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ABSTRACT

FORECASTING DIRECTION OF EXCHANGE RATE FLUCTUATIONS WITH
TWO DIMENSIONAL PATTERNS AND CURRENCY STRENGTH

Ozorhan, Mustafa Onur
Ph.D., Department of Computer Engineering
Supervisor: Prof. Dr. Ismail Hakk1 Toroslu

May 2017, 110 pages

The value of a country’s currency is expressed in terms of other countries’
currencies. That value is called an exchange rate. Many currencies are freely floating
and do not have a fixed value that is pegged by the central bank of a country. The
value of currencies are determined in the foreign exchange market (Forex). Forex
market is an extensive trading ground for traders across the world. It is available for
trade 24 hours a day, 5 days a week. The trade volume per day is in excess of 4
trillion USD. Many different bilateral currency pairs are traded in the Forex market.
In the Forex market a trader can profit from predicting the direction and magnitude
of price fluctuations of a currency pair. Using a leverage value, it is possible to

multiply wins and losses.

Technical indicators are statistical metrics whose values are calculated from price

history of financial instrument. Technical indicators are generated to represent the



behavior of the price and they are used to determine the future trend of the price of

the financial instrument.

Chart patterns are two-dimensional formations that appear on a financial
instrument’s price-action chart. Chartists and traders use these patterns to identify the

cur-rent trends of the instrument to trigger buy and sell signals.

This thesis presents a method to predict the direction and magnitude of movement of
currency pairs in the foreign exchange market. The method uses clustering and
classification methods with a combination of two dimensional chart patterns,
processed price data and technical indicator data. The input data is adapted to each
trading day with a moving time-frame. The accuracy of the prediction models are
tested across several different currency pairs. The experimental results suggest that
using two dimensional chart patterns mixed with processed price data and the Zigzag
technical indicator improves overall performance and adapting the input data to each
trading period results in increased accuracy and profits. The predictions should be
applicable in real world, since trading concepts such as spreads, swap commissions

and leverages are taken into account.

Keywords: forex, forecasting, support vector machines, technical indicators, zigzag,

chart patterns, motifs
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0z

DOViZ KURU DALGALANMA YONUNUN iKi BOYUTLU ORUNTULER VE
PARA BIRIMIi GUCU iLE ONCEDEN TAHMINLENMESI

Ozorhan, Mustafa Onur
Doktora, Bilgisayar Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Ismail Hakki Toroslu

Mayis 2017, 110 sayfa

Ulkelerin para birimlerinin degerleri baska iilkelerin para birimlerinin degerleri
cinsinden ol¢culmektedir. Bu Olcliime parite denmektedir. Glnlimuizde pek ¢ok para
birimi dalgali kur rejiminde serbestce dalgalanmaktadir ve iilke merkez bankasinca
baska bir para biriminin degerine sabitlenmemektedir. Para birimlerinin degerleri
yabanci para takas pazari (Foreks) pazarinda belirlenmektedir. Foreks pazari tiim
diinyadan katilimcilarin islem yaptigi bir islem platformudur. Haftanin 5 giinii, 24
saat boyunca aciktir. Giinliik islem hacmi 4 trilyon ABD dolarindan daha fazladir.
islem yapanlar para birimi ikililerinin degerlerinde meydana gelecek hareketlerin
yoniinii ve biylikliginii 6nceden tespit ederek kazang elde edebilmektedir. Bir

kaldirag degeri kullanilarak, kazanclar ve kayiplar katlanabilmektedir.

vii



Teknik indikatorler finansal bir enstriimanin Onceki degerlerinden hesaplanan
istatistiksel metriklerdir. Teknik indikatorler fiyatin davramisini temsil etmek icin

yaratilirlar ve finansal enstriimanin gelecek fiyat trendini belirlemekte kullanilirlar.

Grafik desenleri finansal bir enstriimanin fiyat-hareket grafiginde meydana gelen iki-
boyutlu olusumlardir. Grafikgiler ve islem yapanlar bu desenleri kullanarak

enstriimanin mevcut trendini tespit eder ve alim satim sinyalleri yaratirlar.

Bu tezde yabanci para takas pazarindaki para birimlerinin hareketlerinin biiytikliik ve
yonlerinin tahmini ig¢in Dbir yontem Onerilmektedir. Yontem kimeleme ve
siniflandirma tekniklerinin iki boyutlu grafik desenleri, iglenmis fiyat verisi ve teknik
indikator verisi ile birlestirilmesinden faydalanmaktadir. Girdi verisi her bir islem
giinline kayan bir pencere ile uyarlanmaktadir. Tahmin modellerinin dogruluklar
cesitli farkli para birimi ikililerinde test edilmistir. Deneysel sonuglar iki boyutlu
grafik desenleri, islenmis fiyat verisi ve Zigzag teknik indikatoriiniin kullaniminin
performansi arttirdigini, girdi verisinin her bir islem anma adapte edilmesinin
dogruluga ve karliliga olumlu etkilerinin oldugunu gostermektedir. Tahminler gergek
diinyada uygulanabilir olacak sekilde, fiyat araliklari, faiz oranlar1 ve kaldirag

oranlar1 gibi ticari islem kavramlar1 dikkate alinarak yapilmaktadir.

Anahtar Kelimeler: foreks, tahmin etme, destek vektdr makineleri, teknik

indikatorler, zigzag, grafik sablonlari, motifler
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CHAPTER 1

INTRODUCTION

1.1 Problem Definition

An exchange rate indicates the value of a country’s currency in terms of currencies.
Since 1971 Smithsonian Agreement [1] many currencies are freely floating and do

not have a fixed value that is pegged by the central bank of a country.

Forex is a global and decentralized market for trading currencies. It is continuously
operational except weekends. The value of exchange rates are determined based on
market supply and demand. Supply and demand are further determined by political

conditions, market psychology and a variety of fundamental economic factors.

The trade volume per day is in excess of 4 trillion USD. Many different bilateral
currency pairs are traded in the Forex market, most popular currencies are USD,
EUR, GBP, JPY and CHF. The volume generated with currency pairs including these

currencies account to 90.95% of all the trades taking place [2].

New data is generated with every transaction in the Forex market. A transaction in
the Forex market can take place with the meeting of the buyer and the seller at the
same price point. This meeting is a non-zero-sum game, due to the presence of a
market maker which provides the Forex service under transaction costs such as

spreads and swaps.

In the Forex market a trader can profit greatly from predicting the direction and
magnitude of price fluctuations of a currency pair. Using a leverage value, trader can

also multiply his wins and losses.



Many time series analysis and forecasting techniques are employed to predict the
movements in the Forex and stock markets. Most of these techniques focus on
directional symmetry of the created model which means that the model does not need
to correctly predict the future value of a financial instrument, rather it needs to
predict the future direction of movement. If prediction and future value of the
financial instrument are in the same direction, then the prediction is considered to be
directionally symmetric. Although it is difficult to obtain high levels of accuracy in
terms of predicted values, a directionally symmetric model can prove useful in real

world trading scenarios.

Exchange rates in the Forex environment are multivariate, semi-infinite time series
data. As with any time series data learning, data mining, clustering, forecasting and
similarity measurement applications are possible. Multiple time series are available,
and are in interaction with each other. The formations and patterns recorded in a time
series might effect a chain of other time series in the future. A similar phenomena
occurs in different time frames. Movements and formations in the lower, fine-grained
time frames not only contribute to the higher, coarse-grained time frames but they
also dictate future price movements and formations. The opposite also holds true in

certain cases.

There are many approaches to forecasting the future values in a time series. Some
approaches try to forecast a single value that would occur in the next available time
frame, some try to visually replicate recent time series data from a historic recurrence
perspective, some simply try to forecast a band of values that are possible in a

probabilistic manner.

The financial market has its own parameters that affect the success of the forecasts.
From a real world perspective the appropriate metric to measure a forecasting model
would take profitability and drawdown into account. To secure real world
applicability of a forecasting model, an accord with Forex market parameters is a
necessity. The parameters of the Forex market include take profit locations, stop loss
locations, determination of the lot size, trailing stop loss and take profit orders, risk

mitigation with counter positions, management of swaps and spreads. Therefore



success of a forecasting model depends not only on the forecasting of a financial

time series data, but also on correct prediction of Forex specific trade parameters.

1.2 Motivation and Contribution

In this thesis, several different techniques and approaches are used to tackle the

financial time series forecasting problem.

Our first approach is using raw technical indicator data belonging to a variety of
technical indicators in different combinations to exploit the techniques currently
available to technical traders in a programmatic way. This approach presents a
method to trade currencies using only technical indicators in the Forex environment.
Our method uses variations of Relative Strength Index (RSI) and Commodity
Channel Index (CCI) indicator to enter and close trades. The parameters of the
technical indicators are adapted to each trading interval with a moving window.
Trading is done in the 1-minute interval and highly frequent. The accuracy of the
trading models are tested against historical data from 2015 to 2016. The experimental
results suggest that using adaptive parameters for RSI and CCI technical indicators
results in a high prediction accuracy and trade profits. Exhaustive searching and
genetic algorithms are used to determine optimal parameters. Genetic algorithms

prove useful to shorten the time for parameter search.

Our second approach is using genetic algorithms and support vector machines in a
combination to exploit technical indicator signals for entering and exiting trade
positions. We introduce a currency strength concept to understand and make use of
the interaction between different financial time series available to us through
different exchange rates. This approach addresses the problem of predicting direction
and magnitude of movement of currency pairs in the foreign exchange market. We
use Support Vector Machines (SVM) with a novel approach for input data and
trading strategy. The input data contains technical indicators generated from currency
price data (i.e. open, high, low and close prices) and representation of these technical
indicators as trend deterministic signals. The input data is also dynamically adapted
to each trading day with genetic algorithm. A currency strength biased trading



strategy is incorporated, which selects the best pair to trade from the available set of
currencies and is an improvement over the previous work. The accuracy of the
prediction models are tested across several different set of technical indicators and
currency pair sets, spanning 5 years of historical data from 2010 to 2015. The
experimental results suggest that using trend deterministic technical indicator signals
mixed with raw data improves overall performance and dynamically adapting the
input data to each trading period results in increased profits. Results also show that
using a strength biased trading strategy among a set of currency pair increases the
overall prediction accuracy and profits of the models.

Our final approach is using a motif discovery mechanism in a time series with the
help of a modified technical indicator to aggregate the multivariate and noisy data at
hand. The discovered motifs are clustered and several learning models are trained to
predict Forex specific trade parameters to enter and exit trades. This approach
presents a method to predict short term trends in financial time series data found in
the foreign exchange market. Trends in the Forex market appear with similar chart
patterns. We approach the chart patterns in the financial markets from a discovery of
motifs in a time series perspective. Our method uses a modified Zigzag technical
indicator to segment the data and discover motifs, Expectation Maximization (EM)
to cluster the motifs and Support Vector Machines (SVM) to classify the motifs and
predict accurate trading parameters for the identified motifs. The available input data
is adapted to each trading timeframe with a sliding window. The accuracy of the
prediction models are tested across several different currency pairs, spanning 5 years
of historical data from 2010 to 2015. The experimental results suggest that using the
Zigzag technical indicator to discover motifs that identify short term trends in
financial data results in a high prediction accuracy and trade profits.

Our study therefore evaluates a variety of approaches with the same set of exchange

rates in a variety of different time frames and trading intervals.

We provide different approaches to forecasting financial time series, and all of these
approaches contribute to the solution in different ways. The contributions are

outlines as below.



We present a new way of representing and selecting the input data for training
Support Vector Machines for multivariate financial time series. The first
improvement is raw price data is used in combination with trend deterministic
technical indicator signals and the second improvement is, the set of data used to
train the learning model is dynamically adjusted via a genetic algorithm in a moving
timeframe, so that indicators that are more relevant in a timeframe have more chance

to reflect on the model.

Our approach presents a new notion for exploiting inter-time series interactions. A
concept that we call strength bias is used for determining which currency pair to
trade in the Forex market rather than trading a single pair during the entire term.
Previous approaches make their forecasts using a single exchange rate. In our
approach we are assessing the strengths of multiple currencies simultaneously to

determine the weakest and strongest currencies at any time.

Modified Zigzag based motif discovery is introduced, which is a new method for
discovering, clustering, classifying and segmenting subsequences of financial time
series. Current methodology is the observation of charts via chartists. In our work
raw price data is used in combination with modified Zigzag technical indicator

signals and these data are used to discover motifs to predict future time series.

In terms of real-world trading focused learning approach, the study’s contribution is
employing a stop-loss, take-profit and trade-window based trading approach to trade
in the Forex market rather than simply trying to forecast the direction of the trend.
Previous approaches try to forecast the direction of movement in the exchange rate
but not the magnitude of the desired or undesired movement. In our approach we are
assessing the possible direction and magnitude of movements in the currency’s future
in both directions to determine trading parameters such as stop-loss, take-profit,

time-stop and lot size.



1.3 Organization

The introduction is given in this chapter. In Chapter 2, background information about
the Forex market and time series is provided. As the study is organized as a part-to-
whole relation, accordingly, Chapter 3 includes Financial Time Series with Pure
Technical Indicators, Chapter 4 includes Predicting Financial Time Series with
Technical Indicator Signal Based Learning and Chapter 5 includes Motif Discovery
in Financial Time Series. In Chapter 6, Experiments and Results are discussed. Last,

in Chapter 7, Conclusion is presented.



CHAPTER 2

PRELIMINARY INFORMATION ON TIME SERIES, FOREX AND
TECHNICAL INDICATORS

2.1 Time Series Preliminaries

A time series is the collection of values that are obtained from sequential
measurements over a specific period of time. Time series analysis tries to visualize
the characteristics of data. The mining, classification and forecasting of time series
faces numerous difficulties. Most frequently these difficulties arise from the high
dimensionality and the large volume of the data.

2.1.1 Definitions

This section provides definitions that are used in this thesis regarding time series.

Definition 1 - A time series T is an ordered sequence of n real valued variables T =

< 04,0y, ...,0, > Where o, € R.

The observations in a time series are collected from measurements performed at
uniformly spaced time instants which results in a fixed sampling rate. The time
series can be univariate as shown in Definition 1 or it can be multivariate as shown
in Definition 2. A multivariate time series spans multiple dimensions of data within

the same time range.

Definition 2 - A multivariate time series MT is an ordered sequence of n vectors with
m real valued variables MT = << 04,04, ...,0p >1,< 01,02, .., 0y >0, oer, <

01,03, .., Oy >,> Where o,, € R.



Time series may have a fixed length or they might be streaming in which case time
instants continuously feed and grow the series. These types of time series are referred
to as semi-infinite time series. Semi-infinite time series can be processed in a

streaming manner or subsequences of it can be considered.

Definition 3 — Given a time series T = < 04, 04, ..., 0, > 0Of length n a subsequence
S™ of T is a series of length m < n consisting of contiguous time instants from T
such as S™ = < 0y, 0x41, ) Ogam—1 > Where 1 < k <n—m + 1. SF'is the set of

all subsequences of length m < n that can be derived from time series T.

Time series mining algorithms try to represent the similarity between two time series
with similarity measures. Similarity between time series is usually represented from

a distance perspective.

Definition 4 — Given a time series T;and T, the similarity measure D(T;,T,) = d isa
function that takes two time series as inputs, and returns a distance d representing the

distance between these two time series.

Financial time series are multivariate and semi-infinite. Similarity is usually
measured between subsequences extracted from a single or multiple time series using

a similarity measure such as the distance measure.
2.1.2 Clustering Time Series

Clustering finds groups or clusters in a given data set. Clustering tries to create
clusters containing data that are homogeneous, while clusters themselves are as
distinct as possible from each other. Clustering minimizes intracluster variance and

maximizes intercluster variance.

There are different types of time series clustering approaches. In financial time
series, subsequence clustering is generally applied. In this approach clusters are
created by extracting subsequences from a single or multiple time series.

Definition 5 — Given a time series T = < 04, 05, ..., 0, > 0f length n, and a similarity

measure D(T;, T,), subsequence clustering finds C, the set of clusters c¢; = {Tj’|Tj’ €



ST} where ¢; is a set of subsequences that maximizes intercluster variance and

intracluster cohesion.

There are several time series clustering approaches, however most clustering
techniques require parameter optimization based on individual series data and are
incompatible with multivariate time series. Denton, Besemann and Horr[3] propose a
pattern based time series subsequence clustering approach which uses radial
distribution functions. Rakthanmanon, Keogh and Lonardi[4] propose an approach
which includes both single and multivariate clustering based on minimum
description length. In our approach we use a pattern based approach which segments

and transforms a multivariate time series with expectation maximization.

2.1.3 Classification of Time Series

Classification assigns a category to each instance in a set. While clustering tries to
intrinsically categorize instances, classification may know the classes in advance and
be trained on an example dataset. With this approach a classifier can first learn the
distinguishing features of a class and then determine the class of an unlabeled

instance.

Definition 6 — Given an uncategorized time series T classification assigns it to a class

¢; from a set C where c; € C are predefined classes.

There are various classification approaches ranging from whole series classification
to singular value decomposition. One frequent fallacy is overtraining, which can be

overcome using time-series reduction and data selections techniques.

2.1.4 Segmentation of Time Series

Segmentation creates an approximation of the time series by reducing the
dimensionality of the data. The reduction should accurately approximate the series
by retaining the essential features.



Definition 7 — Given a time series T = < 04, 0,, ..., 0,, > 0f length n, segmentation
constructs a model T' such that dimensionality of T' is less than the dimensionality
of T such that d(T") < d(T) and T'approximates T with an error threshold e for a

reconstruction function R where D(R(T'),T) < e.

Segmentation should minimize the reconstruction error between the reduced
representation and the original time series. There are sliding window based
approaches, top-down approaches and bottom-up approaches to segmentation of time

series.

2.1.5 Prediction of Time Series

Time series are usually very long and many of them can be considered smooth. In a
smooth time series any subsequent value for a subsequent time instance is within a

predictable range.

Definition 8 — Given a time series T = < 04, 05, ..., 0, > Of length n, prediction
estimates the time series P = < 0,41, Op42, ---» Onyk > Which contains k next values

that are most likely to occur where 1 < k.

There are a variety of prediction approaches which use neural networks, support
vector machines or self-ordering maps. The predictor tries to maximize the similarity
between the forecasted time series and actual time series. In financial applications the
similarity between historical time series and forecasted time series might be

measured differently.

2.1.6  Motifs in Time Series

A motif [5] is a subsequence of a longer time series which appears recurrently.
Several motifs can exist within a single series, motifs can be of varying lengths and
might overlap. Exhaustively determining motifs in a time series requires
subsequences to be compared against other subsequences using a similarity measure,

to assure recurrent behavior.
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Definition 9 — Given a time series T = < 04, 05, ..., 0, > 0f length n, a motif M is a
set of time series subsequences of T of length m, M ={TS; |TS; € S7*}, and

VTS, TS;:D(TS;, TS;) <e Ai#j holds true for a predefined errore where
D(TS;,TS;) is the similarity measure between two time series as described in

Definition 4.

Subsequence clustering rarely produces meaningful results. Thus motif discovery is
used to address time series problems such as anomaly detection and time series

forecasting.
2.1.7 Measuring Similarity in Time Series

Most time series mining tasks requires a notion of similarity or distance between
time series. For the analysis of the time series, humans inherently use the notion of
shape and abstract themselves from problems such as amplitude, scaling, temporal
warping, noise and outliers. Prominent distance measures such as the Euclidean
distance cannot reach this level of abstraction. There are several categories of
approaches to measuring the similarity of time series such as shape based, edit based,

feature based and structure based approaches.

A sound time series similarity measure should recognize perceptually similar objects,
be consistent with human intuition, emphasize features on global and local scales and
abstract itself from distortions and noise [6]. To enable these properties for a
similarity measure D(T;,T,) we define several transformations to be applied to a

time series T = < 04,0, ..., 0, >.

Definition 10 — Amplitude shifting creates a series T' = < o4, 05, ..., 0;, > oObtained
by a linear amplitude shift of the original series T where o; = o; + k where k € R is

a constant.

Definition 11 -Uniform amplification creates a series T' =< 01,05, ...,05, >
obtained by multiplying the amplitude of the original series T where o; = 0; .k

where k € R is a constant.
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Definition 12 — Uniform time scaling creates a series T’ = < o4, 05, ..., 0, > Obtained
by a uniform change of the time from the original series T where o; = oy, ;; where

k € R is a constant.
2.2 Forex Preliminaries

Forex is a global and decentralized market for trading currencies. It is continuously
operational except weekends. The value of exchange rates are determined based on
market supply and demand. Supply and demand are further determined by political

conditions, market psychology and a variety of fundamental economic factors.

New data is generated with every transaction in the Forex market. A transaction in
the Forex market can take place with the meeting of the buyer and the seller at the
same price point. This meeting is a non-zero-sum game [7], due to the presence of a
market maker which provides the Forex service under transaction costs such as
spreads and swaps. With the collection of the transactions in a given period of time, a
summarizing set of data —which is called a bar- is produced. A bar in a time frame
contains opening, closing, highest and lowest prices for the given time interval.
These are the prices that traders value the most in an interval and are also called as

raw price data.

With the use of leverage, profits and losses can be multiplied. Leverages generally
result in borrowing costs (swaps). The margin between asking and bidding price is
called the spread and is generally very small to allow traders to create medium
frequency applications with lower profit margins. For a trading algorithm to be
profitable, the sum of profits collected by the algorithm should be higher than sum of

losses, borrowing costs and transaction costs.

In this section we provide definitions about concepts and terms commonly used in

Forex environment. Detailed definitions of these concepts can be found in [8].

Definition 13 — The first currency in a currency pair is called the base currency. In
EUR/USD pair, EUR is the base currency.
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Definition 14 — From Forex trader’s perspective currency strength expresses the
future value of currency and is an indicator of many factors such as the country’s
economic parameters and central bank interest rates. A currency’s strength can be
calculated against a set of other currencies or commodities.

Definition 15 — Leverage is the use of a financial instrument through borrowed
capital. It allows a trader to multiply the potential return of an investment. The
borrowed capital is called margin and provided to the trader by the broker firm that
operates the investment. A leverage of 1:10 indicates that whenever trader opens a
position of volume 1, a transaction with volume 10 is initiated by the broker firm.

Earnings and losses are reflected 10 folds to the account if the leverage is 1:10.

Definition 16 — “Being long” or “going long” on a currency pair means buying the

base currency in the pair against the quote currency.

Definition 17 — Margin is the borrowed capital that is provided to a trader using
leverage by his broker. It allows the trader to open bigger positions than his account
balance. A broker will place rules in place to protect firm’s borrowed money such as

a margin call —which limits the losses of a trader in a leveraged position.

Definition 18 — Pip is the smallest amount of change that can take place in a
currency’s value. Historically most major currency pairs were priced to four decimal

points, hence a pip is valued at 0.0001 of such a currency.

Definition 19 — Since the advancement of the Forex market and an increase in the
account leverages, many major currency pairs are priced to five decimal points. The
fifth decimal point is 1/10th of a pip and is called a pipette.

Definition 20 — The second currency in a currency pair is called the quote currency.
In EUR/USD pair, USD is the quote currency.

Definition 21 — “Being short” or “going short” on a currency pair means buying the

quote currency in the pair against the base currency.

13



Definition 22 — Forex market is a settlement market in which buyers and sellers
name their own price. Buyer’s price is the lower price and seller’s price is the higher
price. Buyer’s price is also called “Bid” and seller’s price is called “Ask”. The
difference between Bid and Ask prices is called spread. In a highly traded currency,
the spread is lower. A lower spread would allow the trader to turn in profits in
smaller price movements. Spreads can vary due to market volatility and liquidity. In

this paper a fixed spread is assumed for all currencies at all times.

Definition 23 — A stop loss is an open position parameter for a Forex trader which
allows a predefined amount of pips to be lost in an open position before the position
is closed. The parameter allows the trader to accept losses and move on. Since Forex
market is highly active and highly leveraged, without a stop loss traders can lose

entire accounts in minutes.

Definition 24 — In the Forex market, the term swap refers to an interest rate swap. It
is a way for Forex dealers to limit their exposure to fluctuations of interest rates on
base and quote currencies. When a base currency with a higher interest rate is longed
against a quote currency with a lower interest rate, swap would be positive. In the
opposite case swap would be negative. In cases where interest rates are similar, long
swap could be zero and short swap could be negative. In some more special cases
where interest rates are similar and close to zero, both swaps could be negative.
Swaps are commonly determined by the Forex brokers based on London Interbank
Offered Rate (LIBOR).

Definition 25 — A take profit is an open position parameter for a Forex trader which
allows a predefined amount of pips to be won in an open position before the position
is closed. The parameter allows the trader to cash-in the virtual earnings in the

position before the market price changes.

Definition 26 — There are two main approaches to analyze a currency: fundamental
analysis and technical analysis. Fundamental analysis analyzes the economic
fundamentals regarding a currency such as economic growth or interest rates.

Technical analysis is the study of market price itself. Technical analysis assumes that
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all the fundamental factors are priced-in the market price and additional information

regarding supply and demand can be deducted from the market price action.

Definition 27 — A technical indicator is a metric derived from historical price data to
determine future price or direction of a currency. Technical indicators are based on

technical analysis and Dow Theory and are mathematical formulae.

Definition 28 — Technical indicators are mathematical formulae and usually provide
a number as output. How that number will be interpreted depends upon the trader.
Different traders have different levels and numbers that they watch. A technical
indicator signal is an additional set of rules and formulas that turn current or past
values of a technical indicator into a trend determination method as simple as “Buy”

or “Sell”.

2.3 Technical Indicator Preliminaries

Technical indicators [9] are statistical metrics whose values are calculated from price
history of financial instrument. There are two types of technical indicators: lagging
indicators and leading indicators. Lagging technical indicators are generated to
represent the past behavior of the price. Leading indicators try to predict future
behaviors of the price.

Technical indicators capture certain properties of price movements but are available
to everyone in a simple, numeric form. In their original form they are numbers
computed from raw price data without any meaning. With experience from the
history, traders keep track of what kind of values generated by the technical
indicators can be used to generate successful buy and sell signals and trade
accordingly. The rules used in this process are called technical indicator signals. A
static set of technical indicators or signals cannot reflect the price changes of a
financial instrument indefinitely. Therefore both technical indicators and technical

indicator signals are updated continuously.

Chart patterns are two-dimensional formations that appear on a financial

instrument’s price chart. Chartists and traders use these chart patterns to identify
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trends for the instrument to trigger buy and sell signals. There are various categories
of chart patterns, such as reversal chart patterns and continuation chart patterns.
Reversal chart patterns appear at the end of previous trends and are followed by
opposite price action, continuation chart patterns are intermediate consolidation areas
in existing trends. A sample reversal chart pattern and a continuation chart pattern is

shown in Figure 1 (a) and (b) respectively.

HEAD AND BULLISH RECTANGLE
SHOULDERS 4s
3.5 4
3 3.5
25 3
) 2.5
2

1.5
1.5
1 1
0.5 0.5
0 0
1 2 3 4 5 6 7 1 2 3 4 5 6 7

Figure 1: Sample chart patterns: (a) head and shoulders — reversal pattern, (b) bullish
rectangle — continuation pattern

Financial markets, including the Forex market has three states: uptrends, downtrends
and sideways trends [10]. A sample for each of these states are shown in Figure 2 for

a sample Forex traded commaodity (i.e. XAU/USD).

T1 - Uptrend T2 - Downtrend T3 - Sideways
1265 1265 1265
[
il ) 1260 . |, -

1260 Ey 1255 iT""";”'l 1260 o ITI :i*|
1255 4ot 1250 ' ‘ 1255 |

1245
1250 1250

1240
1245 1235 1245

Figure 2: Trends at commodity XAU/USD: (a) uptrend, (b) downtrend and (c)
sideways
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As specified in [11, 12] predicting the trend of a financial instrument is not only
more important but also easier than predicting the price at each time interval. We
describe an example to motivate the importance of predicting the trend with the same
time series from Figure 2 (a) with T1, (b) with T2 and (c) with T3.

Al-T1 Al-T2 Al-T3
1265 1270 1262
1260
1260 1265 s
1255 1260 1256
1254
1250 1255 1252
135791113 135791113 135791113
A2-T1 A2-T2 A2-T3
1256 1260 1262
1254 1258 1260
1252 1256 1258
1250 1254 1256
1248 1252 1254
135791113 135791113 135791113

Figure 3: Account balances (a) with Al and (b) A2

Figure 3 shows two perfect trading algorithms trading these time series; Al is an
oracle algorithm that determines the trend correctly, and keeps its positions open
until the end of the trend. In T1, Al buys at time point 1, and closes the position at
time point 13. In T2, Al sells at time point 1, and closes the position at time point 13.
In T3, there is no trend, however for the sake of comparison we assume that Al
incorrectly determines that there is an uptrend and but at time point 1 and closes the
position at time point 13. A1 makes a single decision at the beginning of the time
series and closes its position at the end. A2 is an oracle algorithm that determines the
correct price direction at each time frame. For T1, T2 and T3, A2 buys at the
beginning of all positive time frames and closes the buy position at the end of the
positive time frame; similarly A2 sells at the beginning of all negative time frames

and closes the sell position at the end of the negative time frame - therefore each time

17



frame is a decision time frame for A2. The resulting account balances achieved by

the algorithms are presented in each of the charts.

Due to the transaction costs A2 underperforms Al in T1 and T2. T3 represents the
market conditions where there is no trend —the market is sideways. A2 outperforms
Al in this case. This example shows that determining the trends correctly can be

more profitable than detecting the direction of individual price movements.

2.3.1 Zigzag Indicator

Zigzag indicator is a lagging technical indicator for financial time series data. It does
not make predictions regarding the future values of a financial instrument. It is used
to highlight the significant highs and lows of the instrument’s historic values and
eliminates the noise in the data. From a time series perspective, Zigzag performs time
series segmentation as described in Definition 7. In our work we use the Zigzag
technical indicator to detect legacy and novel motifs and create technical indicator

signals that determine the trends in the Forex market.

Given time series T = < tq, ty, ..., t, > (t; € NT) Zigzag Z satisfies the following:

1. Z=<2z,2y,..,2, >

2. z; = t; if point is selected as Zigzag point

3. z; = * is the linear interpolation of z;_ and z;,, the preceding and succeeding

Zigzag points of z;, if point is not selected as a Zigzag point

4. V Zigzag point z; of Z:(z; > z;i N z; > z;y) B(z; < zi- Nz; < z;4)

Depth and deviation are two important parameters to the Zigzag indicator, which are
used to determine how much data will be filtered and how frequently the indicator
will make adjustments to its previous values. The depth value determines the number
of bars in which a bar has to be the extremum bar to be qualified as a Zigzag point.
Zigzag points satisfies the following for the depth parameter:
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1. T=<ty,ty...t, >(t; € N
2. 7 =<2Z4,Z9, ., Zp >

3. VZigzagpointz; € Z z; =t; > (Vi € {tj—depth--tj+depth} 17; <

tx) ® (Vtx € {tj—depth--tj+depth} 1z 2 tx)

The deviation value of the Zigzag indicator represents the number of pip points that
are required to establish a new low after a high Zigzag point, or a new high after a
low Zigzag point. The new bar’s value should deviate from the previous high or low
value by at least the deviation amount. Zigzag points satisfies the following for the

deviation parameter:
1. T=<ty,ty ...ty >({t; € N)
2. Z=<2,Zy,,Zpn >CT

3. VZigzag pointz; € Z : z; = t; - (z;—1 + deviation < z; A z; <z, +

deviation) @ (z;,_q < z; + deviation A z; + deviation < z;,1)

In the stock exchange, deviation is a percentage, in the Forex market deviation is an
amount of pips. Higher depth and deviation values would result in a lower number of
Zigzag points hence more noise would be filtered. When selecting parameters for the
Zigzag indicator, depth and deviation should be high enough to ensure noise is
filtered but should be low enough to detect significant movements in instrument’s

price.

In the Forex environment, the values generated by the Zigzag indicator can be used
in conjunction with different trading techniques such as Elliott waves [13], Fibonacci
retracements [14] and chart patterns. In this work we use the Zigzag indicator to
determine similarities in historic financial time series data in the form of motifs.

Algorithm 1 describes the Zigzag algorithm.
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Zigzag Algorithm

Require: S«start date, E < end date, ¢ «— currency time series, ZZdeviation <—
Zigzag deviation

Ensure: Output the list of Zigzag values 2z between S and E

1: ZZnigh «—S, ZZiow «S

2:forallde<S..E >

3: case: previous Zigzag point is a high point:
4 if c[d] > c[zznigh] then

5: ZZhigh < d

6: it c[zznigh]-C[zziow] > ZZdeviation then
7 lzappend(zziow)

8: case: previous Zigzag point is a low point:
9: if c[d] < c[zziow] then

10: ZZiow <— d

11: if c[zzhigh]-C[zz1ow] > ZZdeviation then
12: lzappend(zznigh)

13:return Iz

Algorithm 1: Zigzag algorithm

Figures 4 (a), (b) and (c) show the results of a variety of different Zigzag parameters
being applied to the same financial time series data.

Figure 4: Zigzag with (a) depth = 10, deviation = 1% (b) depth = 20, deviation = 1%
(c) depth = 20, deviation = 3%
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2.3.2 RSI Indicator

The Relative Strength Index (RSI) indicator has been developed by Welles Wilder in
1978 [15]. RSI defines short term and medium term trends with respect to a strength
value, which is calculated using the difference between the closing value of the

current and previous bars.

The RSI indicator is an oscillator, meaning its values oscillate between predefined
numbers, which are 0 and 100 in this case. RSI can be applied to any currency, stock
or any other financial data. At a given time t and for period n, the RSI is calculated

with the formulae given below.

100

Relative St th Ind t) =100 —
elative Strength Index, () 1 + Relative Strength,,(t)

Average Gain,, (t
Relative Strength,(t) = g n ()

Average Loss,, (t)

(n — 1) X Average Gain,, (t — 1) + Current Gain (t)
n

Average Gain,(t) =

(n — 1) X Average Loss,, (t — 1) + Current Loss (t)
n

Average Loss,(t) =

Current Gain (t) = Close (t) — Open(t)

Current Loss (t) = Open (t) — Close(t)

When the price of the financial instrument moves lower at all n previous time frames,
RSI approaches 0, and when the price moves higher at all n previous time frames
RSI approaches 100. As with any oscillator, specific values of the RSI indicator have
specific meanings for the traders. Any RSI value less than 30 is classified as oversold
meaning the price is too low, and any RSI value higher than 70 is classified as
overbought meaning the price is too high. RSI indicator can stay at oversold and
overbought levels for prolonged periods.
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Even though traditionally RSI is applied to the closing price of the instrument, it can

be applied to any price such as opening, low, high or median.

2.3.3 CCI Indicator

The Commodity Channel Index (CCI) has been developed by Donald Lambert in
1983 [16]. CCI indicator can be used to identify new trends or warns the trader of
extreme market conditions. The indicator measure the current price level with respect
to an average price level for a specific period of time. As the RSI indicator, CCI

indicator is an oscillator.

For a given time period t and CCI parameter n the CCI is calculated with the

formulae given below.

Typical Price, — SMA(Typical Prices, n)

CCI =
¢(n) Mean Deviation, (n) X L

High, + Low; + Close;
3

Typical Price; =

t .. Typical Price;
SMA(Typical Price,,n) = Yizt-n+1TYD ;

n

Yt . 1|Typical Price, — SMA(Typical Price,, n)|

Mean Deviation,(n) = -

The oscillation range of CCI varies based on the Lambert parameter L and the
number of periods to average. 80% of CCI values fall between —100 and +100 with
n=20, and L=0.015.

Similar to the RSI, a CCIl number above 100 denotes a strong price action, which
might further suggest a decline in the prices since the instrument is overbought. The

opposite is also through for CCl numbers below -100.
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2.4 Genetic Algorithm Preliminaries

A genetic algorithm is a search heuristic, which mimics the principles in biological
evolution -such as natural selection, crossover and mutation [19]. The algorithm
starts with a population of candidate solutions (i.e. chromosomes), and with respect

to a fitness function evaluates the performance of the solution.

In our first work using pure technical indicators, we use genetic algorithms to
determine the best possible parameters for various technical indicators. In this work
chromosomes contain numeric genes which can take on one of several values from a
predefined set. The chromosomes are used to create a trading model which better

reflects the current trading interval.

In our second work in which we bring the strength bias approach, we represent the
set of technical indicators and symbol parameters as a binary chromosome, and
generate learning models based on that chromosome, which is in turn evolved based
on model’s performance as a fitness function. The binary chromosome acts as a filter

to use and discard technical indicator signals for the current trading interval.

In both approaches the initial population of the genetic algorithm is initialized with a
predefined number of chromosomes with randomly selected alleles. A specific
number of generations of evolutions are performed with mutation and crossover

operators. Also elitism is used to preserve the fittest individuals.

In both approaches re-evaluation of the fitness of same chromosomes are not
necessary for the same interval thus a fitness function cache is maintained to
decrease total CPU time necessary for the evolution. The fitness function of a
chromosome is the total earnings achieved by the model that is trained with the

technical indicator parameters indicated by the chromosome.

2.5 SVM Preliminaries

An SVM is a machine that constructs a set of hyper-planes in a multi-dimensional

space for classifying and regression of data [23]. An empirical analysis of the
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systems used in time series forecasting shows that SVMs perform much better than
the remaining models in terms of directional symmetry [22]. Even though Gaussian
Process and Multilayer Perceptron is better than SVMs in terms of mean squared
error and mean absolute deviation, research show that in the Forex market directional
symmetry is much more important [24, 25, 26] than distance based error and
deviation performance; therefore in our system we use SVMs to train on selected

technical indicators.

SVM’s main objective is identifying the maximum margin hyper-plane so that
separation between classes of samples can be maximized. Mapping of input vectors
to the high dimension feature space is performed by a kernel function. Polynomial
function and radial basis function kernels are commonly used in trading systems.
Due to superior performance recorded by polynomial function kernels in related
work [17, 27] we use a polynomial function kernel in our system. Degree of
polynomial function (d), and regularization parameter (c) are the parameters of the
SVM.

To determine these parameters efficiently several different settings are experimented
and the selection is made based on training and validation accuracy. Final results

obtained with our algorithm using the optimal parameters are shown in section 5.
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CHAPTER 3

USING PURE TECHNICAL INDICATORS FOR MEDIUM FREQUENCY
TRADING IN FINANCIAL TIME SERIES

Our TI-MFT algorithm uses RSI and CCI indicators to create signals to open and
close trade positions in the Forex market. In this section we take a top down
approach by first explaining the overview of our algorithm, and then we proceed to
the details of the trading approach.

3.1 TI-MFT Algorithm

TI-MFT algorithm has a layered architecture, the first one is the data collection layer,
second layer is the calibration layer and third layer is the trading layer. The first layer
is the data collection layer and it collects both tick-by-tick and 1-Minute interval data
for currencies of interest. The second layer is the calibration layer. In this layer
indicator parameters and trade parameters are calibrated with historical data. One
year of historic data is retrieved from data collection layer and is used for training

and testing with moving time frames.

The third layer is the trading layer where parameters acquired from the second layer
are used to trade with tick-by-tick real time data for currencies of interest. You can

find a summarization of our algorithm in pseudo code format in Algorithm 2.

In our approach we search the training space for a combination of RSI and CCI
parameters to both enter and exit trades using two methods (i) exhaustively searching

all combinations in the parameter space, (ii) using a genetic algorithm to determine
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optimal parameters. The flow of operations in the genetic algorithm is described in

Figure 5.

Figure 5: TI-MFT genetic algorithm flow
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TI-MFT Trade Algorithm
Require: CL«—currency list, F«future, H—history, CCIL«—CClIs, RSIL«RSIs
Ensure: Trade orders
1:forc«— CLdo
for i—1toHdo
for CCl in CCIL do
for RSl in RSIL do
signalList «— buySignal(RSI, CCI)
signalList < sellSignal(RSI, CCI)
signal « selectSignalTrigger [signalList]
stopLoss « selectSignalStopLoss
takeProfit < selectSignal TakeProfit
fori—1to F do
return order = submitOrder (c, stopLoss, takeProfit)

RBLQooNRwN

Ll

Algorithm 2: An overview of our TI-MFT trade algorithm in pseudocode format

Once parameters for the trading model is determined by either of the parameter
determination methods, the model can be used for trading. For a buy trade to happen
a fast moving RSI value should crossover a slower moving RSI value, the same
should happen for a fast moving CCI value to crossover a slower moving CCI value.
When these two signals are present, a buy order can be put in place. When one of
these signals is no longer present, the order is closed. A sample crossover between

fast and slow moving RSI values is presented in Figure 6.

RSI Crossover

80

RSI Sell
Signal
: & g

40

RSI Buy

20 Signal

SO\ em—F3st

Figure 6: Fast and slow moving RSI values on the same price data
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For a sell trade to happen, a fast moving CCI value should drop below a slow moving
CCI value, and the same should happen for the RSI. When two of these signals are
present, a sell order can be put in place. If a fast moving RSI value crosses over a
slow moving RSI, or if a fast moving CCI value crosses over a slow moving CClI,

one of the signals will be lost and the open trade will be closed.

For both type of the trades, a predefined take profit and stop loss set is also applied to

increase trading success.

3.2 Trade Parameter Detection

Before entering a trade with a given currency, our algorithm determines the stop loss
and take profit locations. This is done using the previously simulated price-action.

For each type of order a separate set of values are determined to use in the future.

A trader who places a sell order expects prices to drop. The expected amount of drop
is the take profit location. However, there might be a slight increase in the price
before a drop occurs. Our system should be able to overlook this much of a loss at
any time to reach the forecasted drop and take profit. Another possibility is that the
increase in the price continues and prices does not drop in the event horizon, in
which case the system should stop the losses. Hence the stop loss location should
account for these two possible price movements. The stop loss location for a sell

order is called “high until low” and the take profit location is called “low”.

For buy orders, a hike in the price is expected in the future, which will be the take
profit location. A temporary decrease in price prior to the hike should be allowed to
reach the hike forecasted. A deeper decrease should be recognized as a false signal
and losses shall be suffered. The stop loss location for a sell order is called “low until
high” and the take profit location is called “high”. Figure 7 outlines the price action
for a sample buy signal and shows low until high and high points, which should be

covered by stop loss and take profit parameters determined.
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Sample Signal

High Point
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Low Until
High Point
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Figure 7: Sample price action on an instrument after a trade signal

The optimal values to be applied in the trade interval are determined using parameter
search in the training interval by two methods: (i) all combinations of possible values

are empirically tested, (ii) values are determined via a genetic algorithm.

3.3 Genetic Algorithm

In our algorithm technical indicator and trade parameters are represented as genes in
a chromosome. To evaluate the fitness of a chromosome, a trading model with the
parameters specified in the chromosome is generated, which is in turn simulated to
determine resulting account balance for the given model. The resulting account
balance is used as the fitness of the given chromosome. Table 1 illustrates a sample

chromosome that is used in our system.
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Table 1: A chromosome instance used in TI-MFT

Gene Name Value
RSI_FAST PERIOD 14
RSI_SLOW_PERIOD 21
CCI_FAST _PERIOD 30
CCI_SLOW_PERIOD 50

CCI_FAST_ACTIVE_PRICE | Median
CCI_SLOW_ACTIVE_PRICE | High
CCI_LAMBERT 0.01
STOP_LOSS 10
TAKE_PROFIT 20
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CHAPTER 4

USING TREND DETERMINISTIC TECHNICAL INDICATOR SIGNALS
WITH STRENGTH BIAS

The system is composed of three layers. The first one is the data preparation layer
and is responsible for generating technical indicators and respective trend
deterministic signals. The second layer is the trade preparation layer in which trading
parameters and set of available currencies can be specified. The third layer prepares
the prediction models and simulates the trades. The architecture is similar to the

systems created in [17, 18] and an overview of the system is provided in Figure 8.

The first layer is the data preparation layer and it generates technical indicators and
trend deterministic technical indicator signals from raw price data that has been made
available to the system via the data collection infrastructure. Set of indicators and

signals that are generated in this layer are explained in detail in Table 16 and 17

The second layer is the trade preparation layer. Human intervention is possible in this
step, and the user can select the currencies to add to the set of available currencies or
override trade parameters such as stop loss, take profit and leverage. Selection of
currencies is rather important since our algorithm weighs the strengths of multiple
currencies and selects the strongest one against the weakest one. The base case of
selecting only two currencies changes the trading approach to single currency pair
trading. The results obtained with different set of currencies will be discussed in

Section 5.
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Figure 8: Overview of our system

The third layer prepares the historical prediction models and simulates the models
over future data. The system trains a separate set of models for all the currencies for
a trading day in the simulation interval and then selects the best performing model
for each currency to predict next day’s currency strength for each currency. An SVM
model for a currency is fed n days of training data and m days of validation data for
each day —selection of these parameters are discussed in section 4.2. The data is
composed of a set of trend deterministic technical indicator signals and raw price
data. Variations of the data is created to find the best performing set of inputs for a

given history period using genetic algorithms [19, 20]. The SVM models try to learn
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which currency is strongest at a given date. A strong currency is supposed to increase

and a weak currency is supposed to decrease the next day.

For each trading day, the selected SVM models assess the strength of their respective
currencies. The strongest currency is bought and the weakest currency is sold. In
Forex market this is a single operation in the currency pair. If the currency pair is
listed as Strong/Weak, the system “goes long” on that pair, if it is listed as
Weak/Strong, the system “goes short” on that pair. The trader starts with a specific
amount of cash (i.e. 1000 USD) and for each Forex market operation, the trading
spread applicable for the given currency pair is applied. If the position is carried
overnight, applicable swap commissions are also applied. When trading term ends,
the entire portfolio is cashed back to USD and earnings are reported. The swaps and

spreads used by our system are taken from TrueFX [21] and are outlined in Table 2.

Table 2: Spread and swap commissions applicable

Currency Swap Swap

Pair Spread (Long) (Short)
EURCHF 2.5 0.5 -2
EURGBP 3.5 -14 0
EURUSD 1.9 -1.5 0
GBPCHF 13 3 -6.5
GBPUSD 2.1 0 -2.7
USDCHF 2.9 0 -1.5

Our system also makes use of stop loss, take profit and trailing stop loss orders. This
means no single trade can result in more loss than the stop loss and more profit than
the take profit amount. Trailing stop loss occurs if the price of an instrument goes in
the predicted direction for a while, and then changes the direction against the
prediction. Traditionally the orders are determined based on trading leverage. In our
system we use a 1 to 100 trading leverage (which would mean loss of entire balance
in a 1% decrease, and doubling of the balance in a 1% increase). In our system we
accept 10 pips of loss as the stop loss, 10 pips of loss as the trailing stop loss and 100
pips of gains as the take profit points. Therefore our trading approach accepts a lot of

losses to make a bigger win and make up for all the losses recorded.
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Our system generates a set of technical indicators for each of the financial instrument
selected as previously mentioned. For the experiments in this paper variations of the

indicators stated in Table 5 are used.

4.1 SBT-DAP Algorithm

There are many support vector machine based time series forecasting algorithms.
Selection of input data, adjustment of learning model parameters and employment of
additional decision support mechanisms decide the fate of the forecasting algorithm.
An empirical comparison of some popular algorithms has been made by Nesreen and
Atiya in [22]. This part discusses the novel aspects of our Strength Biased Trading
with Dynamically Adapting Parameters (SBT-DAP) algorithm. You can find a

summarization of our algorithm in pseudo code format in Algorithm 3 and 4.

Technical indicators capture certain properties of price movements but are available
to everyone. Traders keep track of signals generated by technical indicators and trade
accordingly. A static set of technical indicators cannot reflect the price changes of a
financial instrument indefinitely. Our program represents the technical indicator
signals as a binary set of inputs for each financial instrument. Initially all the
available inputs are available for all the trading instruments. Using a genetic
algorithm variations of the inputs are created to train separate models. For each
trading day and each trading instrument the selected inputs are used to determine the

strength of the instrument in the given day.
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SBT-DAP Prediction Model Preparation and Simulation Algorithm

Require: RPD « raw price data, TID « trend deterministic technical indicator
data, CL « currency list, CPL « currency pair list

Ensure: N models to predict N days to be forecasted

1: for cin CL do

2:// Stage 3.1: Generate SVM’s

3: fori:1to N do

4: //Chromosomes represent available data to train SVM
5: chromosomes = create (RPD, TID)

6: /[ Evaluate the fitness of the given chromosome

7 evaluateFitness(chromosome, RPD, TID)

8: [IApply GA operations for 100 generations and retry
9: chromosome.evolve()

10: goto 3

11: end for

12:// Stage 3.2: Calculate Strengths of Currencies

13: fori:1to N do

14: // Predict and store currency’s next day strength
15: strength[c, i+1] = predict(c, SVM;, i+1)

16: end for

17:  end for

18:// Stage 3.3: Trade Using Best Pair to Buy/Sell
19:  for i:1toNdo

20: strongest = chooseStrongest(strength[*, i+1])
21: weakest = chooseWeakest(strength[*, i+1])
22: if (strongest+weakest) in CPL

23: buy(strongest, weakest)

24: if (weakest+strongest) in CPL

25: sell(weakest, strongest)

26:  end for

Algorithm 3: SBT-DAP prediction model preparation and simulation algorithm

SBT-DAP Model Fitness Evaluation Algorithm

Require: RPD « raw price data, TID « trend deterministic technical indicator
data, chromosome <« chromosome
Ensure: Real number F representing chromosome fitness
/[Train SVM on training interval of 80 days
SVM.train(chromosome, RPD, TID)
//Validate SVM on validation interval of 20 days
SVM.validate(RPD)
balance = SVM.simulate() //Simulate on given interval
return balance //The fitness of the chromosome

Algorithm 4: SBT-DAP model fitness evaluation algorithm
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4.2  Genetic Algorithm

The initial population of the genetic algorithm is initialized with 50 chromosomes
with randomly selected alleles. 100 generations of evolutions are performed with
mutation and crossover operators. Also a 10% elitism rate is used to preserve the
fittest individuals. The fitness function of a chromosome is the total earnings
achieved by the model that is trained with the technical indicator parameters
indicated by the chromosome. This requires a separate model to be trained by the
system for each distinct chromosome. Two sample binary chromosomes are shown
in Figure 9 for reference. The length of the chromosomes are 30. For the first 26
genes variations of trend deterministic technical indicator signals are used. The last 4
genes are raw price values of the currency (i.e. open, close etc.). A gene value of 0
denotes that the given raw value or signal will not be used for training the SVM

while a value of 1 denotes otherwise.

Allele MACD| RSI SMA WMA WMA/SMA Crossover | CCI | SK% |Open |Close | High | Low
5|15[5[15[5[10|20|50[100|200| 5| 10| 20| 50| 100 200|5| 10| 20| 50| 100{ 200| 5| 15| 5[ 15
Chromosome #1|0[ 1|0/ 1|0l Of Of 1 O] 10| 1] o] of of 1|1f 1] o] 11 o ofof 1{o] O 0 1 1 1
Chromosome #2 |1 of0| 0|1 1 1| o] o 1jo] of o 1| 1| 1jo] 1f of o] of 1|1} 1{of 1 0 0 0 1

Figure 9: Two Sample Chromosomes

4.3  Support Vector Machines

In our algorithm, SVMs provide estimates for the financial instrument’s current
strength, and therefore future value. The trades made by our machine is not simply
buying or selling a single financial instrument, rather it is taking position with the
strongest instrument against the weakest one. Whenever the predicted strength value
Is positive the base currency is assumed to increase in the future, whenever the
prediction is negative, the base currency is assumed to decrease in the future. The
reverse applies to the quote currency. As long as actual and predicted strength values
are both negative and positive, the decision is considered to be accurate in single

currency pair trading.
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When multiple currencies are made available to the system and strength biased
currency trading is used, not only the sign but also the magnitude of predictions are
important. Strength of each base and quote currency is calculated and summed to
find the strongest and weakest currencies in the trading pool and strongest currency

is bought against the weakest currency.
4.4  Currency Strength Calculation

Currency strength bias is a novel trading approach proposed in this work, which
favors the strongest currency against the weakest currency. This section details the
calculation of a currency’s strength. In our system a currency is at its strongest when
the price is in a local minimum, and at its weakest when the price is in a local
maximum. The reason is a local minimum is followed by a local uptrend resulting in
the increase of prices and a local maximum is followed by a local downtrend

resulting in the decrease of prices.

While training the SVM, the classes of training data is determined using Hill Size for
Strength Tagging Training Data, Strength Category Granularity (SCG) and Strength
Categorization Bucket Size (SCBS) variables defined in Table 20. At its strongest
point a currency will be tagged with (+SCG) and at its weakest point it will be
tagged with (-SCG). SCBS will be used to determine how the days between the local

minimum and local maximum will be tagged.

Let C = {cy,cy, ...,c,} denote the set of currencies which are traded against each

other, where n is the total number of available currencies.

Chry(c;, ;) is a chromosome that describes trend deterministic technical indicator
signals that will be used to train the SVM to predict the pairwise strength of a
currency ¢; € C against ¢; € C at day d. SVM,(c;,¢;) is the SVM trained using
Chry (cl-, cj) that will predict the pairwise strength of a currency ¢; € C against ¢; € C
at day d. Chry(c;¢;) and SVM,(c;,c;) are defined by SBT-DAP algorithm in
Algorithm 2.
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The strength S;(c;) of a currency ¢; € C at day d is defined in equation (1) where

SVMd(ci, cj) is the pairwise strength of currency c; relative to currency c; at day d.

c;eC

S,(c;) = Z SVMy(ci¢;) (1)

Ci;#Cj

SVM, (c;,¢;) is equal to a number x that lies in the [-SCG, SCG] interval where
SCG is Strength Categorization Granularity defined in Table 20. SVM, (c;, ¢;) is

valid for all ¢; € C and ¢; € C where ¢; # ¢; and SVM, (¢, ¢j) = —SVMy (¢j, ¢;).

The currency with maximum strength Max_strength, at day d is defined in

equation (2) where total number of available currenciesisn and c¢; € C.

Max_strength,; = max {Sy(cH}(2)

The currency with minimum strength Min_strength, at day d is defined in equation

(3) where total number of available currenciesisn and c; € C.

Min_strength, = lr;liisl}l {Sa(c)}(3)

Currency positioning CP,;(SC4, WC,) at day d is made with Max_strength,; which
has maximum currency strength and Min_strength, which has minimum currency

strength and it is formulated below in equation (4).

CP;(Max_strength,, Min_strength,)

4)

either Maxstrengthd/Minstrengmd, long(Max_strength,, Min_strength,)
~ lorM in_strength,;/Max_strengthy, short(Min_strength,;, Max_strength,)

In Figure 10, the performance of the six currency pairs used in our work is shown
between December 15, 2015 and January 15, 2016. The relative performances of the
currencies change throughout the interval, but are fairly stable. For the entirety of the
interval the currencies can be listed from best performing to worst performing as
USD > EUR > CHF> GBP. Optimal course of action for this period would be
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longing the USD against the GBP, which can be attained by shorting the GBP/USD

pair.

Actual Currency Performances
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Figure 10: Price action for the currencies used in our work between 12/15/2015 and
01/15/2016

When training for the next day, our system would identify USD as the strongest
currency and GBP as the weakest currency for December 15, 2015 using Hill Size for
Strength Tagging Training Data variables. The strengths of the currencies for the
days in between would be appointed using Strength Category Granularity (SCG) and
Strength Categorization Bucket Size (SCBS). When classification is made for the
following day of January 15, 2016, USD would have a lower strength and GBP
would have a higher strength than they did back in December 15, 2015.

For the same period our system detects the pairwise strength for currencies as
depicted in Figure 11 using equation (1). It can be seen from the graph that for the
period starting from December 18 and ending at January 11 strength in pair
GBP/USD is the lowest. For the period starting from December 21 and ending at
January 6 strength in pair USD/CHF is the highest.
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Figure 11: Strength in pair for currencies between 12/15/2015 and 01/15/2016

Using the data for each currency pair and equation (1), currency strengths are
calculated for December 15, 2015 — January 15, 2015 interval. The data is
represented in Figure 12. It can be seen that at the beginning the strongest currency is
EUR, and as of December 18, 2015 USD is detected as the strongest currency. The
strongest currency is later on changed to EUR after January 10, 2016. The weakest
currency is USD in the beginning, is changed to CHF at December 18, 2015 and
changed again to GBP as of December 24, 2015.
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Figure 12: Currency strengths between 12/15/2015 and 01/15/2016

In this period our system takes the positions specified below as per equations (2), (3)
and (4). The raw profit in this one month interval is 2.19%, with a leverage of 1:100
this could mean 219% earnings. Our system applies trading parameters stop-loss and
take-profit specified in Table 3 to these trades limiting the losses from forecast
errors. The result obtained by our system is slightly better with 3.17% converting to
317% earnings.

Table 3: SBT-DAP system decisions

Result |Raw | System

(Pips) |Result |Result
Date Strongest | Weakest | Decision (%) (%)
12/15/2015 |EUR USD long-EURUSD |-149 |-1.36 |-0,09
12/18/2015 |EUR CHF long-EURCHF | +2 +0.19 |+0,19
12/21/2015 |USD CHF long-USDCHF | -2 -0.20 [-0,20
12/22/2015 |USD GBP short-GBPUSD | +14 +0.09 |+0,09
12/23/2015 |USD CHF long-USDCHF |-18 -0.18 [-0,10
12/24/2015 |USD GBP short-GBPUSD |+354 |+2.38 |+2,01
01/11/2016 |EUR GBP long-EURGBP | +95 +1.27 |+1,27
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CHAPTER 5

SHORT TERM TREND PREDICTION IN FINANCIAL TIME SERIES DATA
WITH MOTIFS USING ZIGZAG

Our algorithm Zigzag Motif Predictor (ZZMOP) uses a modified Zigzag indicator to
segment historical time series to possible motifs, clusters the motifs and defines re-
ward/risk ratio criteria for the clusters, classifies the motifs in clusters to learn
trading rules for the created clusters. The flow of these operations is shown in Figure
13.

Segment Time
Series to
Possible Motifs

Cluster the | Determine Cluster | Classify the Motifs
Motifs Risk/Reward Ratio in the Clusters

Figure 13: Flow chart illustrating algorithmic flow of ZZMOP

Once ZZMOP constructs models required for trading, our trading algorithm uses
these models to learn trading parameters and submit trade orders. The flow of these

operations is shown in Figure 14.

In this section we take a top down approach by first explaining the overview of our
algorithm, and then we proceed to the details of the modified Zigzag indicator, how
sequence similarity applies to financial time series data and how we find signal

points for detected motifs.

43



Select Cluster Based
on Directional Bias

Decide
Buy Buy/Sell Sell
Position
Forecast Stop Loss Forecast Stop Loss
Based On Low Until Based On High Until
High Low
Forecast Take Profit Forecast Take Profit

Based On High Based On Low

Forecast Lot Size
Based on Expected
Ultimate Value at
Event Horizon

Submit Order

Figure 14: Flow chart illustrating trading algorithm

5.1 ZZMOP Algorithm

ZZMOP algorithm has a layered architecture, the first one is the data collection layer,
second layer is the calibration layer and third layer is the model construction and
trading layer. The first layer is the data collection layer and it collects both tick-by-
tick and 15 Minute interval data for currencies of interest. The second layer is the
calibration layer. In this layer indicator parameters, clustering parameters and data
sanitization parameters are calibrated with historical data. Five years of historic data
are retrieved from data collection layer and separated into disjoint sets to discover
new motifs and cluster the motifs. In the third layer historical data is used to create
motifs and motif clusters, and then the clusters are used for each trading period to
train SVM models using the given data and previously acquired calibration results.

Motifs might result in differing price movements based on their underlying
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characteristics. Our program represents the Zigzag technical indicator data as a set of
inputs to train for the SVM to capture these characteristics. To determine SVM
parameters efficiently several different settings are experimented and the selection is

made based on training and validation accuracy.

In our algorithm, SVMs provide estimates for the captured motif’s future behavior
such as the maximum amount of decrease/increase to be expected in the event
horizon, the maximum amount of inverse price-action before the expected movement

and the last price at the event horizon.

Definition 29 —Given a streaming time series T = < 04,05, ..., ... >, @ motif M of
length n with the signal point o;, event horizon of M, E,, is a subsequence of T
length n consisting of contiguous time instants from T such as Ey =<
0i+1,0i+2, -, 0i+n >. A motif is characterized by the definitive Zigzag points that it
contains, however due to Zigzag's nature motifs with same number of Zigzag points
can be of varying lengths. The length of the event horizon for a motif is equal to the

number of data points in the motif.

The trades made by our machine is not simply buying or selling a single financial
instrument, rather it is taking a position with a calculated risk and reward. The
amount of risk or reward is also multiplied or divided based on the position’s future
value. Whenever the predicted change in the value is extreme, the lot size of the

order is increased accordingly and vice-versa.

The motifs recognized during the simulation by the system are clustered using the
clusterer in this layer. Once clustering is done, SVM’s are used to create trading
parameters optimal for the associated cluster. Based on classification results trade
orders are submitted to the trade engine. Trades are implicitly closed once they hit
stop loss or take profit values. If a trade does not hit a stop loss or take profit until
motif’s event horizon, trade is closed explicitly by the trading layer. In our system
we accept the stop loss and take profit values are forecasted based on SVM
classifications. The order sizes are also scaled based on SVM’s forecasts. You can

find a summarization of our algorithm in pseudo code format in Algorithm 5 and 6.
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ZZMOP Model Construction Algorithm
Require: CL « currency list, RPH « raw price history with fixed time frame
Ensure: Clusterer containing historic motif clusters
1:forallce CL do
for all timeframe € RPH do
motif «— Zigzag [RPH[c, timeframe]]
motifList.append(motif)
clusterer [c] «— buildCluster [motifList]
for all motif € motifList do
clusterer [c].updateClusterRewardRiskRatio(motif)
:return clusterer

N RWLN

Algorithm 5: An overview of our ZZMOP model construction algorithm in

pseudocode format

ZZMOP Trading Algorithm

Require: CL « currency list, clusterer « clusterers, RPF « raw prices in the
future with fixed time frame

Ensure: Trade orders with trading parameters
1:forallce CL do

2 for all timeframe € RPF do

3 motif < Zigzag [RPF[c, timeframe]]

4: motifList.append(maotif)

5: clusterer [c] « updateCluster [motifList]
6

7

8

9

for all motif € clusterer|c] do
{case: if the motif reward/risk ratio is high enough to buy:}
if buyRewardRiskRatioHigh(cluster) then

lotSize — lastForecastingSVM « train [cluster]

10: stopLoss « lowUntilForecastingSVM « train [cluster]

11: takeProfit < highForecastingSVM « train [cluster]

12: return order = submitBuyOrder (c, lotSize, stopLoss, takeProfit)
13:  else if sellRewardRiskRatioHigh(cluster) then

14: lotSize « lastForecastingSVM « train [cluster]

15: stopLoss « highUntilLowForecastingSVM « train [cluster]

16: takeProfit < lowForecastingSVM « train [cluster]

17: return order = submitSellOrder (c, lotSize, stopLoss, takeProfit)

Algorithm 6: An overview of our ZZMOP trading algorithm in pseudocode format

5.2 Expressing Financial Time Series Similarity with Zigzag

The use of chart patterns in financial transactions is based on the sense of historic

recurrence. Similar historic chart patterns would usually result in similar price
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changes in the future. Financial time series data contains various irregularities which
makes the data noisy, hence measuring the similarity between the time series
becomes hard. We provide three examples of these irregularities below. In Figure 15
(@) and (b) market behavior creates an extraordinary market movement against the
actual trend whilst keeping the actual trend intact. These types of movements are
called long squeezing or short squeezing depending on the current trend and try to
eliminate open positions with stop loss orders. In Figure 15 (c) the bars around 5:00

are empty due to lack of volatility and transactions in the market.

Long Squeezing Short Squeezing Low Volatility
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Figure 15: Examples of market noise (a) long squeezing (b) short squeezing (c) low
volatility

There are two general ways of eliminating noise in financial time series data.

Averaging: Averaging models take a high variance time series and transform it into
a low variance time series. For instance for a time series T = < 04,05, ...,0, >, @
simple averaging model would produce a new time series Typergge = <

Yfoi1_; Xfoa;
a ) a ) ")

2fon_i

> where a is the number of past values to average. This

model filters out momentary spikes in the time series, but is prone to a repetitive data

with no meaning.

Summarizing: A summarizing model takes a continuous time series and transforms
it into a sparse time series. For instance for a time series T = < 04,05, ...,0, >, @
summarizing model would produce a new time series T mmary = < 01,%, ...,

*, Ok'*'*

%, ... 0, >. This model filters out repetitive data with no meaning, but might be
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prone to spikes in the time series. In our approach we interpolate the blank data in

between Zigzag points linearly to measure Zigzag thickness coverage.

Zigzag is a summarizing method for eliminating noise in the data. It can be used on a
multivariate time series to segment it. During segmentation not only it reduces the
dimensionality of the original time series but also it creates a summary of the data
based on its prominent features. It has certain parameters to filter spikes in the times
series and repetitive data in the time series. Due to the low number of data points it
has, it is easier to measure Zigzag time series similarity with other time series. The
impact of Zigzag and moving average models are shown in Figure 16. The moving

average used in Figure 16 (b) is a fast moving average which averages 15

timeframes.
T1 T1-AVERAGE T1-ZIGZAG
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Figure 16: Representation of (a) an original time series with (b) averaging and (c)
zigzag models

The Euclidean difference between original time series T, and Zigzag and moving
average models are shown in Figure 17. Mean absolute error for the Zigzag model is
6.3317 and for the averaging model it is 3.854. This is a general case for these noise
elimination methods. Averaging method follows the data more closely, and Zigzag
does not. For a trading scenario the more important issue is to model data that is
closer at the trend reversal points. For T1 time frames < 0, 28, 43 > are important
points to model. For these points Average-T1 difference is < 1.2566, 9.272, 3.3229
> and Zigzag-T1 difference is < 0.35, 4.82, 2.0873 >. Since Zigzag is focused on
representing extremum points in a time series more closely, it is sensible to use

Zigzag to model trends and trend reversals.
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Figure 17: Euclidean difference of T1 with (a) moving average model and (b) zigzag
model

5.3 Modified Zigzag Indicator with Thickness

Zigzag indicator is used to highlight the significant highs and lows of the
instrument’s historic values and eliminates the noise in the data, however it does not
provide a method to indicate the compliance of the time series data with Zigzag lines.
We add a thickness variable to the Zigzag indicator to represent the compliance of

the time series data with the Zigzagtick lines.

Given time series T =< ty,t,,...,t, > (t; € N*) and thickness k Zigzag Ztnick
satisfies the following:

1. Zinick =< 21,23, .., Zn >CT

2. VZL' Zi * Ziy1

3. VZigzag point z; € Zipicx =< Z1ye0r2n > — ((2; > zi~ N z; >
ziy) @ (7 < zi- Nz < 7))

4, Vti ET,VZL' EZthick_> Zi—kstiSZi-Fk
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Using thickness as an indication of motif compliance requires the consideration of
two different variables; first one being the value of the thickness variable itself and
the second one being the amount of coverage, which represents the amount of bars

that are required to be contained in the thick Zigzag line.

Given a multivariate time series MT = << low, high >;,< low, high >,, ..., <
low, high >,,> where o,, € R, Zipick =< Z1,Z3, ..., Zn > € T with thickness k, and

coverage C, C% of the elements in MT satisfies the following:

1. Vt; € MT,V Zigzag point z; € Zipick = Zi—k <t <z +k

There could be scenarios where requiring full coverage which would require a very
high thickness is less optimal than a partial coverage which would require a lower
thickness. In each scenario, a high bar percentage value and a low thickness value
would indicate a higher motif compliance. Similarly a low bar percentage and high
thickness would indicate a low motif compliance. The Zigzag indicator with
thickness effectively creates an error function to describe a covering motif [5] which
can be used to select thinnest motifs available. Two sample motifs with low and high
compliances to the thick Zigzag lines are provided in Figure 18 (a) and (b)

respectively.
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Figure 18: A thick Zigzag line with (a) low motif compliance and (b) high motif
compliance

5.4 Detection of the Signal Point in a Motif

A financial time series in the Forex environment is a multivariate time series
consisting of observations made at equal intervals. Each observation is a vector O =
< open,close,low, high >. Even though most distance measures and mining
algorithms are invariant to the start time and sampling interval of the time series [28,
29], the case for the Forex market is different [30]. Therefore the detection of a
signal point is crucial for the success of forecasting. Detection of the signal point in a

motif problem is similar to change point detection in time series. A survey of change
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point detection methods can be found in [31]. Our approach includes time series

transformations to the original time series and is supervised by its nature.

For a given financial time series T Zigzag indicator creates a list of values V =<
271,22, wu, ZZy > such that (< 274,223, ey ZZ2541 > € ZZ1ow N\ <
ZZ9,ZZ4, e, ZZ9x > € ZZm-gh) @ (< 274,223, e, ZZ3x41 > € Lpign N <

ZZy,ZZ4y ey ZZyy > E zzlow) where ZZow = {Z2Z1ow: ZZ1ow ET} & V0, €

{0i—deptn-- Oivaeptn} : 0i < 0y v ZZnigh = {2Znign: ZZpign ET} © V0, €
{Oi—depth--0i+depth} : 0; = 0y. In other words, the values generated by the Zigzag
indicator are Zigzag high and Zigzag low values in alternating order. Also, the
Zigzag values are members of the original time series, however for a specific interval

a Zigzag can be valued at any of the four possible values of the observation vector.

Zigzag creates high and low values for specific time intervals, however for the
remaining intervals no values are generated. Ordering all of the values generated by
Zigzag in a set Ty = {(t;, v)|t; < tiy1,1 = 1..n— 1} would result in a sparse time
series. A sparse time series has many zero-valued observations as opposed to non-
zero observations. The ratio between the length of the time series and the number of
non-zero observations is defined as the sparsity factor s of the time series. In our
application, the sparsity factor s is dependent on Zigzag depth d. A higher Zigzag
depth would result in more zero-valued observations. For the encoding of the Zigzag
time series T, we use a length encoding method [32]. In the length encoded series
Ty. We replace the contiguous k zeroes in T, with a (k). For instance for the sparse
Zigzag time series Ty = < 1.2569,%,%,%,%,1.2437,%,%,%,1.2701 >, the length
encoded series is Ty, =< 1.2569, (4),1.2437,(3),1.2701 >. In this example,
1.2569 and 1.2701 are high Zigzag points and 1.2437 is the low Zigzag point. All
three points are Zigzag points, whereas the remaining 7 points are insignificant data

points.

Our algorithm classifies the motifs in terms of the number of significant Zigzag
points. A class C of Zigzag contains time series
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For a motif T, =< vy, v,, ..., v, >, the n" point in the original time series is a signal
point if the motif belongs to a cluster C where Reward/RiskRatio(C) > e, and e is a
predefined error. The signal price for a motif, pz at point n in T, =< vy, v,, ..., v, >
is equal to the closing price close; of the n'" point in the original time series T = <

04,0y, ..., 0, > Where 0; = < open,, close;, low;, high; >.

The clustering and classification of motifs in different time frames require time series
transformations such as amplitude shifting, uniform amplification and uniform time

scaling as discussed in Section IlI.

5.5 Motif Reward/Risk Ratio

Trades in the financial markets come with rewards and risk. The ratio of these two
numbers is called the reward/risk ratio [33] and is an indicator of the profitability of

the trade position.

Definition 30 - Reward/risk ratio is the ratio of possible profits to possible losses.
Reward is the movement of price in the expected direction, which would result in
profits and the risk is the movement of price in the unexpected direction, which

would result in losses.

Every detected motif and signal associated with the motif should not result in an
open trade position. The reward associated with the motif should be high enough to
bear the risk. In our system the reward/risk ratio of motif clusters are continuously
monitored. Once a trade signal is received from a motif, the trade position is opened

if and only if the motif ends up in one of the most rewarding clusters.

Reward/Risk ratio is essentially used to classify a cluster of motifs using a feedback
loop where future data in the time series effects the predefined class label of the

cluster.

Definition 31 — High until low is the difference between the decision point of a short
motif and the highest point in the event horizon of the motif that is recorded before
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the lowest point in the event horizon of the motif. It represents the risks associated

with a short motif in points.

Definition 32— Low until high is the difference between the decision point of a long
motif and the lowest point in the event horizon of the motif that is recorded before
the highest point in the event horizon of the motif. It represents the risks associated

with a long motif in points.

ZZMOP predicts future movement after the decisive point of the motif. Despite a
motif being a short motif a “high until low” value (i.e. the risk) is taken into account
to allow the future decrease in price to be achieved. For a short motif the “low” value
forecasted represents the reward. A sample short motif having a reward/risk ratio of
3:1 means that when the increase after the decisive point is proportional to 10 pips,
the decrease after the maximum drawdown point is proportional to 40 pips which
would place the absolute difference between decisive point and maximum profit
point proportional to 30 pips. In this scenario possible losses at maximum drawdown
point is valued at 10 pips where the possible rewards at maximum profit point is 30

pips. Hence the reward/risk ratio is 3:1.

5.6  Motif Directional Bias

Prices in the financial markets fluctuate in both directions in a specific timeframe but
with different magnitudes. One can benefit from a motif in both directions, as long as
take profit and stop loss locations are determined properly. Since the event horizon
of a motif contains movements in both directions, a reward/risk ratio can be

computed for both directions too.

For a motif to be used for a sell position, the reward/risk ratio of the motif in the sell
direction should be higher than the reward/risk ration in the buy direction. For a
motif to carry a meaningful information with respect to the direction of trade, the
reward/risk ratios between sell and buy positions should have a significant
difference. Otherwise the motif can be used in both directions and hence does not

point to a certain type of trade.
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Definition 33 — Given a motif M, directional bias of M can be calculated as the
absolute difference of short and long risk reward ratios: ey =

| Reward Risk Ratiogp,rs — Reward Risk Ratioong|.

For a given motif, the reward/risk ratio can be computed once the prices materialize
in the event horizon of the motif. We provide sample price action in the event
horizon of different motifs in Figure 19. Figure 19 (a) contains the price action of a
buy motif with high directional bias, (b) a sell motif with high directional bias, (c) a

motif with low directional bias.
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Figure 19: Price changes in the event horizon of a (a) buy motif with high directional
bias (b) sell motif with high directional bias (c) motif with low directional bias

5.7 Trade Parameter Detection

Before entering a trade with a discovered motif, our algorithm determines the lot size
for the order, the stop loss and take profit locations. This is done using the previously
recorded motifs in the cluster. For each type of order a separate set of values are

forecasted to determine these values.

For sell orders, a drop in the price is expected in the future. The expected amount of
drop is supposed to be the take profit location. However, there might be a slight
increase in the price before a drop occurs. Our system should be able to overlook this
much of a loss at any time to reach the forecasted drop and take profit. Another

possibility is that the increase in the price continues and price does not drop in the
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event horizon; in which case the system should stop the losses. Hence the stop loss
location should account for these two possible price movements. The stop loss
location for a sell order is called “high until low” and the take profit location is called

“low”.

For buy orders, a hike in the price is expected in the future, which will be the take
profit location. A decrease in price prior to the hike should be allowed to reach the
hike forecasted. A higher decrease should be evaluated as a false signal and losses
shall be suffered. The stop loss location for a sell order is called “low until high” and
the take profit location is called “high”. Our system trains with previous data in a
motif’s cluster to determine the appropriate take profit and stop losses to maximize

gains for each type of motif.

For both types of orders, the expected ultimate value in the event horizon of the
motif reflects the reliability of the signal. If the expected ultimate value is very high
for a motif, the likelihood of a profit for the motif is higher. In that case the lot size
of the order can be increased accordingly to maximize profits. The same logic

applies to sell orders.
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CHAPTER 6

EXPERIMENTS AND RESULTS

In this section we provide details about the dataset we use, parameters we experiment
with and the results we have obtained with the three different approaches we have

carried out throughout this work.

6.1 TI-MFT Results

In our TI-MFT algorithm we are making use of the RSI and CCI technical indicators.
We also determine optimal trade parameters for a given trade interval. Both the
indicators and trades have certain parameters that adapt them to the interval at hand.
We discuss the characteristics of our dataset and how we adapt parameters for the

aforementioned components to our data.

6.1.1 Characteristics of Our Dataset

Two types of historical data are collected by our system. First is price data with 1
Minute intervals which summarizes the opening, closing, low and high values for the
given interval. 1 Minute interval data values are used for training purposes. Second
data is the real time price data which contains all the price changes that have
happened in the currencies. Real time price data is used for testing and simulation
purposes. Both data is collected for currency pairs including USD, EUR, GBP, and
CHF. Summary statistics of the data can be found in Table 4. Total data points are
the number of 1 Minute bars, minimum and maximum values represent the highest

and lowest values recorded, average value is the average of 1 Minute closes,
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increases and decreases in value show a 1 Minute increase or a 1 Minute decrease in

the closing price of the currency pair. For training 1 Minute values are used.

Table 4: 1 minute exchange rate (training data) statistics

Instrument | Total Data | Max. | Min. | Avg. | Increases | Decreases
Points Value | Value | Value | inValue | in Value
EURCHF | 1821600 1.488 |1.007 | 1.253 | 836640 | 984960
EURGBP | 1823040 0.913 | 0.776 |0.839 | 914400 | 908640
EURUSD | 1823040 1.493 |1.187 |1.334 | 933120 | 889920
GBPCHF | 1821600 1.711 | 1.146 |1.493 | 884160 | 937440
GBPUSD | 1823040 1.718 |1.423 | 1.589 | 914400 | 908640
USDCHF | 1823040 1.172 1 0.706 |0.941 | 891360 | 931680

Since our system makes use of real life trading parameters such as stop loss and take
profit, for testing and model simulation, real time price data are used. Statistics for

these values can be found in Table 5.

Table 5: Real time exchange rate (testing data) statistics

Instrument | Total Data | Max. | Min. | Avg. | Increases | Decreases
Points Value | Value | Value | in Value | in Value
(%) (%)
EURCHF |59948502 | 1.488 | 1.007 | 1.248 | 45.88 54.12
EURGBP | 67221512 |0.913 | 0.776 | 0.826 |50.12 49.88
EURUSD | 62915513 |1.493 |1.187 |1.316 |51.12 48.88
GBPCHF | 76187806 |1.711 | 1.146 | 1.498 | 47.99 52.01
GBPUSD | 65708389 | 1.718 | 1.423 | 1.591 | 50.22 49.78
USDCHF | 59461873 | 1.172 | 0.706 | 0.939 | 48.84 51.16
6.1.2 RSI Related Parameters

RSI can be used to detect the strength of the instrument that is being traded. While a
higher than typical RSI value might suggest an increase in the price, a contiguously

higher RSI might suggest a correction in the instrument thus a decrease in the price.

In our work we do not use static values of a single RSI indicator, rather we use
crossovers of different RSI indicators to trigger buying and selling positions.
Therefore we have a fast changing and a slow changing RSI indicator. The idea is

58



that the fast and the slow indicators reflect changes at different time scales, so a
divergence in their direction might be indicative of tensions accumulating in the

price. The parameters searched throughout our work are outlined in Table 6.

Table 6: RSI related parameters

Parameter | Values Value Explanation

Name Experimented | Used

RSI Fast | 5,10, 14,21, | Dynamic | The fast moving RSI considers a
Periods to | 30, 50, 100, Selection | lower number of periods and is
Measure | 200 hence more prone to oscillation.

RSI Slow | 10, 14, 21, 30, | Dynamic | The slow moving RSI will be the
Periods to | 50, 100, 200, | Selection | average that gets crossed above and

Measure | 500 below by the fast moving RSI.
Price to Open, High, Close RSI can be applied to any type of
Measure | Low, Close, price. Our experiments show that
Median applying the RSI to the closing price
of the instrument delivers the best
results.

6.1.3 CCI Related Parameters

CCI warns the traders of extreme market conditions and emergence of possible new
trends. Like the RSI indicator CCI is a short term indicator. We do not statically use
a CCl indicator to trade on certain extreme values, rather we use two different CCI

values and consider their crossovers to enter and exit trades.

Therefore like the RSI indicator we have a fast changing and a slow changing CCI

indicator. The parameters searched throughout our work are outlined in Table 7.
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Table 7: CCl related parameters

Parameter | Values Value Explanation
Name Experimented | Used
CCl Fast | 5, 10, 14, 21, Dynamic | The fast moving CCI considers a
Periods to | 30, 50, 100, Selection | lower number of periods and is
Measure | 200 hence more prone to oscillation.
CClI Slow | 10, 14, 21, 30, | Dynamic | The slow moving CCI will be the
Periods to | 50, 100, 200, Selection | average that gets crossed above and
Measure | 500 below by the fast moving CCI.
Lambert | 0.005, 0.010, 0.010 Lambert variable effects the
Variable | 0.015, 0.05, oscillation amount of the CCI

0.1 indicator. A higher Lambert

variable results in lower oscillation.

6.1.4 Trading Related Parameters

A realistic trading system requires certain parameters such as trading volume, stop
loss or take profit. In our system we have empirically experimented with several
values for these parameters that are common in the industry and selected the best
performing ones. To determine the best performing parameters for our system, all
possible combinations of the parameters have been exhaustively searched resulting in
18.432.000 experiments per each forecasting period. These parameters are outlined

in Table 8.
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Table 8: Trading system parameters

Parameter | Values Selected
Name Experimented | Value

Trading 0.01,0.1,0,25, | 0.1 Forex providers generally enable
Volume 05,1 0.1 or 1 lot trades. For a small
(Lot) account mini-lots (0.1 lot) or
micro-lots (0.01 lot) are better
suited. In our experiments using
higher lot sizes resulted in
defaulting accounts. Lower lot
sizes resulted in less profits.
Stop Loss | 2, 5, 10, 20, Dynamic | When a currency pair moves in
(Pips) 50, 100 Selection | the opposite direction of an open
trade, stop loss amount
determines how much loss is
accepted before closing position.
In our experiments using fixed
stop losses proved less profitable,
therefore the stop loss is
dynamically selected based on
reverse price-action estimate.
Take 2, 5,10, 20, Dynamic | A trade position cannot be kept
Profit 50, 100 Selection | open forever even though it is in
(Pips) profit, since markets fluctuate.
Take profit determines how much
profit a single open trade can
make. In our experiments using
fixed take profits proved less
profitable, therefore the take
profit is dynamically selected
based on price-action estimate.

Explanation

6.1.5 Genetic Algorithm Parameters

The genetic evolution process requires certain parameters which directly affect the
performance. We have empirically experimented with several values and selected the
best performing ones in our previous work in [46]. The parameters that we have used

are outlined in Table 9.
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Table 9: Genetic algorithm parameters

Parameter Values Selected Explanation

Name Experimented | Value

Maximum 10, 20, 50, 100 This is the maximum number

Number of 100, 500 of generations that are allowed

Generations to evolve.

Mutation 0.01, 0.10, 0.10 The probability of a mutation

Probability 0.20, 0.50 on a gene.

Elitism Rate | 0.05, 0.10, 0.10 The rate of genes that are to be

0.20, 0.50 preserved for the next

generation due to their superior
fitness.

Population 50,100,200 | 50 Size of the population is the

Size number of genes that are
present in each evolution cycle.

Active N/A Crossover, | Genetic operators to be applied

Genetic Gaussian to current genes to create the

Operators Mutation next offspring.

Selection N/A Tournament | Selection mechanism for the

Method Selector current genes from the current
population to next cycle.

6.1.6 Performance of Our System

Different trading strategies and input compositions were used with the system and
different results in terms of performance were obtained. Obtained results are

presented in Table 10.

Table 10: Experimental results

Validity/ Weekly Validity/ Daily Validity/ 2 Hour Validity/
Training Monthly Training Weekly Training Daily Training
Interval

Currency Exhaustive | Genetic | Exhaustive | Genetic | Exhaustive | Genetic
EURCHF 56513 56082 | 58812 57999 | 57996 55983
EURGBP 62525 57928 | 61415 59303 | 64183 64366
EURUSD 72244 72349 | 70888 70821 | 73515 69816
GBPCHF 51265 49921 | 53669 53680 | 54627 52814
GBPUSD 48952 49016 | 46819 47007 | 49002 50479
USDCHF 60057 60172 | 61473 61375 | 60813 60001
Total 351556 345468 | 353076 350185 | 360136 353459
Balance
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Exhaustively searching the ~18 million possible parameter combinations takes
significant amount of time. In our experiments we have used an early stopping
criteria for underperforming models; an experiment is aborted once 10% of the
account balance is lost. Even though many of the experiments are terminated early
due to this criteria, experiments take too long to complete when real time data is used
for simulation. To allow exhaustive parameter selection to complete in time,
parameter selection intervals has been limited as in Table 11. For longer intervals
(i.e. 2 days parameter selection for 2 hour parameter validity) exhaustive method

cannot be completed within the required time.

Table 11: Simulation runtimes for different models

Exhaustive | Genetic | Exhaustive | Genetic | Exhaustive | Genetic

Parameter | Weekly Weekly | Daily Daily 2 Hours 2 Hours
Validity
Parameter | Monthly Monthly | Weekly Weekly | Daily Daily
Selection
Interval

Number of | 18432000 5000 18432000 5000 18432000 | 5000
Trials
Simulation | 7852 136 1216 21 114 2
Time

(Minutes)
Available 10080 10080 1440 1440 120 120
Simulation
Time

(Minutes)

In the genetic algorithm assisted parameter optimization model, a population of 50
parameters are evolved through 100 generations, which accounts to roughly 5000
parameter combination trials. This cuts down the running time significantly. Our
current model uses two technical indicators and hence does not require too many
parameter combinations. A more advanced system with a higher number of technical
indicator parameters would benefit ever more from genetic algorithm assisted
parameter optimization. The runtimes of experimental simulations are provided in
Table 11.

Table 11 shows that an exhaustive search for all the parameters can be barely

completed in the available simulation time. Further parameter refining for additional
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indicators or trade parameters cannot be done in the available time. Genetically
optimized trading models have comparable performance to exhaustively optimized
models as outlined in Table 10. Thus we use “2 Hour Validity/Daily Training with

Genetic Parameter Optimization” as our reference model for our discussion.

The system cannot generate successive buy signals or successive sell signals due to
the nature of signals — they require crossovers. Algorithmic performance of the
system is measured with accuracy and f-measure and is comparable with similar
systems [46] as shown in Table 12. Trading performance of the system is measured
with acquired account balances and is given in Table 13.

Table 12: RSI and CCI based medium frequency trading algorithm performance

Traded Precision | Recall Accuracy | F-Measure
Currencies

EURCHF 0,5372 0,5744 | 0,5612 0,5562
EURGBP 0,6208 0,6113 |[0,6105 0,6174
EURUSD 0,625 0,6445 |0,6344 0,6399
GBPCHF 0,4835 0,5123 |[0,5273 0,4994
GBPUSD 0,5228 0,4748 |[0,5129 0,4966
USDCHF 0,5632 0,5701 | 0,5864 0,5662

As Table 13 outlines, our approach beats a revenue model based on interest rates for
every currency. The highest profits are recorded for the EUR/USD pair where the
one year end experiment results in a combined 39.62% profits with an account
balance of 69816 USD. The lowest account balance of 50479 USD is recorded for
the GBP/USD pair with a combined 2.39% profits, which is still above the interest
rate for both of these currencies. The highest profits in a single month was for the
EUR/CHF pair with 9.3% in September and the lowest profit in a single month was
for the EUR/CHF pair with -9.4% in March. Average monthly profit for the system
was 1.67% taking all currencies into consideration. Figure 20 shows the evolution of

balance and exchange rate for the currencies during the trading period.
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Table 13: RSI and CCI based medium frequency trading performance

EUR/ |EUR/ EUR/ GBP/ GBP/ USD/

Currency CHF |GBP USD CHF usD CHF
Start | 50000 |50000 [50000 50000 [50000 |50000
01.01.2015|End  [51440 |54710 |54322 48164 |48015 |54525
Profits | 0,029 /0,094 0,086 -0,037 |-0,04 0,091

Start [51440 [54710 54322 48164 48015 54525
02.01.2015|End  |54485 |53325 |55513 49842 |50889 58818
Profits | 0,059 |-0,025 0,022 0,035 0,06 0,079

Start |54485 [53325 |55513 49842 50889 58818
03.01.2015|End  [59193 |50938 |58159 48586 |50969 |62214
Profits |0,086 |-0,045 0,048 -0,025 0,002 0,058

Start 59193 |50938 |58159 48586 [50969 |62214
04.01.2015|End  [53605 |54333 |56298 48001 [49909 |66080
Profits | -0,094 |0,067 -0,032 |-0,012 |-0,021 0,062

Start |53605 |54333 [56298 48001 [49909 |66080
05.01.2015|End  |56521 |54528 |61300 49654 |49012 68005
Profits | 0,054 0,004 0,089 0,034 -0,018 |0,029

Start |56521 [54528 61300 49654 49012 68005
06.01.2015 | End  |56385 |53743 59826 |51554 52549 72484
Profits | -0,002 |-0,014 |-0,024 0,038 0,072 0,066

Start |56385 [53743 [59826 |51554 |52549 72484
07.01.2015|End  |53318 |56452 |64181 51933 |48471 66047
Profits | -0,054 |0,05 0,073 0,007 -0,078 |-0,089

Start | 53318 |56452 64181 51933 [48471 |66047
08.01.2015|End  [51744 |54736 |70034 |50003 |53047 |62560
Profits |-0,03  |-0,03 0,091 -0,037 10,094 -0,053

Start |51744 |54736 |70034 50003 [53047 |62560
09.01.2015|End  |56615 |59597 |67849 |51174 |54415 64962
Profits | 0,094 0,089 -0,031 0,023 0,026 0,038

Start |56615 [59597 67849 51174 54415 64962
10.01.2015|End | 60318 |62029 69915 47858 51034 |62216
Profits | 0,065 0,041 0,03 -0,065 |-0,062 |-0,042

Start |60318 [62029 69915 47858 51034 62216
11.01.2015|End  |56504 |62625 72203 51265 48952 |60099
Profits | -0,063 | 0,01 0,033 0,071 -0,041 |-0,034

Start |56504 |62625 |72203 |51265 48952 |60099
12.01.2015|End  |55983 |64366 69816 |52814 50479 |60001
Profits | -0,009 0,028 -0,083 0,03 0,031 -0,002
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Figure 20: Evolution of balance and exchange rate for (a) EURCHF (b) EURGBP (c)
EURUSD (d) GBPCHF (e) GBPUSD (f) USDCHF currencies between 01.01.2015
and 12.01.2015

A summary of trading statistics regarding the trades made with the TI-MFT
algorithm is provided in Table 14.
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Table 14: TI-MFT algorithm trade statistics

Currency | EURCHF | EURGBP | EURUSD | GBPCHF | GBPUSD | USDCHF
Open 6032 5408 5569 5513 6297 6195
Positions

Profit 3385 3302 3533 2907 3230 3633
Positions

Loss 2647 2106 2036 2606 3067 2562
Positions

Average 7,2 6,4 9,5 6,8 7,9 6,4
Profits

Average -6,9 -3,2 -6,8 -6,5 -8,2 -5,2
Loss

Total 5983 14366 19816 2814 479 10001
Profit Pips

Maximum | 13,38 9,62 7,14 7,63 10,9 14,29
Account

Draw-

Down %

6.2 SBT-DAP Results

Our first approach is using trend deterministic technical indicator signals with
strength bias. In this section results of the SBT-DAP algorithm which implements
this approach are provided.

6.2.1 Characteristics of Our Dataset

The transactions and data in the Forex market is determined in real-time by an
electronic network of Forex brokers, liquidity providers, banks and other financial
institutions. Historical data is available through several different channels, and the
data used in our work is obtained from TrueFX [21], which is also used in related
work. Two types of historical data are collected by our system. First is daily price
data which summarizes the opening, closing, low and high values for the day. Daily
values are used for training purposes. Second data is the real time price data which
contains all the price changes that have happened in the currencies. Real time price
data is used for testing and simulation purposes. Both data is collected for currency
pairs including USD, EUR, GBP, and CHF. Summary statistics of the data can be
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found in Table 15. Total data points are the number of trade days, minimum and
maximum values represent the highest and lowest values recorded, average value is
the average of daily closes, increases and decreases in value show a daily increase or
a daily decrease in the closing price of the currency pair. For training daily values are

used.

Table 15: Daily exchange rate (training data) statistics

Instrument | Total Data | Max. | Min. | Avg. | Increases | Decreases
Points Value | Value | Value | inValue | in Value
EURCHF | 1265 1.488 | 1.007 |1.253 | 581 684
EURGBP | 1266 0.913 | 0.776 | 0.839 | 635 631
EURUSD | 1266 1.493 |1.187 |1.334 | 648 618
GBPCHF | 1265 1.711 |1.146 |1.493 | 614 651
GBPUSD | 1266 1.718 |1.423 |1.589 | 635 631
USDCHF | 1266 1.172 | 0.706 | 0.941 | 619 647

Since our system makes use of real life trading parameters such as stop loss and take
profit, for testing and model simulation, real time price data are used. Statistics for

these values can be found in Table 16.

Table 16: Realtime exchange rate (testing data) statistics

Instrument | Total Data | Max. | Min. | Avg. | Increases | Decreases
Points Value | Value | Value |in Value | in Value
EURCHF | 59948502 |1.488 | 1.007 | 1.248 | 45.88 54.12
EURGBP | 67221512 |0.913 | 0.776 |0.826 |50.12 49.88
EURUSD | 62915513 |1.493 |1.187 |1.316 |51.12 48.88
GBPCHF | 76187806 | 1.711 |1.146 |1.498 |47.99 52.01
GBPUSD | 65708389 | 1.718 |1.423 | 1.591 |50.22 49.78
USDCHF | 59461873 |1.172 | 0.706 | 0.939 | 48.84 51.16

The set of parameters stored for each financial instrument are listed below in Table

17.
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Table 17: Symbol parameters

Parameter Parameter Definition

Name

Symbol The name of the financial instrument (i.e. EUR/USD,

Name GBP/CHF)

Open The opening value of the financial instrument for the
given trade day.

Close The closing value of the financial instrument for the
given trade day.

Low The lowest value the financial instrument is traded for
in the given trade day.

High The highest value the financial instrument is traded for
in the given day.

Volume The total volume of trade performed on that financial
instrument.

After the raw price data is collected for each relevant financial instrument, the
system computes certain technical indicators and stores these values in the database
for further use. The technical indicators that are automatically computed for each
financial instrument are listed below in Table 18. There are hundreds of technical

indicators available to traders —a brief list can be found in [34]- and many more are

being developed continuously.
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Table 18: Technical indicators?

Indicator Definition Formula
Name
Moving MACD is a trend 2
Average following momentum MACD ()¢ + n+1
Convergence | indicator and it shows the X (DIFF;
Divergence relationship of two —MACD(n)¢_4)
(MACD) moving averages of
prices.
Relative RSI compares magnitude | 100
Strength of gains and losses to - — 109 —
Indicator determine overboughtand . Qo UPe-i/m)/ (B DWe-i/m)
(RSI) oversold conditions.
Simple SMA is the average of Ce+ Ceqt..+Crg
Moving closing prices of a n
Average financial instrument in a
(SMA) given time period.
Weighted WMA is a weighted (10)c; + (9 ciq+. . +cig
Moving average of closing prices n+m—1)+.+1
Average of a financial instrument
(WMA) in a given time period.
Commaodity CCl is an oscillator M; — SM(n);
Channel indicator which 0.015D,
Index (CClI) determines if an
instrument is overbought
or oversold.
Stochastic SK% indicator compares ¢t — LLe_ -1y
K% (SK%) closing price to the price HH,_(n-1) — LL¢—(n-1)
range over a given time % 100
period.

New technical indicators are created based on their success in previous market data
so using new indicators in historical market data creates a forward bias. Therefore in
our work we are using legacy technical indicators which have been available to
traders in our training/testing interval of 2010-2015. The indicators we have selected
have been widely used by other researches in related work [10,35,36,37,38].

! Ctis the closing price, L is the low price and H; the high price of the instrument at time t;
DIFF; = WMA(12); - WMA(26);, LL is the lowest low and HH; is the highest high in the last t days.
M:; is the median price (Hi+L+Ci/3). SM(n); is the simple average of median price for n days. UP and
DW show the count of upward and downward price changes, respectively.
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Table 19: Trend deterministic technical indicator signals

Signal Formula Time
Definition Period
Name
(Days)
MACD | MACD indicator follows the MACD(n);_4 5,15
financial > MACD(n); » —1
instrument’s strength. MACD(n)¢_4
< MACD(n); = 1
RSI RSI determines when a RSI(n), > 70 —» —1 5,15
financial instrument is RSI(n), <30 =1
overbought and oversold.
SMA SMA provides a smoothing for | MAVG(n), >c¢; —» —1 | 5,10,
the price data. MAVG(n); <c¢; =1 20, 50,
100,
200
WMA | WMA provides a smoothing WMAVG(n), >c¢; —» —1 |5,10,
for the price data that gives WMAVG(n), <c¢, =1 | 20,50,
more importance to the more 100,
recent price action. 200
WMA | WMA value increases and WMAVG(n);—4 5, 10,
SMA decreases in a higher pace than < MAVG(n)¢—1 A 20, 50,
Crosso | a SMA. Crossovers WMAVG(n), 100,
vers between WMA and SMA > MAVG(n), - 1 200
signals uptrend or downtrend. WMAVG(n),_4
> MAVG(n)—q A
WMAVG(n),
< MAVG(n);, » —1
CClI CCI determines overbought CCI(n); >200 » —1 |5,15
and oversold conditions. CCI(n), < =200 =1
SK% SK% oscillator shows the SK%(n);—, > SK%(n); | 5,15
direction of price movement. - -1
SK%(n),—1 < SK%(n);
-1

Traders in the exchange market routinely use technical indicators to derive signals
that may point to a trade opportunity. Based on experience, analysts have attempted
to associate situations of possible stress in the price-determining process with
specific conditions on the values of technical indicators. Upon meeting such
conditions, a technical indicator signal can be generated. In its formal form a
technical indicator signal is a formula which usually outputs a ternary value (i.e. -1,
0, 1) representing a buy, sell or no action decision. The formula is based on the

technical indicator values for the given instrument and the selected time period. For
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each of the above technical indicators, a trend deterministic technical indicator signal
is generated in our system. Table 19 outlines the rules for trend determination for
each of the technical indicators. The time periods for the indicators (i.e. 5, 10, 20, 50,
100 and 200) were selected based on previous experience of traders and academic
research [9,10,27,35,36,38,39,40].

6.2.2 Genetic Algorithm Parameters

The parameters used for the genetic algorithm are the ones that were previously used

in our TI-MFT algorithm and outlined in Table 9.

Since execution time of genetic algorithms depend on fitness calculation and each
fitness calculation needs training and testing of the SVM, parameters directly
affecting the length of the run (i.e. population size, maximum allowed evolutions) are

selected to be small numbers out of necessity.

6.2.3 SVM Parameters

An SVM requires certain parameters which directly affect its performance. We have
empirically experimented with several values for these parameters that have been
mentioned in related research and selected the best performing ones. To determine
the best performing parameters for our SVM, all possible combinations of the
parameters have been exhaustively searched resulting in 1200 experiments per each

training day. The parameters that we have used are outlined in Table 20.
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Table 20: SBT-DAP SVM parameters

Parameter

Values

Selected

Name Experimented | Value Explanation
Kernel Type Polynomial, Polynom | Polynomial function kernels
Radial ial achieved superior
Basis performance in related work

[17, 27]. Thus we use the
polynomial function kernel in
our system.

Function 1,2,3,4 2 Degree of polynomial function

Degree (d) characterizes how well the
model fits to the data. A very
high degree could
result in overfitting.

Regularization | 0.5, 1, 5, 10, 1 Regularization parameter

Parameter (c) | 100 controls margin and
misclassification error.

Training 10, 20, 40, 80, | 80 A model in our system is

Interval 160, 320 trained with the given

(Days) number of days before making
decisions in validation or actual
data sets.

Validation 10, 20, 40, 80, | 20 A trained model in our system

Interval 160 is validated with the given

(Days) number of days.

6.2.4 System Parameters

A realistic trading system requires certain parameters such as trading volume, stop
loss or take profit. In our system we have empirically experimented with several
values for these parameters that are common in the industry and selected the best
performing ones. To determine the best performing parameters for our system, all
possible combinations of the parameters have been exhaustively searched resulting in
32768 experiments per each training day. These parameters are outlined in Table 21.

6.2.5 Performance of Our System

Different trading strategies and input compositions were used with the system and
different results in terms of performance were obtained. Obtained results are

presented below. For exchange ratios, buy and sell decisions are materialized based
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on the closing value of the decision date, since the market is open for 24 hours. The
system can generate successive buy signals or successive sell signals, which would

be meaningless in a real life scenario.

Performance of the system is measured with accuracy and f-measure criteria as is the
case in related work [10, 27, 39]. Computation of these are made with precision and
recall which are calculated from True Positive (TP), False Positive (FP), True
Negative (TN) and False Negative (FN) decision counts. The equations regarding

these criteria are provided in the Appendix.

In the first experiment the usefulness of dynamically adapting parameters via genetic
algorithm is tested. In all currency pairs, the learning model is fed with all available
input data (i.e. raw data and trend deterministic technical indicator data). The results
are shown in Table 22. It can be seen that the system achieves different accuracy
values in different pairs. The most accurately predicted pair is EURGBP and a

59.63% accuracy is recorded.
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Table 21: SBT-DAP trading system parameters

Parameter Value§ Selected .
Experiment Explanation

Name ed Value

Account N/A 1000 Most experiments use 1000 or 10000

Balance USD initial account balance. Choice of

(USD) balance effects trading volume.

Trading 01,1 0.1 Forex providers generally enable 0.1 or

Volume (Lot) 1 lot trades. For a small account mini-
lots (0.1 lot) are better suited.

Trading 10, 20,50, | 100 Trading leverage determines the

Leverage 100 amount of impact a change in the
currency pair makes in the open trade.
A 100 leverage means a 1% change in
the pair results in 100% change in the
account balance.

Stop Loss 10, 20,50, |10 When a currency pair moves in the

(Pips) 100 opposite direction of an open trade, stop
loss amount determines how much loss
is accepted before closing position.

Trailing Stop | 10, 20,50, |10 An open trade might result in earnings

Loss (Pips) 100 first and losses later. For those cases a
trailing stop loss allows the trader to
stop the losses from a profit. This
variable determines how much loss
from profit is are accepted.

Take Profit 10, 20,50, | 100 A trade position cannot be kept open

(Pips) 100 forever even though it is in profit, since
markets fluctuate. Take profit
determines how much profit a single
open trade can make.

Strength 1,2,5,10 10 Amount of strength categories the SVM

Category will train for to

Granularity distinguish a weak buy/sell signal from

(SCG) a strong buy/sell signal. A value of 1
would result in binary buy/sell signals.

Strength 5, 10, 50, 5 The amount of pips per strength

Categorizatio | 100 category between the current trading

n Bucket day and next hill top or bottom.

Size (SCBS)

Hill Size for | 5, 10, 50, 10 Our algorithm will tag the training data

Strength 100 based on hill tops and hill bottoms. This

Tagging number determines how high or low the

Training peaks and bottoms will be.

Data (Days)
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Table 22: Single currency pair trading with all available parameters

Pair Name Precision | Recall Accuracy | F-
Measure

EURCHF 0,5663 0,5289 0,5688 0,5470
EURGBP 0,5543 0,6090 0,5963 0,5804
EURUSD 0,5293 0,5532 0,5399 0,5410
GBPCHF 0,5189 0,5440 0,5580 0,5312
GBPUSD 0,5071 0,5486 0,5434 0,5270
USDCHF 0,5396 0,5759 0,5799 0,5572

When the parameters are dynamically adapted to the trading period using genetic
algorithm, and all the input data is not fed to the learning model, the trading system

records observable improvements as shown in Table 23.

Table 23: Single currency pair trading with dynamically adapting parameters

Pair Name Precision | Recall Accuracy | F-
Measure

EURCHF 0,6678 0,5852 0,6297 0,6238
EURGBP 0,5543 0,6219 0,6068 0,5862
EURUSD 0,5293 0,5883 0,5962 0,5572
GBPCHF 0,6458 0,6125 0,6320 0,6287
GBPUSD 0,6504 0,6364 0,6382 0,6433
USDCHF 0,6527 0,6273 0,6400 0,6397

Prediction accuracy in all currency pairs increase in an average of 5.94% where the
largest increase is achieved in GBPUSD pair with 9.48% when parameters are

dynamically adapted.

Starting to use multiple currencies and allowing strength biased trading with
dynamically adapting parameters, results are improved significantly as shown in
Table 24. The average accuracy in 3 currency trading systems is 69.59% while the
accuracy of the 4 currency trading system is 78.78% both of which are higher than

single currency pair trading systems.
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Table 244: Strength biased trading with dynamically adapting parameters

Traded Currencies Precision | Recall Accuracy | F-Measure
EUR-GBP-CHF 0,7745 0,6716 0,7223 0,7194
EUR-GBP-USD 0,7008 0,6964 0,6962 0,6986
EUR-USD-CHF 0,6404 | 0,6770 0,6593 0,6582
GBP-USD-CHF 0,7068 0,6908 0,7059 0,6987
EUR-GBP-USD-CHF | 0,8040 | 0,7673 0,7878 0,7852

A graphical comparison of the above results are presented in Figure 21. AAP stands
for All Available Parameters and DAP stands for Dynamically Adapting Parameters.
SCPT models use Single Currency Pair Trading and SBT models use Strength
Biased Trading. Figure shows that DAP and SBT improves accuracy. The best

results are achieved in the four currency pool with SBT and DAP.
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Figure 21: Accuracy comparison of different trading models
All the above results include trend deterministic data being used in combination with

raw data. Due to space limitations we cannot include the detailed results obtained

with raw data and trend deterministic data alone. However using raw data and trend
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deterministic data alone results in 5% and 7% less accuracy on the average

respectively.

To embody the currency strength and strength bias concept, Figure 22 illustrates the
strength of the GBPUSD currency throughout trading days between 10/05/2011 and
10/11/2011. The blue line (i.e. the dashed line) indicates the price fluctuations of the
currencies, the values are denoted in the primary y-axis (i.e. left axis). The orange
line (i.e. dotted line) denoting actual strength is the strength of the currency
determined from actual future data and would be the optimal strength to predict. The
gray line (i.e. continuous line) is the strength of the currency determined by our
model. The values of these series are denoted in the secondary y-axis (i.e. right axis).
In our charts sometimes only the gray line is seen, this is due to an exact match (i.e.
both direction and magnitude-wise) between the predicted and actual strength. For
our trading system exactly matching the predicted strength to actual strength is not
necessary. However matching the direction of the strength values is crucial (i.e. if the

actual strength is negative, a negative predicted strength improves the directional

symmetry).
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Figure 22: Strength of GBPUSD between 10/05/2011 and 10/11/2011
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At 10/08/2011 the actual and predicted strengths for all the currencies available in

our system are depicted below in Table 25.

Table 25: Actual and predicted currency pair strength at 10/08/2011

Currency | Actual | Predicted
Pair Strength | Strength
EURCHF | 8 1
EURGBP | 3 1
EURUSD | 1 3
GBPCHF | 8 0
GBPUSD | 4 2
USDCHF | 8 6

The strengths of the individual currencies are then calculated via equation (1) and

results are outlined below in Table 26.

Table 26: Individual currency strengths at 10/08/2011

Currency | Strength
CHF -24
EUR 12

GBP 9

USD 3

Using equations (2), (3) and (4) and Table 14, we can conclude that gmin is CHF and
gmax is EUR since a gmax/gmin pair exists, our system will go long on EURCHF
pair. The pair is valued at 1,02637 at the day. In the next day -11/08/2011- EURCHF
will be valued at 1,08394. Which is a ~575 pip increase. Since our system employs a
100 pip take profit our earnings will be stopped at 100 pips. With a leverage of 1:100
that would result in 100% profit for the given day.

6.2.6 Comparison of Performance

Comparing our work to related work is difficult since we are using a currency
strength biased trading approach with a pool of four major currencies. The state of

the art models do not try to increase their directional symmetry by selecting a strong
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currency against a weak one, rather they predict in single exchange rated. Therefore
we compare our single currency trading approach with the related work. For the
comparison we have implemented Kamruzzaman and Sarker’s [35] algorithm SCG-
ANN, Stella and Villa’s [41] algorithm CTBNC, Shen, Chao and Zhao’s [42]
algorithm DBN-CRBM, Moosa and Burns’ approach [24] TVP and Anastasakis and
Mort’s algorithm [43] AC_NNGMDH.

Table 27: Performance comparison of single currency pair trading systems

SCPT |SCPT |AC TVP DBN |CTBNC |SCG

AAP |DAP |NNGM CRBM ANN
Precision | 0,5663 |0,6678 |0,4750 | 0,6162 |0,7005 |0,6936 |0,5250
EUR/ |Recall 0,5289 /10,5852 [0,4326 |0,5416 |0,5724 10,5858 |0,4758

CHF | Accuracy |0,5688 |0,6297 |0,4727 |0,5842 |0,6221 |0,6340 |0,5162
F-Measure |0,5470 |0,6238 |0,4528 |0,5765 |0,6300 |0,6351 |0,4992
Precision |0,5543 |0,5543 |0,5858 |0,5039 |0,6000 |0,6110 |0,6205
EUR/ |Recall 0,6090 |0,6219 |0,5345 |0,5527 |0,6175 |0,5924 |0,6147
GBP | Accuracy [0,5963 |0,6068 |0,5363 |0,5466 |0,6130 |0,5940 |0,6145
F-Measure |0,5804 |0,5862 |0,5590 |0,5272 |0,6086 |0,6016 |0,6176
Precision |0,5293 |0,5293 |0,4861 |0,5509 |0,5818 |0,5648 |0,5370
EUR/ |Recall 0,5532 |0,5883 |0,5016 |0,5622 |0,5891 |0,5631 |0,5790
USD | Accuracy |0,5399 |0,5962 |0,4897 |0,5506 |0,5782 |0,5529 |0,5632
F-Measure |0,5410 |0,5572 |0,4937 |0,5565 |0,5854 |0,5639 |0,5572
Precision |0,5189 |0,6458 |0,5342 |0,5147 |0,6287 |0,6547 |0,5635
GBP/ |Recall 0,5440 |0,6125 |0,5307 |0,4847 |0,5848 |0,5982 |0,5710
CHF | Accuracy |0,5580 |0,6320 |0,5447 |0,4988 |0,6032 |0,6190 |0,5826
F-Measure |0,5312 [0,6287 |0,5325 |0,4992 |0,6060 |0,6252 |0,5672
Precision |0,5071 |0,6504 |0,5449 |0,4992 |0,6331 |0,6409 |0,6252
GBP/ |Recall 0,5486 |0,6364 |0,5635 |0,5121 |0,6271 |0,6214 |0,6455
USD | Accuracy |0,5434 |0,6382 |0,5600 |0,5103 |0,6272 |0,6240 |0,6398
F-Measure |0,5270 |0,6433 |0,5540 |0,5056 |0,6301 |0,6310 |0,6352
Precision |0,5396 |0,6527 |0,5557 |0,5412 |0,5557 |0,6446 |0,4830
USD/ |Recall 0,5759 |0,6273 [0,5111 |0,5210 |0,5705 |0,6036 |0,5137
CHF | Accuracy [0,5799 |0,6400 |0,5229 |0,5324 |0,5782 |0,6193 |0,5237
F-Measure |0,5572 |0,6397 |0,5325 |0,5309 |0,5630 |0,6234 |0,4979
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All algorithms use the same data set obtained from TrueFX. Same spreads and
commissions defined in our system are applied. For each algorithm paper’s origin

country time-zone is used. The results are presented in Table 27.

In their original work Kamruzzaman and Sarker make [35] weekly forecasts for
AUD against five major forex currencies. The highest directional accuracy recorded
in the given work by SCG-ANN algorithm is 0.7714 for the AUD/GBP exchange
rate. The weekly data used is from years 1991 to 2002. There are 65 testing data
points which result in the given performance. In our experiments this model’s best
performances were recorded for GBP pairs (i.e. GBPCHF, GBPUSD and EURGBP).
The highest accuracy was achieved at GBPUSD pair and is 0.6398

Stella and Villa [41] have used a continuous time Bayesian network classifier for
predicting intraday values of foreign exchange rates. The predictions have been made
in EUR/USD, GBP/USD and EUR/CHF exchange rates. The work uses three
different data sets (i.e. TrueFX, Dukascopy and GainCapital) and different
directional accuracies have been recorded in different data sets. In our experiments
highest recorded performance of the CTBNC algorithm is 0.6340 for EUR/CHF.

Shen, Chao and Zhao’s work [42] achieve their highest accuracies in GBP/USD
exchange rate. The achieved accuracy is 0.6362. Forecasts are performed weekly and
there are only 52 testing data points. In our experiments the best performance
recorded is again on the GBP/USD with an accuracy of 0.6272 for the DBN-CRBM
algorithm.

Mossa and Burns’ work [26] use three different intervals —monthly, quarterly and
every six months- to predict the exchange rates of CAD, GBP, JPY and USD pairs.
The highest directional accuracy is once again achieved for the GBP/USD exchange
rate and is 0.72. This is better than our top GBP/USD forecast of 0.6382, however
this performance achieved with 12 data points and predictions are made in six month
intervals as opposed to our daily forecast approach. When forecasts are made for the

same currency quarterly the accuracy falls to 0.56 and for monthly forecasts the
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accuracy is 0.48. In our experiments the best accuracy achieved by TVP is at
EUR/CHF pair with an accuracy of 0.5842.

Anastasakis and Mort [43] forecasts daily values of GBP, USD, DM and JPY pairs.
The data uses 1362 data points, which is similar to the size of our data set. Authors
report GBP/DEM performance in their work. This currency is comparable to our
work since historical EUR/GBP prices are fixed based on GBP/DEM pair [44]. The
directional accuracy values for six months of testing data are reported and the highest
accuracy recorded in a given month is 0.6818 while the lowest accuracy recorded is
0.3182. The average performance on the given exchange rate is 0.5382. In our
experiments NNGMDH achieved its highest accuracy 0.5600 in the GBP/USD pair.

The comparison of performances of our system and related work is presented in
Figure 23. SCPT-DAP outperforms SCPT-AAP at each currency pair. With five
algorithms and six currency pairs present SCPT-DAP outperforms 25 out of 30
performance figures. SCG-ANN outperforms SCPT-DAP in two of six available
pairs: EUR/GBP and GBP/USD pairs with margins of 0.0077 and 0.0016
respectively. CTBNC outperforms SCPT-DAP in one of six available pairs:
EUR/CHF with a margin of 0.0043. DBN-CRBM outperforms SCPT-DAP in one of
six available pairs: EUR/GBP with a margin of 0.0062. In all the remaining instances
SCPT-DAP performs better than the competition.
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Algorithm Performance Comparison
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Figure 23: Single currency pair algorithm performance comparison

Figure 24 shows that when Strength Biased Trading approach is used, SBT-DAP
outperforms all the remaining algorithms significantly. Whilst the highest directional
symmetries recorded in Single Currency Pair algorithms belongs to SCPT-DAP with
0.6400 in USD/CHF and SCG-ANN with 0.6398 in GBP/USD, SBT-DAP’s lowest
directional symmetry is 0.6593 for EUR-USD-CHF pool and highest directional
symmetry is 0.7878 for the EUR-GBP-USD-CHF pool.
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Figure 24: Strength biased currency trading performance
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A summary of trading statistics regarding the trades made with the SBT-DAP
algorithm is provided in Table 28.

Table 28: SBT-DAP algorithm trade statistics

Currencies | EUR-GBP-USD-CHF
Open 3497
Positions

Profit 2755
Positions

Loss 742
Positions

Average 88,9
Profits

Average -127,6
Loss

Total Profit | 150216
Pips

Maximum 13,38
Account

Draw-

Down %

6.3 ZZMOP Results

In our ZZMOP algorithm we are making use of the Zigzag technical indicator,
Expectation Maximization clustering algorithm and SVMs. All three of these
components have certain parameters that adapt them to the problem at hand. We
discuss the characteristics of our dataset and how we adapt parameters for the

aforementioned components to our data in this section.

6.3.1 Characteristics of Our Dataset

Two types of historical data are collected by our system. First is price data with 15
Minute intervals which summarizes the opening, closing, low and high values for the
given interval. 15 Minute interval data values are used for training purposes. Second
data is the real time price data which contains all the price changes that have

happened in the currencies. Real time price data is used for testing and simulation
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purposes. Both data is collected for currency pairs including USD, EUR, GBP, and
CHF. Summary statistics of the data can be found in Table 29. Total data points are
the number of 15 Minute bars, minimum and maximum values represent the highest
and lowest values recorded, average value is the average of 15 Minute closes,
increases and decreases in value show a 15 Minute increase or a 15 Minute decrease

in the closing price of the currency pair. For training 15 Minute values are used.

Table 29: 15 minute exchange rate (training data) statistics

Instrument | Total Max. | Min. | Avg. | Increases | Decreases
Data Value | Value | Value |in Value | inValue
Points
EURCHF 121440 | 1.488 | 1.007 | 1.253 | 55776 65664
EURGBP 121536 | 0.913 | 0.776 | 0.839 | 60960 60576
EURUSD 121536 | 1.493 | 1.187 | 1.334 | 62208 59328
GBPCHF 121440 | 1.711 |1.146 | 1.493 | 58944 62496
GBPUSD 121536 | 1.718 | 1.423 | 1.589 | 60960 60576
USDCHF 121536 | 1.172 | 0.706 | 0.941 | 59424 62112

Since our system makes use of real life trading parameters such as stop loss and take
profit, for testing and model simulation, real time price data are used. Statistics for

these values can be found in Table 30.

Table 30: Real time exchange rate (testing data) statistics

Instrument | Total Data | Max. | Min. | Avg. | Increases | Decreases
Points Value | Value | Value | in Value |inValue
(%) (%)
EURCHF | 59948502 | 1.488 | 1.007 | 1.248 | 45.88 54.12
EURGBP | 67221512 | 0.913 | 0.776 |0.826 |50.12 49.88
EURUSD | 62915513 | 1493 |1.187 |1.316 |51.12 48.88
GBPCHF | 76187806 | 1.711 |1.146 |1.498 | 47.99 52.01
GBPUSD | 65708389 | 1.718 |1.423 | 1.591 | 50.22 49.78
USDCHF | 59461873 | 1.172 | 0.706 | 0.939 | 48.84 51.16

The set of parameters stored for each financial instrument are the same with our

previous model, and is listed in Table 17.
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6.3.2 Zigzag Related Parameters

Zigzag can detect any number of points given a large enough history window. Our
system can then use the Zigzag discovered price points to discover motifs. The size
of the window, the minimum required depth of Zigzag points and number of Zigzag

points to use are Zigzag related parameters of our algorithm. These are detailed in

Table 31.
Table 31: Zigzag related parameters

Parameter | Values Value Explanation

Name Experimented | Used

Window 50, 100, 150, 150 Our algorithm will run the Zigzag

Sizein 200 indicator in a historic window of

Bars price bars. This number
determines how large that window
will be.

Zigzag 8,12, 16, 20 16 Zigzag will look for tops and

Depth bottoms for a specific period of
bars. This number determines the
required minimum depth for a top
or bottom to be formed.

Zigzag 56,7,8,9,10 | 7 Zigzag will look for this many

Pattern Zigzag points to form a motif. A

Length very short motif would be too
common to be meaningful, and a
very long motif would be too
scarce.

Zigzag 5, 10, 30, 50 10 Zigzag thickness is the amount of

Thickness pips Zigzag line will extend in
both directions to cover prices
occurring in the instruments
historic data.

Zigzag 0.5,0.6, 0.7, 0.8 Zigzag coverage is the percent of

Coverage |0.8,09,1 price action that has to be covered
by the thick Zigzag line.

The number of points to take into account when clustering and classifying possible
motifs is particularly important for the success of the system. We are detailing the

selection of 7 Zigzag points for our motifs based on the experiments with different

motif lengths to determine the optimal length of a motif in Table 32.
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Table 32: Performance of different motif lengths

Motif | Average Average Top Short | Top Long | Average

Length | Short Long Reward/ Reward/ Reward/
Reward/ Reward/ Risk Ratio | Risk Ratio | Risk Ratio
Risk Ratio | Risk Ratio Difference

5 2,0880 2,0511 3,2293 2,6919 0,7630

6 2,0969 2,1037 3,0239 2,5817 0,6615

7 2,2250 2,1827 3,3267 3,0474 0,6763

8 2,2036 2,1296 3,0884 2,9385 0,5712

9 2,2180 2,1887 3,2179 2,8030 0,5849

11 2,2791 2,1648 2,9968 2,7557 0,4844

13 2,2960 2,2408 3,1513 2,9476 0,6079

The different motif lengths resulted in motif clusters with different characteristics
and although top efficiencies were achieved by motifs with length 7, there were no
clear winner since some other motif lengths resulted in higher average reward/risk
ratio and reward/risk ratio differences. To make a selection, we have awarded each
first, second and third place three, two and one points respectively. Based on this

criteria motifs with length 7 were selected since they have acquired the highest score.

The thickness and coverage properties of the modified Zigzag indicator contribute
significantly to the directional bias of the discovered motifs and hence the success of
our algorithm. Figure 25 depicts the (a) variation of average cluster directional bias
and (b) directional bias of the cluster with highest directional bias with respect to
Zigzag thickness with a fixed Thick Zigzag coverage value of 0.8. Figure 26 depicts
the variation aforementioned variables with respect to Thick Zigzag coverage with a

fixed Zigzag thickness of 10.
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Figure 25: Variation of (a) average cluster directional bias with respect to Thick
Zigzag thickness, (b) highest cluster directional bias with respect to Zigzag thickness

with fixed Thick Zigzag coverage of 0.8
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Figure 26: Variation of (a) average cluster directional bias with respect to Thick
Zigzag coverage, (b) Highest cluster directional bias with respect to Thick Zigzag

coverage with fixed Zigzag thickness of 10

6.3.3 Clustering Related Parameters

The Zigzag motifs detected by our system are clustered via the Expectation
Maximization (EM) clusterer [45]. The EM algorithm operates iteratively to find the
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maximum likelihood estimates of parameters in a statistical model. The EM model
depends on unobserved latent variables. EM iterations alternate between performing
the expectation step and the maximization step. The expectation step creates the
function for expectation of the log-likelihood with the current estimate for the
parameters. The maximization step computes the parameters maximizing the
expected log-likelihood found on the expectation step. The estimates are used
iteratively to determine the distribution of the latent variables in the next expectation
step. The EM clusterer uses certain parameters to operate, which we have
exhaustively searched with 432 trials to find the optimal. The used parameters are

explained in Table 33.

Table 33: EM parameters

Parameter Values Value Exolanation
Name Experimented | Used P
Iterations 100, 500, 1000 | 500 The maximum number of

iterations to perform. A
low number would result
in a solution that is not
converged. A high
number would result in
unnecessary computation.
Folds 10, 50, 100 10 Number of folds to use
when cross-validating to
find the best number of

clusters.
Minimum 0.00001, 0.000 | The minimum
Log 0.0001, 1 improvement in cross-
Likelihood 0.001, validated log likelihood
Improvement | 0.01 used to consider

increasing the number of
clusters when cross-
validating to find the best
number of clusters.

Minimum 0.00001, 0.000 | The minimum value for
Standard 0.0001, 01 standard deviation when
Deviation 0.001, calculating normal

0.01 density.
Simple K- 10, 50, 100 50 Number of runs of k-
Means Runs means to perform.
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With the parameters specified in Table 31 and 33, EM clusterer creates 23 clusters
for the interval 2010-2015 with a 15 minute operational timeframe. Number of
clusters are determined by EM’s built-in cross validation, and are not pre-specified.
Among the soft-assigned cluster numbers, the cluster number with highest
probability is assumed as the final cluster number for any individual pattern. Clusters
with top three highest short and long position efficiencies are highlighted below. The
average statistics regarding the clusters are specified below in Table 34 and

displayed in Figure 27 and 28.

Table 34: Clusters created by EM for 2010-2015 interval

Cluster | Pattern | Average | Short Long Reward/
Number | Count | Pattern Position | Position | Risk Ratio
Length Reward/ | Reward/ | Difference
Risk Risk
Ratio Ratio

0 126 142,09 2,8512 1,7218 1,1294
1 534 103,01 2,3607 1,8544 0,5063
2 166 139,53 1,9180 2,4896 0,5716
3 267 132,80 1,8988 2,1156 0,2168
4 310 133,48 2,0464 2,2881 0,2416
5 109 154,15 1,6734 2,5769 0,9035
6 196 130,73 2,2928 2,0434 0,2494
7 195 122,04 2,8373 1,6496 1,1877
8 478 108,51 2,5654 1,8966 0,6687
9 105 151,11 2,9010 1,7912 1,1098
10 374 116,91 2,0763 1,9058 0,1704
11 216 140,06 3,2293 1,4582 1,7711
12 151 176,78 2,1294 1,8646 0,2647
13 216 133,43 1,6528 2,9476 1,2947
14 341 128,65 2,1239 1,9483 0,1756
15 459 102,88 2,0389 2,6718 0,6328
16 152 146,03 2,4670 1,5849 0,8821
17 518 121,86 1,7670 2,71252 0,9581
18 392 118,46 1,7768 2,9415 1,1646
19 254 129,70 2,3306 1,8516 0,4789
20 532 107,69 1,8644 2,4398 0,5754
21 290 140,25 2,1870 1,9863 0,2006
22 224 126,80 2,0254 2,2271 0,2016
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Figure 27: Average directional bias of motifs in different clusters
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Figure 28: Distribution of average lengths of motifs in different clusters

6.3.4 SVM Related Parameters

An SVM requires certain parameters which directly affect its performance. We have
empirically experimented with several values for these parameters that have been
mentioned in related research and selected the best performing ones. To determine
the best performing parameters for our SVM, all possible combinations of the
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parameters have been exhaustively searched resulting in 540 experiments per each

training interval. The parameters that we have used are outlined in Table 35.

6.3.5 Trading Related Parameters

A realistic trading system requires certain parameters such as trading volume, stop
loss or take profit. In our system we have empirically experimented with several
values for these parameters that are common in the industry and selected the best
performing ones. To determine the best performing parameters for our system, all
possible combinations of the parameters have been exhaustively searched resulting in
30720 experiments per each forecasting period of 15 minutes for an interval of 5

years. These parameters are outlined in Table 36.

Table 35: SVM parameters

Parameter Values Exolanati
Name Experimented | Value Used | Expianation
Kernel Type Polynomial, Polynomial | Polynomial function kernels
Radial achieved superior
Basis performance in related work
[17, 27]. Thus we use the
polynomial function kernel
in our system.
Function 3,4,5 4 Degree of polynomial
Degree (d) function characterizes how
well the model fits to the
data. A very high degree
could result in overfitting.
Regularization | 0.00001, 0.0001 Regularization parameter
Parameter (nu) | 0.0001, 0.01, controls margin and
0.1, misclassification error.
0.25,0.5
Attribute Yes/ No Yes Input attributes are
Normalization normalized or left with
assigned bucket values
across the training set.
Training 1,2,3,4,5 5 A model in our system is
Interval (Years) trained with the given
number of years before
making decisions in
validation or actual data sets.
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Table 36: Trading system parameters

Parameter
Name

Values
Experimented

Selected
Value

Explanation

Trading
Volume
(Lot)

0.01, 0.1, 0,25,
05,1

Dynamic
Selection

Forex providers generally enable
0.1 or 1 lot trades. For a small
account mini-lots (0.1 lot) or
micro-lots (0.01 lot) are better
suited. In our experiments using
fixed lot sizes proved less
profitable, therefore the lot size is
dynamically selected based on
trade profitability analysis.

Stop Loss
(Pips)

10, 20, 50, 100

Dynamic
Selection

When a currency pair moves in
the opposite direction of an open
trade, stop loss amount determines
how much loss is accepted before
closing position. In our
experiments using fixed stop
losses proved less profitable,
therefore the stop loss is
dynamically selected based on
reverse price-action estimate.

Take
Profit

(Pips)

10, 20, 50, 100

Dynamic
Selection

A trade position cannot be kept
open forever even though it is in
profit, since markets fluctuate.
Take profit

determines how much profit a
single open trade can make. In our
experiments using fixed take
profits proved less profitable,
therefore the take profit is
dynamically selected based on
price-action estimate.

6.3.6 Sample Chart Patterns and Motifs Detected by ZZMOP

As specified in Algorithm 4 and 5 for each currency, at the completion of each bar,
the Zigzag indicator is applied to the historic bars of the currency to create Zigzag
points. Zigzag points are discontinuous and are alternating between highs and lows,

as is the case with legacy chart patterns. In this section we will show two legacy

chart patterns and two new motifs detected by our system.
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Legacy Chart Patterns

Two famous chart patterns are Head and Shoulders (H&S) and Inverse Head and
Shoulders (IH&S) chart patterns. For H&S and IH&S chart patterns to be formed, at
least 7 points are required on a chart. Sample H&S and IH&S chart patterns found by
ZZMOP are shown in Figure 29.

EUR/USD H&S EUR/USD IH&S

1.305 1.305 HIGH
4
1. 1. 1
3 ) 6 HIGH 3 3 s

1.295 3 5 1.295 2 6 LOW

1
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1.28 1.28

12 3 456 7 89 12 3 456 7 89

Figure 29: A sample (a) H&S pattern (b) IH&S pattern discovered by ZZMOP

The points defining the chart patterns are numbered 1-7 from left to right. The
sample chart patterns are less than perfect, for instance 1 and 3 are not equal to each
other, and they are also not equal to 5 and 7 which is by definition the case for H&S
and IH&S chart patterns. The local tops 2 and 6 are also not equal to each other.
However it is very hard to find a perfect chart pattern in the real world. In the
presence of the defining characteristics of the H&S, a chart pattern should be
accepted as an H&S chart pattern —same holds true for IH&S. These characteristics
are the presence of three hills where the first and third (i.e. the shoulders) hills are
smaller than the second hill (i.e. the head). Therefore a preliminary elimination in our
algorithm looks for at least 7 Zigzag points in the history window of a bar which

have these characteristics of an H&S chart pattern.
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Novel Motifs

Our system does not only detect previously established chart patterns, it also
discovers new motifs and groups them into clusters with similar future price action
characteristics. Two sample motifs that are detected by our algorithm are presented
in Figure 30. The 7th points in the motifs are the decision points and marked with
“Decision” label. The future price action for the motifs show an average of the future

behavior of motif instances.
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Figure 30: Sample novel (a) short pattern (b) long pattern discovered by ZZMOP

It can be observed when averaged, the behavior of the future prices result in an
amount of inverse price. In cases where the inverse price movement is equal to the
desired price movement, the motifs are inefficient due to commissions. For these
motifs, the time series are Tshort = <1.29299, 1.28672, 1.29156, 1.28164, 1.28644,
1.27619, 1.27972, 1.28215, 1.27186> and Tiong = <1.29061, 1.29542, 1.28582,
1.29064, 1.28158, 1.28593, 1.28283, 1.28047, 1.28979>. The reward/risk ratio of
these motifs are Rshort= 3.2345 and Riong = 2,9491.
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6.3.7 Performance of Our System

Different trading strategies and input compositions were used with the system and
different results in terms of performance were obtained. Obtained results are
presented in Table 37. For exchange ratios, buy and sell decisions are materialized
based on the closing value of the decision date, since the market is open for 24 hours.
The system can generate successive buy signals or successive sell signals, which
could be still meaningful due to their different signal efficiencies and take-profit and

stop-loss locations.

Table 37: Zigzag based pattern mining algorithm performance

Traded Precision | Recall Accuracy | F-
Currencies Measure
EURCHF 0,6953 0,6121 | 0,6577 0,6510
EURGBP 0,6283 0,6363 | 0,6334 0,6323
EURUSD 0,6358 0,6721 | 0,6548 0,6534
GBPCHF 0,6221 0,6044 | 0,6189 0,6131
GBPUSD 0,6881 0,6702 | 0,6737 0,6790
USDCHF 0,6445 0,6425 | 0,6508 0,6435

6.3.8 Comparison of Performance

The comparison of performances between related work and our SCPT-DAP system
has been presented in Table 27. In Table 38 we present performance values obtained
with ZZMOP and compare it to our previous work SCPT-DAP. With six algorithms
and six currency pairs present ZZMOP performs as the best model in five of the
currency pairs, and takes the third place in the GBP/CHF pair. SCPT-DAP and
CTBNC outperform ZZMOP in GBP/CHF. In all the remaining instances ZZMOP
performs better than the competition. In Table 39 an overview of directional

accuracies is also provided
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Table 38: Performance comparison of currency pair trading systems

ZZMOP | SCPT
DAP

Precision |0,6953 |0,6678

EURCHE Recall 0,6121 |0,5852
Accuracy |0,6577 ]0,6297
F-Measure |0,6510 |[0,6238

Precision [0,6283 |0,5543

EURGEP Recall 0,6363 |0,6219
Accuracy |0,6334 |0,6068
F-Measure |0,6323 |[0,5862

Precision |0,6358 |0,5293

EURUSD Recall 0,6721 |0,5883
Accuracy ]0,6548 |0,5962
F-Measure |0,6534 |0,5572

Precision 0,6221 |0,6458

GBPCHE Recall 0,6044 |0,6125
Accuracy [0,6189 [0,6320
F-Measure |[0,6131 |0,6287

Precision [0,6881 |0,6504

GBPUSD Recall 0,6702 |0,6364
Accuracy |0,6737 ]0,6382
F-Measure |0,6790 |[0,6433

Precision |0,6445 |0,6527

USDCHF Recall 0,6425 |0,6273
Accuracy ]0,6508 |0,6400
F-Measure |0,6435 |[0,6397
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Table 39:

Performance summary of currency pair trading systems

Currency | ZZMOP | SCPT | TVP | DBN CTBNC | SCG

Pair DAP CRBM ANN

EURCHF | 0,6577 |0,6297 | 0,5842 | 0,6221 | 0,6340 | 0,5162
EURGBP | 0,6334 | 0,6068 | 0,5466 | 0,6130 | 0,5940 | 0,6145
EURUSD | 0,6548 |0,5962 | 0,5506 | 0,5782 | 0,5529 | 0,5632
GBPCHF |0,6189 | 0,6320 | 0,4988 | 0,6032 | 0,6190 | 0,5826
GBPUSD | 0,6737 |[0,6382 | 0,5103 | 0,6272 | 0,6240 | 0,6398
USDCHF | 0,6508 | 0,6400 | 0,5324 | 0,5782 |0,6193 | 0,5237
Average |0,6482 |0,6238 | 0,5372 | 0,6037 [0,6072 | 0,5733

A summary of trading statistics regarding the trades made with the ZZMOP

algorithm is provided in Table 40.

Table 40: ZZMOP algorithm trade statistics

Currency | EURCHF | EURGBP | EURUSD | GBPCHF | GBPUSD | USDCHF
Open 3011 3216 3497 2995 3284 3113
Positions

Profit 1737 2037 2290 1854 2212 2026
Positions

Loss 1274 1179 1207 1141 1072 1087
Positions

Average 34,5 41,9 56,2 61 36,3 28,7
Profits

Average 31,3 49,8 47,4 47,9 35,7 27,5
Loss

Total 99816 144039 185862 167793 118578 88048
Profit Pips

Maximum | 25,52 19,93 34,46 32,77 24,61 19,83
Account

Draw-

Down %
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CHAPTER 7

CONCLUSION

In this paper we present three different approaches to forecasting exchange rates. Our
first approach is based on genetic algorithms and support vector machines for
building a foreign exchange rate prediction model. At the first stage raw price data
and trend deterministic technical indicators are used for input variable pool. Then the
inputs are dynamically adapted for each trading interval to better represent the
fluctuations in a given pair. Lastly prediction is done with a strength bias which

further increases directional symmetry in exchange rate prediction.

Our first approach shows that basic price data and trend deterministic technical
indicator signals can be used in conjunction with learning models such as support
vector machines to forecast price changes in financial markets such as the Forex
market. The success of the system heavily depends on the selection of inputs,
learning model and decision support mechanisms. The proposed strength biased
trading strategy proves useful in terms of directional symmetry and profits. Since the
strength bias property allows the system to select the strongest currency against the

weakest currency, directional symmetry is higher than related work.

Our second approach uses a modified version of the Zigzag technical indicator,
expectation maximization and support vector machines for predicting short term
trends in financial time series found in the foreign exchange market. At the first stage
raw price data is processed with Zigzag to create Zigzag points. Thickness and
coverage properties are introduced to Zigzag indicator to determine the compliance
of prices to motifs. Then the points are clustered each trading interval to better
represent the future movement types. The upcoming motifs are also clustered to find
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similarities with previous motifs. Lastly prediction is done for multiple parameters to

determine with trading parameters would result in optimal profits.

Our second approach shows that technical indicator data can be used to discover
motifs in conjunction with learning models such as support vector machines and
clustering algorithms to forecast price changes in financial markets such as the Forex
market. The success of the system depends on the selection of motif discovery
algorithm, learning model and decision support mechanisms. The proposed strategy

proves useful in terms of directional symmetry and profits.

Our last approach presents a pure technical indicator based trading mechanism for
trading short term trends in financial time series found in the foreign exchange
market. At the first stage a pair of RSI and CCI indicators are used to create buy and
sell signals. The crossovers between the fast and slow moving indicators are used to
buy and sell the instruments. At the second stage, trading parameters such as take
profit and stop loss are optimized for the given indicator signals. Lastly orders are
submitted in a test environment to simulate trades. The system is retrained in a
sliding window manner and parameters for the indicators and trades are updated to
keep the results optimal.

This approach shows that combination of different technical indicators and
parameters can be used to create profitable trade models that forecast price changes
in financial markets such as the Forex market. The success of the system depends on
the selection of technical indicators, indicator parameters and trade parameters.

Due to the nature of trade in the Forex market, stop loss and take profit locations of
the system are more important than when an order is submitted; therefore a Forex
trading system should focus heavily on stop loss and take profit parameters. The
optimization of the trade parameters are done both exhaustively and genetically.
Genetically optimized models perform similar to the exhaustively optimized models.
The simulation runtimes of genetic models are a fraction of their peers. Further

advancements of the trading algorithm mandates a parameter selection mechanism
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such as the genetic algorithms due to the required runtime of the exhaustive

parameter search.

All the systems proposed in this work are automatic and require no human
intervention. This is practical in a real time trading scenario, since the trades need to

be instantaneous.

For forecasting a combination of raw price data, technical indicator signals, technical
indicator generated motifs are used, but a rule based financial instrument selection

mechanism can also be implemented for further profits and directional symmetry.
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APPENDIX A

ALGORITHMIC SUCCESS RATE COMPUTATION

A.1l Formulae Regarding Computation of Precision, Recall, Accuracy and F-

measure

. TP
PT‘€ClSlOTlpositive = TP—-}-FP
. TN
Precisionyegative = TNFFN
TP
Recallpositive = m
TN
Recallnegative = m
TP + TN

A =
WAy = TP Y FP + TN + FN

2 x Precision x Recall

F — measure = —
Precision + Recall
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