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Sumario

O objetivo deste estudo € analisar a previsibikdaal indicador de analise técnica, Moving
Average Convergence Divergence (MACD), para o peri®94-2016, como ferramenta de
negociacao aplicada ao mercado de divisas. Anadisarm conjunto de pares de moedas,
nomeadamente, o Dolar Australiano face ao DolazBleodés, o Dolar Australiano face ao
Délar Americano, o Délar Canadiano face ao Frandg®e a Libra Esterlina face ao lene
Japonés. O algoritmo utilizado tem por base a ifieagdo da divergéncia entre o preco do
activo e o valor do indicador, indicando a diregi ordem a executar. Analisamos
estratégias alternativas de investimento, em pdaticportféliosCarry Trade. Em termos
gerais, 0 conjunto de parametros [19,39] provideosi melhores resultados em termos de
retorno liquido e factor de recuperacéo e é supaagortefolioCarry Trade em termos de
retorno ajustado ao risco (racio remuneracao/rissa¥ nem sempre em termos de eficiéncia

(r4cio de Sharpe).
Palavras-chave Indicadores de Analise Técnica, MACD, Mercaddadsas

Cadigos-JEL: F31, G11, G14, G23



Abstract

The intent of this study is to analyze the predidiiy of the technical indicator Moving
Average Convergence Divergence (MACD), for the qekr1994-2016, as a tool of foreign
exchange trading. We applied it to a set of majod ainor currency pairs, namely,
Australian Dollar versus New Zealand Dollar, Aus&ra Dollar versus United Sates Dollar,
Canadian Dollar versus Swiss Franc and British Bowersus Japanese Yen. We set an
algorithm to identify the divergence between thee#is price and the indicator’'s value,
giving the trading order’s direction. Additionallye evaluate alternative active and passive
strategies such as the portfaGarry Trade strategy. Overall, the results show that the [P,3
set dominates in terms of net returns and recoleetgr and is superior to th&arry Trade
strategy in risk-adjusted terms (reward/risk ratio) not always on efficiency terms (Sharpe

ratio).
Key-words: Technical Indicator, MACD, Foreign Exchange

JEL-Codes F31, G11, G14, G23



1

2

Contents

Ta 1 geTe [UTox1 0] o HN TR 1
Literature Review: Empirical evidence.......ocooooooooiiiii s 4
2.1 Technical Analysis and Efficient Market HypothedMH) ..............cccc 4
2.1.1  Previous studies: the 60S and 70S .........cceeeeeeiirriiiieeeniiiiiriee e 4.
2.1.2  Previous studies: the 70S t0 the PreSent . ... .ococveeeeiiiiiiiiiiiiieneee . Dus
2.2 CaNAIESHCK PAEINS. .....eueiieeeiieeetee s st ettt eeeeeeeeeaeeesesseseessssssssemennneeeaeaeeeeees 8
2.2.1  Candlestick’s definition ...........oeeiiiiiiieeee e 8
2.2.2  CandleStiCKS’ OFigIN .....uuuiiiiiiiiiiiiiiiiiiiiuiieieeineaeerreerreeree e nn————.e 9
2.2.3  Candlestick analysis profitability.............ccoeeeiiiiiiiiiiiiiii e 10
2.3 Chart PAtternS. ...ttt n e e e eee e 14

2.4 Price limits (support and resistance) and the etirgg effect in the foreign exchange

(0T 1 = PP PP T TSPPPPP 17
2.5 Moving Average Convergence Divergence (MACD) techhindicator .............. 19
2.5.1 MACD'’s standard appliCation ...............oomieieieeieee e 9.1
2.5.2 MACD applied to the forex market ... 19
1C TN |V =7 1 o To (o] [ Yo | 20T TS 22
3.1 Trading strategy implementation.............cceeeeuvuriiuiiiiiiiiiii e 22
3.1.1 INAICALOr'S SEIECHION ...uuviiiiiiiiiiiit s mmmmm e e 22
3.1.2  MACD DiVergence Strat@gy ......cccoeeeeeeereimmmmmmee e 2.2
3.1.3  MACD CalCUulatiOn PrOCESS .......uuuuurrrrrrrsmmmmeeeeereerreseereesesseesesreesneseesennnes 24.
314 TIME fLAIMES ..ottt ceeeee et et e bbb bee bbb bbbttt mmnmne e e e 25
3.1.5  Selection of parameters............uvviiiiiccceeeeeeee s 25



3.1.6 SeleCtioN Of CUIMEBNCIES ... e et e e e e e 25

3.1.7  TranSACHON COSES......ociiueieriiieieeee e s ettt e e e e e e s eeeeeeennees 26
3.1.8  Platform’s CROICE .........ccuiiiiiiiiee e 26
3.1.9  PerfOrmanCe MELIICS .....cceveiiiiiiieeieees s e e e e e e aa e e e e aaaaa e e e e aaaaaaaaaaaeaeeaaeas 26
A RESUILS ..o oo e ettt ettt b b nnmnne e et e e e eeeeeeteeseeneeees 28
N R O 0 0 151 1 =] ] £SO PP O PSR P TP PPPPPP 28
4.1.1  Bid-ask SPread.........cooooiiiiiiiiiii e 28
4.1.2  SWAP VAIUE ... 29
4.2 Performance metrics for the 32 MACD Divergenceaysvariations .................. 30
4.3 MACD Divergence best SyStem PEr CUIMENCY ...ccceeeevvrrrrmrrmmmmmmmnnnnnnnnnnnnnnnnnnnnnns 31
4.4 Active strategy versus PassSiVe Strategy ....cccceeeeeeieeiiiiiiiiiiiiiiiiiiiieieeeeeeeeeeeeens 33
4.41  MACD Divergence strategy versus Carry Trade Stsateg..........ooeeeeeennnn. 33
4.5 Statistical tests based on the recovery factor.............ccccccoiii, 35
45.1 Best MACD Divergence versus worst MACD Divergengstems.............. 35
45.1.1 Detalled teStS ....coooiiiieeeee e, 36
4.5.1.2 WEICH'S TS ettt 37

4.5.2 Best MACD Divergence based on the recovery factosws best Carry Trade

(= 1T |V PPPTPPPTR 38

4.5.3  Discussion of Main rESUILS ..........oeiiiiiieeccce e 39
5 CONCIUSIONS ...ttt e e e e e e e e e e e e e e e e e e e e e e e e e e e e e et e e e e et e e e e aaaaaeaaaaaaaaaaaaaaeas 41
B APPENAICES ...t e e e e e e e e 42
T REIEIENCES ...ttt ettt e e ettt e e e e e e rnmne e e e e e e s et eeeas 69

Vi



Glossary

Term Definition

A booking system System employed by brokers thajust as intermediaries,
sending their clients’ trading orders directly tigquidity
providers or multilateral trading facilities

B booking system System employed by brokers wh kieeir clients’ orders
internally

Base currency The first currency that appearsaargency pair quote

Candlestick Japanese-type of chart that showsgéeing, high, low and
close prices of a tradable asset for an intervéhoé

Counter currency The second currency that appeaurrency pair quote

Drawdown Biggest drop in value of an investmenaimasset from its
peak to its trough

Electronic Automated electronic system that matches buy dhdrslers

Communication Network

(ECN)

Expert advisor (EA) Program intended to automate titading actions of an

investor for the Metatrader platform

Harami pattern Candlestick chart pattern in whiclteige candlestick is
followed by a smaller candlestick body, which sldoble
located within the former’s candlestick price range

Islamic account Free-swap account

Moving Average Trend and momentum technical indicator which depibe

Convergence Divergenceelationship between two moving averages of prioe f

(MACD) different lengths

Metatrader 4 Electronic trading platform used mafat foreign exchange
trading

MQL4 Programming language used to develop progrdors
Metatrader 4

MQL5 Programming language used to develop progrdors

Metatrader 5

Vii



Multilateral trading Non-regulated exchanges used for foreign exchamageng
facilities (MTFs)

Non dealing desk (NDD)  Broker that provides diractess to the interbank market
Pip The minimum change in value between two curesnc

Point and Figure Chart Type of price-dependent tchepresented by rising X-
Columns and falling O-Columns

Slippage Difference between the price a trader espend the one he
actually gets

Standard lot Lot comprising 100,000 monetary units

Straight Through System of fully automation of orders in the interthanarket

Processing (STP) with no broker intervention

Swap/Rollover fee Overnight gain/loss depositedipbé by brokers on a
client's account, depending on the market and biske
conditions

Virtual Private Server Type of virtual service pided by an internet hosting
service

viii



1 Introduction

Based on the Monetary and Economic departmenteoBHnk for International Settlements
(BIS, 2016), foreign exchange turnover, as of Ap@l6, accounted for 5.1 trillion dollars a
day. The supply and demand for forex market-relatsttuments turned it into a massive
open market. The major segments in the foreign a&axgh market are: spot transactions,

outright forwards, foreign exchange swaps, curresvegps and options.

Since the 90s, the foreign exchange market haversdfextreme changes, mainly due to the
impact of “other financial institutions” as refedrdoy King and Rime (2010). These
institutions are asset managers and institutiomastors, but also include smaller banks,
mutual funds, money market funds, insurance figmesision funds, hedge funds and central
banks. Also, high-frequency trading is considem@dbé¢ a relevant and constant source of
foreign exchange turnover, accounting for at 1&&% of foreign exchange algorithmic
trading (King, Osler and Rime, 2011). Accordingtte data, from April, 2013 to April, 2016,
there was a decrease of over 5% in over-the-coy@f€€) foreign exchange turnover and
there was also a decline of spot turnover for tfs¢ fime since 2001. Yet the amount traded
in 2016 is 4 times compared to 2001, for both cdseterms of countries, as of April 2016,
the United Kingdom, the United States, Singapom@diKong SAR, and Japan accounted
for 77% of foreign exchange trading, comparativiely75% and 71% in April, 2013 and
April, 2010, respectively. In 2016, spot foreigrcbange trading accounted for almost 33%

of all instruments available for trading currendiBsS, 2016).

In terms of forex trading pairs, the US dollar rémsethe powerhouse currency as it is used
in 88% of all spot transactions (2016). The eurd @@ yen are used in 31% and 22% of all

foreign exchanges transactions (2016), respectively

In terms of currency tradable instruments, someagésa occurred as a consequence of the
financial markets progress. Even though the spaketas still a highly relevant type of
transaction, since 1995 forex swaps have overcquietisading in terms of global turnover.
In terms of growth, outright forwards, foreign eadge swaps and currency swaps remain
at the top with a positive growth of 439%, 263% a0d1%, respectively, since 2001.



In the 90s, financial companies have begun devegpgliectronic trading platforms for forex
trading. Financial institutions developed the maystems, the request-for-quote (RFQ)
service and the pre-trade anonymous limit ordekb®860 Trading Networks and Thomson
Reuters Matching are the mainstream platforms &sdafy. These two platforms provide all
the most used currency-related tradable suppottuiments to institutional investors like

spot, forwards, non-deliverable forwards (NDFs}japs and swaps trading.

As electronic trading evolved, retail traders hbgeome involved in currency trading as well
and regulation have been adapted to serve evety. peg a consequence, some countries,
namely the USA and Japan have drastically reduwedeverage levels allowed to 50:1 and
25:1, respectively (Maitra, 2014). However, in Epgpthere are some trading firms that offer
leverage up to 1000:1.

Currently, retail traders can also take advantdgenew feature introduced by trading firms,
which is called social trading. In practical terrtreders can copy each other’s orders in a
fully automated way, when there are any signal jolerg available (Corp., 2016).

This dissertation attempts to evaluate tradingesgiias based upon a technical analysis tool
that has not been extensively examined, in padicoin what refers to its application to the

foreign exchange market, the Moving Average Consecg Divergence (MACD).

While there are several models and theories prapagighin the technical analysis
framework, there is no convincing evidence of aptémand a statistically significant
predictive tool. As such, we propose a simple trgdiystem which prompts the user to buy
or sell foreign currency, based on the signals gead by the MACD.

The primary purpose of the study is, thus, to find if the MACD’s signals are able to
predict a determined currency pair’s price dirattidependent on a specific time frame and
predetermined set of parameters. The MACD algorithapplied using the MT4 platform’s
price data, for daily and weekly time frames.

According to our results, the different sets ofguaeters present rather distinct results.
Nonetheless, the [19,39] set of parameters, useahtpute the MACD indicator, can provide



the best alternative in terms of net returns, adjusted returns (reward/risk ratio) and
strategy’s stability (Sharpe ratio).

Regarding the structure of the dissertation, Chiaptgives an overview of the technical
analysis field and its main tools, and includes\daw of related studies, in particular with
regard to foreign exchange predictability and tmgdstrategies based upon. Chapter 3
provides the description of the proposed methododogl how it is applied to different sets
of price data. Chapter 4 presents the results ttidtgcal tests. Finally, we draw the main
conclusions and also stress the main limitationthefresearch work and provide ideas for
future research.



2 Literature Review: Empirical evidence
2.1 Technical Analysis and Efficient Market Hypothesis(EMH)

The Efficient Market Hypothesis states that prizeorporate and reflect all information,
thus, it is impossible to beat the market. The EMHraditionally divided in three forms:

weak, semi-strong and strong forms.

Technical analysis is the process through whiclestars gather past price- and volume-
based data in order to predict future prices. Ewdethat trading strategies based upon

technical analysis can obtain excess returns atiotrédne EMH in its weak form.

The technical analysis impact on financial trades been reported by Taylor and Allen
(1992) research: dating back from 1988, at lea%b 80 the people polled by the Bank of
England, referred that technical analysis had smfiigence on their trading decisions for
different time frames. They do posit that tradetstisions in the short-term were heavily

dependent on technical analysis.

In this chapter, we address the mainstream finattwaries and others not yet accepted or
underestimated due to its complexity. We discussparticular, MACD’s results and

implementation issues.
2.1.1 Previous studies: the 60s and 70s

In the presence of speculative markets, according study by Alexander (1961), prices
support the random walk hypothesis, however, inpttesence of a definite price direction,
the movement tends to subsist. This particular m®re, is considered to be more
substantial when the price change varies betwesmd 30 percent. So, he concludes that, in
fact, trends exist, but there is a doubt regardgeffectiveness if it turns out to be ubiquitous.
However, a research conducted by Fama and Blun@6)18nalyzing the results provided
by Alexander (1961) in the stock market, using @nariation filters, for the period 1897-
1959, for the DJIA Index, in fact, cannot producefits above the buy-and-hold strategy,
even when one disregards the presence of transactsts and commissions. They also stress
the presence of a bias related to the use of pnidexes, which make the dividends’
adjustment rather difficult (1928-1961).



More evidence against Alexander’s results is predidy Mandelbrot (1963), who asserts
that an investor using the filters’ strategy woetder the market above the filter’s hit rule in
a long position and vice versa, an occurrence whlekRander understates. As such, the critic
claims that Alexander returns are overstated inbés case scenario whereas in the worst

case scenario his returns can turn out to be thétref emphasizing rapid price changes.

As of the 1970s, the concept of data snooping wkhsta fledgling stage and Jensen and
Benington (1970) dubbed it as selection bias.igghrticular instance, the referred snooping
bias analysis occur for investigations led by Lé1§67a) and Levy (1967b). According to
his results, he posits that, since stock price®vopredictable trends, the random walk
hypotheses is not suitable to address financialketsr Jensen and Benington (1970),
perform the same analysis, but for a differentrivde(1926-1966) and different number of
stocks (1952) as opposed to the interval 1960-1&&b 200 stocks, respectively. They
conclude that for their chosen period, there isvidence that Levi’'s two trading rules work,
being that when transaction costs are considehedfrading rules do not perform much
better, and are riskier, than the buy-and-holdetgafor the monthly closing prices of the
New York Stock Exchange stocks. In fact, when adpligor risk, both trading rules yield

negative returns when compared to the buy-and-$toddegy.

Previously, Jensen (1967) had already stressetktutbility of Levi's results as well as
four main issues that remain unanalyzed. The maifestive points against Levy’s results
are the following: the random selection policy; tigk adjustment properties derived from
trading rules; the returns that appear to be theltref luck rather than to be derived from

economic theories or models; and the fact thatrerdee executed at Friday’s closing price.

Given the fledgling state of processes and undetdpment of sound financial theories in

the 60s and 70s, the following authors proceed mitich thorough analyzes.
2.1.2 Previous studies: the 70s to the Present

The seminal work provided by Malkiel and Fama ()9#&h empirical analysis of stock

market prices’ predictability, sustains that th&écefnt market hypothesis (EMH) holds.



Based on weekly data, returns do not exhibit sewatelation, providing no ground for

profitable strategies based on historical prices.

Using a genetic algorithm applied to the S&P 500the test period 1970-1989 with 82
different trading rules, Allen and Karjalainen (899ind that it is possible to obtain an
average excess return of 4.51% above the annuadmdhold return of 6.72%. On the other
hand, according to the authors, only institutianakstors would be able to trade using the
referred trading rules due to intraday timing @fding signals, the occurrence of erratic

dividend policies, and the fact that the algorithanameters are still not optimal.

Ratner and Leal (1999) use the bootstrapping metbgg, to analyze the results of applying
10 Variable Length Moving Average (VMA) models, arset of 10 emerging equity stock
markets in Latin America and Asia. They find thatiwan turns out to be the one which
possesses the highest first order serial correlaia the one with the lowest trading costs.

Overall, the trading models do not yield profitat#éurns for most emerging markets.

Brock, Lakonishok, and LeBaron (1992) test the tadility of stock returns, using the
moving average and trading range break stratefieshe Dow Jones index for the period
1897-1986. They find that the technical indicatbave predictive power, but stress that
transaction costs would have to be taken into addoefore using them. Also, they find that
buy signals produce higher returns than sell sggaat exhibit lower volatility in the market

afterwards.

Contrarily to Brock et al. (1992) findings, Rea@@02) finds out that their results come from
choosing popular technical trading rules used & 1B80s, and due to the snooping bias.
Besides that, after 1986 (last year under analysis)rules seem to produce returns below
the buy-and-hold strategy. On the other hand, pmifagy a comparative analysis of the
trading rules used by both Brock et al. (1992) Alldn and Karjalainen (1999), the author
concludes that once one had the trading rules &hahat have any prior knowledge of
whether they would work or not, one would not obtatturns above the buy-and-hold

strategy.



Another cohort of detractors of Brock et al. (199&)rk practices are Bessembinder and
Chan (1998), who posit that the supposed predietbiigty of the technical indicators occur
as a consequence, partly, of nonsynchronous trddading to errors when measuring the

returns.

Differently, Sullivan, Timmermann, and White (1998)d out that the results of Brock et al.

(1992) pass the test regarding the presence ofdatzping bias for the period 1897-1986 as
well as for all the four sub-periods. They show¢hare even more profitable trading rules
than the ones presented by Brock et al. (1992uréhér investigation into the data snooping
issues is also approached by Lo and MacKinlay (1, 28fessing the fact that “... the nature
of these violations is often as subtle as it idquad”. To test for the presence of the referred
bias, they use the Reality Check bootstrap metloagoprovided by White (2000). They

conclude that the random walk model null hypothlsis no superior predictive power than
the benchmark strategy. On the other hand, thelthat the technical rules employed for

the 90-year period, in economic terms, do not ysddistically significant results.

A thorough study conducted by Payne (2003), indineency market, for the USD/DEM
(US Dollar/Deutsche Mark) pair, finds out that, fact, past trades contain relevant
information. The author spots the presence of asstmeninformation of around 60%
embedded in the bid-ask spread of Reuters D20§8t2ra and up to 40% in the pair’s price
movement is the consequence of order flows. Alsmgithe VAR model, they conclude that
the variation in liquidity levels cause the vawati of the asymmetric information
coefficients.

Once again, raising awareness to the market etfigienatter, Malkiel (2003) and Grossman
and Stiglitz (1980), state that due to some padiais’ irrationality, some anomalies can
happen, namely predictable price patterns thatbmampresent for long periods of time.
Moreover, they posit that markets cannot be totafficient, because otherwise, investors
would not be interested in being involved, casevimch all information would be fully
reflected in prices at every moment in time. Angtening statement is also unraveled by
Grossman and Stiglitz (1980), who state: “Undoulytedith the passage of time and with
increasing sophistication of our databases and resabpitechniques, we will document



further apparent departures from efficiency andhier patterns in the development of stock

returns”.

Regarding the random walk hypothesis, also preddmntéMalkiel (2003), and described by
himself as a price series for which there is n@akeorrelation, characterizes it as process
through which the information is instantly refledttén stock prices. Given the erratic
movement of prices, it is assumed that each dajce pnovement is a result of the current
day events and not due to any other reasons. Atgassumes, “news is by definition

unpredictable, and, thus, resulting price changest tme unpredictable and random”.

Using a simple volatility-based specification tési,and MacKinlay (1988) analyze weekly
stock returns for all stocks from the CRSP datalfas¢he period 1962-1985, and reject the
random walk hypothesis. Succinctly, the random walkothesis is contradicted by the
weekly returns stochastic behavior, specificallydimall cap stocks. On the other hand, their
work contradicts Fama and French (1988) findingsexfative autocorrelation for the period
1926-1985. The former authors find a positive aomadation for weekly and monthly
holding-period returns. Nonetheless, the autheesstthe fact that, even though the random
walk hypothesis is rejected, it does not meanttieae is any type of inefficiency in the stock

market price movements.

Concluding, even though some authors such as Atlxafi961) and Brock et al. (1992)
portray results against market efficiency, otheigsh as Ready (2002) and Bessembinder
and Chan (1998) reach opposite conclusions, suggedkat the market is not inefficient as

the former suggest.
2.2 Candlestick patterns
2.2.1 Candlestick’s definition

A candlestick is a price formation based on thenpgegh, low and close values and
represented as a candle. The candlestick’s holldilled part is the “body” and the up and
lower lines of the body are the “shadows” or “witkEhe maximum of the shadow is the
interval’s high whereas the minimum of the shadswhe interval’s low. Their inexistence,

means the high is equal to the close and the lmaleéq the open in the presence of a hollow



body and vice versa for a filled body. Usuallythié closing price is higher than the opening
price, the candle has a hollow or white body. Gndther hand, if the closing price is lower
than the opening price the candle as a full (fjllethck body. In practical terms, white

candlesticks indicate a buying tendency and blacidlesticks indicate a selling tendency.
Moreover, the longer the candlestick’s body, trghbr the buying and selling tendency, for

a white and black bodies, respectively.

In terms of complexity, there is a huge set of dasteitk formations that a trader can take
advantage of, and, depending on his own view, Ineopa for the ones he considers to be
more statistically consistent or that fit his traglistrategies and risk appetite. For a simpler
approach, there is the possibility of blending teandles, by using the open of the first
candlestick and the close of the following candb&sand pick the highest high and lowest
low values of the two, simultaneously, to matchgbeof candles or get close to an already

defined pattern.

Nowadays, with the technology development at fill] brokers’ platforms provide very
accessible and straightforward software, whichvalthe trader to act on a split second once
he is accustomed to the underlying technique. Wiguid is possible to detect the type of

candlestick and the market’s tendency for a detethtime frame and act accordingly.
2.2.2 Candlesticks’ origin

Candlestick patterns debut in non-electronicallyaficial markets occurred in the™7
century in Japan. However, the most prominent d@raMunehisa Homma, who started
trading rice futures at the Dojima Rice Exchang®©saka, Japan, in 1750, achieved this
status due to a set of systems implemented by Hiriée ones used were a record of yearly
weather conditions and a communications system wiém placed on rooftops to send
signals with flags to the exchange. Besides tlegwned a rice farm, which allowed him to
have privileged information about the rice marl&multaneously, he conducted thorough
analyses of rice price movements that dated battiettate 1600s, when the rice market was

still located at Yodoya'’s yard, a merchant’s frgatd (Nison, 1991).



Like bar charts, candlestick charts represent aarkably designed approach offered to
market participants for trading liquid financial rket assets. Even though traders have
started using bar charts and point and figure sHartalmost a century, candlestick charts,
which were already available in the Orient, onlgdiae available after some time in the
Occident (Nison, 1994).

The candle chart’'s major advocate and also thet@tdrought the technical analysis system
to the West, Steve Nison, argues that the techrmpguedes a lot more information to traders

than more recently West-developed charts. Accortbnigis studies, he claims that candle

charts protract the ongoing supply and demand fagedvestors, it shows the asset’s trend,

but also its force, contrarily to chart patternsd @#mallows traders to better time their trades

due to swifter patterns’ formations. Moreover, henly states that every trader should use

candle charts because they include all the infaongiresent in bar charts, namely trading

signals and at the same time the practitioner @lem advantage of the earlier reversal signals
provided by the candles (Nison, 2003).

Perhaps, the most distinguishable feature of cactitets, is the easiness to interpret them
and draw fast-paced conclusions regarding the rtiarkentiment. In simple terms, an
enlarged candle’s body gives information regardamgexpected upward (standard white
body) or downward (standard black body) movement.t@e other hand, small bodies
represent standstill situations, referring to insts where traders are unsure of the market’s

direction.
2.2.3 Candlestick analysis profitability

After Steve Nison’s studies emerged in the Westcttioners and scholars became aware
that a new technique could be the tool that coudlowasomeone to beat the market
consistently. Also, if usable and profitable, itMdquestion the Efficient Market Hypothesis
(EMH).

Marshall, Young, and Rose (2006), for a set oftB8bks of the Dow Jones Industrial Average
(DJIA) US index, over the period from January, 19862December, 2002, analyze the

profitability of candlestick trading strategiesingsan extension of a bootstrap methodology.

10



By using this methodology, the authors are abgetterate random open, high, low and close
(OHLC) prices, as suggested by Efron and Tibshifa®86) to create different price series.
The period under analysis was carefully chosenusecthe DJIA index was only created in
1986 and could not be traded before. A possibibtgircumvent this restriction would be
buying each stock according to DJIA main featurgesit is a price-weighted index. Besides
that, a regular adjustment had to be done in doderspect the index composition’s method.
They remove single lines and patterns with no exgifary power and the ones that occurred
infrequently. As a consequence, from the initiasir@yle lines and 44 patterns, the analysis

is conducted based on only 14 single lines andat#ims.

Regarding the bootstrapping method, Marshall, Yoang Rose (2006) state that, contrarily
to t-statistics that cannot account for the main stetlkrn data, the former method can do it.
In order to fit the data, it is chosen a set ofr fdidferent null models, but it is the GARCH-

in-mean model the one used to analyze the resdts, is the most used by other authors

under similar circumstances.

One of main contributions of this investigation vilas introduction, for the first time, of the
OHLC price system, whereas in the past, investrgaioly used the close prices when testing

trading strategies.

The authors use a holding period comprised of sgs'dbut hold the opened position until
maturity, regardless of any other contrary patfermed in the meantime, for the current
position. Also, even though they use signals asedpcloset+1, and oper+1, the main

results obtained through the bootstrap methodotogye from opening a position in the day

after which the signal was formed, at the openincep

The results are mixed. While the bullish signa¢sults are unexpected, the bearish signals

results are as expected. For bullish signals,rddet profits less than half of the time, and

1 Morris (2006) considers that candlestick analysibést suited for short-term trading, more pregiéa a
ten-day period. As such, his methodology is based 40-day holding period and on a 10-day expoaknti

moving average to detect the preceding trend.
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for bearish signals, the trader profits more thalh &f the time. Some signals result in large

losses and, as a direct consequence, the averdgprdét/loss is negative.

On the other hand, authors find that all singldistillines present higher returns when the
bootstrap method is used and for the 28 patteratyzed, 22 produce no statistically

significantp-values for any stock of the DJIA.

Based on Marshall et al. (2006) findings, it isdoed that the selected candlestick patterns
have no price predictive power, when using the $toapp methodology, supporting the

efficient market hypothesis (EMH).

Caginalp and Laurent (1998) study the S&P 500 Irategks and all the worldwide closed-
end funds, from 1992 to 1996, to test the predilitalof candlestick reversal patterns.
Different from previous studies, they perform ot#sample tests for the referred period
using Morris (2006) set of patterns. Accordingheit results, the three-day pattern strategies
can forecast price direction, either using buyell signals, being that the former result in
higher returns. For a two-day average holding genoofits amount to roughly 1%. When

reversals happen, prices tend to move higher @butkversal) and vice versa.

Using 59 stocks from the TOPIX Large 70 and 41kstdoom the TOPIX Mid 400 indexes,
from 1975 to 2004, Marshall, Young, and Cahan (2088ploit the predictability of
candlestick analysis. Their strategy takes the ioggprice in the day after the signal, holding
the position for 10 days. The prior trend take®aldy EMA. Regarding the methodology,
the authors use the bootstrapping GARCH-in-meanRGH-M) model as Marshall et al.
(2006) do, and the same signals. In the 2008 relsegtlre authors find 206711 signals out of
83220 OHLC and similarly to the 2006 study, findgredictive value in candlestick analysis
performed for the Japan’s main stock exchangeewen before transaction costs.

Confirming Caginalp and Laurent (1998) findings,, IShiu, and Liu (2012) study three
bullish and three bearish reversals signals (Mat8982), in the Taiwan Top 50 Tracker fund,
from October 29, 2002 to 2008, applying two-daydiestick patterns and holding the
positions until a contrary pattern occurs. Theyfinat, bullish reversal patterns have higher

predictive power than bearish signals. Also, coityréo former studies, the authors use a
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variable holding period and do not employ stop-l&éssding strategies nor technical
indicators, simultaneously. According to their fimgs, the method employed provides

positive returns after transactions costs.

In another research, using the Taiwan Top 50 TraEked and the Taiwan Mid-Cap 100
Tracker Fund, from 1997 to 2006, using daily d&t@% stocks, Goo, Chen, and Chang
(2007) find that candlestick analysis have predectralue. One of the main innovations is
the introduction of a stop-loss, being that outhef different possibilities tested, i.e., 5%, 7%
and 10%, the 5% stop-loss level is the most effeadue to the improved mean rate return
followed by candlestick patterns. Another finding that different candlestick formations
must be followed by orders with different holdingeriods. Then, (reversal) bullish
candlestick formations should have longer holdiregiqidls whereas (reversal) bearish
candlestick formations should have shorter holgirgods. In essence, (reversal) bullish
candlesticks perform better than (reversal) beac@shdlesticks, being that the reversal
bullish signals provide the highest return of akgibilities. They conclude that, contrarily

to Marshall et al. (2006), evidence suggests tiaiaiwan stock markets are inefficient.

Further results about candlestick reversals sigma@$rovided by Lu and Shiu (2011), who
posit that the harami pattern (large body followsda small body within the previous
candle’s body) presents the highest predictive pawe Taiwan stock market for the 1998-
2007 interval. Specifically, the bullish haramidoasting ability is enhanced for 4 and 5-day
holding periods and the bearish harami forecastbility is enhanced for 1 to 5-day holding
periods. Comparatively, this research has set fahvame basic criteria to improve the
overall trading strategies using candlesticks, nantte holding period for each pattern, the

gap between the two bodies and the impact of volume

Recently, Lu and Shiu (2012) found out that inTha@van stock market, Nison (1991) 2-day
reversal patterns do not work, However, they docuntleat patterns 1234 (downwards
candle followed by another downwards candle bubhwpen below the previous candle’s
close) works as a bullish pattern in downtrend retsrland 1324 (downwards candle followed
by another downwards candle but with open withi phevious candle’s close) works as a
bullish pattern in uptrend markets.
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Even more recently, in a study conducted in thev@iaistock market comprising the period
1992-2009, out of 12 candlestick patterns stuchetly three turn out to be profitable after
transaction costs, being that those are reversighbsignals (Lu, 2014). It is also verified
that in terms of size, the predictive power of dasticks increases when analyzing small and

low-priced stocks.

In sum, Marshall et al. (2006) extensive and dethivork can be considered to be the
seminal work of candlestick charting. Likewise, Getoal. (2007), introduce features not
previously addressed, such as stop-loss levelthardependence between candle formations

and holding periods, which depicts the true compjexf those strategies.
2.3 Chart patterns

Chart patterns are treated as an inconclusivednjdcive matter of financial analysis, thus,

the practice of identifying them is sometimes cdasd an art, according to author and
financial analyst Justin Kuepper. Like candlestickarting, chart patterns are price

formations that tend to repeat over time, very ge@tble when observable and easily
identifiable by software packages. However, thesetions do not generate correct signals
all the time, meaning that any individual interelste using them should choose them very
carefully. Likewise, in chart patterns, the maimfiations represent continuation and reversal

patterns, which possess different success rates@different instruments and time frames.

The chart patterns theme has been introduced dbeartcading tool, however, once again,
due to its subjectivity of application, it has bdxamely a subject of thorough analysis, as Lo,

Mamaysky, and Wang (2000) point out.

This technique, mostly known as charting analysis;onducted by analyzing historical
prices with the intention of recognizing impliedogeetric shapes that, depending on the
analyst’s knowledge and point of view, will leaddioy or sell a certain tradable asset within

a particular time frame.

A detailed strategy considered to use a uniquecagpris applied on a set of large U.S.
stocks of NYSE/AMEX and NASDAQ to detect technipaltterns using a nonparametric
kernel regression, for the period 1962-1996 (Laoalket 2000). In order to conduct the
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experiment, it is devised an algorithm for an awdbandetection of chart patterns, being that
it is based on the definition of every pattern’smetric shape. The chart patterns’ selection
was based on its popularity and the ones chosehea@-and-shoulders and inverse head-
and-shoulders, broadening tops and bottoms, teatogls and bottoms, rectangle tops and
bottoms and double tops and bottoms. Regardingltmeithm used, authors state that even
though it provided sound results, human reasonnmjamalysis capabilities are still better
than algorithms in the digital pattern recognitidmmain. Based on their main smoothing
technique, the nonparametric kernel regressioly, ¢bacluded that some chart patterns can
provide relevant information, especially over Igagiods of time. However, it does not mean

that technical analysis can produce trading prafitsve the market's benchmark.

With the intent to find out whether technical asadyis a relevant trading tool as technical
investors purport it to be, Neftci (1991) delvewithe statistical part of the subject. In order
to verify that, his study focuses on popular cpatterns, namely the head-and-shoulders and
the triangles. The author states that to obtaieaafand-shoulders pattern, the heights of the
local minima in the first and third sets must bpragimately the same, and the levels of the
local minima in the second set must be signifigahijher than the first and third sets. Also,
he posits that signals generated using observabdel-AGnd-shoulders patterns do not
correspond to Markov times. After analyzing the semuences derived from the criteria
applied in financial markets to study the technaralysis effects, only a few rules generate

good enough forecasting techniques.

A research conducted on the S&P 500 and the Rua3ed indexes, for the period 1990-
1999, with the interest to find the predictabildfy/future prices, when using the head-and-
shoulders chart pattern, shows no profitability wheing the referred technical analysis tool
on its own (Savin, Weller and Zvingelis, 2007)idtused a partially modified algorithm
based on the work of Lo et al. (2000) with filtéxssed on popular chart patterns retrieved
from Thomas Bukowski's bookncyclopedia of Chart Patterns (2000). A particularity of
this research, is that its foundations depend enotily book related to technical analysis
that, at the time, provided a thorough set of stigl analysis with price data that ease the

process of investigation. Thanks to technical astalleading role as market researchers to
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find new relevant indicators, the authors, addaibnuse four different features, particularly,

an identified pattern dubbed as “neckline crossimigdition”.

As a result, it is found that for both sets of &mdahe head-and-shoulders pattern is able to
predict a future decline of prices when it is idiged as a bearish reversal pattern according
to the charting theory. Furthermore, it is assumhed the pattern’s capabilities derive from
the fact of detecting beforehand which stocks agaifecantly going downwards, i.e.,
negative momentum stocks. In terms of results, #hown that risk-adjusted returns would

be in the 5-7% range, on a yearly basis.

A former study, conducted on daily spot rates orjomaurrency pairs (Japanese Yen,
German Mark, Canadian Dollar, Swiss Franc, Fremeimd-and British Pound) against the
U.S. Dollar, for the period 1973-1994, attempts study the head-and-shoulders
predictability of future prices (Chang and Osle993). It is assumed that exchange rates
follow a GARCH process instead of a random walkn8deatures are introduced into an
algorithm to make the trading environment as ctogeality as possible, like a stop-loss and
a bounce exit possibility in case price crossemftielow the neckline. The exit strategy
depends on a preset upper limit above the localhmim or on the number of days preset at
the beginning. As a result, the authors find theing the head-and-shoulders pattern,
provides a reliable predictive solution for the Kand Yen on the actual data when
compared to artificial data. For the remaining pdine profits obtained from actual data are
not very different from the ones obtained for théiaial data. Nevertheless, when analyzing
all the data, at once, for all currency pairs, #ughors obtain economic and statistically

significant results, even after transaction costs.

A slight improvement of the application of head-atdulders pattern is provided by Chang
and Osler (1999), for the same time interval (12994), this time, testing rationality
through profitability and efficiency. They find, oa again, that the pattern is profitable for

the mark and the yen, but not for the remainingenay pairs.

Other sort of tests, within the chart patternsmgas conducted for the period 1999-2005,
using data from the S&P 100 Index, to test the ichpthe confirmation bias in price and

the reliability of pattern predictions of currenpgirs. They also test whether there is any
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type of correlation between jump prices in diffédreoments in time (Friesena, Weller and
Dunham, 2009). Overall, the model produces thréerdnt outcomes for different time
intervals. In the short-term, return autocorrelasiare negative, in the medium term positive
and in the long run turn negative. Regarding tredFend-shoulders pattern and under a set
of medium-frequency signals (M-signals), the head-shoulders pattern is formed. Its
constitution, i.e., the head and shoulders are ddrims a consequence of M-signals, but
according to the authors “these signals are Idssnmative and occur more frequently than
the low-frequency L-signals”. They find that sequ&iumps in stock prices are positively

autocorrelated and that the results are econondistatistically significant, too.

One can conclude that Lo et al. (2000) researchtheetpace for chart patterns future
development, as they dealt with the main formatimnsan extended period, particularly in
the US stock market. These have been applied fwosupading strategies and their detailed
analyzes on biases, the nature of data and statiststs provides insightful ideas for further

research.

2.4 Price limits (support and resistance) and the clusting effect in the foreign

exchange market

Studies regarding currency trading have noticetl dhaund support and resistance areas a
set of clusters are formed and as a consequence repetitive patterns can be identifiable.
A research related to orders’ clustering arounpg-stes and take-profit orders was conducted
for a set of three currency pairs, USD/JPY, GBP/W@8D EUR/USD, for the period August,
1999 to April, 2000, and the data includes 965%wdvith a total value of 55 billion dollars
(Osler, 2003). Authors find that traders’ decisioglaitive to stop-loss and take-profit orders
cluster at round numbers. However, depending otytieeof order, the results differ slightly.
Take-profit orders, contrarily to stop-loss ordedsister more at round numbers, especially
the ones ending in 00. On the other hand, stopkogts present different results depending
on the order’s direction. Stop-loss buy orderstelusmore above round numbers whereas
stop-loss sell orders cluster more right below tbanombers. They bring forth, too, some
possible explanations regarding trends’ directioneothe asset price reaches support and
resistance levels. They state that, possibly, pakét orders are the source of trend reversals
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because they usually tend to happen at levels gndif0. Also, possibly, stop-loss orders
are the source of a faster developing trend bedabtsg@pens when the trend crosses round

number levels.

In a previously conducted study, it is shown thatforeign exchange market is not the only
market where evidence of price clusters exists §8ran, Miller, Cone, Fischel and Ross,
1997). It is also present in other highly compegitmarkets as the NYSE, the AMEX, the
London Stock Exchange and the London Bullion Marketording to their findings, one of
the reasons for clusters’ formations is the faat thvestors trade-off higher variability in
assets prices for reduced costs. Clusters seemfrined according to market’s structure,
volatility of prices and transactions’ size. Thins inferred that, clustering patterns change
depending on the market, assets and period undbsse Regarding the forex market, they
posit that the currency pair JPY/DM (Japanese Yeuotfche Mark) produces more
exchange rate clusters than USD/JPY or USD/DM. lusimn hypothesis is also addressed
as a reason for clustering occurring at the Nastagk Market. Yet given that this is an
electronic-only network and that the sheer numbselters is so high (400 firms since 1983),

it is unlikely that collusion is the base for thecarrence of clusters.

Using technical signals from six unrelated markatipipants, from 1996 to March, 1998,
Osler (2000) propose an analysis of three currepays, USD/DM, USD/JPY and
GBP/USD, in order to find some relationship betwsepport and resistance levels and
future exchange rates change. The author findstittyvatls were stopped once they reached
support and resistance levels more often than hetvweompared to random levels. Also, she
finds that round prices ending with 0 or 5 occu#®6f time and the ones ending with 0
occur 70% of the time. However, she states that bopport and resistance levels change

depending on the firm and pair chosen.

In a primary auction market, on the Israeli IPO ke&rthere is also evidence that investors
are more likely to use round prices, especiallyahes ending with 0 or 5, being the former

more often present than the latter.

The analysis, performed on the collected datatHferperiod December, 1993 to February,
1994, by Kandel, Sarig, and Wohl (2001), revealspexific investors’ behavior when orders
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are submitted to the issuing firm. Then, it is doded that clustering depends on the

investors’ bias to reuse similar end numbers froneosimilar situations.

To finish up, both works of Osler (2000) and O4”003) reach sound findings regarding

support and resistance levels, which can providel§i setups for trading currencies.
2.5 Moving Average Convergence Divergence (MACD) techaoal indicator
2.5.1 MACD'’s standard application

The MACD indicator is a trend-following and simuigously a momentum technical
analysis tool which is represented as the diffexebetween two exponential moving
averages of different lengths. It is computed adlifference between the short-term and the
long-term exponential moving averages, usually &itt?-day short-term and 26-day long-
term exponential moving averages. As a standargoaent of the indicator, a signal line is
simultaneously used, which normally takes the 9-eagonential moving average of the

MACD line. When combined, the set of parameterobecrepresented as [12, 26, 9].
2.5.2 MACD applied to the forex market

Investors have been using technical analysis tgdesi for a long time, yet empirical

evidence is scarce.

A thorough study conducted for the period betweewdry 3, 1989 and December 31, 1996,
using two sub-periods, by Papadamou and Tsopog@d( looks for some technical rules’
predictive power, namely MACD'’s predictive powest £JSD/DM and USD/GBP currency
pairs daily spot exchange rates, when comparethty and hold strategy. They also analyze
the Moving Average Crossover System (exponentiabderm and short-term moving
averages) and Momentum. They analyze the risk waebin each transaction as well as the
transaction costs incurred when executing ordems. tb the inherent possibility that random
results could be produced, the authors use a setrigints for each system. Then, the results
are based on 25, 12 and 13 variants of the Moviugr#ge Crossover, Momentum and
MACD, respectively. They use as a reference theltsefrom Menkhoff and Schlumberger
(1995). The authors show that profitability fousddue only to the first sub-period (January
3, 1989 to December 21, 1992) orders as a resebtafanges rates’ high volatility. On the
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other hand, in the second sub-period, the curremasket does not portray a clear market
direction, resulting in an increasing number ofdés and transaction costs as well.
Statistically, the profits obtained with the sesgétems are not statistically significant, even

though the results show that the systems yieldigegieturns.

A recent empirical investigation, conducted in tiierency market, for the EUR/USD pair,
comprising the period 2000-2011, analyzed the MA[R, 26, 9] technical indicator
reliability to predict the referred pair’s pricaelttion (Vajda, 2014). In order to account and
test for stock market and market macroeconomicoepis, the period was divided in three
sub-samples: 2000-2003 (Dot-com bubble), 2004-2@0dinary period) and 2008-2011
(Financial Crisis). The indicator was applied onrfdifferent time frames: 15 minutes, 30
minutes, 1 hour and 4 hours. In each order exatuéidixed 1 lot is used, and no money
management practices are employed, such as stepelogake-profits levels, and no
transaction costs are taken into account. For¢hnieg 2000-2003, the pair is only profitable
for the 1-hour time frame, resulting in +1,848 pipgh -305 and +1,899 pips of minimum
transitory loss and maximum transitory profit, restpzely. For the second sub-sample, the
pair is only profitable for the 4-hour time franmmesulting in +392 pips with -124 and + 422
pips of minimum transitory loss and maximum tramsitprofit, respectively. In the last sub-
period, the pair is only slightly profitable foreai5 minutes’ chart time frame, resulting in
+141 pips with an extreme minimum transitory losgees than -2,500 pips. Regarding the
overall results, the only profitable strategy osctar the 1-hour period resulting in +999.5
pips. On the other hand, an optimization is conellictsing fixed levels of 41.5 pips for the
stop-loss level and 84.5 pips for the take-praitel. As a result, it is obtained a profit of
+2,666.5 pips. So, according to the author, itassible to use the predictive power of the
MACD to profit in the currency exchange market, lmaestors should employ money

management tools due to the market’s high volatévels.

Yazdi and Lashkari (2013) perform a similar study With a different set of assumptions.
The most noticeable assumptions are the take-@mofitstop-loss levels set for 30 pips and
the fact that the transactions costs are takeraicdtount. The study covers the period 2001-
2010 and analyzes four currency pairs (EUR/USD, GBP, USD/JPY and USD/CHF).
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Their results show a profit of 182 pips for the HURD pair and losses of 3,314, 4,720 and
1,180 pips for the GBP/USD, USD/CHF and USD/JPYenty pairs, respectiveélyThey
concluded that the MACD approach to the EUR/USDvigked the better results and

considered it to be the most effective.

In sum, even though the work produced by Yazdi lemshkari (2013) provide a thorough
study to date on the MACD application to the fore@xchange market, the evidence is not

conclusive of the validity of this tool.

Given that there are only a few studies on the ipt&lility of technical analysis tools,
especially in the foreign exchange market, we detdnvestigate more this topic providing
further evidence on the magnitude and statisticglificance of the profits generated by a

trading strategy based upon the MACD Divergence.

2 The pip value is equal to the quantity traded pspsize in units times pip in decimal places)i® turrent
market price
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3 Methodology

In this section, we explain the technical indicatchoice and functioning, and how we apply
the method to the foreign exchange market. Thergesgeribe the variables and the metrics

to evaluate the performance of the strategies aedly
3.1 Trading strategy implementation
3.1.1 Indicator’s selection

From the outset, the indicator’s choice, the Moviwgrage Converge Divergence (MACD),
was of prime importance because it may impactekalts and the conclusions and, as such
produce less or more relevant results for the anadeand ultimately, to financial
practitioners. Secondly, the choice depended omtfieator’s possibility to be approached
through different points of view, allowing for thesting of different methods. Also, the
indicator’'s allows changes in its constituents’ fagurations, i.e., the moving average
lengths, allowing more tests and, consequently,emietevant conclusions. Thirdly, the
abundance of financial instruments, in which it barapplied, provides an additional option
of the research. Furthermore, because it can beedp any tradable financial instrument,
it can be tested using an online platform and heih¢eprogrammable and changed at will,

according to the strategy outlined or any variation

Another potential advantage of the MACD, is thet fdwat, given that it has not been
analyzed, at least not published in a renownedgunone of the trading rules are apparently

widely known.

Given the nature of our study, we take a quanigatipproach, so we can compare the
differences in the results produced and simultasigaassess the reliability of each method
against the remaining ones, i.e., compare theteestithe variants of the MACD indicator

over time.
3.1.2 MACD Divergence strategy

Given that the indicator depends on trends to pevion-zero returns, the divergence
strategy using the MACD can be used to take adgentd trending markets through

inflection points on the asset’s price and on thaidator’'s value, simultaneously. The
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divergence strategy compares the price data wehirticator’'s data to detect when the

asset’s price movement diverges from the indicate#lue movement and vice versa.

According to the underlying theory there are twstidct types of divergence, the classical
and the hidden divergences. Both of them occur wiheasset’s price moves in one direction

while the indicator’s value moves in the oppositection.

In terms of order’s execution, in the presence lfiliish (bearishilassical divergence, the
trader buys (sells) when the asset’s price reagl@ser low (higher high) and the indicator’s

value moves in the opposite direction.

In the presence of a bullish (bearigtjlden divergence, the trade buys (sells) when the
asset’s price reaches a higher low (lower high)thadndicator’s value moves in the opposite

direction.

Divergence is assessed daily or weekly, by theaérile day or week, respectively. After

that period, if the indicator detects a divergeritcacts accordingly.

The returns are computed between the asset’s glpsice and the asset’s opening price.
In case two divergences of the same type are famhtonsecutively, the trader closes the

current position and opens another one with theesdinection.

The algorithm repeats the process every time iisspdivergence. Once a position is opened,
the algorithm starts searching for new divergerasebthe process is repeated until the end
of the period’s range. Every position remains opemail a new signal is generated, which

means we always have an open position for theespériod.

The following figures represent the four possitaitof divergence. The upper line represents
the price line and the inferior line representsitidicator’s line. The upper (lower) arrow
represents a buying (selling) order. The LL staiod$ower low, HL stands for higher low,
HH stands for higher high and LH stands for lomghhThe figures below were retrieved

from Babypips.com.

Figure 3.1: Bullish and Bearish Classical Divergeres (from left to right)
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Indicator

Source: Babypips.com

3.1.3 MACD calculation process

The different steps followed to compute the MACDOueafor each time interval are the
following: in the first step we collect the histoal closing prices (P) from the outset to the
end for each time interval of the time frame chogethe second step we compute EéA,
(exponential moving average), whereefers to today antil refers to the previous period
and the Time PeriodT} is the number of periods used in thday EMA, calculated as in
equation (3.1). In this equation, for the firsteintal, theEMA,_, is the trailingt-day simple
average (for the following periods tli@1A4, is given by equation (3.1)). We calculate both

short and long-term exponential moving averageg#ah interval.

2 2 3.1
EMAt = PtT—+1+EMAt_1 (1 _T—+1) ( )
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MACD (line) = Short term EMA — Long term EMA (3.2)

Using equation (3.2), we compute the MACD value,jchhwe use in the algorithm’s

application of the MACD Divergence strategy.

The most widely used settings are [12, 26, 9], eetyely, for the short-term exponential
moving average, long-term exponential moving averamd signal line (short-term

exponential moving average of the MACD line).
3.1.4 Time frames

Historically, when testing technical analysis iratars on raw data, it is verifiable that as the
time period used to calculate the indicators in@esathe signals generated become stronger
and carry a lot more weight into the analysis pssaather than in shorter periods. So, we

choose to use daily and weekly data.
3.1.5 Selection of parameters

The parameters applied to the currencies are ttidbbae of the Divergence strategy, i.e.,
they are the ones who define when the signalsaaneefd. The set of parameters chosen to
test were the following: [12, 26, 9], [19, 39, |, 19, 9] and [15, 33, 5] being the first three
derived and applied by the MACD creator (Appel, 20@ which we add a new one.

3.1.6 Selection of currencies

The process of choosing which currency pairs toi$dsased on the assumption of Asian and
Australasia currencies’ pairs longer-lasting treads result of being involved in the carry
trade practice versus European and American cua®nthe fact that all pairs, except for
the AUD/USD, are minor currency pairs may producexpected results. Moreover, given
that they are not included in the majors’ categthgy can be perceived as low quality type
of investments. On the other hand, the lack ofetation among currency pairs, as observable
on Appendix Ill, was taken into account. The palssen to analyze were the AUD/NZD,
AUD/USD, CAD/CHF and GBP/JPY.
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3.1.7 Transaction costs

Contrarily to the equity market, where brokers geaa commission according to the number
of shares bought or by bundle acquired, in thexfonarket the prevalent cost of trading is
charged only through the bid-ask spread betweeh botrencies. The bid-ask spread
corresponds to the broker's main income that isl |pgi traders when opening a position.
Also, the bid-ask spread is not a fixed amount,edepg mainly on the broker’s choice
(account type and platform) and on the market dardi at each moment in time. Based on
that, we use the historical average floating bikl-sygread for the currency pairs chosen
gathered from the platform of one of the major Lomdbased online brokeétsThe rollover
swap rates, which are used to compute the dailyp sxaéue for overnight positions were
obtained in the same platform. Also, we assumettiestrategy is performed in a country

where there are no capital gains taxes.
3.1.8 Platform’s choice

We use an online trading platform, Metatrader 4igleed especially for forex trading. The
tests were carried out based on data gathereckisaime platform, comprising 23 years of

historical prices. The simulations for each rulgsiation were done in Microsoft Excel.
3.1.9 Performance metrics

The set of analyzes is conducted for all the reteurrency pairs (4), time frames (2) and
sequences of MACD parameters (4) resulting in 2rmdint situations. In order to make all
the results comparable across the different stiesgegariations, we select a set of metrics.
The performance metrics chosen are: gain and passtions; position properties; win/loss

series; drawdown; indexes; and expenses.

Regardinggain and loss, we use simple gross and net returns and staratatdslamic
portfolio net returns. In theositions category, we use the total number of positions and
profitability of higher high and lower low positisnand profitable and losing positions

(percentage) including both the classic and thddmddivergences’ positions. Thesition

3 FxPro Metatrader 4. See Appendix V for details
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properties category includes the reward/risk ratio as thie taétween average profitable and
losing trades (in money terms) and the largesitaldé and losing trades. Then/lossseries
contains maximum consecutive profit and loss (d@awd and the balance drawdown
(percentage), which is the largest drop of the aetbalance below the initial balance value.
Theindexes category includes the ex-post Sharpe ratio givethéyatio between the realized
return and the standard deviation and the recdeetygr, expressed by the ratio between net
profit and the drawdown value (in money terms). &penses category, which includes the
bid-ask spread and the swaps, are embedded iretmetarns computed in the gain and loss

category.

Additionally, we perform statistical inference ®sting the Student’s t-test and the Welch’s
t-test to assess if the returns for the top perifogmsystem based on the recovery factor are
statistically different to the ones of the bottoerfprming system, based on the recovery

factor, for both daily and weekly time frames.
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4 Results

In this section, we analyze 32 systems, compiledguthe R programming language on

RStudio and processed on Excel. The analyzes are:
(1.): computation of a set of scoring metrics fo totality of the 32 systems;

(2.) illustration of the best portfolio strategy@gs currency pairs and time frames based on

the recovery factor metric;

(3.) comparison of best portfolio net return (%3$teyn based on the recovery factor metric

with a yearly carry trade portfolio strategy basedhe same currency pair;

(4.) anomalies’ testing, for the daily time frandependent on the identification of the best

portfolio net return (%) system based on the repofactor metric;

(5.) computation of the best yearly portfolio neturn (%) based on the recovery factor
metric for the period 1994-2016.

To implement the strategy, we had to allow for saimeplifications due to lack of data or

inability to get it. We mention these in the follog sections.
4.1 Constraints
4.1.1 Bid-ask spread

As a simplification, for all the equations belowe wse the closing price in the place of the
ask price. Nonetheless, the bid-ask spread (poirsts)the actual ask price because it was
obtained directly from the platform. We use equai®.1) and (4.2) to calculate the bid-ask
spread in points for pairs with four and two dedimpkaces, respectively. As stated on
equation (4.3), we use it to obtain the bid-aslkeadras margin. Lastly, equations (4.4) and
(4.5) provide us with the bid-ask spread in curyaradue per lot for long and short positions,
respectively.

Bid — ask spread (BA) (points) = BA spread (pips) * 0.0001 (4.1)
BA spread (points) = BA spread (pips) * 0.01 (4.2)
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BA spread (points) 4.3)

BA spread (margin) =

Ask
BA spread (long) = Lots (currency) * BA spread margin (4.4)
BA spread (short) = Lots (currency) x BA spread margin (4.5)

Exception to the rule, the pip value is fixed anda to $10 for a standard lot, when the US
dollar is listed as the counter currency and theitg account uses the US dollar as the

deposit currency.
The following table provides the bid-ask spreadsdut calculate the brokerage house
margin.

Table 4.1: Bid-Ask spread

This table displays the average markets’ floatiyask spread in pips for the following currency
pairs: Australian Dollar/New Zealand Dollar, Ausitna Dollar/US Dollar, Canadian Dollar/Swiss

Franc and British Pound/Japanese Yen.

Pair AUDNZD AUD/USD CAD/CHF GBP/IPY

Bid-Ask spread (pips) 4.5 1.4 3.7 3.0

The bid-ask spread is a one-time operation pepgetaken into account before each order

Is executed, corresponding to the operational @bgading.
4.1.2 Swap value

Even though we have access to the historical ogkthending rates of the countries used in
our analysis, the historical swap values providedients by FxPro and other forex brokers
are not freely available. Due to the lack of data,use the swap values provided by FxPro
for the week 13 March, 2017- 17 March, 2017, asvsha Table 4.2.

Table 4.2: Swap rates for currency pairs by brokemand position type

This table lists the swap rates provided by brokerex4You, FxPro and OctaFX for both short and
long positions when trading the following currenggirs: Australian Dollar/New Zealand Dollar,
Australian Dollar/US Dollar, Canadian Dollar/Swissainc and British Pound/Japanese Yen.
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Position type Swap rate short position Swap ratg fmosition

Pair/Broker Forex4You FxPro OctaFX Forex4You  FxProOctaFX
AUD/NZD 0.02 -2.72 -17.20 -0.43 -4.84 -3.90
AUD/USD -0,77 -2.99 -19.00 0.10 0.38 5.80
CAD/CHF -0.75 -4.79 -4,.60 0.09 -0.10 -0.10
GBP/JPY -0.49 -3.51 -4.30 0.04 -2.73 -0.10

Given the data gathered for several brokers, walddédo choose FxPro as the reference,
since it is a long-standing and solid broker, affdrs the range of swaps one would face
with a broker with the same level of market rectigniand clients’ execution, support and

protection.

In order to calculate the swap value in currenaylgewe use equation (4.6).

Pip value * Swap rate x Number of days (4.6)

S lue =
wap value 10

For each period, we take the swap value as a sopgeation, i.e., as the sum of each daily

swap value. For simplification purposes, we dotake into account the time value of money.
4.2 Performance metrics for the 32 MACD Divergence sysm variations

The scoring metrics analyzed downwards and the pl@sented in the tables below were
computed for the period 1994-2016 using a portfetrategy, unless stated otherwise. The

portfolio strategy entails opening a position wiie account’s balance total amount.

According to the Table 4.3, for the daily time franthe AUD/NZD and GPB/JPY pairs are

the only ones providing positive returns, even tiiotor a very reduced time span. On the
other hand, for the weekly time frame, every paodoices positive returns for at least one
set of parameters. In overall terms, based orthigpreliminary data, we can state that using
the longer time frame and weekly data, an invdsasra higher chance of obtaining positive
returns in the long-term.

Table 4.3: MACD Divergence: Gain and loss metrics

This table documents, for AUD/NZD, AUD/USD, CAD/CHikhd GBP/JPY currency pairs, the

portfolio net returns for the period 1994-2016 lgaind weekly data). All the values presented are
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expressed in percentage points. Each categontheséallowing MACD parameters to arrive to the
final computation: [12,26]; [19,39]; [6,19]; andd.B3].

Pair Parameters Portfolio Net Return (%) Daily Dafaortfolio Net return (%)Weekly Data
AUD/NZD [12,26] 21.75 (17.17)
[19,39] 31.59 (13.01)
[6,19] (28.02) 10.98
[15,33] (21.60) (33.20)
AUDIUSD  [1226] | @72 2831
[19,39] (7.63) 72.83
[6,19] (27.58) (45.08)
[15,33] (35.15) 32.10
CADICHF  [1226] | 3204  zre7
[19,39] (13.10) (17.17)
[6,19] (25.41) (30.23)
[15,33] (25.53) (13.96)
GBPIPY  [1226] o (@250  (5390)
[19,39] 46.16 9.12
[6,19] (33.40) (42.74)
[15,33] (54.74) (22.43)

4.3 MACD Divergence best system per currency

We study, for each currency pair, across both friam@es, daily and weekly, the best set of
parameters based on the highest value of the rectactor. This approach is taken in order

to render the results of the analyzes comparalleansequently draw general conclusions.

Concluding all the results using the recovery faotetric, we can identify the optimal set of

parameters across currencies and time. Noneth&lessged to take into account that, from
previous tables, namely Table 4.3, we already kinatthe majority of the sets of parameters
could not provide a positive net portfolio return.

The [19,39] set generates the highest and posétuens for the portfolio, with the exception
of the weekly-interval returns for AUD/NZD and CADHAF pairs, as shown in Table 4.4.
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The GBP/JPY pair is the most profitable of all,lwihe second best risk-adjusted return,
higher than 1, and the second best recovery factothe daily interval.

Across all pairs, except for the GBP/JPY Weekly &tdD/USD Weekly, the drawdown
happened to be higher than the end of period parthet return, which means it is difficult

to recover from losses as suggested by the recdaetyr’s figures.

Table 4.4: MACD Divergence: Best system based onaevery factor

This table shows, for all currencies, AUD/NZD; AUIBD; CAD/CHF and GBP/JPY, the

reward/risk ratio; the drawdown in percentage itite ex-post Sharpe ratio and the recovery factor

Pair AUD/NZD AUD/USD CAD/CHF GBP/JPY
Daily
[19,39] [19,39] [19,39] [19,39]
Portfolio Net return (%) 31.59 (7.63) (13.10) 46.16
Reward/risk ratio 1.66 1.16 1.37 1.12
Drawdown (%) 35.56 37.97 40.67 36.07
Ex-post Sharpe ratio 10.39 (1.36) (3.00) 7.35
Recovery factor 0.76 (0.14) (0.23) 0.56
Weekly
[6,19] [19,39] [12,26] [19,39]
Portfolio Net return (%) 10.98 72.83 27.97 9.12
Reward/risk ratio 0.68 1.16 1.00 2.50
Drawdown (%) 19.58 26.22 36.98 35.08
Ex-post Sharpe ratio 2.56 4.45 3.26 0.63
Recovery factor 0.45 1.19 0.41 0.26

With regard to weekly data, we observe that the3dPset now only backs the AUD/USD
and GBP/JPY pairs. The AUD/USD pair generates thledst portfolio net return with the
second highest risk-adjusted return and the stsiriggecover from price troughs. The best
positioned currency pair is the GBP/JPY, which wesviously ranked as the worst on the
daily time frame in terms of risk-adjusted retur@s.the other hand, the AUD/NZD presents

the lowest drawdown level, which pairs with a pesifportfolio net return.

32



Overall, in terms of efficiency and stability, thest performing pairs are the AUD/NZD

Daily and the AUD/USD Weekly, as shown by the estpBharpe ratio. The [19,39] set
dominates the profit potential to loss potential@ard/risk ratio) across all pairs, so it should
be the primary choice for an investment strategiy Wower risk and a higher easiness to

recover from transitory losses.
4.4 Active strategy versus Passive strategy

In order to assess how the MACD strategy faresnagasther market trend-following
strategies, we compare with a yearly carry tradgesgy (CT). This is a widely used strategy

by traders and investors worldwide.

The simulated carry trade strategy was computedsasl, i.e., borrow the low-yielding
currency and buy the high-yielding currency. Ingbice, we go long (short) in a currency
pair if the base currency is the high (low)-yielglicurrency. The strategy is computed using
a portfolio, the same as implemented by us usiegMACD Divergence Strategy and with

the same cost/swap structure.

Then, we compare our best individual currency styatbased on the highest value of the

recovery factor with the yearly carry trade strgteg
4.4.1 MACD Divergence strategy versus Carry Trade stratey

According to Table 4.5, the divergence strategilfisrior than the carry trade strategy in
terms of net returns, for both the daily and weekiye frames, except for the AUD/NZD
pair. Nonetheless, it provides positive risk-adgdsteturns and an ability to recover from

losses, similar to what occurs in the carry tradategy.

Table 4.5: MACD Divergence versus Carry Trade

This table summarizes a set of measures to aseasthe MACD Divergence Strategy performs

against the Carry Trade Strategy (CT).

Panel A

Pair AUD/NZD Daily AUD/NZD Weekly CT AUD/NZD
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[19,39] [6,19]

Portfolio Net return (%) 31.59 10.98 (10.34)
Reward/risk ratio 1.66 0.68 0.88
Drawdown (%) 35.56 19.58 24.42
Ex-post Sharpe ratio 10.39 2.56 (1.87)
Recovery factor 0.76 0.45 (0.63)
Panel B
Pair AUD/USD Daily AUD/USD Weekly CT AUD/USD
[19,39] [19,39]
Portfolio Net return (%) (7.63) 72.83 108.84
Reward/risk ratio 1.16 1.16 1.14
Drawdown (%) 37.97 26.22 24,51
Ex-post Sharpe ratio (1.36) 4.45 8.21
Recovery factor (0.14) 1.19 1.61
Panel C
Pair CAD/CHF Daily CAD/CHF Weekly CT CAD/CHF
[19,39] [12,26]
Portfolio Net return (%) (13.10) 27.97 35.92
Reward/risk ratio 1.37 1.00 0.71
Drawdown (%) 40.67 36.98 28.07
Ex-post Sharpe ratio (3.00) 3.26 3.52
Recovery factor (0.23) 0.41 0.74
Panel D
Pair GBP/JPY Daily  GBP/JPY Weekly  CT GBP/JPY
[19,39] [19,39]
Portfolio Net return (%) 46.16 9.12 75.25
Reward/risk ratio 1.12 2.50 0.76
Drawdown (%) 36.07 35.08 42.41
Ex-post Sharpe ratio 7.35 0.63 5.78
Recovery factor 0.56 0.26 0.71
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The MACD Divergence strategy provides better ridkiated returns than the carry trade for
all pairs, except the AUD/NZD Weekly. However, MACD Divergence strategy provides
only a higher stability than the carry trade fog ®WUD/NZD and GBP/JPY Daily.

Regarding the recovery factor, for the AUD/USD, GEBIF and GBP/JPY, the carry trade

provided a slightly better chance of recouping fiamvisional losses.

Overall, we can affirm that the MACD Divergenceaisuperior strategy in terms of lowering
the riskiness involved whereas the carry tradeitebin terms of net returns and stability of

returns, except for the AUD/NZD pair.
4.5 Statistical tests based on the recovery factor
4.5.1 Best MACD Divergence versus worst MACD Divergenceystems

In this section, we analyze the statistical sigaifice between returns for two different sets
of data. We compare the returns of the best sybtsad on the recovery factor with the
worst system based on the recovery factor. Depgralinthe features of the data we use a

parametric or non-parametric test.

Based on information provided in Table 4.6, we easily identify the recovery factor’s best
and worst systems for both time frames. Then, wepraceed with the identification and
testing of assumptions of the standard test fordets of data, the Student’s t-test, in order

to opt for the most reliable and closest type sfrdbution test for our data.

Table 4.6: MACD Divergence recovery factor’s bestd worst systems

This table summarizes the recovery factor’'s bésand worst (X) system per currency pair based on

parameters for both daily and weekly intervals.

Pair AUD/NZD AUD/USD CAD/CHF GBP/JPY
Daily
Parameters Best Worst Best Worst Best Worst Best  rstWo
[12,26] X
[19,39] v v v v
[6,19] X
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[15,33] X X

Weekly
[12,26] v
[19,39] v v
[6,19] v X X X

[15,33] X

45.1.1 Detailed tests

4.5.1.1.1 Test for normality distribution

In order to assess the normality of data, givénatprerequisite when conducting parametric
tests, we use the Shapiro-Wilk Normality Test. Biepiro-Wilk Test's null hypothesis
states that the sample data is normally distribu@gen a significance (alpha) level of 0.05,
we reject the null hypothesis when thwalue is lower than the alpha level, meaning there

is evidence that the data do not follow a normsiritiution.
The results in Table 4.7, suggest that returnsaddallow a standard normal distribution.

Table 4.7: Statistical significance of Shapiro-WilkNormality test

This table illustrates, for a 95 % confidence letleép-value across the different currency pairs for
both the recovery factor's best and worst systesethan parameters, when testing for the data’s

normality. The distribution type can be normal @d)non-normal (NN).

Pair AUD/NZD AUD/USD CAD/CHF GBP/IPY
Daily
Category Best Worst Best Worst Best Worst Best Wors

Parameters  [19,39] [6,19] [19,39] [12,26] [19,39] [15,33] [139] [15,33]

p-value 0.000 0.099 0.043 0.043 0.904 0.557 0.002 143.
Distribution type NN N NN NN N N NN N
Weekly

Parameters [6,19] [15,33] [19,39] [6,19] [12,26] [6,19] [19,B9 [6,19]
p-value 0.555 0.356 0.028 0.462 0.406 0.450 0.005 129.
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Distribution type N N NN N N N NN N

4.5.1.1.2 Test for variances’ heteroscedasticity

We also performed the Levene’s test for the sarteg ddnere the null hypothesis states that
the samples’ data variances are equal. Given &ismmce (alpha) level of 0.05, we reject
the null hypothesis when thevalue is lower than the alpha level, meaning tfatances

are different across the selected samples.

On the other hand, we have to stress that this ¢éiein has a low statistical power and
therefore it fails to reject the null hypothesiatthiariances are equal. Consequently, it leads
to the occurrence of the type Il error. Nonethelesspresent the statistical significance of
the Levene’s test across currency pairs for botly @ad weekly intervals, in Table 4.8.
Overall, based on thevalues we cannot expect that the variances asayaples and time

frames are the same.

Table 4.8: Statistical significance of Levene’s tés

This table documents thpevalue across the different currency pairs forrdevery factor’'s best and

worst system sets based on parameters, when téstitige data’s homogeneity of variances.

Pair AUD/NZD AUD/USD CAD/CHF GBP/JPY

Daily

Category Best Worst Best Worst Best Worst Best Wors

Parameters [19,39] [6,19] [19,39] [12,26] [19,39] [15,33] [1®W] [15,33]
p-value 0.044 0.313 0.838 0.645

Weekly

Parameters [6,19] [15,33] [19,39] [6,19] [12,26] [6,19] [19,39 [6,19]
p-value 0.663 0.003 0.189 0.068

45.1.2 Welch's t-test

Given that the Student’s t-test assumptions ddotat; we assume that the Welch'’s t-test is

a better alternative to proceed with the inferengesur data given its broad applicability to
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non-normal data. Besides that, the Welch’s t-esbbust for skewed distributions and large

sample sizes.

The Welch’s t-test null hypothesis is that the tpapulations have equal means. Given a
significance (alpha) level of 0.05, according toblEa4.9, we cannot reject the null
hypotheses in any case, dugtealues higher than 0.05, meaning that the recofzatpr’'s
best and worst system sets based on parameters Have statistically significant different

means.

Table 4.9: Statistical significance of Welch’s t-t&t

This table shows the difference between phealue across the different currency pairs for the

recovery factor’s best and worst system sets.

Pair AUD/NZD AUD/USD CAD/CHF GBP/IPY

Daily

Category Best Worst Best Worst Best Worst Best Wors

Parameters [19,39] [6,19] [19,39] [12,26] [19,39] [15,33] [139] [15,33]

Sample size 124 209 121 165 123 135 103 119
p-value 0.227 0.644 0.838 0.201

Weekly

Parameters [6,19] [15,33] [19,39] [6,19] [12,26] [6,19] [19,B9 [6,19]

Sample size 38 26 20 44 31 40 23 46
p-value 0.160 0.233 0.341 0.567

4.5.2 Best MACD Divergence based on the recovery factorevsus best Carry Trade
strategy

As an additional statistical test, we proceed withverification of the statistical significance

between the means of the populations of the begtisybased on the recovery factor and the

carry trade strategy across parameters and timeega

According to the prior procedural tests, we vedfibat the Welch's t-test was the best fit to

test the data, including the data applicable tobist system based on the recovery factor,

S0, we use it again for this analysis.
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According to Table 4.10, we do not reject the iyibotheses for any case, dugtealues
higher than 0.05, meaning that the recovery fastbest and carry trade sets based on
parameters do not have statistically significaffedent means.

Table 4.10: Statistical significance of Welch’s test

This table documents thpevalue across the different currency pairs forrdeovery factor’'s best and
Carry Trade (CT) sets based on parameters, whiéingtésr the hypothesis that the two populations
for each currency pair have equal means.

Pair AUD/NZD AUD/USD CAD/CHF GBP/IPY

Daily

Category Best CT Best CT Best CT Best CT

Parameters [19,39] [19,39] [19,39] [19,39]
p-value 0.633 0.180 0.406 0.337
Weekly
Parameters [6,19] [19,39] [12,26] [19,39]
p-value 0.620 0.982 0.798 0.804

4.5.3 Discussion of main results

Firstly, our attempt to provide an alternative, iaettype of investment to the masses was
quite unfruitful, because the MACD Divergence daoes consistently provide positive

returns. Moreover, it does not provide higher regums than the carry trade strategy.
However, it is superior to the carry trade stratedyen assessing strategies through the

risk/reward ratio, taken as a measure of risk-dadgiseturns.

Out of the sixteen daily MACD Divergence casesydhtee cases are profitable, being two
of them of the AUD/NZD pair and the remaining frtme GBP/JPY pair. For the longer time
frame, the weekly interval-based trading, theresiaxenstances of profitability. Each pair

has one profitable set of parameters, except &AtWD/USD pair which displays three cases
of profitability for the following sets of paramese [12,26], [19,39] and [15,33].
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When we refer to the best system based on the eegdactor, for the weekly time frame,
all the returns are positive. The data shows thkdst and lowest net returns of 72.83% and
9.12% for the AUD/USD and GBP/JPY pairs, respebiweith the corresponding [19,39]
set of parameters for both instances. In total[18e39] set accounts for all the daily sets of

the best systems based on the recovery factoraarff on the weekly interval.

Statistically speaking, for both instances, whemgaring the best and worst systems based
on the recovery factor and when comparing the fyestem based on the recovery factor with
the carry trade strategy, we find that there isstatistically significant (95% confidence
level) evidence of different means, meaning thatcerenot assert that the results were not
randomly obtained.

In appendix, we provide additional results of thAGD Divergence, especially of strategy
variations in terms of type of account and typeneestment. We highlight the following:
the fixed investment strategy and the Islamic-antqortfolio results are quite different
between themselves and to the MACD Divergence. Aleth the fixed investment strategy
and the portfolio investment strategy are unprbféaThe Islamic-account portfolio presents
much higher net returns than both of the aforermeaetl strategies because it does not take
into account the swap values, which were quitelg@sicording to Table 4.2.

Regarding the positions’ category (Appendix I.2grthough not stated in any table, due to
the specific development of the MACD Divergenceréhare almost no signals from hidden

divergences. This means that our strategy consdjaised uniquely on classical divergences.
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5 Conclusions

The purpose of this work was to evaluate the ptability of the MACD Divergence strategy
over the period from 1994 to 2016, and to comptredsults with a benchmark trading
strategy in the foreign exchange market, the daadge.

When we started this work, there was no publishedkwf the MACD Divergence strategy.
The most closely related work come from Vajda (2@t Yazdi and Lashkari (2013) which

use variations of the MACD Crossing strategy.

We devised an algorithm to identify the divergenbesween the asset’s price and the
indicator’s value, choosing the currency pairs @afining the time frames. We also
simulated the carry trade for the same set of @eidstime frames and ultimately proceeded
with the statistical analysis. For the sake of dioity, we have used no stop-loss or take-
profits levels.

After concluding the work, we realized that we ngathto get a simple, yet coherent manual
trading system. It can be fully automated for lirgeling and allow future researchers to have

a new glimpse into a technical analysis indicatteatures and performance.

Overall, the results suggest that the [19,39]st#te most consistent and stable rule to follow
when trading the AUD/NZD and GBP/JPY pairs, becatusmvides positive net returns. On
the other hand, the carry trade strategy providdsstantial positive net returns for the
AUD/USD, CAD/CHF and GBP/JPY pairs, not matchedh®/MACD Divergence strategy.

The main limitations present in this dissertatioa the data availability, namely the price
data, the bid-ask spread, the swap value andifigagke value. Given their potential to alter
the final results of the examined strategies, etipsvards or downwards, one should bear in

mind that the results we reach represent an appedian of the true performance.

In terms of future research, we propose testingiieeof fixed or dynamic stop-loss and take-
profit levels and using other (technical) indicat@nd candlestick charting in order to

optimize the MACD Divergence strategy in the foreexchange market.
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6 Appendices
Appendix | - Scoring metrics

I.1 Gain and loss metrics

This table shows, for currency pairs, the simptesgreturns, the simple net returns, the portfudio
returns and the Islamic net returns using dailywaeekly data. All the values presented are expdesse
in percentage points. Each category uses the filpWACD parameters to arrive to the final
computation: [12,26]; [19,39]; [6,19]; and [15,3Bhe simple returns use a 100,000 fixed investment
(whether the balance is 100,000 or below).

Panel A
Pair AUD/NZD AUD/USD
Daily
[12,26] [19,39] [619]  [1533]  [12,26] [19,39] [@1 [15,33]
Simp'eg/;‘;ssremm 61.68 66.26 15.77 26.06 (887) 2851 641 (15.27)
Simp'e((;'))e”et“m 2631 3229 (20.14)  (802)  (28.00) 9.50 (13.29) .§a)
Portfo"‘(’(y':‘)et M 5175 3159 (28.02)  (21.60)  (36.72) (7.63) (27.585.15)
'S,\'Iae’:‘;gtifgtzoo/:)f’ 8405 90147 1842 2844  (1887) 11.83 (4.74) (26.53
Weekly
Simp'e(%ss UM 1328 1532 4053 (5.07) 4927 8717 (15.26) 52.61
Simp'e((j/\(‘);*”et”m (13.46) (11.61) 1219  (31.01)  35.83 79.35 (33.23)8.48
Portfo'“(’(y':‘)et UM 1717) (13.01) 10.98 (33.20) 2531 72.83 (45.08)2.18
IS,\IIaeT;gtEﬁ:tzoo/:)o 11.05 14.86  46.44 (7.28) 4159 87.02 (27.82) 4527
Panel B
Pair CAD/CHF GBP/IPY
Daily
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[12,26] [19,39] [6,19] [15,33] [12,26] [19,39] [@] [15,33]

S'mp'eg/:)‘))ss UM 933 299 1831 12.52 1832 69.30 3.12 (33.70)
S'mp'e(o’)('))e”et“m (16.91) (2.57) (9.32) (11.61) 098 51.04 (15.27)0.45)
Portfo“‘(’(y':')et UM 3504) (13.10) (25.41)  (25.53)  (22.50) 46.16 (B3.4(54.74)
Islamic Portfolio
Net rowumn (o) 187 (402) 1321 (5.70) 056  66.68 (11.71) (40.76)
Weekly

S'mp'eg/t)‘))ss UM 4811 659  (6.92) 14.84 (27.75) 48.62 (9,87) 18.99
Simple Net return

o) 3134 (9.53) (22.75) (3.71) (42.68) 34.64 (25.05).904
Portfo“‘(’o/':')et UM 5797 (17.17) (30.23)  (13.96)  (53.90) 9.12  (42.7432.43)
Islamic Portfolio 45 15 (370)  (13.48) 1.15 (43.65) 29.78 (29.66) 3.

Net return (%)

I.2 Positions’ category
This table shows the number of higher high (HH) koveer low (LL) positions, the profitability of
HH and LL positions in percentage points and theraV profitability for higher high, lower low,
higher low (HL) and lower high (LH) positions inngentage points.

Panel A

Pair AUD/NZD AUD/USD

Daily

[12,26] [19,39] [6,19] [15,33] [12,26] [19,39] [69] [15,33]

# Higher high positions 60 54 93 54 920 67 127 80
# Lower low positions 88 71 117 80 76 55 113 62
HH profitable (%) 63.33 48.15 53.76 5556 45.56 750. 48.82 45

LL profitable (%) 40.91 43.66 41.03 4250 50.00 643. 51.33 43.55
Profitable positions (%) 47.65  42.74 44.02 45.11 247 4545 47.28 43.97
Losing positions (%) 52.35 57.26 5598 54.89 52.7H455 52.72 56.03

Weekly
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11 6 14 11 28 11

17 14 23 16 16 10 17 11

68.75 5455 50.00 554. 39.29 45.45

25.00 50.00 O0O40. 47.06 45.45
30.77 .731 50.00 38.64 47.62

69.23  48.2860.00 61.36 52.38

# Higher high positions 16 11

# Lower low positions
HH profitable (%)
LL profitable (%)
Profitable positions (%)

63.64  66.67
41.18 57.14 56.52

48.15 4211 63.16

Losing positions (%) 51.85 57.89 36.84

Panel B
GBP/IPY

Pair CAD/CHF

Daily

[12,26] [19,39] [691 [15,33]
112 65
55

[19,39] [6,19] [15,33]
55 103 63

69 105 73
45.63 4444  38.67 945.
48.57 4247 50.85 8&35. 49.44 47.27

4296 .142 5049 4450 43.70
57.04 57.839.51 5550 56.30

[12,26]
74

78
48.65 43.64

44.87  34.78
45.03 40.65 43.48

54,97 59.35 56.52
Weekly

14 10 21

18 12 20
57.14 50.00 42.86
33.33 40.00
42.50
57.50 51.85

75 61
59 43 89

# Higher high positions
43.75 41.54

# Lower low positions
HH profitable (%)
LL profitable (%)
Profitable positions (%)

Losing positions (%)

26 15
21 10

14 18 12

14 12 11
50.00 22.22 333. 46.15 26.67

50.00 33.33 277. 52.38 30.00

48.15 597 30.43 50.00 29.17
72.4%9.57 50.00 70.83

# Higher high positions
# Lower low positions
HH profitable (%)

LL profitable (%)
Profitable positions (%)

55.56
5484  42.86

Losing positions (%) 45.16 57.14

I.3 Position properties

This table sums up the profitableness metrics @ttirrency pairs, namely the reward/risk ratio, and

the largest single profit and loss.

Panel A

AUD/NZD

Daily

[12,26] [19,39] [6,19] [15,33]
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Reward/risk ratio 1.26 1.66 1.08 1.01
Largest single profit  8591.67 9893.22 4823.20 6891.
Largest single loss  (10705.78) (6040.03) (7709.99)7346.66)
Weekly
Reward/risk ratio 0.76 0.90 0.68 0.99
Largest single profit  9393.47 6503.60 8774.55 9969.
Largest single loss  (11566.61) (13548.80) (13388.890098.42)
Panel B
AUD/USD
Daily

[12,26] [19,39] (6,19] [15,33]
Reward/risk ratio 0.94 1.16 1.00 1.09
Largest single profit  9641.54 25928.36  10892.51 6D/85
Largest single loss  (21431.64) (44402.00) (23028.5216256.69)
Weekly
Reward/risk ratio 1.14 1.46 1.04 1.38
Largest single profit 42221.92  63238.40  14248.34 123149
Largest single loss  (19037.88) (32249.42) (15627.526694.89)
Panel C
CAD/CHF
Daily
[12,26] [19,39] [6,19] [15,33]
Reward/risk ratio 1.03 1.37 1.17 1.15
Largest single profit  11700.36 11765.55 8551.78 9862
Largest single loss  (11395.32) (14433.58) (10468.632302.84)
Weekly
Reward/risk ratio 1.00 1.10 0.95 0.96
Largest single profit 27496.07  28104.07 9954.57 08241
Largest single loss  (27397.44) (25169.39) (13084.027651.55)
Panel D
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GBP/IPY

Daily

[12,26] [19,39] [6,19] [15,33]

Reward/risk ratio 1.21 1.12 1.09 0.94
Largest single profit 17524.52  44897.40  11773.94 521317
Largest single loss  (14206.07) (38761.02) (168957.428205.92)

Weekly

Reward/risk ratio 1.67 2.50 0.73 1.88
Largest single profit 24318.24 26667.52 14815.20 978872
Largest single loss  (32021.87) (26423.36) (27938.628002.63)

I.4 Win/Loss Series and Drawdown Class

This table shows the winning/losing streaks (lobhgessecutive gain/loss): maximum consecutive

profit, maximum consecutive loss and balance dravmdo

Panel A

AUD/NZD

Daily

[12,26] [19,39] [6,19] [15,33]

Maximum consecutive profit 59352.73 65070.45 21899. 35794.68
Maximum consecutive loss  (33032.78) (41715.09) $3283) (42267.90)
Drawdown (%) 31.46 35.56 32.05 42.27

Weekly

Maximum consecutive profit 22122.59 19969.76 32895. 17817.24
Maximum consecutive loss  (23863.72) (24560.36) 8&3485) (33202.79)

Drawdown (%) 22.38 22.02 19.58 33.20
Panel B
AUD/USD
Daily
[12,26] [19,39] [6,19] [15,33]

Maximum consecutive profit 36807.85  55117.28  49685. 55637.49
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Maximum consecutive loss  (56917.81) (56530.24) 26280) (80620.32)
Drawdown (%) 49.57 37.97 51.89 57.37

Weekly

Maximum consecutive profit 59430.26  134259.89 29984 112433.34
Maximum consecutive loss  (58638.98) (61432.32) 46083) (89038.40)

Drawdown (%) 37.97 26.22 57.13 41.91
Panel C
CAD/CHF
Daily
[12,26] [19,39] [6,19] [15,33]

Maximum consecutive profit 31061.59  48334.32  46981. 31298.29
Maximum consecutive loss  (58189.89) (56105.23) (6374) (36348.91)
Drawdown (%) 50.54 40.67 42.26 36.18

Weekly

Maximum consecutive profit 86314.35 40827.06 20680. 52480.59
Maximum consecutive loss  (67782.80) (60613.21) €3684) (65777.59)

Drawdown (%) 36.98 43.04 36.46 4451
Panel D
GBP/IPY
Daily
[12,26] [19,39] [6,19] [15,33]

Maximum consecutive profit  34705.73 131084.08 270Q1 32328.95
Maximum consecutive loss  (46341.78) (82470.14) 863/7) (58127.30)
Drawdown (%) 46.21 36.07 67.85 58.13

Weekly

Maximum consecutive profit 34907.37  44195.95  329237. 20269.32
Maximum consecutive loss  (74489.54) (30579.06) 8&8588) (42695.24)
Drawdown (%) 61.77 35.08 44,52 42.70

I.5 Indexes

This table shows the ex-post Sharpe ratio andetb@very factor.
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Panel A

Pair AUD/NZD AUD/USD

Daily

[12,26] [19,39] [6,19] [15,33] [12,26] [19,39] [61 [15,33]

Ex-post Sharpe ratio  7.67 10.39 (11.22) (7.29) 9B.6 (1.36) (7.70) (6.89)
Recovery factor 0.66 0.76 (0.86) (0.51) (0.65) 49.1(0.44) (0.44)

Weekly

Ex-post Sharpe ratio  (3.34)  (2.90) 2.56 (6.49) 2.404.45 (4.88) 255
Recovery factor (0.72)  (0.53) 0.45 (1.00) 0.43 1.190.75) 0.36

Panel B

Pair CAD/CHF GBP/JPY

Daily

[12,26] [19,39] [6,19] [15,33] [12,26] [19,39] [61 [15,33]

Ex-post Sharperatio (7.69) (3.00) (7.02) (6.07) .02} 735 (7.72) (9.42)
Recovery factor (0.55) (0.23) (0.58) (0.70) (0.49)0.56 (0.39) (0.94)

Weekly

Ex-post Sharpe ratio  3.26 (2.67) (4.50) (1.31) 3IB.7 0.63 (4.12) (1.56)
Recovery factor 0.41 (0.28) (0.83) (0.21) (0.72) 260. (0.93) (0.53)

[.6 Anomalies testing: Daily and Weekly-based portilio net return best system based

on the recovery factor

This table shows the net returns, in percentagdydth daily and weekly data. For each interval, we

consider the compounded return of all positioniegeuntil the last day, whether closed in that same

year or in any other subsequent year. The retumsamputed in money terms and correspond to the

highest recovery factor of the best system.

Pair AUD/NZD AUD/USD CAD/CHF GBP/JPY

Daily

[19,39] [19,39]  [19,39]  [19,39]
1995-2002  (23.35) 32.95 26.52 24.46
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2003-2008  59.46 (24.84) (10.96) 40.40

2007-2009 30.12 12.89 (5.14) 7.97
2009-2016 3.74 (4.06) (22.14) (25.80)
Weekly
[6,19] [19,39] [12,26] [19,39]
1995-2002 (4.74) 62.08 12.68 (34.13)
2003-2008 14.12 44.54 62.68 55.68
2007-2009 (4.29) 38.80 (11.52) 16.00
2009-2016 2.09 (26.22) (30.19) 6.41

|.7 Portfolio net return of the best system

This table shows the yearly and weekly-based netng, from 1994 to 2016. For each interval, we
consider the compounded return of all positionsyepeuntil the last day, whether closed in that same
year or in any other subsequent year. The retuenscamputed in money terms and correspond to the
highest recovery factor of the best system.

Panel A

Pair AUD/NZD AUD/USD CAD/CHF GBP/JPY

Daily

[19,39] [19,39]  [19,39]  [19,39]

1994  3.79 (3.65) (0.93) 12.72
1995  6.98 5.32 (1.55) 6.67
1996  (0.07) 7.24 3.84 (0.63)
1997  (2.79) (11.54) 7.87 14.46
1998  (6.38) (21.85) (1.27) 5.29
1999  (9.24) (9.32) (6.52) 9.93
2000  2.26 19.76 15.68 (8.15)
2001  (2.11) 30.58 16.45 (11.66)
2002 (13.29) (9.59) (7.71) 9.23
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2003 1.87 (26.11) 5.19 20.84
2004 (1.52) 12.56 (8.96) 10.24
2005 17.88 4,95 (5.79) (2.91)
2006 2.84 (3.32) (1.55) (2.97)
2007 9.88 29.55 11.27 (11.75)
2008 19.33 (31.24) (9.91) 25.49
2009 (0.76) 26.75 (5.37) (2.51)
2010 4.16 (1.44) (6.80) 6.44
2011 (1.06) (4.09) (5.57) 6.29
2012 (0.41) 10.91 (2.17) (12.60)
2013 (16.49) (3.28) (9.34) (6.94)
2014 5.52 (16.82) 8.11 1.18
2015 452 (5.69) (1.94) (0.03)
2016 10.59 (4.84) 0.56 (18.22)

Panel B

Weekly

[6,19] [19,39] [12,26] [19,39]

1994 (2.27)
1995 2.85 22.81
1996 16.53 (26.42)
1997 7.99 8.96 (5.52)
1998 (3.39) 10.10 8.60 16.30
1999 (4.67) 7.71 (12.26)
2000 4.13 (14.01) 2.48 9.83
2001 (14.20) 40.50 (14.51) (12.69)
2002 4.24 (7.89) (4.57) (3.17)
2003 4.00 16.85 (1.44)
2004 8.86
2005 4.13 20.45 18.79
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2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016

6.13
1.56 (21.40)

(6.92) 76.59
1.25
12.91 (14.07)

(2.92)

(11.56) (1.74)
0.33 95.76
5.63
5.82 (8.76)

(3.46)

11.11

4.03
(14.95)
(19.14)
4.10
(2.13)
(8.92)
8.60
0.22
0.50

2.49
32.82
(2.32)

(10.59)
(10.41)
26.46

(8.50)
14.81
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Appendix Il — Descriptive analysis

[1.1 AUD/NZD Descriptive statistics

Mean 1.17500
Median 1.16380
Standard deviation 0.08000
Kurtosis -0.95000
Skewness 0.18000
Range 0.36968
Minimum 1.00224
Minimum date 2015/04/03
Maximum 1.37192
Maximum date 2011/03/04
Close starting point 1.21830
Close ending point 1.03921
AUD/NZD Price
1,5
1.4 -
1,3
3
E 1,2 «
1,1
1 ——
0,9
1994-2016
I1.2 AUD/USD Descriptive statistics
Mean 0.76690
Median 0.75390
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Standard deviation 0.15
Kurtosis -0.57
Skewness 0.26
Range 0.62171
Minimum 0.47870
Minimum date 2001/04/02
Maximum 1.10041
Maximum date 2011/07/28
Close starting point 0.68540
Close ending point 0.72040
AUD/USD Price
1,2
1,1 R E—
1
0,9
3
E 0,8 «
0,7
0,6
0,5 R R—
0,4
1994-2016
1.3 CAD/CHF Descriptive statistics
Mean 0.96510
Median 0.96390
Standard deviation 0.11
Kurtosis -0.49
Skewness -0.24
Range 0.56013
Minimum 0.68777
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Minimum date
Maximum
Maximum date
Close starting point

Close ending point

2016/01/15
1.24790
2007/11/06
1.1368
0.75768

Price

1,3
1,2

2

1,1

0,9
0,8
0,7
0,6

CAD/CHF Price

1994-2016

1.4 GBP/JPY Descriptive statistics

Mean
Median
Standard deviation
Kurtosis
Skewness
Range

Minimum
Minimum date
Maximum
Maximum date
Close starting point

Close ending point

175.010
175.245
30.20
-0.72
0.10
133.243
116.967
2011/09/22
250.210
2007/07/18
166.48
144.087

54



Price

260
240
220
200
180
160
140
120
100

GBP/JPY Price

1994-2016
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Appendix Il - Currency pairs’ correlations

Daily forex returns’ correlations

Pair AUD/NZD AUD/USD CAD/CHF GBP/JPY
AUD/NZD 1.00 -0.22 0.38 -0.37
AUD/USD -0.22 1.00 -0.59 -0.37
CAD/CHF 0.38 1.00 1.00 0.36
GBP/JPY -0.37 -0.37 0.36 1.00
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Appendix IV — Price action graphs

IV.1 AUD/NZD

AUD/NZD Close Price
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IV.3 CAD/CHF
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CAD/CHEF Close Price
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IV.4 GBP/IPY
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Appendix V - FxPro Group Limited brokerage house

As stated from the beginning, FxPro is the mairkéraised to collect relevant data for this
work, namely the bid-ask spread and the swap ratgsved for the different currency pairs
used. For this work, it is considered the forexkatis benchmark broker, because it a world-
renowned enterprise for its forex services’ quadityl countless recognition and innovation-
related attributed awards.

It was founded in 2006, registered in Limassol, éeer its headquarters are located in the
City of London, London, United Kingdom. It is thelding company of FxPro UK Limited
that is authorized and regulated by the Financiahdlict Authority (FCA) and FxPro
Financial Services Limited that is authorized aedutated by Cyprus Securities and
Exchange Commission (CySEC) and authorized by tha&hSAfrica Financial Services
Board (FSB). As such, it is required to provideipgic financial reports certified by
independent third party auditors. Also, FxPro Graupited is a member of the following
organizations: Cyprus Chamber of Commerce and tndu&€CCI), Cyprus Financial
Services Firms Association (CFSFA) and Financialies Compensation Scheme (FSCS).
The company’s online forex arm, initially registeras EuroOrient Securities & Financial
Services Limited and now called FxPro Financialvi®ess Limited provides online forex
brokerage services to both institutional and refaehts. Under the European Union Markets
in Financial Instruments Directive (MiFID) of 200BxPro Financial Services Limited and

FxPro UK Limited can provide their services in theropean Economic area.

FxPro provide their clients, in more than 150 coest the following contract for difference
(CFD) instruments: forex, futures, indexes, shame$ commodities (metals and energies).

Altogether, they comprise over 275 financial instants as of March 2017.

The company provides their FxPro Financial Servigasted clients, the possibility to copy
automatically other traders’ strategies throughrBx®uperTrader platform, however there
is a minimum first-time deposit requirement of 01, a minimum amount to copy of $500

and a maximum leverage of 1:200.
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For MT4 and cTrader platforms, FxPro provides Fx®ru@ant that is a web-based strategy
builder that allows clients to automate tradingatgtgies by programming their own
algorithms, expert advisors and cbots, respectiwaithout the use of a coding language.
For clients interested in automated trading, therpnise gives access to the FxPro VPS,
which is provided by BeeksFX, the largest proviodEYPS solutions for automated trading.
It is a service that gives access to a virtualgigvserver, which allows to load algorithms
coded in either MQL4, MQL5 or C#, directly onto teerver, with reduced latency and

without requiring that the computer is running.

FxPro is a non-dealing desk (NDD), ECN/STP brokkerefore using the “A booking”
system. It means that the firm acts solely as snmediary of each transaction, sending the
clients’ trading orders directly to the interbanlanket, liquidity providers or multilateral

trading facilities (MTFs). So, in this case, thex@o conflict of interest.

In terms of trading platforms, FxPro provides theetMrader 4 and 5, developed by
MetaQuotes Software Corporation, the market |leaderetail forex, and the cTrader,
developed by Spotware, an emerging trading softwiakeeloper. The last addition is the
FxPro Markets platform. All the platforms are akaailable for smartphones with iOS

(Apple) and Android (Google) operating systems.

To clients’ protection and full transparency, FxBegregates clients’ funds in different bank
accounts in some of the most trustworthy and stadecial institutions, namely, Barclays
PLC, Julius Baer Bank, Bank of America and RoyahiBaf Scotland. Just as important,
their clients of FxPro UK are insured by the Finah&ervices Compensation Scheme
(FSCS) up to £50,000 per client and clients of BxHnancial Services Limited are insured
by the Investor's Compensation Fund (ICF) up to,E8Q0 per client. On the other hand,
clients benefit from negative balance protectiomvpnting their balances from dropping

below zero at FxPro’s expense.

Currently, the company does not accept accountsioge from Canada, Iran and USA.
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Appendix VI - MACD Divergence Strategy in R progranming language
Application:

nomedoFicheiro = "GBPJPY2.xlIsx"

nomedaFolha = "Sheet2"

library(xIsx)

duracao=proc.time()
d <- read.xIsx(nomedoFicheiro, 1, sheetName = nafReltha, stringsAsFactors = FALSE)
#1-id 2-Date 3-High 4-Low 5-Close 6-MACD

print(paste("tamhano da entrada: ", nrow(d)));
tipo = character()

id_f = integer()

id_i = integer()

fecho_dseg = integer()

for (n in 2:(nrow(d) - 2)) {
#n: id_i da frame de analise
mr = d[n, 6]
if (mr>dn-1,6]&mr>d[n+1,6]){
# mr: maximo local de macd na posicao n
hr <- d[n, 3]
i=n
while (i < nrow(d) - 1) {
i=i+1
m = d[i, 6]
if(m>d[i-1,6]&m>d[i + 1, 6}
# m: maximo local de macd na pasica
h =d[i, 3]
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fechods = d[i + 1, 5]

if (m<mré&h>hré&h >fechod§)
# n->i: intervalo Higher high
tipo = c(tipo, "HH")
id_f=c(id_f, i)
id_i = c(id_i, n)
fecho_dseg = c(fecho_dseg,ddsh
i = nrow(d)

}elseif (m>mr &h <hr&h <dbods) {
# n->i: intervalo Lower high
tipo = c(tipo, "LH")
id_f =c(id_f, i)
id_i = c(id_i, n)
fecho_dseg = c(fecho_dseg,ddsh
i = nrow(d)

}

}elseif (mr<dn-1, 6] &mr<dn+1, 6]
# mr: minimo local de macd na posicao n
Ir <- d[n, 4]
i=n
while (i < nrow(d) - 1) {

izi+1
m = d[i, 6]
if(m<d[i-1,6]&m<d[i+ 1, 6}
# m: minimo local de macd na posica
| = d[i, 4]
fechods = d[i + 1, 5]
if(m<mré&l>Ir&l>fechods)
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# n->i: intervalo Higher low

tipo = c(tipo, "HL")

id_f=c(id_f, i)

id_i = c(id_i, n)

fecho_dseg = c(fecho_dseg,ddsh

i = nrow(d)
telseif(m>mr &l <lIr &l <fehods) {

# n->i: intervalo Lower low

tipo = c(tipo, "LL")

id_f = c(id_f, i)

id_i = c(id_i, n)

fecho_dseg = c(fecho_dseg,ddsh

i = nrow(d)

}

id_interv = id_i * 1000000 + id_f;

df = data.frame(id_interv, tipo, id_i, id_f, fechidseg, stringsAsFactors = FALSE)
df <- dfforder(id_f, id_i),];

#df-> 1-id_interv 2-tipo 3-id_i 4-id_f 5-fechdseg
id_int = integer()
posicao = character()

paberta = "nula"

linha=1

Il =linha
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while (Il <= nrow(df)) {
id_int = c(id_int, df[llinha, 1])
idf = dfflinha, 4]
if (dfflinha, 2] =="HH" | dfflinha, 2] == "LH)
if (paberta == "Vender") posicao = c(posica)
else {posicao = c(posicao, "Vender"); paber"Vender"; }
else
if (paberta == "Comprar") posicao = c(pasic™)
else {posicao = c(posicao, "Comprar"); ptde "Comprar"”; }
Il = linha + 1,
while (Il <= nrow(df) & dffll, 3] <=idf) {lIl=11+ 1}
linha = 1|

tipo = character()

id_i = integer()

data_i = character()
high_i = integer()
low_i = integer()
close_i = integer()
macd_i = integer()
id_f = integer()

data_f = character()
high_f = integer()
low_f = integer()
close_f = integer()
macd_f = integer()
fecho_dseg = integer()
fecho_dseg_ant = integer()

retorno = integer()
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for (id in id_int) {

tipo = c(tipo, df[df$id_interv ==id, c('tipg))

id_i = c(id_i, dffdf$id_interv == id, c('id_J);

data i = c(data_i, d[d$id == id_i[length(id , i¥)('Date")]);

high_i = c(high_i, d[d$id == id_i[length(id_j)§('High")]);

low_i = c(low_i, d[d$id == id_i[length(id_i)jc(‘Low")]);

close_i = c(close_i, d[d$id == id_i[length(idl], ic(‘Close")]);

macd_i = c(macd_i, d[d$id == id_i[length(id_,iZj'MACD"]);

id_f = c(id_f, df[df$id_interv == id, c('id_{);

data_f = c(data_f, d[d$id == id_f[length(id_,f§{'Date")]);

high_f = c(high_f, d[d$id == id_f{length(id_{)E(High")]);

low_f = c(low_f, d[d$id == id_f[length(id_f)l¢c('Low")]);

close_f = c(close_f, d[d$id == id_f{length(id],fc('Close")]);

macd_f = c(macd_f, d[d$id == id_f[length(id_ff\'MACD"));

fecho_dseg = c(fecho_dseg, df[df$id_interv d=ci('fecho_dseg")]);

if (length(tipo) > 1) { fecho_dseg_ant = c(fechiseg_ant, fecho_dseg[length(fecho_dseq)
-1]) }

else { fecho_dseg_ant = c(fecho_dseg_ant, NA) }

if (tipo[length(tipo)] == "HL" | tipo[length(po)] == "LL") { retorno = c(retorno,
(fecho_dsegl[length(fecho_dseg)] / fecho_dseg_agfldfecho_dseg_ant)] - 1)) }

else { retorno = c(retorno, (1-fecho_dseq|l&figicho_dseq)] /
fecho_dseg_ant[length(fecho_dseg_ant)])) };

}

df2 = data.frame(id_int, tipo, id_i, data_i, highlaw _i, close_i, macd_i,

id_f, data_f, high_f, low_f, close_f, macd fecho_dseg, fecho_dseg ant, retorno,
posicao, stringsAsFactors = FALSE)
write.xlsx(df2, nomedoFicheiro, sheetName = paste@daFolha, "R", sep =" _", collapse
= NULL), append = TRUE, row.names = FALSE)
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print(proc.time() - duracao);
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