

The ”peak” method would not generate sell signal until the RSI reached the value

85 and subsequently decreased. This entrly will lay between the ”touch” and

”retrace” signals.

Lastly, the ”retrace” method would not generate a sell signal until the RSI value,

after having reached its peak of 85, retraced back to 70 (being the upper level).

4.1.2 Previous litterature, RSI

The RSI has oftentimes been researched in previous literature as it is frequently

used by traders. A recent paper studying the profitability of RSI focuses on the ”50

crossover” method of interpretation. The study tested the RSIs ability to generate

returns on the Financial Times Institute of Actuariese 30 (FT30) index of Mills.

Historical data was gathered from January 1935 to January 1994 as this was the

UK index with the longest historical price data available (Chong and Ng 2008).

The data was then split into 3 subperiods, 1935-1954, 1955-1974 and 1975-1994.

The strategy was tested on each sub period individually as well as over the enire

timeframe. Over all periods combined the index had an average 10-day return of

0.022% or approximately 5.8% per annum, thus, the annual return for a buy and

hold strategy over the same period. Using a 14-day RSI over the entire time period
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and the ”50 crossover” interpretation of RSI, a buy signal on average generated

a 10-day return of 0.779% (22.44% annually) and a sell signal generated a 10-day

return of -0.127% (-3.36% annually) (Chong and Ng 2008). The results for the RSI

buy signals were significantly different from the buy and hold strategy’s mean of

0.2192%. Statistical significance of the buy signal was given at a 5% level for a two

tailed test while the sell signal was only significant at 10% (Chong and Ng 2008).

However, this result only holds for the full period. Tests of each individual period

did not yield significant results. In conclusion, the results of this study do state

that the RSI can generate high returns, but does not consistently give statistical

evidence of this.

The study was revisited a few years later and the same tests conducted (Chong, Ng,

and Liew 2014). This time, the ”50 crossover” as well as ”touch” interpretation

was tested. Different markets were used, namely: Milan Comit General, S&P

Composite Index, DAX, Dow Jones and Nikkei. The ”50 crossover method did once

again seem to beat a buy and hold strategy but was not consistently significant.

On test that did hold significance was the sell signal on the DAX, which was

significant at a 5% level. (Chong, Ng, and Liew 2014)

4.2 Moving Average Convergence Divergence (MACD)

MACD is a popular indicator in technical analysis and has been used since its

invention in 1970 by Gerald Appel (Appel and Appel 2008). As implied by the

name, the MACD looks at convergence and divergence of two different moving av-

erages of a security, origninally a 12-day and 26-day moving average. The MACD

indicator has two general purposes: to recognize and follow strong market trends

and to signal trend reversals. To do this the MACD looks at the relation between

the two moving averages over time. If the two are diverging and the short term

moving average is higher than the long term, this would signal an increasing up-

ward momentum, and vice versa. The actual value of the MACD is the difference

between the two moving averages. Thus, the MACD of the 12/26 day EMA is

calculated by subtracting the 26-day EMA from the 12-day EMA. The indica-

tor is recursive, meaning MACD for the next period is dependent on the current

17



period. (Appel and Appel 2008) (Chong and Ng 2008) To calculate the next pe-

riods MACD we add a smoothing constant to this periods value. The smoothing

constant is calculated as follows:

2

N + 1
where N is number of days in the EMA

Thus, in the case of 12 and 26 day EMAs the smoothing constants are:

2

12 + 1
= 0.154 and

2

26 + 1
= 0.074

In the fictive case of yesterdays price being 185, the 12-day EMA being 188 and

the 26-day EMA being 184, yesterdays MACD would be 188 − 184 = 4 Assume

that todays price has risen to 190. The new MACD is then:

New 12-day EMA: 188 + 0.154(190− 188) = 188.308

New 26-day EMA: 184 + 0.074(190− 184) = 184.444

New MACD: 188.308-184.444 = 3.864

The MACD is then illustrated in a linechart, accompanied by a 9 period EMA

of itself (referred to as the signal-line), as well as a histogram of the difference

bewtween the MACD and the signal-line (Wong, Du, and Chong 2005). This is

illustrated, together with a stock price, in figures 4 and 5.

The two most distinguishing features of the MACD indicator are whether it is

above or below the zero line, and if it is increasing or decreasing (Appel and Appel

2008). Generally speaking the least favorable market climate in which to trade is

when the MACD is decreasing and below 0 as this indicates weaker short term

trends than long term ones(Appel and Appel 2008).
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Figure 4: Randomly generated stock price data over 250 days

Figure 5: MACD line over the same time period as above

4.2.1 Buy & Sell signals of the MACD

As with the RSI there are several ways in which traders interpret the MACD, the

most common being crossovers between the MACD and the signal line. A buy

signal using this method is generated when the MACD turns up and crosses above

the signal line. As the histogram shows the difference between the MACD and

the signal line, a new bar above the 0 line will be displayed when this occurs. The

opposite is true for a sell signal. If the MACD moves down and crosses under the

signal line, a negative bar will be displayed in the histogram and a sell signal will

be generated. (Appel and Appel 2008) (Chong and Ng 2008).

Another commonly used method of MACD is the centerline crossover method,

a.k.a signals are generated when the MACD crosses above or below the value 0. A
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buy signal is generated if the MACD crosses above the 0 line, i.e goes from being

negative to positive. This indicates that the 12 day moving average is now higher

than the 26 day which in turns signals an increase in positive momentum. Again,

the opposite is true for a sell signal (Appel and Appel 2008) (Chakrabarty, De,

and Dubey 2014).

There are other less commonly used methods of generating buy and sell signals

using the MACD, however these will not be tested in this paper and as such will

not be discussed.

4.2.2 Previous litterature, MACD

The MACD has historically also yielded mixed result when tested empirically.

Using the 0 crossover rule for the MACD, one study concluded that the MACD

performed so well on some markets that the null hypothesis of equality between

returns of the MACD strategy and a buy and hold is rejected at conventional

significance levels (Chong, Ng, and Liew 2014). The market in question was the

Milan Comit General.

4.3 Linear regression Slope (LR)

The least-squares linear regression slope indicator is commonly used to identify

the direction and strength of a market trend. It is an oscillator type of indicator

with 0 being the central line. Any value above 0 indicates an upward trend while

the magnitude of the number indicates the intensity of the current trend, i.e a

strong upward market trend will have a higher linear regression slope value. Any

value under 0 indicates a negative market trend. (Star 2007)

The linear regression indicator is therefor useful for detecting shifts in the direction

of price movement as a cross of the 0 line would indicate a change in the direction

of a trend and thus trigger a buy or sell signal, however; it also has other outputs

that can be of significant value. (Star 2007)

The linear regression slope indicator is effective in determining the direction of
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trend, however it does not tell us how accurate it is. For this we need to confirm

the value of the slope with an R-squared value. R-squared t indicates how much of

the underlying movement is explained by the linear regression line. The higher the

R-squared value, the higher the correlation between the linear regression indicator

and the trending component of the price.

The way we interpret the R-squared value differs slightly depending on the number

of time periods over which the linear regression is drawn. For any given confidence

interval (often the standard 95% is used) a higher r-squared is required the fewer

the look-back periods. The less observations in a sample, the higher the value has

to be for statistical significans. For example, a linear regression over ten periods

should yield an r-squared value of atleast 0.4 to give confirmation of positive cor-

relation, whereas a 50 period r-squared only has to be 0.08 to confirm the same.

(Star 2007)

R-squared assumes a value between 0 and 1, where an increasing r-squared in-

dicates an increasing correlation between the market movement and the linear

regression coefficients. The same, with opposite effect, is true for a decreasing r-

squared. R-squared is calculated continuously over the amount of periods specified

by the user.

R2 =
SSR

SST
=

∑N
i (ŷi − ȳ)2∑N
i (yi − ȳ)2

(10)

where
∑N

i (ŷi − ȳ)2 is the regression sum of squares and
∑N

i (yi − ȳ)2 is the total

sum of squares.

The r-square only confirms trend but does not tell us anything about the direction

of the trend. Here we can instead use another part of the linear regression indicator,

namely the slope of the regression. The slope will tell us the direction in which

the market is currently heading, thus tells us the direction of the current trend.

Further, a change in the direction of the linear regression slope is a good indicator

of changing market trends.

The goal of the linear regression is, as per usual, to find the straight line that

provides the best fit for the observed data points.
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For n data points and where {(xiyi), i = 1, ..., n} the function that describes yi

(the expected price based on observations: xi is:

yi = α + βxi + ϵi (11)

where α is the point of intercept, β is the regression coefficient, xi is the data-point

value and ϵ is a stochastic error term.

The linear regression slope is thus:

β̂1 =

∑
(xix̄)(yiȳ)∑
(xix̄)2

(12)

4.3.1 Buy & Sell signals of the Linear Regression Indicator

Normally the Linear Regression indicator is not used on its own to generate buy

or sell signals. Instead it is more commonly used to identify a direction of trend to

which the trader can then adjust a strategy going forward. Thus the Linear Re-

gression is often accompanied by other indicators to construct a complete trading

strategy. (Star 2007) However, if used on its own the Linear Regression indicator

is interpreted in a similar fashion to a momentum indicator, such as the RSI, and

the trader will look for crossovers of the 0 line or peaks and bottoms. If looking

for 0 line crosses, a crossing over the 0 line would indicate a change from down-

ward to upward trend thus giving a buy signal. Peaks and bottoms on the other

hand would signal a reduction in the strength of a trend potentially signaling that

a change in trend direction is imminent. A peak would therefor generate a sell

signal as this would imply a decrease in strength of an upward trend.

4.4 Bollinger bands

The Bollinger band is an indicator designed by the famous technical trader, John

Bollinger. It was designed to give traders a method of determining extreme price

movements of a security. It is based on a moving average line over a certain

number of periods decided by the trader. To this line two additional lines are
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added, one above and one below. The distance of these lines is based on the

standard deviations of the price-movement. The traditional bollinger band uses a

moving average of 20 days and adds a band at 2 standard deviations above and

below the moving average. (Lento, Gradojevic, and Wright 2007)

Since standard deviation is a standard measure of volatility the band will change

depending on present market conditions. If market volatility increases, the width

of the bollinger band will increase, wheras a decrease in volatility will result in a

tighter bollinger band.

Traders usually look at two aspects of bollinger bands. The width of the band

and how close the current price is to the upper or lower band. A sharp increase in

volatility is often preceeded by a tightening of the bollinger band and is thus fre-

quently looked for by traders. Price movements close to the upper band indicates

(similarly to RSI) and overbought security, and vice versa (Lento, Gradojevic, and

Wright 2007). These two interpretations of the bollinger band are the most com-

mon for traders to examine.

Figure 6: Bollinger Band on fictive price movement

4.4.1 Buy & Sell signals of the Bollinger Bands

Several different interpretations of the movement of the bollinger bands are use to

generate buy and sell signals for traders. Commonly, if the price movement is so
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extreme that it is outside the range of the bollinger band a signal is generated. If

the price is above the upper bollinger limit this would signify that the asset is over

bought and thus should be sold, a.k.a generates a sell signal. If the price is lower

than the lower bound a buy signal is given.

As previously mentioned, periods of low volatility are ofter followed by periods of

high volatility. Therefor a tightening of the bollinger band often gives a trader

a signal to either buy or sell. However here the decision of going long or short

must be determined with the help of other indicators, such as the linear regression

indicator, to determine which breakout direction is more plausible.

5 Constructing the strategy

To construct a strategy, the afore stated indicators were initially tested individu-

ally. The initial testing intended only to give an indication of which the strongest

performing indicator was. Each was primarily tested for whether a B&H was

beaten or not and the test consisted of running the different interpretations of the

indicators in PRT to see what returns they would have generated on the DAX in

the last 10 years. The indicators showing excess returns over a B&H would be

further investigated and optimized for the dataset at hand by tweaking variables

such as the number of periods of moving averages. After the initial stage, combi-

nations of more than one indicator at a time were to be tested, to see if this would

generate better result than one individual indicator.

This however, did not happen. Testing each individual indicator yielded supris-

ingly futile results. The MACD did not manage to beat a buy and hold with either

of the interpretations explained previously. Nor did the RSI strategy. These results

were however in line with previous studies of this particular index, DAX, which

did not previously generate significant returns either. (Chong, Ng, and Liew 2014)

(Rosillo, Fuente, and Brugos 2013)

The only tested indicator that seemed to significantly beat a buy and hold strategy

was the linear regression indicator. Combinations of the linear regression and of
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the other indicators mentioned previously were combined and tested to see if better

results were achieved, either in terms of increased hit-ratio or in profitability as

to mitigate losses in certain conditions. For example the linear regression strategy

on its own did tend loose significantly in periods with bearish extreme volatility.

In an attempt to mitigate the losses from, the linear regression indicator was

combined with a bollinger bandwith indicator which shows how wide the bollinger

band currently is, i.e what magnitude do two standard deviations currently hold.

When this was too high or rising significantly faster than any other day within

the last 10 days, the algorithm would not be allowed to trade. This gave the

strategy a decrease in profits, but did increase the hit-ratio. Despite this finding the

combination was not used as the increase was marginal at best and also increased

the risk of over fitting the strategy, i.e making it excessively tailored to the data at

hand and thus decreasing its chances of working on future or otherwise different

data.

5.1 The final strategy

The final strategy using the linear regression indicator is based on the assumption

of market prices tending to continue in the same direction as the previous time

period, in other words, that market prices are serially correlated. To maximize

profits under this assumption an optimal strategy should therefor, as accurately

as possible, detect when a new direction in market prices begins as this will in

theory let the algorithm enter the market at optimal entrypoints for new trend

directions. When the price trend looses momentum in one direction and gains

momentum in the other, the algorithm enters the market.

Further, as the chosen derivative can be short sold the algorithm can also profit

from market downturns. The same principal as above is applied to market entry

here, i.e when the market trend changes from bullish to bearish, the algorithm

enters a short position.

This combination in theory implies that the algorithm is always in the market,

but in the direction of the current price trend.
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To capture this type of market movement I have chosen to use the linear regres-

sion indicator. A linear regression of 38 periods was chosen as this yielded the

greatest results over time and is in line with the 30-40 daily periods frequently

used in previous literature (Star 2007). More specifically a buy signal is gener-

ated when the linear regression slope lies beneath 0 and changes direction from

downward sloping to upward sloping. This means that when the linear regression

slope indicators implies a change in trend, from bearish to bullish a buy order is

triggered and 1 contract is bought at the current market price. At the same time,

the algorithm exits any short position currently held. A sell signal is generated

when the LR-slope crosses under the level 10, after having been higher. Initially,

the reversed buy condition was used as a sell trigger; however, this often meant

trades were exited to early and a large portion of potential profits were omitted.

In an attempt to delay the selling point, a cross under 0 of the linear regression

line generated a sell signal. This instead overshot the selling point, again omitting

potential gains. The final cross under value of 10 was chosen because it gave the

best tradeoff between exiting too early and exiting too late. At the same time a

sell signal is given the trader enters a short position. As the initial assumption

suggests, the algorithm is constantly in the market, but in different directions at

different times.

6 Results and Analysis

To make sure that the results of the buy and hold and the strategies were compa-

rable, only one CFD contract could be held at anytime so as to keep the leverage

constant for both tests. A CFD contract with a value of 1 euro was chosen, mean-

ing for every pip of movement on the market in the direction of the trade, the

trader recieves 1 euro. This is also the spread, and thus the price payed by the

trader each time he or she enters the market. No other transaction costs are

present, however an additional cost of 0.5 EUR per trade is included to account

for entry and exit delays where the desired entry price is not exactly met, but

slightly under or over-shot.
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The linear regression strategy generated higher results than B&H over the tested

period. For comparison, if purchasing 1 CFD contract on January 1st 2006 with

the DAX index as the underlying security, and holding the contract until May

18th 2016 gave a total return of 4 519 EUR, thus giving the benchmark return

of the B&H. The linear regression strategy in the same period, and only able to

hold a single contract at any given time, generated returns of total return of 11

018 EUR. In other words the linear regression strategy outperformed the B&H by

6 499 EUR, or 143.8%. Further, the strategy takes 60 trades in total during the

period out of which 43 are profitable trades and 17 are non-profitable giving the

strategy a hit-ratio of 71.67%.

Although these results were generated from real market data, they are still only run

on one market, meaning the results could well be out of pure luck. The following

section aims to answer whether the success of the strategy is purely up to chance

or if the strategy has infact managed to capture and profit from aspects of serial

correlation in a market.

6.1 Testing the strategy on fictive markets following a ge-

ometric brownian motion

To test whether the linear regression strategy outperforms the market out of pure

luck or not we test the success rate of the strategy on markets following a random

walk and compare the results to B&H on the same markets. As previously men-

tioned these markets can not per definition be predicted, thus we do not expect

the linear regression strategy to beat a B&H.

To recall, 1000 fictive markets were generated to follow a geometric brownian

motion. For each simulated market the results of both B&H strategy and the

linear regression strategy were collected. The mean for both was calculated and

a one tailed t-test performed to determine if the means are significantly different

from one another. The table below shows the results of the t-test on markets

following a random walk:

Result of two-sample t-test assuming unequal variances:
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Buy&Hold LR Strategy

Mean 9575.298678 9312.168336
Variance 83368101.8 84668990.24
Observations 1000 1000
Hypothesized Mean Difference 0
Degrees of Freedom 1998
Serial correlation -0.004465
t Stat 0.641901442
P(T¡=t) one-tail 0.260505407
t Critical one-tail 1.64561663
P(T¡=t) two-tail 0.521010814
t Critical two-tail 1.961152015

Testing the strategy on 1000 simulated markets following a geometric brownian

motion did not yield any significant results. As the data is designed specifically

not to be predictable, this was to be expected. A simple t-test between the returns

from B&H, and the returns of the strategy yielded a P-value of 0.2605, i.e is not

significant.

6.2 Testing the strategy on fictive markets with serial cor-

relation

As the underlying assumption is that market indexes have some degree of serial

correlation, the second fictive data set is designed to have exactly that. To recall,

1000 fictive markets were generated to contain serial correlation. For each simu-

lated market the results of both B&H strategy and the linear regression strategy

were collected. The mean for both was calculated and a one tailed t-test performed

to determine if the means are significantly different from one another. Testing the

strategy on this data does infact show that the mean returns of the linear regres-

sion strategy on serially correlated markets are significantly different from those

of the buy and hold strategy on a serially correlated market, as shown in the table

below.
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Result of two-sample t-test assuming unequal variances

(Sample 1 is the Buy&Hold)

(Sample 2 is the LR Strategy):

Buy&Hold LR Strategy

Mean 3967.726231 8761.070064
Variance 146283204.6 185055747
Observations 1000 1000
Hypothesized Mean Difference 0
df 1971
t Stat -8.327264047
P(T¡=t) one-tail 7.6371E-17
t Critical one-tail 1.645627087
P(T¡=t) two-tail 1.52742E-16
t Critical two-tail 1.961168299

A simple t-test between the returns of the buy and hold, and the linear regression

strategy yields a P-value of 7.63 ∗ 10−17 meaning it is significant far beyond a 99%

confidence level.

6.3 Comparing the results of the simulated data and those

of the DAX

Although the results gathered from the simulation following a random walk were

to be expected, they allow us to test if the returns of the linear regression strategy

from the real market data, the DAX, could have been generated by a random walk.

To test this we again run a t-test, this time however comparing the percentage of

excess returns. To clarify, we calculate the excess return by subtracting the returns

of the B&H from the returns of the linear regression strategy, then dividing this

number by the returns generated by the B&H. The average of these calculations

(x̄ = 0.541) is then tested against the excess returns from the DAX (µ0 = 1.207,

calculated in the same way.) This gives the following function for a simple t-test:
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t =
x̄− µ0

s/
√
n

→ −38.554 =
0.541− 1.207

2.998/100
→ p-value < 0.0001 (13)

where t is the t-statistic value, x̄ is the average return from the linear regression

strategy on the 1000 simulated markets, µ are the returns from the DAX, s is value

of one standard deviation and n is the number of observations. We can thus reject

the null hypothesis that the real market returns were generated from a random

walk at a 99% confidence level.

This result does give rise to an interesting question: Since the results are not

generated from a random walk, what inherent property does exist in the DAX that

enables the linear regression strategy to perform well on it, but not in a geometric

Brownian motion? As we have constructed the linear regression strategy on the

assumption that serial correlation is present in the market, we naturally want

to test wheter the excess returns on the DAX are likely to have been generated

because of the precence of serial correlation.

Performing the same comparative test as previously performed on the results of

the serially correlated dataset gives the following result:

t =
x̄− µ0

s/
√
n

→ −1.0086 =
0.969− 1.207

22.89/100
→ p-value > 0.1 (14)

Here, we can not reject the null hypothesis that the returns generated from the

DAX are significantly different from those generated from fictive data with serial

correlation.

This gives the conclusion that the strategy does not yield significant excess returns

on markets following a random walk (as was to be expected), and that it does

yield significant returns on markets with serial correlation. Further, the results

generated from backtesting on the DAX could not, with higher than 99% certainty

have been achieved from a random walk. A much more likely reason for the excess

returns is would be that there exist some level of serial correlation in daily prices

of the DAX, as the null hypothesis of returns from the DAX and average returns

from random data with serial correlation being the same, could not be rejected.
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7 Concluding remarks

The trading strategy developed in this paper certainly seem to be highly profitable

in markets where serial correlation is present. As a linear regression within statis-

tics is partly modeled to find serial correlation in data sets, it is not to surprising

that the indicator should work to some degree in such market environments. The

more interesting finding is the fact that the strategy performs well on actual mar-

ket data from the DAX, and that the results indicate the existence of some serial

correlation in the DAX. A potential reason for this finding is that not all market

participants are fully rational in the sense that they may want to wait for confir-

mation of an upward trend before entering the market. Such a confirmation may

be a day of upward price movement meaning that trader chooses not to enter the

market until after an initial upturn in prices. This behavior over consecutive time

periods would partly explain why yesterdays price movement could explains part

of todays price. Another reason could be that not all traders do have access to

the same information at the same time, but that information that is available to

one trader today might not be available to (or atleast not discovered by) another

untill some later time. Many potential reasons as to why serial correlation could

be present in the DAX exist.

This must however be further and more rigorously studied before it can be said with

certainty that the DAX contains serial correlation, and more extensive research

still to determine the exact cause of it. Further research into the nature of the DAX

to examine the existence of serial correlation in daily prices is thus of potential

interest for further research. Another intriguing continuation of this paper would

be to further test the strategy on other stock indexes to see if the results generated

by these markets are similar, as well as testing if the strategy performes well on

other market phenomena, such as momentum.
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