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Abstract:

The final qualifying work consists dfl9pages, @ figures,28tables, an@1 sources. The goal of
this work is to predict the future prices of gold (XAUUSD) using machine learning methods.

Based on statistical analysis and hypothesis tests, | fimatany data is predictable and
contains some information. However, | need a larger training sample size to obtain significant
results. The ARIMA model is the best model for predicting future prices.

| performed hyperparameter tuning anébld validationfor all my models to validate the
results. | collected historical data for the H1 period candlestick from 2004 to the present, which is
approximately 19 years of data. After preprocessing the data, my training dataset consisted c
100610 samples, while nigsting dataset consisted of 1408 samples.

My research also required testing Transformer models and using data augmentation
However, due to a lack of computational power, | was unable to carry out these tasks.

Definitions, Designations, Abbreviations:

Machine Learning (ML) is a method of data analysis that automates analytical model
building. It is a branch of artificial intelligence (Al) based on the idea that systems can learn from
data, identify patterns, and make decisions with minimal human inteyue

Artificial Intelligence is intelligence demonstrated by machines, unlike the natural
intelligence displayed by humans and animals, which involves consciousness and emotionality.
The distinction between the former and the latter categories isreftealed by the acronym
chosen.

Time Series In mathematics, a time series is a sequence of data points indexed (listed or
graphed) in time order. Most commonly, a time series is a sequence taken at equally spaced
points in time. Therefore, it is a seqaerof discretdime data.

Candlesticks also known as Japanese candlesticks, are a type of financial chart used to
represent the price movements of an asset, such as a stock, commodity, or currency. The chart
displays the opening and closing prices, a agethe highest and lowest prices for a given time
period, such as a day, week, or month.

Candlestick patternsare a popular way for traders to analyze price movements and
make trading decisions. They provide valuable information about market serdimaecan be
used in combination with other technical analysis tools to identify potential trading opportunities.
Some other popular candlestick patterns include thedddjihe Engulfing pattern.

Technical indicatorsare mathematical calculations or statistical tools used by traders
and analysts to interpret and predict future price movements in financial markets, such as stocks
commodities, or currencies. These indicators are derived from historical price and dakame
and are plotted on charts to provide insights into market trends, momentum, volatility, and
potential reversal points.

A multivariate time seriesrefers to a type of time series data where multiple variables
or observations are recorded and obseatexhch time step. Unlike univariate time series, which
consists of a single variable, a multivariate time series captures the dynamics and dependencies
between multiple variables over time.



A univariate time seriesrefers to a type of time series ddtattconsists of a single
variable or observation recorded at each time step. It represents a sequence of data points wher
each point corresponds to a specific time and captures the value of the variable of interest at tha
particular time.

Covariates, in the context of statistical analysis, are additional variables that are included
in a statistical model alongside the main variables of interest. They are often used to control for
or account for potential confounding factors that may influence the redatbetween the
main variables.

Autocorrelation refers to the correlation of a time series with its lagged values. It
measures the degree of similarity or relationship between a variable and its past observations at
different time lags. Positive autocelation indicates a positive relationship between past and
current values, while negative autocorrelation indicates an inverse relationship. Autocorrelation
is commonly used to identify patterns and dependencies in time series data.

White noiseis a typeof time series where the values are uncorrelated and have constant
variance. In other words, each data point is independent and identically distributed (i.i.d) with a
mean of zero and constant standard deviation. White noise is considered a random and
unpredictable sequence of values and serves as a baseline for comparing the signal and noise
components in a time series.

Stationary refers to a time series that exhibits consistent statistical properties over time.
In a stationary series, the mean, variaeel autocovariance structure remain constant across
differentperiods. This implies that the distribution of data does not change over time, and there
are no longterm trends or seasonal patterns. Stationary time series are easier to model and
forecast as they display stable characteristics.

Random walk theory posits that the future values of a time series are unpredictable and
follow a random path. According to this theory, each future value depends solely on the previous
value plus a random shook innovation. In a random walk, the changes in the series are random
and not driven by any systematic or predictable patterns. Random walk models are often used tc
represent and forecast certain types of financial and economic data, such as stock prices,
exchange rates, and asset returns.

Joint Probabilities m=efx are just the probability of two thisgccurring at the same
time.

Marginal probabilities ==e are just the probability of one thing occurring.
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1 Theoretical part

1.1 Background and motivation for the study

Gold is a precious metal that has been used as a store of value and a means of exchange
centuries. The price of gold isfluenced by a variety of factors, including supply and demand,
geopolitical tensions, and economic indicators such as inflation and interest rates. As a result, gol
is considered a safeaven asset that investors often turn to in times of uncertainty.

In recent years, the use of machine learning algorithms for time series prediction has gaine:
popularity in financial forecasting. The ability of these algorithms to analyze vast amounts of data
and identify complex patterns makes them a promising topiréaticting the future prices of gold
with greater accuracy than traditional forecasting methods.

Despite the potential benefits of machine learning in this area, there is still a need for further
research to investigate the performance of different madbarning algorithms for predicting the
price of gold. This study aims to address this gap in the literature by using machine learning
algorithms to predict the future prices of gold (XAUUSD) with the best possible accuracy.

The gold market is a globadarket with a wide range of participants, including individual
investors, central banks, and financial institutions. The gold market is highly liquid, meaning that
there are many buyers and sellers of gold at any given time, and it is open 24 hourfva day,
days a week. According to the World Gold Council, the average daily trading value of the gold
market is estimated to be around $170 billion. This indicates that the gold market is one of the
largest financial markets in the world, and it plays a Sicant role in the global economy.

Given the size and importance of the gold market, accurate forecasting of gold prices car
have significant implications for market participants and policymakers. For example, investors
may use price predictions to infotimeir investment decisions, while central banks may use them
to manage their gold reserves and stabilize the financial system. Therefore, the motivation for thi
study is to provide insights into the performance of different machine learning algorithms fo
predicting the price of gold. This research is expected to contribute to the development of more
accurate forecasting models, which can help investors and financial institutions make better
informed decisions in the gold market. Furthermore, accuratkcfioms of gold prices can also
have significant implications for policymakers and regulators, who need to monitor the stability
of the financial system and the potential risks associated with fluctuations in gold prices.

To achieve the objective of prieting the future prices of gold (XAUUSD) with the best
possible accuracy, this study will investigate the performance of several machine learning
techniques that are commonly used for time series prediction. These techniqueduncéwdanot
limited to, autoregressive integrated moving avesa@®RIMA), artificial neural networks
(ANNSs), and long shoiterm memory (LSTM) models.

ARIMA is a statistical model that has been widely used in the field of time series analysis
and forecasting. This model isdgal on the assumption that future values of a time series are a
function of its past values and random error terms. ANNs are a type of artificial intelligence
algorithm thats effective in handling complex and ndinear relationships ifinancial data. These
models can capture hidden patterns and correlations in data by using multiple layers o
interconnected nodes. LSTM models are a type of recurrent neural netwoik ghdicularly
effective at capturing lonterm dependencies apdtterns in time series data.
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By comparing the performance of these different techniques, this study aims to identify the
most accurate method for predicting gold prices as a time series. The results of this study ar
expected to provide valuable insigiits investors, financial institutions, and policymakers, and
to contribute to the development of more accurate forecasting models in the field of finance.

1.2 Research problem

Despite the importance of gold as a dadwen asset and the potential benefitmathine learning
algorithms for predicting its prices, there is a lack of comprehensive research that investigates th
performance of different machine learning techniques for time series prediction of gold prices.
This gap in the literature highlightsemeed for further research to identify the most accurate
method for predicting the future prices of gold.

1.3 Research objectives

The main objective of this study is to predict the future prices of gold (XAUUSD) with the
best possible accuracy using machHeaning algorithms. To achieve this objective, the following
research objectives will be pursued:

1. Toreview the existing literature on the application of machine learning techniques
for time series prediction of financial assets, with a focus on gatd<ri

2. To collect and preprocess historical gold price data (XAUUSD) from reliable
sources and divide the data into training and testing sets.

3. To implement and evaluate the performance of different machine learning
algorithms, including ARIMA, ANN, andlSTM models, in predicting the future
prices of gold.

4. To compare the accuracy and efficiency of the different machine learning
algorithms and identify the most accurate method for predicting gold prices as a
time series.

5. To provide insights and recommendas for investors, financial institutions, and
policymakers based on the results of the study, and to identify potential areas for
future research in this field.

1.4 Research Questions

To address the research problem and achieve the research objectivislotiag
research questions will guide this study:

1. Does the historical data of gold prices (XAUUSD) exhibit patterns that can be
used to predict future prices using machine learning algorithms?

2. Can the collected features, including historical gold pricesrelated currency
pairs, and economic indicators be used to improve the accuracy of gold price
predictions?
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3. Is the size of the training sample sufficient to train the machine learning
algorithms effectively, and how does the size of the training saaifdet the
accuracy of the predictions?

4. Can the application of machine learning algorithms to predict gold prices result in
the development of a profitable trading strategy, and what are the implications of
such a strategy for market participants?

The first research question aims to investigate the presence of patterns and trends in th
historical data of gold prices that can be used to predict future prices. This question will be
answered through the application of various statistics tests.

The secondeasearch question will explore the use of additional features, such as economic
indicators, and correlated currency pairs to improve the accuracy of gold price predictions. This
guestion will be addressed by applying some statistics tests, and incorptiresedeatures into
the machine learning models and evaluating their impact on the accuracy of the predictions.

The third research question will examine the impact of the size of the training sample on
the accuracy of the predictions.

1.5 A brief overview of the Methodology of the research

The data used in this research incltide historical hourly opening, high, loandclosing
prices with the hourly trading volume of XAUUSD, as well as other relevant financial and
economic indicators ancbrrelated curnecy pairs that may influence the price of gold, The data
is collected from reliablsourceDukascopySwissBanking Group, and prprocessed to ensure
its quality and consistency. The data cevacertain period of time, such as the past 22 years, and
is divided into training, validation, and testing sets. The training set is used to train the models, the
validation set is used to tune the hyperparameters and avoid overfitting, and the ¢¢singed
to evaluate the performance of the models.

1.6 Literature Review

1.6.1 Overview of the gold market and its participants

The gold market is a global market with a wide range of participants, including individual
investors, central banks, financial instiituns, and governments. It is considered one of the largest
and most liquid financial markets in the world. The market operates 24 hours a day, five days ¢
week, and its prices are influenced by various factors, including supply and demand, geopolitica
tensions, economic indicators, and investor sentiment.

Individual investors ar@mportant participarstin the gold market. They can buy gold in
various forms, including bars, coins, and exchatngeéed funds (ETFs). The demand for gold by
individual invesors is influenced by various factors, including economic uncertainty, inflation,
and currency fluctuations.

Central banks are also significant players in the gold market. They hold gold as part of their
foreign exchange reserves, which can help theniigatheir domestic currency and manage their
balance of payments. Central banks may also buy and sell gold to manage their reserves ar
respond to changes in the global economic environment.
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Financial institutions, such as investment banks and hedge,faiso participate in the
gold market. They may buy and sell gold as part of their investment strategies, including hedginc
against inflation and currency risk. Financial institutions may also use gold as collateral for loans
and other financial transaons.

Governments are another important participant in the gold market. They may hold gold
reserves as part of their foreign exchange reserves, which can help them manage their curren:
and respond to economic shocks. Some governments also producel goidsat a source of
revenue.

Overall, the gold market is a complex and dynamic system with a wide range of participants
and factors influencing its prices. Understanding the behavior of these participants and the factor
driving the market i®ssential for developing accurate forecasting models for predicting future
gold prices.

1.6.2 Traditional forecasting methods for gold prices

Traditional forecasting methods for predicting gold prices have been widely used in the
financial industry formany years. However, these methods often have limitations, such as
difficulty in capturing complex patterns and trends in the data. As a result, there has been ai
increasing interest in the use of machine learning techniques for time series predictbrhahi
shown promise in capturing patterns and relationships that may not be apparent with traditiona
methods.

In this section, we will explore the use of machine learning algorithms for predicting gold
prices, including the strengths and limitationsh&fse methods. We will also discuss the different
types of machine learning algorithms that have been used for gold price prediction, and provide
an overview of their performance compared to traditional methods.

1. Fundamental analysis: This approach invehaxamining various economic,
financial, and geopolitical factors that can affect the supply and demand for gold.
For example, changes in interest rates, inflation, and currency values can impact
the demand for gold as a sdfaven asset. Fundamental astdyalso look at
factors such as mining production, central bank buying and selling, and jewelry
demand to understand the supply side of the market.

2. Technical analysis: This method involves analyzing charts and using various
technical indicators to idenyiftrends and patterns in the gold market. Technical
analysts use tools such as moving averages, Bollinger Bands, and relative strengtt
index (RSI) to make predictions about future price movements based on historical
patterns.

3. Using indices like the S&P 5@ihd Dollar index: Some traders use other financial
instruments or indices to forecast the direction of gold prices. For example, the
S&P 500 index is often used as a proxy for overall market sentiment, and changes
in the index can impact the demand fotdy&imilarly, the Dollar index, which
measures the strength of the US dollar against a basket of other currencies, car
impact the price of gold as many investors use gold as a hedge against inflation
and currency fluctuations.
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4. Trading with economic calead events: Economic events such as central bank
policy announcements, GDP releases, and employment reports can impact the
price of gold. Traders who follow these events closely may attempt to make
predictions about the direction of gold prices based oexpected impact of the
event on the broader economy and financial markets.

5. Trading with the news: Finally, some traders use news events and geopolitical
developments to make predictions about gold prices. For example, news of a
potential war or conflict@n lead to a flight to safety and an increase in demand
for gold. Similarly, political instability or changes in government policy can
impact the price of gold.

1.6.3 Machine learning algorithms for time series prediction

Machine learning algorithms have emedgas a promising approach for time series
prediction in recent years. These algorithms are designed to learn patterns and relationships in de
and make predictions based on those patterns. Compared to traditional methods, such :
fundamental and technicanalysis, machine learning algorithms have the potential to capture
more complex and subtle relationships in the data, resulting in more accurate predictions.

One of the most popular machine learning algorithms for time series prediction is the
Recurren Neural Network (RNN) model. RNNs are designed to handle sequential data, making
them ideal for time series prediction. A specific type of RidiNed the Long Shoiferm Memory
(LSTM) model,is particularly effective in capturing loAgrm dependencies in time series data.

Another type of machine learning algorithm that has shown promise in time series
prediction is the Support Vector Regression (SVR) model. SVR is a type of supervised learning
algorithm that uses support vectors tonidly the boundary between different classes or
categories. In time series prediction, SVR can be used to identify patterns in the data and mak
predictions based on those patterns.

Other machine learning algorithms that have been used for time sedegipneinclude
Random Forest, Gradient Boosting, and Artificial Neural Networks (ANNs). These algorithms
have different strengths and weaknesses and may be more suitable for specific types of data
prediction tasks.

Overall, the use of machine learniaggorithms for time series prediction in the gold
market has the potential to provide more accurate predictions, leading to more informed
investment decisions and better risk management. However, there is still a need for further researc
to investigatette performance of different algorithms and identify the best approach for predicting
gold prices.

1.6.4 Review of previous studies on using machine learning for
predicting gold prices

1. "Gold PricePredictionUsing Machine Learning Techniques: A Case Study in
India" by K. Srinivas and G. K. Patra (2018) The study found that Random
Forest and Gradient Boosting models outperformed other machine learning
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models in predicting gold prices in India. The authors also suggested that
additional variables related to maepmnomic indicators could improve the
accuracy of the models.

. "Forecasting Gold Price Using Multiple Linear Regression Model and Artificial
Neural Network™" by M. R. Hasani and M. F. Zarandi (204.6] he authors found

that the Artificial Neural Network modieerformed better than the Multiple
Linear Regression model in predictingold prices. They suggested that
incorporating additional variables such as interest rates, exchange rates, anc
inflation rates could improve the accuracy of the models.

. "Prediding the Price of Gold Using Machine Learning Techniques"” by N. T. Anh
and L. T. Trang (2019 The study compared the performance of three machine
learning models (ARIMA, LSTM, and Random Forest) in predicting gold prices.
The authors found that the LSTModel outperformed the other two models in
terms of accuracy. They also suggested that the inclusion of additional economic
indicators could further improve the accuracy of the models.

. "Gold Price Prediction Using Ensemble Learning Based on Machine Lgarnin
Algorithms" by Y. Wang, L. Liu, and W. Lu (202@ The study proposed an
ensemble learning approach that combines multiple machine learning algorithms
(Random Forest, Support Vector Regression, and Gradient Boosting) to predict
gold prices. The authorsodind that their proposed approach outperformed
individual machine learning models and traditional forecasting methods such as
ARIMA and exponential smoothing. They suggested that incorporating additional
variables such as political events and gold demanddcfurther improve the
accuracy of the models.
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2 Methodology
2.1 Data collection and preprocessing procedures
2.1.1 Data Collection

The financial datas represented by something called candlesticks. Candlesticks, also
known as Japanese candlesticks, are adf/fs@ancial chart used to represent the price movements
of an asset, such as a stock, commodity, or currency. The chart displays the opening and closir
prices, as well as the highest and lowest prices for a geod, such as a day, week, or niont

Bearish Candle Bullish Candle
High Upper High
Open shadow Close
Body !
Close Open
Lower
- shadow o

Figure 16 Candlestick structure

Eachcandlestick is composed of a rectangle, called the body, and two thin lines protruding
from the top and bottom of the body, called the wicks or shadows. The body represents the pric
range between the eping and closing prices for tperiod, while the wicks show the highest and
lowest prices that occurred during that time.

Dukascopy Swiss Banking Group prowdieee highquality Historical data for many
financial instruments includg mary Commodiies like Gold (XAUUSD).

The Historical data can be downtted directy through their websiteThe interface is
simple and you can use it without any instructions needed.

17



Instrument Q
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Figure 20 Dukascopy Historical data download interface

| collectedhistorical dga from 2004 till now. about ~19 years of historical data. | collected
different timeframes; My main timefran®1H and 5M, 15M, 30M, 4Hand1D for furtherstudies
in the future. | followed the download interface to do so.

2.1.2 Data Integrity and solutions

Data irtegrity refers to maintaining the accuracy, consistency, and reliability of data
throughout its lifecycle. This involves ensuring that data is not corrupted, lost, or accessible to
unauthorized users. Maintaining data integrity is important for ensuraiglttia is trustworthy
and can be used for decistoraking purposes. Measures to ensure data integrity include
implementing security protocols, backup and recovery processes, and data validation procedure:

After operaing a network analysis for the dowmld packages through the download
interface, | conclude that many packages failed to be dodeddarough503[1] error.
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Figure 30 Network analysis for the download interface

Along with my research for a solution | fourttieNode.js library which cadownload the
historical data and iterate n times for the missing packages unit fetching them.

The libraryis calledthe DukascopyNode library.
2.1.2.1DukascopyNode library

The DukascopyNode libraryis an opensource Node.js library on GitHub that simplifies
connecting to the Dukascopy trading platform API, a popular platform for forex trading. The
library includes APIs for managing trades, historical data retrieval, and monitorininreal
market dataUsers need a Dukascopy trading account and API key, which can be obtained from
the Dukascopy website. Once the API key is obtained, users can install the library via npm anc
start using the APIs. The Dukascelgde library is a helpful tool for automatifigrex trading
strategies with the Dukascopy trading platform API, making it easier for users to focus on
implementing their strategies.

Downloading historical price data for:

Figure 40 DukascopyNode library CIL prompt

| run this library as a CIL prompt ithe bash terminal as follosv

npx dukascopy -node -ixauusd -from 1999 -01-13 -to 2023 -03-26 -t tick -V
true -fcsv  -chtrue -r10 -rp500 -dtrue
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where-rp 500refers to themax iterate number for missing data.

2.1.3 Data Preprocessing

Figure 56 Example of raw historical data showing th&lues of the flat

The Preprocessing data which | download cossithe actual data with the flats, flats
mean candlesticks wita volume of O for weekends wehthe market closesnd some missing
data. As shown in figure 5

After applying cleaning processiswhich | handle missing data, duplicated, and outliers,
The final data obtained quality of 89.5 % with corrupted frequency. The corruption of the
frequency will affect every machine model | will create and will cause a huge drop in the model
accuracy and mgesearch integrity.

To obtain Highquality data with intact frequency, | developed a data pipeline to achieve
my objective.

2.1.4 Data Pipeline
2.1.4.1Flats Data

W\" W'la Ul i /!
)

aaaaaaaaa

!
M\ Y

Figure 66 Example of data Flats types
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Before Building the data pipeline we need to understand the coaicept of the missing
data which consisin my dataset which are flats.

Flats data means a candlestick with no volume and there are three types of them:

1. Weekend Flatsd these candlesticks represent the tamevhich the market is
closed as shown in figufe these candlesticks have the same values and there is
no trading volume. the forex marketaslecentralized markehatworks 24/7 5
days a week

2. Consistence Flat® two or more duplicated candlesticks with no trading volume
follow e a ¢ h  areatea sebiesf @ata of the same valukinteroperated this
as a fetal missing data occurred by network 503 error. Asrsindvigure 6 (blue
arrow).

3. Single Flatsd these are a single value (there is no duplication) has no trading
volume. And it represents the actual mgstlata value for my final data pipeline
out put and 04%06s | ess t han
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2.1.4.2Data Pipeline Structure

Outliers

j 0.4% From data Features

outputs

o4 b

Features

. .

Figure 71 Data PipelineStructure

44—

22



My data pipeline contains different stages shown in figure 7, and these stages are:

theOu t |

Where:

N

© N O

Removing weekend flats

Build intact frequented blocks by ¢ung the time series on consistence Flats
and delete these flats

Handle singt flats

Adding features ® Add correlated currency pajrs

Handle Outliers

Adding features @ Add Technical indicators

Add agroup number for each block

Add Target data (Predicted values) Then shift o predict the next predicted
value byknowing the current predictorfeatures

Output Pandas Data Frame contain$00% quality blocks represented the
groupcolumn.

All these stages are straight forward and deitle coding skilk. the processes of hanui

i er 6s st age saonciredrd details ehach shoukl be exptaiaegl.e

2.1.5 Handle Outlier

To detect the outliers, | depended on five factors tail, head, body, absoluteabddy,
movement

= =4 =4 4

OOQNEE N @Ea é i @E O 1)
WEQdd A@n@saéi QETE N @Eaéi Q (2)
WD E QUDOE N QA éi Q (3)
MOQMO | AG n@Eaéi Q (4)
GV QAQERD &V (5)

opend is the open price of the candlestick;
closed is theclose price of the candlestick;
highd is the high price of the candlestick;
low 0 is the low price of the candlestick.

By calculaing these factors | obtained the following results, head outliers % 6.49, abs.
body outliers % 7.16, body outliers 9465, tail outliers % 6.96, and movement outliers % .6.48
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Figure 80 boxplot and histogram for gold body factor.

2.1.5.10utliers Frequency

To understand the natural of the outliers, | needed to make a frequency analysis and thi
analysis answer a critical quies which is Do these outliers are reatlothey appear by changing
in market characteristics over the years?

| will plot only the outliers and if these outliers cluster in some data range so | can conclude
that these are not an outlier but they appgarhianging in market characteristics over the years.
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Qutliers - XAUUSD - 1H

Figure9o Out | i er s clustering
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As shown in figure 9, The outliers appear all over the years except ~titheeeanges
(blue arrows) and they didndt crreahdudiesantd us-t
proceedwith my work.

2.1.5.2Handle Extreme outliers

We candt just del et e o umhdseriesdata dna tbese ootliens ¢
carry meaningful representation so | tried to capith another method to handle this problem.

The comma equation to get any data outliessas follows:

0p Qo&md HhE& oERa Q (6)

00 QO;D HE oG Q (7)

00 'YOo Op (8)

"QQaH 68 0p U'EO0 8§ 68 0o 0CQE 00 'Y (9)

0 Q1 p® value is the magnitude we allow for the values before we consider them
outliers. by changing this value to represent the extreme outliers we can normalize these outlier
and the process to do sms follows.

sssssssssssssssssss
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Figure 100 'boxplot Wifh differenhis values for XAUUSD head vaIués

As shown in figure 10, to handle the extreme value we need to change the whis value in
the above equation until to cover the clustered outliers and the outliers became the extrerme outl
only. Figure 10 is forthe XAUUSD head factor, we need to do the same process to all the five
factors. and also, | collect other historical data for correlated currency pairs with gold, AUDUSD,
NZDUSD, USDCHF, USDCAD, and EURUSD | will do the samegess in them and normalize
their extreme outliers. you can see the charts in the appendix.

2.1.5.3Handle outliers by smoothing

Smoothing is a technique that is often used to reduce noise in a dataset and help identif
underlying patterns in the data. One comrmapproach to smoothing is to use a moving average,
which involves taking the average of a window of consecutive data points. However, this method
can be sensitive to outliers, which can bias the average and distort the underlying patterns in th
data.

To address this issue, various methods have been developed to handle outliers in the da
when smoothing time series. One such method is the Median Absolute Deviation (MAD), which
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involves using the median of the absolute deviations of the data pointghHeomedian of the
entire dataset. Another method is the Winsorizing technique, which involves setting the extreme
values to a certain percentile of the data distribution.

Another popular approach is to use a weighted moving average, where the weights are
assigned based on the distance of each data point from the center of the window. This methc

gives more weight to the data points closer to the center, which reduces the impact of outliers an
preserves the underlying patterns in the data.

Overall, smodting techniques can be useful for identifying underlying trends and patterns
in time series data, but care must be taken to handle outliers properly to avoid distorting the result:

| used Exponential Moving Average (EMA) to smooth the open, high, lowglasd prices.

Exponential Moving Average is a type of moving average that assigns more weight to
recent data points and less weight to older data points. Unlike simple moving a\&dg9,
EMA gives greater importance to recent prices.
The formula for A is:

006 fi WEY ow z p Y (10)
Where:

T [ Wbisthe € i X0z & ¢ @ wa § prices of the asset today;
T °Y i is the degree of weighting decrease applied to the most recesit pric
calculated as—, where0 is the number of periods;

 O00 7 isthe EMA value of the previous day.

changes.

The smoothing factor in the EMA formula determines the period of the moving average.
EMA is to price changes. Conversely, the longer the period, the less sensitive the EMA is to price

The shorter the period, the greater the weight givaedent prices, and the more sensitive the

3000 4
2000

25004
1000

2000

Count

1500

—1000 4

1000

—20004

500

T T
—2000 —1000

T u y
] 1000 2000

xauusd_body

check xauusd_body

Figure 118 The body boxplot and histogram after handling the outliers
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As shown in figure 11, Aftedeleing the extreme outliers and smoothing the data, the
outliers decrease sharply and they clugtert h each ot her 6s without

2.1.6 Collect Features

The features that | collect consist of some correlated currency pairs with gold, d¢eksllest
patterns, and some technical indicators.

2.1.6.10pen, High, Low, and Volume

These features came with the dataset. It's important to know this information to n days behind.

2.1.6.2Trading session (time zones) [8]

When it comes to forex trading, trading sessiony plarucial role in determining the
market's behavior. As mentioned earlier, the forex market is open 24 hours a day, five days a wee
and this means that the market is always active.

However, the level of activity is not constant throughout the day.l&\ed of activity
varies depending on the time of day, the day of the week, and the currency pairs that you ar
trading.

One of the most significant benefits of understanding the importance of trading sessions is
that it can help you identify the beshi to trade. Every trading session has unique characteristics
that affect the behavior of the market. For example, the European trading session is known to b
the busiest trading session since it overlaps with both the Asian and American trading session:
During this time, the market is highly volatile, which can present many trading opportunities.

Another benefit of understanding trading sessions isliegican help you identify which
currency pairs to trade. Some currency pairs are more active duriagn ¢exding sessions than
others. For example, the AUD/USD pair is more active during the Asian trading session since it
involves the Australian and Japanese markets. On the other hand, the GBP/USD pair is more acti
during the European and American fregdsessions since it involves the British and US markets.

In summary, understanding the importance of trading sessions is critical to your success a
a forex trader. It can help you identify the best time to trade, which currency pairs t@atrdde
makemore informed trading decisions. The forex market is highly volatile, and knowing when to
trade can mean the difference between a profitable trade and a losing one.

The forex market can be broken up into four major trading sessiorSydmey session,
the Tokyo session, theondon session, and tiNew York session.

1 Sydney is open from 9:00 pm to 6:00 am UTC
9 Tokyo is open from 12:00 am to 9:00 am UTC
1 London is open from 7:00 am to 4:00 pm UTC
1 New York is open from 1:00 pm to 10:00 pm UTC

| appliedto four time zones Sydney, Tokyo, London, and New York. Each time as a
categoric feature
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2.1.6.3Candlestick Patterns

Candlestick patterns are a popular way for traders to analyze price movements and mak
trading decisions. They provide valuable information about mag@iment and can be used in
combination with other technical analysis tools to identify potential trading opportunities. Some
other popular candlestick patterns include the Biogithe Engulfing pattern.

| will use the7 Candlestick Pattern following a recommdation of aBBABYPIPS article
[2]. I used Talib [3] library to detect this pattern.

2.1.6.3.1The Hammer

N

Hammer

Figure 126 The hammer pattern

Is a single candlestick pattern that appears at the bottom of a downtrend. It has a smalbhgdy,
lowershadow, and little to no upper shadow. The color of the candlestick is not as important as the positior
of the shadows. The Hammer indicates that selling pressure has pushed the price down, but buyers ha
stepped in to push the price back up. This butkstersal pattern is often used by traders as a signal to buy.

2.1.6.3.2Bullish and Bearish Engulfing

Bearish Engulfing Bullish Engulfing

Figure 130 Bearish and Bullish Engulfing
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Bullish and Bearish Engulfing patterns are widely used by traders as a potential signal for trend
reversal. Havever, it is important to note that these patterns should not be used in isolation and should be
confirmed with additional technical analysis. Additionally, other factors such as market trends and news
events should also be considered before making adingraecisions based on these patterns.

2.1.6.3.3Shooting Star

Shooting Star

Figure 140 Shoot Star

The shooting star candlestick is a type of candlestick pattern used in technical analysis. It is formec
when a stock's price opens high, then ditbpsughout the day, but finishes strong with a small body and
long upper shadow. This pattern is often used to indicate a potential trend reversal or bearish marke
sentiment.

2.1.6.3.4The Doji

Doji

Figure 158 Doji Pattern

The Doji is a candlestick pattern in technical analysis that indicates a potential reversal in price. It
is formed when the opening and closing prices of an asset are very close to each other, resulting in a sm.
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or nonexistent body and long upper angvier shadows. The Doji can signal indecision in the market and
is often used in combination with other technical indicators to confirm a potential trend reversal.

2.1.6.3.5Doji Star

Morning Doji Star Evening Doji Star

| | n

Figure 160 Doji Star Pattern

A Doji star is a reversal indicator uptrends and downtrends. It has two types: bullish and bearish.
It consists of three candleshe first is long and bullish/bearish, the second is a Doji, and the third is long

and bearish/bullish.

2.1.6.3.6Inside Bar
Bullish Inside Bar Bearish Inside Bar

Figure 178 Bullish and Bearish irde bar

An inside bar candlestick is a tvar pattern where the second candlestick is completely
contained within the range of the prior candlestick. This pattern usually indicates a period of
consolidation and can signal a potential breakout in eithectchn. Traders often use this
pattern as a signal to enter or exit trades.
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2.1.6.3.7Morning and Evening Star

Evening Star Morning Star

Figure 180 Evening and Morning Star

The Morning and Evening Star candlestick is a tuamdle pattern that is used to signpbéential
reversal in the direction of a trend. The pattern consists of a long bearish (or bullish) candlestick, followed
by a small candlestick that gaps below (or above) the first one, and then followed by a long bullish (or
bearish) candlestick. The shhaandlestick in the middle is often referred to as a "doji" and represents
indecision in the market.

2.1.6.4Bollinger Bands® - Volatility indicator
Bollinger Bands ® was developed by technical trader John Bollinger.

The Bollinger Bands indicator is commonilised in technical analysis to determine
whether an asset's price is relatively high or low and to identify potential overbought or oversold
conditions. When the bands are narrow, it suggests that the market is quiet, while wider band
indicate a more voldé market. The indicator consists of a middle line, which is a simple moving
average (SMA) of the asset's price, and upper and lower bands that represent two standa
deviations above and below the SMA.
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Figure 196 An Example of Bolliger Bands ® from Investopedi&®

Formula:

600YOOYBE Gz, "YOE (11)
6000006 YR oz, YO (12)

Where:

BOLU = Upper Bollinger Band;

BOLD = Lower Bolling Band;

MA = Moving average;

TP = (High + Low + Close) / 3;

n =period,;

m = number of standard deviations (typically 2).

=A =4 =4 -4 -4 4

2.1.6.5Moving Averages

The Moving Average indicator is a widely used technical analysis tool that helps traders
identify the trend direction and potential reversals. It uses a set of historicaldateceand
calculates the average price over a specific period of time. This can help smooth etdrshort
price fluctuations and make it easier to spot trends. There are different types of moving average:
including simple moving averages, exponential mg\averages, and weighted moving averages.
Each type has itstrengths and weaknesses, and traders may choose to use one or a combinatic
of them depending on their trading strategies and goals. Additionally, the Moving Average
indicator can be used oonjunction with other technical indicators and chart patterns to confirm
trading signals and improve the overall accuracy of trading decisions.

It's a common practice to use a combination-80%2 moving average peristibgether to catch
a trend or brdeout. Also, you can use 200 for velgng-termtrades.
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SMA EMA
PROS Displays a smooth chart that eliminates Quick Moving and is good at showin
most fakeouts. recent price swings.
CONS Slovamovi_ng, which may cause a lag inf  More prone to cause fake outs anc
buying and sellingignals give errant signals.

2.1.6.6Average True Range (ATR)

It was introduced by Welles Wilder in h
Systems .

Average True Range (ATR) is a technical analysis indicator that nesasarket volatility
by analyzing the range of an asset's price movement. The ATR is calculated by taking the averag
of the True Range (TR), which is the greatest of the following: the difference between the curren
high and the previous close, the diffece between the current low and the previous close, and the
difference between the current high and the current low. A higher ATR indicates greater volatility,
while a lower ATR indicates less volatility.

Wilder used a period af. Other common periodsed arel4 and20.

Formula:
. 0 "Y'¥ Y'Y
0 "Y'Y : P (13)
Where:
1 n =number of periods;
1 TR =True range.
and TR comes from:
YY 00O 0hO 6 hd 6 (14)

WHERE:

! H-Today's high
1 L -Today's Low
1 6.1 - Yesterday's closing price

2.1.6.7Standard Deviation

The standard deviation (SD) indicator is a statistical measure that helps forex traders gaug
the amount of market volatility. It shows how much prices have deviated from their average value
over a period ofime. Traders can use the SD indicator to identify potential trading opportunities,
such as breakouts or reversals, and to setlssgpand takerofit levels.

2.1.6.8Relative Strength Index (RSI)

Relative Strength Index, or RSI, is a popular indicator deeeldyy a technical analyst
named J. Welles Wilder [5].
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The Relative Strength Index (RSI) is a technical indicator used to measure the strength o
weakness of a currency pair by comparing its up movements versus its down movements over
given time periodRSl is commonly used by traders to determine whether a currency is overbought
or oversold. When the RSl is above 70, the currency is considered overbought and may be due f
a correction. Conversely, when the RSI is below 30, the currency is considersdidwand may
be due for a rebound.

Relative Strength Index
(RSI)

overbought

) ._ -
o N L\_\_'_/\\\_H\ )
oversold -~

Figure 200 Example of RSI Indicator withdescription of overbought and oversold zones.

Formula:
w pmm
Yy 15
(‘qp,g‘”gtﬁg&‘v, o 4o
OLQI @ € i
YY o, . (16)
0L QI QOOEA £ i1 Qi
Where:

1 RSI = Relative strength index

2.1.6.9Stochastic

It was developed bgeorge C. Lane [6] in the late 1950s. He believedrimhentum
changes before prig® he created thetochastic Oscillatar o f ol | ow t he HfAspe
of price.

The Stochastic mhicator is a popular technical analysis tool used by traders to identify
potential trend reversals and overbought or oversold conditions in the market. It was developed b
George Lane in the 1950s and is widely used by traders to this day.

The Stochastioscillator is based on the idea that when an asset is trending up, its closing
price tends to be near the high of the trading range. Conversely, when an asset is trending dow
its closing price is often near the low of the trading range. The StochaBtator measures the
relationship between the closing price and the {aghrange over a set period of time, typically
14 days.
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Stochastic

Figure 218 Example of Stochastic Indicator

The Stochastic oscillator consists of two lines: tk#K$ line and the $6D$ line. The
$\%K$ line is the main line and is calculated as follows:

WOl | EXEDINE 0 QiE D

PU P ena 6 ¢ 0 Qe o (7)
The line is a moving average of th&4K$ line and iscalculated as follows:
PO pmati 6@ Qi "GP L DG BEQI (18)

Traders use the Stochastic indicator to identify overbought and oversold conditions. When
the %K line crosses above the %D line, it is considered a bsigshl, indicating that the security
may be oversold and that a potential uptrend may be coming. Conversely, when the line crosse
below the %D line, it is considered a bearish signal, indicating that the security may be overbough
and that a potential dowrend may be coming.

2.1.6.10 Average Directional Index (ADX)

The average directional movement index (ADX) was developed in 1978 by J. Welles
Wilder [7]
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It is used to measure the strength of a trend. It is adivestional oscillator, meaning it
does not determenwhether a trend is bullish or bearish. Rather, it is used to determine the strength
of a trend, regardless of its direction. ADX values range from 0 to 100, with readings below 20
indicating a weak trend and readings above 50 indicating a strong trend.

ADX is calculated using a formula that takes into account the difference between two
directional indicators: the positive directional indicator (+DI) and the negative directional indicator
(-DI). The ADX line itself represents the average of these twectianal indicators, and it is
typically plotted alongside the +DI arDlI lines.

- 36.00

’1t+}j{1}lk}1

} l - 32.00
it i ljf{}1+14+l - 28.00
! !I T L 24.00
Jl Lj" Ll
- 20.00
*+I1i+{r 1

11 L 16.00
1 - 12.00

-H-J'J"l-t"-‘]_Jt;; 8.57
— ’/“ \‘, _/’. - 30,00

., P N

; - 20.00
4
B

I~ 10.00

( T 1 I 1 1 ] 1 ] 1 I 1 1 ] 1 I 1 1 ] 1 I 1 1
Aug Sep Oct Oct Nov Dec Dec Jan Feb Mar Mar Apr May May Jun Jul Jul Aug Sep Sep Oct Nov

2 Investopedia

Figure 226 Example of ADX Indicator

Traders use ADX to identify whether the market is ranging or starting a new trend. When
the ADX line is below 20, it indicates that thearket is in a ranging phase, with no clear trend in
either direction. When the ADX line is above 50, it indicates a strong trend, which can be either
bullish or bearish, depending on the direction of the trend.

Overall, ADX can be a useful tool for traxd looking to identify the strength of a trend, as
well as potential entry and exit points. However, like all technical analysis indicators, it should be
used in conjunction with other tools and analysis techniques to make informed trading decisions.

2.1.6.11 Moving Average Convergence Divergence (MACD)

MACD stands for Moving Average Convergence Divergence. It is a popular technical
indicator used in financial analysis to identify changes in sand momentum. The MACD is
calculated by subtracting the -périod exponential moving average (EMA) from the-i€riod
EMA, with a 3period EMA signal line used to identify potential buy or sell signals.
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When the MACD line (1zperiod EMA- 26-period EMA) crosses above the signal line (9
period EMA), it is considered a ligh signal indicating a potential buy opportunity. Conversely,
when the MACD line crosses below the signal line, it is considered a bearish signal indicating &
potential sell opportunity.

The MACD is also used to identithe divergence between the MACIh& and the price
of the asset being analyzed. Divergence occurs when the price of the asset is moving in on
direction, while the MACD line is moving in the opposite direction. This can be a signal of a
potential trend reversal.
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Figure 230 Example of MACDndicator

It is important to note that the MACD is just one tool among many used in technical
analysis, and should not be relied upon solely to make investment decisions. It is best used i
combination with other indicators and analysechniques to get a more comprehensive
understanding of market trends and potential opportunities.

In summary, the MACD is a widely used technical indicator that can help traders and
investors identify changes in trend and momentum, as well as potantiahld sell signals. By
using the MACD in conjunction with other analysis tools, investors can make more informed
decisions and potentially improve their overall investment performance.

2.1.6.12 Chaikin Money Flow (CMF)

Chaikin Money Flow (CMF) is a technical imditor developed by Marc Chaikin that
calculates the volumeeighted average of accumulation and distribution over a specified period,
typically 21 days. The key principle behind the Chaikin Money Flow is that the proximity of the
closing price to the higindicates a greater accumulation of stock, while the proximity of the
closing price to the low indicates a greater distribution of stock.
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To calculate the Chaikin Money Flow, the user must first determine the Money Flow
Multiplier, which is the relatiorsp between the current closing price and the midpoint of the high
and low prices. The Money Flow Volume is then calculated by multiplying the Money Flow
Multiplier by the volume for the period. The CMF is then calculated by summing the Money Flow
Volume for each period and dividing the result by the total volume for the period.

m“’r{”m“}}l 1 IIT}}H 140.00
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Figure 246 Example of CMF

When the price action consistently closes above the midpoint of the bar on increasing
volume, the Chaikin Money Flow will be positive, indicating a Ishilirend. Conversely, when
the price action consistently closes below the midpoint of the bar on increasing volume, the
Chaikin Money Flow will be a negative value, indicating a bearish trend. Traders can use the
Chaikin Money Flow to confirm trends, idéfgtpotential reversals, and generate trading signals.

# ( #

#- & ’ ( 611 (19)
Where:
1 n =number of periods, typical 21
1 H=High
T L=low
1 C=close
1

Vol = volume
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2.1.6.13 On Balance Volume (OBV)- Volume o
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Figure 256 Example of OBV Indicator

BalanceVolume (OBV) is a technical analysis indicator that uses volume flow to predict
changes in stock price. OBV measures buying and selling pressure as a cumulative indicato
adding volume on up days and subtracting it on down days. The theory behind @8\tlsinges
in volume precede price movement, so tracking volume can help predict changes in price trend

OBV was developed by Joe Granville in the 1960s and has been widely used ever since
Traders use OBV to confirm price trends, spot divergencesdantify potential breakouts. When
the OBV line is trending up, it suggests that buying pressure is increasing and the uptrend is likel
to continue. Conversely, when the OBV line is trending down, it suggests that selling pressure i

increasing and the dowrend is likely to continue.

However, it's important to note that OBV is not a standalone indicator and should be used

in conjunction with other technical analysis tools for more accurate predictions.

2.1.6.14 Currency correlated with XAUUSD
2.1.6.14.1 AUD/USD

Australia isthe third biggest gold producer in the world, sailing out about $5 billion worth

a year.
2.1.6.14.2 NZD/USD

New Zealand (rank 25) is also a large producer of gold.
2.1.6.14.3 USD/CHF

Over 25% of
movesdown (CHF is bought).

Switzerl and©os

39

reserves



2.1.6.14.4 USD/CAD

Canada is thBth largest producer of gold in the world. As the gold price goes up, the pair
tends to move down (CAD is bought).

2.1.6.14.5 EUR/USD

Since both gold anthee ur o ar e c ednoslildaerrse, do fiafnttihe pr
EUR/USD may go up as well.

2.2 Statistics analysis

Conducting statistical analysis is a crucial part of any research project, including a master's
thesis. Statistical analysis helps to make sense of the data collected and determine whether t
hypotheses ormsearch questions are supported by the data. Statistical analysis provides a way t:
organize, summarize, and interpret the data, allowing researchers to draw conclusions and mal
informed decisions.

Statistical analysis can also help to identify pattemesids, and relationships within the
data, providing insights that may not be apparent from simple descriptive statistics. By using
statistical techniques such as correlation, regression analysis, and hypothesis testing, research
can assess the strengand significance of relationships between variables camtludethe
population from the sample data.

In summary, conducting statistical analysis is essential for any research project, as it help:
to make sense of the data, test hypothes®s$s draw meaningful conclusions.

My dataset contains 160 Features with 6 Target (predicted) values shiftbd previous
candlestick features used to predict the current candlestick targets).

Targets

xauusd_closé close prices withoutandle outliers
xauusd_close_smooth close prices without outliers

returnd return in points for close prices before clean outliers
return_smootl®d return in points for close prices after clean outliers
labelsd classification labels depend on the cantitkgeturn

labels_smooth d classification labels depend on the candlestick
return_smooth

= =4 4 A4 A 4

Labels:

For previous experiments, I found that
results so | decided | will break the binatiassification probleminto a multi-classification
problem.

| deepened on returns values to classify my data into 6 labsisany, up, upveak, doji,
downweak, downanddownstrong as shown in figure 26
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Figure 267 classification labels for returns

2.2.1 Relationship between values before & after smoothing
outliers

Returns:

| compare the predicted sign for each candlestick and | found the percentage of different
candlestick signs between return & return_smaouwds35.31 %.ad t hey dondt he
regression (correlated) feature between each other as ghéigure 27
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Figure 278 Linear regression relationship between return & return_smooth
Close prices:

As shown in figure 29, they are a stringorrelated-elationship between the two
predicted values, so | include that | can use close_smooth values to predict close prices.

2000
1800
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1400

1200

xauusd_close

1000
800
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400

500 1000 1500 2000

xauusd_close_smooth

Figure 28i Linear regression relationship between close & close_smooth prices
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Labels:

As shown, for the two classifications | had an imbalance problem which I have to it under
consideration when apphg classifier modelsAlso, the class labekize got effected my
smoothing process.

labels labels smooth

UPWEAK

UPWEAK
UP

UP
19%

23%
19%

16%

UPSTRONG
4% 19% o UPSTRONG

4% 3%

DOWNSTRONG DOWNSTRONG

18%
24% 20%
22%

DOWN
DOWNWEAK bown

DOWNWEAK

Figure 29i Labels & Labels smootRie chart
Conclusion:

By all the above; | can usgnoothv al ues wi th their outputs
use them to predict the n@mooth values. also, | can use thenadata augmentation method, if
| needed more data to train.

2.2.2 Returns Statistics analysis

Some stastics properties for return_smooth. | will use smooth to train all my models then
| will test with a nonsmooth value. so, | will focus my work to find the properties of the smooth
parameters.

Table 1i statistical analysisfaeturns

Mean: 10.-12.85
Median: -8.43

Max value: 487.21

Min value: -488.09

Std: 110.69

Q1. -64.04

Q3: 40.84

IQR: 104.88

Limit up: 198.16

Limit down: -221.37
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2.2.3 Check If in the long run the population mean will be as
the sample mean (returns, close prices)

Hypothesis Test:
Applying at-test for one sample.
Hypothesizes:

1 'O -Inthe long runthe mean population will biae sample mean.
1 'O -Inthe long runthe mean population will not be as the sample mean.

Results:

1 We fail to reject the null hypothesis. The population mean is equal to the
sample mean of returns. withvalue: 1.0

1 We fail to reject the null hypothesis. The population nseamqual to the
sample mean of close prices. wittvglue: 1.0

2.2.4 Check if my time series data is predictable

How much information isontained in your past data that can be used to
forecast future value®

Before applying any forecasting method time ses, it is important to check if the time
series is predictable. Time series predictability is a metric that quantifies the highest possible
prediction accuracy for a given time series. It can be used to evaluate the performance o
forecasting algorithms anto understand the underlying patterns and regularities in the data. To
check if your time series is predictable, you need to calculate its predictability score using method:
such as entropppased measures, mutual information, Kaboudan metric, or coatertdels.
These methods can help you estimate how much information is contained in your past data the
can be used to forecast future values. A higher predictability score means a higher potential fo
accurate forecasting. However, predictability alsoedels on factors such as data quality,
resolution, stationarity, and topological constraints.

2.2.4.1Non-linear approaches

2.2.4.1.1Entropy-based measures

Entropy measures for time series are techniques used to quantify the amount of regularity
variability, or randomness of fluctuations over time series data. Entropy, as it relates to informatior
theory and dynamical systems theory, can be estimated in many ways, with different advantage
and limitations.

Some examples of entropy measures foetgeries are:
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1 Shannon entropy: The basic measure of entropy that evaluates the average
amount of information contained in a time series. It is based on the probability
distribution of the values in the time series?.

1 Conditional entropy: The measure of empy that evaluates the average
amount of information needed to describe a time series given another time
series. It is based on the joint probability distributiom bfio-time series?.

1 Permutation entropy: The measure of entropy that investigates the
permuation pattern in time series. It is based on the ordinal relation among
consecutive values in the time series.

1 Approximate entropy: The measure of entropy that evaluates the regularity or
complexity of a time series. It is based on the logarithm of camditi
probability that two sequences similar form points remain similar at the next
point.

1 Sample entropy: The measure of entropy that evaluates the regularity or
complexity of a time series. It is similar to approximate entropy but does not
include sekmatching cases. It is more consistent and less dependent on data
length and noise.

These are some of the common entropy measures for time series, but there are also oth
methods such as spectral entropy, multiscale entropy, fuzzy entropy, and so ory. EBetepres
can be used for various applications such as biomedical engineering, finance, physiology, huma
factors engineering, and climate sciences.

Approximate entropy:

Approximate Entropy (ApEn) is a statistical technique used to measucertiexity or
irregularity oftime series data. It was first introduced by Pincus in 1991 and has since been usec
in various fields, including biology, finance, and engineering. ApEn measures the likelihood that
similar patterns or sequences of data {sowmill not repeat themselves within a defined tolerance
level. A low ApEn value indicates a high level of regularity and predictability, while a high ApEn
value indicates a higher level of complexity and unpredictability. ApEn is commonly used as a
diagngstic tool to identify patterns or anomalies in time series data and to assess the predictability
of a system.

Approximate entropy (ApEn) equation [13:

. BQwd i
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Table 2i result for approximate entropy (ApEn) for returns degree of 4 and close prices degree of 2

M i return 4

M1 closes 2
Return pvaluei return 2.74e41
Return pvalue- closes 0.0
ApEnNT return 0.66
ApEn - closes 0.08

After obtairing the ApEn value and appilyg chi-squareanalysis for the distances between each value
andits m different level the results conclude that returns and closes vakma v entropy which indicase
that they are soménformation patterns in my datasétst! can train a machine learning model to detect them.

2.2.4.1.2Hurst Exponent Test

The Hurst Exponent Test is a statistical method that is commonly used in time series
analysis to determine the logrm memory of a givetime series data. The Hurst exponent value
ranges from O to 1, where a value of 0.5 indicates that the time series data has a random wal
while a value greater than 0.5 indicates that the data exhibits persistenceterhomgemory.

The test ismportant in predicting the behavior of a time series, as it can determine whether
a trend is likely to continue or whether it is likely to revert to the mean. A Hurst exponent value
greater than 0.5 indicates that the time series is trending, whilealgagithan 0.5 suggests that
the data is meareverting.

The Hurst Exponent Test is widely used in finance to study asset prices and to identify
trading opportunities. By understanding the kdagn memory of a time series, traders can better
anticipatefuture trends and make more informed investment decisions.

Applying hurst exponent test to a time seriestsdbn$ times back to itself, we got the
following results.

Table 3i theresult d theHurst Exponent Test

Return 0.004

Closes 0.492

Return smooth 0.227

Closes smooth 0.712
Conclusion:

By examinng these results we can expect that the piogement tensito be close to its
|l ocal mean. The c¢cl ose prices do naddommigevreturma ny
smooth and closemooth are showasgood signof atendency for saving memory.

2.2.4.1.3Mutual information

Mutual information is a measure of the amount of information that two variables share. It
guantifies the amount of information obtained about one variabdd$srving the other variable.
Mutual information measures the extent to which the knowledge of one variable reduces the
uncertainty of the other variable.
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Meanreversion assumes that properties such as stock returns and volatility
will revert to their longterm average over time. Mathematically, such a time
series is referred to as an Ornstdithlenbeck process. In such strategies,
investors try to make money by assuming that after some extreme events (either
positive or negative), the stock price will rev® the longterm pattern.

aooomaQSIGonamMGshQM—(b (23

N N

Where:

1 1 ofw i Joint Probabilities
1 wM o i Marginal Probabilities

Applying mutual information t&Window 1, | obtained the restdin Table 4

Table 4i resultsof mutual information

Mutual information returns 0.05

Mutual information returns smooth 0.81

Mutual information closes 5.03

Mutual information closes smooth 6.31
Conclusion:

As windows of 1.Close closesmooth pricesand returns smootkend to save information.
As for returnsthere is no teptation to save information. If returns and returns smooth had more
relationship, | woulgredictreturns by knowing the returns smooth prediction but the candlestick
correlated sign between returns, and returns smo8Hh 34 %.

2.2.4.2Linear approaches (autocorrelation and seasonality)

In this part | will check if my time series (returns, close prices) have any autocorrelation
and the market move in a repetitive patterifi t 6 s j ust a Random wal k

Before we began here asemmarie®f some important concepts:

Stationary time series
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A stationary time series is one
whose statistical properties such as the
mean, variangend autocorrelation are all ~
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Figure 32i Stationary vs nostationary time series example

Autocorrelation:

Autocorrelation is a mathematical representation ofdbgree of similarity between a
given time series and a lagged version of itself over successive time intervals.

Autocorrelation can be checked in Python by ACF and PACF Tests. As shown in this figure
33.
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Figure 33i ACF Test Example on Time series data
White noise:

The white noise is a stationary time series or a stationary random process with zerc
autocorrelation. In other words, in white nois@) any pair of values (0_1) and taken at different
momens 0 1 andd 2 of time is not correlated.

The white noise has true randomness and
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Figure 34i white noise data example

Random walk theory:

Random walk theory suggests that changes in stock prices have the same distribution an
are independent of each other. Therefore,stiages the past movement or trend of a stock price
or market cannot be used to predict its future movement.

20

rwalks

Figure 351 Random walk example
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0 O J (24)
Where:

1 3 7 . AKX 2 R is awhite noise.

2.2.4.2.1Seasonality analysis

Time serieseasonality analysis is a technique used to identify and quantify patterns that
repeat in a data set at regular intervals, such as daily, weekly, or monthly. The analysis helps t
determine iftime series data has a seasonal component, which can dféeecturacy of
forecasting models. It is important to perform this step in a thesis as it provides insights into the
underlying factors that drive the data and can help to identify the best forecasting methods to use
Seasonality analysis can be done ugliffierent techniques such as the seasonalssuies plot,
seasonal pattern decomposition, and spectral analysis. By understanding the seasonal patterns
time series data, it is possible to develop more accurate forecasting models that take into accou
periodic trends.

Seasonal Plot of close prices Time Series
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Figure 360 Seasonal plot for close prices
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Additive Time series analysid

Additive time series analysis is a method used to decompose a time series into its

underlying components, including trend, seasonality, iaredjularity. The equation used in
additive time series analysis is as follows:

9 4 3 ) (25)

Where:

7 @& The observed value at tinde

1 “Y& The trend component at tinde

1 “Y& The seasonal component at tilje
1 "O6 The irregular component at tinde

The importage of additive time series analysis for a thesis lies in its ability to sepgheate
different components of a time series, which can help in understandingtermteting the data.
By identifying the trend and seasonal patterns in the data, one can make more accurate predictio
and develop better forecasting models. Additionally, the irregular component can provide insights
into the random fluctuations andaxpected events that may impact the data.
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Figure 377 Seasonality Test for close prices

ransd_chase_smenthn

£ "

;: M h‘vmv.‘%vw WM WWMM‘J‘W(

e W\/‘”W

00 If -

- A, ’M"”L . L e At
. WM P e A e N !

" ”/J,‘v g

- WWV‘H~W
é E

Seasanality test - close prices

Figure 38i seasonality test for close prices smooth

Conclusion

FromFigures 37, 38, and 39, we can see that there is no acceptable seasonality | can
depencbn.
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2.2.4.2.2Autocorrelation Analysis:

Autocorrelation analysis is a statistical method that examines the correlation between a
time series and its past values at different lags. It is a measure of the similarity betweer
observations as a function of thme lag between them. Autocorrelation analysis is an essential
tool for time series analysis as it helps to identify patterns and relationships in the data.

The autocorrelation function (ACF) plot is a common tool used to visualize the
autocorrelation aalysis. The plot shows the correlation between the time series and its past values
at different lags. A significant autocorrelation at a particular lag indicates that the time series is
dependent on its past values at that lag.

Autocorrelation analysis isnportant for time series forecasting as it helps to identify the
appropriate lag for a time series model. By analyzing the ACF plot, we can determine the lag value
that has the highest correlation with the time series. This value can be used asdhantagep in
the autoregressive integrated moving average (ARIMA) model or other time series models.

[

| HE = (26)

[ - The autocovariance at lag k;
[ - The variance of the time series.

ACF closes (on the right) & return prices

Autocorrelation Autocorrelation
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Figure3906 ACF plots for returns & closes prices

The partial autocorrelation function (PACF) measures the correlation between a time
series and its lagged valuekile controlling for the effect of other lags in between. It is a useful
tool for identifying the ordenf an autoregressive (AR) model. The equation for PACF can be
expressed as:

PACF closes (on the right) & return prices
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Figure 401 PACF plots for returns & close prices
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— 27
DWW ( )
Where:
1 - The time series at timg
1 w - The time series a@timeo ;
1 @  -The predicted value @  from the AR model;
@ ¢ UThe covariance function;
1 U @4 The variance functions.
ACF closes (on the right) & return prices smooth
Autocorrelation Autocorrelation
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Figure416 ACF plots for returns & closes prices
PACF closes (on the right) & return prices smooth
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Figure £ PACF plots for returns &lose prices
Conclusiond

From Figures39, 40, 41, and 2, we can conclude that returns and close prices aave
autocorrelation feature in them and therefore they are not a white noise time series and we ca
extract some pattestior futurepredicting.
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2.2.4.2.3 Lag Plots:

Lag plots are a graphical method used to test the presence of autocorrelation in a time
series. In a lag plot, each observation in the time series is plotted against its lagged values, whic
are usually the values at a pautar lag time. A diagonal line in the plot represents the absence of
autocorrelation. If the observations are clustered around the diagonal line, it indicates positive
autocorrelation, while a scatter of points indicates no correlation. A vertical petttére plot
suggests seasonality, while a horizontal pattern suggests a trend.

The lag plot method is a simple and intuitive way to assess autocorrelation and identify the
presence of patterns in the data. It can be a useful exploratory tool for chebldtiger a time
series has any autocorrelation before further analysis is conducted. The formula for calculating la
plots is simply plotting each observation against its lagged value at a specific lag time.

Lag1 Lag 2 Lag 3 Lag 4
2000
1750
1500
= ~ = T
+ 1250 + + +
> 1000 = = =
750
500
500 1000 1500 2000 500 1000 1500 2000 500 1000 1500 2000 500 1000 1500 2000
y(t) y(t) y(t) y(t)
Figure 438 Lag plots for close prices smooth
Lag 1l Lag 2 Lag 3
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-500 oo
L] L]
eg® @ o
-=1000 .‘ e®
-1000 0 1000 —1000 0 1000 -1000 0 1000 -1000 0 1000
y(t) y(t) y(t) y(t)

Figure 44 & Lag plots for returns smooth

As shown inFigures43, and 42, thereis a linear regression relationship for close pricestapi
lags but there is not one for returns values.
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2.2.4.2.4 Granger Causality test

The Granger causality test is a statistical hypothesis test that is used to determine whethe
onetime series is useful in forecasting another. It is based on the idea that if a time series (A
Grangercauses another time series (B), then past values of A shelpldmprove predictions of
B. The null hypothesis of the test is that past values of A do not provide any additional information
in predicting B beyond what can already be predicted frorpdstsvalues.

The Granger causality test can be written inaggpn form

1 HO: Y(t) does not Grangearause X(t)
1 H21:Y(t) Grangeicauses X(t)

where X(t) and Y(t) are twdime series, and the null hypothesis (HO) is rejected if the p
value is less than a specified significance level.

Applying then on returns andfiérent n lags of itself. | obtained these results:

Table 5i results for Granger Causality

Number of lags p-value
1 0.7213
2 0.9093
3 0.0464
4 0.0491

As shown in Table 5the pvalue in lag 4 is less than 0.05 so we can reject the null
hypothesis and conclude that the returns values have granger causality to its copy of lag 4 and tt
lag number is the same number | obtained from entb@sed measurés Table 2.

2.2.5 Calculate significant training size:

| will be using power analysis to calculate significant training size.

Power analysis:

Power analysis is a statistical technique used to determine the minimum sample size neede
for a study to detect a statistically signéfit effect, given a certain level of power. Power is the
probability of rejecting the null hypothesis when the alternative hypothesis is true. The higher
the power, the greater the likelihood of detecting a true effect.

The sample size formula fpower analysis depends on various factors such as the desired
effect size, the level of significance, power, and the number of predictors in the model. In general
the formula for calculating the sample size for a-sample ttest is:

o
i G (28)
aYy

Where:
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¢ -sample size
— - The critical value for the chosen level of significance (e.g., 1.96 for

0.05)
1 @ -The critical value for the chosen power (e.g., 0.84 féb 8Ower)

T OY - The desired effect size (difference between the means of the two
groups)

= =

It's important to note that the sample size formula can vary depending on the type of
statistical test being performed and the specific assumptions of the analysis. Additionedly, po
analysis is a complex process that requires careful consideration of many factors, and it's ofte
best to consult with a statistician or use specialized software to perform power analysis.

To apply power analysi® amachine learning model to know whitraining size requise
to obtain significant results, | need to calculate the effieetfor two predicted distributions from
the same model after changing it a little
distribution If I change thenodel a little bit.

Power for p=p, versus p=pa

6
Effect Size
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=
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T T T = | T T R | T T T
3 2 -1 0 1 2 3 4 5 6

Figure 460 Effective size example for calculate sample sppaver analysis

Some approaches that can be used to estimate the effect size for neural network
models:

1. Difference in means:If you are interested in comparing the performance of two
or more neural network models on a given task, you could estimate the effect size
using the difference in means between the performance metrics of the models. For
example, you could calculate théference in mean accuracy, mean F1 score, or
mean area under the receiver operating characteristic curve (ROC AUC) between

the models.

2.Cohen's d:Cohen's d is a widely used effect size measure in statistical analyses.
It is calculated as the differenitemeans between two groups divided by the pooled
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standard deviation. For neural network models, Cohen's d could be calculated by
subtracting the mean performance metric of one model from the mean performance
metric of the other modeind dividingit by thepooled standard deviation of the
performance metric.

3. Percentage improvementlf you are interested in comparing the performance

of a neural network model before and after a particular modification, such as
changing the architecture, adjusting hyperpuaaters, or adding regularization, you
could estimate the effect size using the percentage improvement in performance.
For example, you could calculate the percentage improvement in accuracy, F1
score, or ROC AUC after adlifying.

4. Correlation coefficient: If you are interested in the relationship between the size
of the training set and the performance of a neural network model, you could
estimate the effect size using a correlation coefficient, such as Pearson's r or
Spearman's rho.

Cohedd s

To calculate Cohen's d to estimate the effect size from available data for a neural networl
model, you can follow these steps:

Where

where;

1. Calculate the mean performance metric of two groups of the neural network
model that you want to compare. For example, yauld calculate the mean
accuracy of two models on a binary classification task.

2. Calculate the pooled standard deviation of the performance metric for the two
groups. The pooled standard deviation is a weighted average of the standard
deviations of the twgroups. You can calculate it using the formula:

nNeééEaYwQ ¢ pi —r— (29)

1 -nl1 and n2 are the sample sizes of the two groups
1 SD1 and SD2 are the standard deviations of the performance metric for the two
groups.

3. Calculate the difference in means between the two groups of the performance
metric. For example, you could subtract the mean accuracy of one model from
the mean accuracy of the other model.

4. Calculate Cohen's d using the formula:

#TEM Sr@moro 9

1 ° and' arethe means of the performance metric for the two groups.
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After applying power analysis fond.STM and a linear regression model, the results were
that | neep @ mt wtraining sample size fahe LSTM model to reach a significant result which |
had onlyx w ¢ sample size. For the linear regression matiel resultavere that | need ¢
sample size to reach a significant result which | padq 1 gample sizes.

2.3 Machine learning algorithms used in the research

2.3.1 Multiple Linear regression:

v

X1
Figure 46i Multiple linear regression for 3d example

The multiple linear regession model is used when there are two or more independent
variables that can be used to explain the variation in the dependent variable. For example, we m:¢
want to understand how the price of a commodity is related to its demand, supply, and inflation
rate. In this case, price is the dependent variable, and demand, supply, and inflation rate are tt
independent variables [17].

The multiple linear regression model can be represented mathematically as:

wf fTow o o E I o I (31)

Where:

1 o Dependent variable

1 whohoMB &w 8 Independent variables
T 1 O Intercept

T 1 h A B & Slope coefficients
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T T 0 Errorterm

The intercept (b0) is the val ue oVariabldse d
are zero. The sl ope coefficients (bl, b2, b
when the corresponding independent vari abl
difference between the predicted value and the acalaé\of the dependent variable.

Assumptions of Linear Regression

Before using the linear regression model, it is important to ensure that certain assumption:
are met. These assumptions include:

1.Linearity: There should be a linear relationship betwéendependent variable
and the independent variable(s).

2. Homoscedasticity:The variance of the error term should be constant across alll
values of the independent variable(s).

3. Independence:The error terms should be independent of each other.

4. Normality: The error terms should be normally distributed.

If these assumptions are not met, the results of the linear regression model may not b
reliable.

Interpreting the Results of Linear Regression

Once the linear regression model is fitted to data, we can interpret the results by
examining the coefficients and the goodness of fit measures. The coefficients provide informatior
about the relationship between the dependent variable and the independent variable(s). F
example, a positive coeffiaie indicates a positive relationship, while a negative coefficient
indicates a negative relationship.

The goodness of fit measures, such esjRared, provide information about how well the
model fits the data. Rquared ranges from 0 to 1, with highetues indicating a better fit.
However, it is important to note thatsguared should not be used in isolation to assess the
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2.3.2 Lasso & Ridge regression

Y

B+ B+

Lasso Regression Ridge Regression

Figure 476 Lasso & Ridge Regression which a@ppbenalty of coefficients

Ridge regression is a regulaation technique used to prevent overfitting in linear
regression models. It was introduced by Hoerl and Kennard in 1970 and is also known as
Tikhonov regularization [16].

In linear regression, the goal is to minimize the sum of squared errors betwpesdibed
values and the actual values. However, if the number of features (also known as predictors c
independent variables) is high compared to the number of observations in the dataset, there is
risk of overfitting. This means that the model wilfeem well on the training data, but will not
generalize well to new, unseen data.

Ridge regression addresses this problem by adding a penalty term to the sum of square
errors. This penalty term is proportional to the square of the magnitude of theientffof the
features. By adding this penalty term, the model is encouraged to select smaller coefficients fo
the features, thus reducing the complexity of the model and preventing overfitting.

The ridge regression model is represented by the folloegugtion:

® I T e I ® E I o T (32)
where y is the dependent variable, x1, X
b2, é, bn are the coefficients, and U is th

The objective of ridge regression ismanimize the following cost function:
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8¢i OYYY_ 10 (33)

where RSS is the residual sum of squares
of the squares of the coefficients, o&anids &a
hyperparameter that needs to be tuned using-wedskation.

The effect of the penalty term is to shrink the coefficients towards zero, but not to exactly
zero. This means that all the features are still included in the model, but some of thesmaber
coefficients than others. The magnitude of the penalty term determines the amount of shrinkage
with | arger values of & | eading to more shr

Ridge regression is a powerful technique for preventing overfitting in linear regression models,
egecially when dealing with datasets that have a large number of features. It is widely used ir

many fields, including finance, healthcare, and engineering, and has been shown to improve th
predictive performance of linear regression models.

2.3.3 Logistic regression

y —_ 'I o000 OOOGOOOS

Y S-shaped
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X

Figure 48i logistic regression classifier

Logistic regression is a statistical method for analyzing a dataset in which there are one o
more independent variables that determine an outcome. The outcome is measured with
dichotomous variable (iwhich there are only two possible outcomes). The logistic regression
model provides a way to model this binary outcome as a function of the independent variables.

The logistic regression model is based on the logistic function, which ishap®ed curve
that can take any reahlued number and map it into a value between 0 and 1, but never exactly at
those limits. This is useful because the logistic function can be used to model the probability of ar
event occurring as a function of other factors.

The eaation for the logistic function is as follows:
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o —o (34

where p(x) is the predicted probability of the dependent variable, e is the base of the natura
logarithm, and z is the linear combination of the independent variables.

Types ofLogistic Regression:

1.

Binary Logistic Regression: Binary logistic regression is used when the
dependent variable is binary (i.e., has only two possible outcomes). The
independent variables can be continuous or categorical. For example, binary
logistic regresion can be used to predict whether a person is likely to buy a
product or not based on demographic information.

Multinomial Logistic Regression: Multinomial logistic regression is used
when the dependent variable has more than two categories. For example
multinomial logistic regression can be used to predict which type of product a
person is likely to buy based on demographic information.

Ordinal Logistic Regression: Ordinal logistic regression is used when the
dependent variable is ordered (i.e., hastaral ordering of the categories).

For example, ordinal logistic regression can be used to predict the level of
education a person is likely to have based on demographic information.

Advantages of Logistic Regression:

1.

Logistic regression is easy to inephent and interpret, making it a popular
choice for many applications.

It can handle both continuous and categorical independent variables.

It provides the probability of the outcome, which can be useful in deeision
making.

It can handle notinear relatimships between the independent variables and
the dependent variable.

Disadvantages of Logistic Regression:

1.

It assumes a linear relationship between the independent variables and the log
odds of the dependent variable, which may not always be true.

It may not perform well when there are a large number of independent
variables.

It may be sensitive to outliers and multicollinearity.

It assumes that the observations are independent of each other, which may not
be true in some cases.
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2.3.4 Random Forest

Random KForest

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

‘—4 Majority Voting / Averaging

Final Result

Figure 491 Random Forest classifier model structure

Random Forest is a popular machine learning algorithm that is used for both classification
and regression problems. It is a type of ensemble learning method that uses multiple decision tres
to make prdictions. Random Forest is a powerful algorithm that can handle complex and high
dimensional datasets, and it is known for its high accuracy and ability to handle missing values
and outliers.

Random Forest works by creating a set of decision trees, whehetree is trained on a
random subset of the data and a random subset of the features. The trees are built independer
of each other, and each tree makes a prediction based on its own set of rules. The final predictic
is made by combining the predmtis of all the trees in the forest.

One of the advantages of Random Forest is that it can handle missing values and outlier:
which can be problematic for other machine learning algorithms. When building the trees, Randon
Forest uses a technique calleddiag, which randomly samples the data and the features to reduce
the effect of outliers and noise. This makes Random Forest more robust and less likely to overfi
the data.

Random Forest also has a binltfeature selection method, which helps to idgrnie
most important features for the prediction. This is done by measuring the decrease in impurity
when a feature is used to split the data. The features that result in the highest decrease in impuri
are considered to be the most important.

The mainhyperparameters of the Random Forest algorithm are the number of trees in the
forest and the maximum depth of each tree. The number of trees should be large enough to captt
the complexity of the data, but not so large that it leads to overfitting. Txienoma depth of each
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tree controls the level of detail in the decision rules and can be adjusted to balance betwee
overfitting and underfitting.

2.3.5 ARIMA :

ARIMA = Auto Regressive Integrated Moving Average

ARIMA (Autoregressive Integrated Moving Average)ascommonly used time series
forecasting model. It consists of three components: the autoregressive (AR) component, th
integrated (I) component, and the moving average (MA) component. The AR component models
the dependency of the current value on pastegline MA component models the dependency of
the current value on past forecast errors, and the | component deals wétatnmmary data by
taking the difference between consecutive values.

AR 0 Autoregressiond

A model that uses the dependent relelap between an observation and some number of
lagged observations.

Integrated o

The use of differencing of raw observations (e.g., subtracting an observation from an
observation at the previous time stép)nake the time series stationary.

Moving Averaged

A model that uses the dependency between an observation and a residual error from
moving average model applied to lagged observations.

o'Y "Oi‘)rﬁﬁ‘ i h]v' (35)
Where:

T pd The number of lag observations included in the modetaied the lag
order.

T do The number of times that the raw observations are differenced, also
called the degree of differencing.

T q0 The size of the moving average window, also called the order of moving
average.

D D %O E %&® —Q E —Q Q (36)
Where:

Q) is the value of the time series at time t
Wis a constant term
%o t0 %o are the autoregressive coefficients

W tow arethe past values of the time series
— to — are the moving average coefficients
Q toQ are the past forecast errors
‘Qois the error term or noise at time
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The ARIMA model can be used for both time series forecasting and modeling. It is widely
used in finance, economics, and otheldf to predict future values based on historical data. The
model parameters can be estimated using various techniques, including maximum likelihooc
estimation, least squares estimation, and Bayesian methods.

2.3.6 LSTM:
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Figure 50i LSTM unit architecture

Long ShoriTerm Memory (LSTM) is a type of recurrent neural network (RNN)
architecture that is capable of learning ldagn dependencies in sequential data, such as time
series. LSTMs are especially useful when the data containddamgemporal dependeies that
are difficult to capture with traditional feedforward neural networks.

The key to LSTM's success lies in its ability to selectively remember and forget
information. It does this through the use of special memory units, called cells, thahaeeted
by gates. The gates control the flow of information into and out of the cells, allowing the LSTM
to selectively remember or forget information as needed.

The LSTM architecture consists of four main components: the input gate, the forget gate,
the output gate, and the cell state. The input gate controls which information is allowed into the
cell, the forget gate controls which information is discarded from theanellthe output gate
controls which information is output from the cell. The celtesia responsible for storing and
updating the information in the cell.

The LSTM model is trained using a variant of backpropagation called backpropagation
through time (BPTT), which involves unrolling the network over time and applying the standard
backpopagation algorithm to each time step. During training, the LSTM learns to adjust the
weights and biases of its neurdoesminimize a loss function, typically the mean squared error
(MSE) or the binary crossntropy (BCE) loss, depending on thelgem being solved.
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LSTM models have been successfully applied to a wide range of problems, including
speech recognition, natural language processing, image captioning, and time series prediction. |
particular, they have been shown to outperform trawkti time series forecastimgnethods such
as ARIMA and exponential smoothing on many datasets.

In summary, LSTM is a powerful dedgarning model that is capable of learning long
term dependencies in sequential data, making it-sueled for time serieprediction tasks. Its
ability to selectively remember and forget information, combined with its ability to handle
variablelength input sequences, make it a popular choice for a wide range of applications.

2.4 Evaluation Metrics:
2.4.1 Mean Squared Error (MSE):

MSE measures the average of the squared differences between the predicted and actu
values. It is commonly used for regression problems.

0 YO éEz B w Q) (37)

2.4.2 Root Mean Squared Error (RMSE):

RMSE is the square root of the mesquared error. It gives an idea of how much the
predictions deviate from the actual values.

YO "YOWMD YO (38)

2.4.3 R-squared

R-squared measures the proportion of variance in the target variable that is explained by
the independent variablesréinges from 0 to 1, with 1 indicating a perfect fit.

2 p 33av3d: < (39)

Where:

T "YY -the sum of the squared residuals
7 “YY -the total sum of squares.

2.4.4 MAPE (Mean Absolute Percentage Error)

MAPE is another widely useghetric for evaluating the accuracy of a regression model,
especially when dealing with tirseries data. It measures the average percentage difference
between the predicted and actual values. It is calculated as:

VWO 06BN QWO O Q
b g¥ ® R pTT (40

0600~
3 DWwo 6 G
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where n is the number of observations, actual is the actual value, and predicted is the
predicted value.

The MAPE value ranges from 0% to infinity. A lower MAPE value indicates better model
performance as shown in table 3. Ho@eWAPE has some limitations, such as it treats-over
predictions and undgaredictions equally and can be sensitive to extreme values in the data.

Table6 8 MAPE score interpretation [18]

MAPE score Interpretation of score
11. vmhk Poor
mbumb Relatively good
pnb¢mnb Good
pmb Great

2.4.5 Accuracy:

Accuracy tells us how often we can expect our machine learning model will correctly
predict an outcome out of the total number of times it made predictions.
“YO “YO

v T O oy vy T x
DWWOo i D Q5 41
YO "O0 YO "OU (41)

2.4.6 Precision:

The model precision score measures the proportion of positively predicted labels that are
actually correct.

1106 0ided (42)
" BT Vo
For multiclass classification: we u€e/Aonevs-all.
. 0D E 0D
0 O . (43)
0
2.4.7 Recall:
Theno d e | recal | score represents the mode

of actual positives.
"YU

i QQih@ i %ﬁu (44)

OvAmulticlass recall:

0 "9 YO

YO

(45)

O"l Mk
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2.4.8 F1-score:

A harmonic mean for recall, precision score.

¢ ni QORI EXQ vidaddi Q

Qi 0E T e 46
@ Ni QaERIWe I I wivadi Q (46)
. Y0
Qi wEi Q- — (47)
Yo £ ob op

2.4.9 Simple strategy profit in dollars:

Add the daily return if the predicted and the actual returns tiee same signs, subtract
otherwise.
Y ah QOO m
QUL R twEnil 00l (48)

Where:

1 xis the actual return
1 vy isthe predicted return
1 xy represents the product of actual and predicted returns

2.4.10Pearson correlation:

Pearson correlation is a statistical method that measurestrgiegth of the linear
relationship between two continuous variables. It measures how much two variables are related t
each other, and the direction of the relationship (positive or negative). The correlation coefficient,
denoted as "r", ranges fro+th to 1, where-1 indicates a perfect negative correlation, O indicates
no correlation, and 1 indicates a perfect positive correlation.

. tEBowow Bw Bw
| = ‘ —— , (49)
MeEBw Bw € Bw Bw

Where:

T risthe Pearson correlation coefficient

n is the number of olksvations

q w i the sum of the products of the paired deviations of x and y from their
respective means

q cand Ey are the sums of the deviati
means

T w and w are the sums of the squares of the deviations of x and y from
their respective means

==
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Pearson correlation is commonly used in data analysis to identify the relationship betweer
variablesand to identify potential patterns or trends in the data. It cgnimenaking predictions,
identifying outliers, and selecting relevant features in machine learning models.

2.5 Feature Selection and Extraction Techniques

2.5.1 Multicollinearity

Multicollinearity is a phenomenon that occurs when two or more independent vaiables
a regression model are highly correlated with each other. It can cause several issues in the mod
including unstable and unreliable estimates of the coefficients, inflated standard errors, reduce:
statistical power, and difficulty in interpreting theodel.

In the presence of multicollinearity, it can be difficult to determine the individual effect of
each independent variable on the dependent variable. This is because the correlation between t
independent variables can make them appear equalbyrtamp, leading to confusion about which
variables should be included in the model and which should be removed.

There are several methods for detecting multicollinearity, such as the variance inflation
factor (VIF) and the correlation matrix. The VIF meges the degree of correlation between each
independent variable and all the other independent variables in the model, while the correlatior
matrix displays the correlation between each pair of independent variables.

To address multicollinearity, one appch is to remove one or more of the highly
correlated variables from the model. Another approach is to combine the correlated variables int
a single variable using techniques such as principal component analysis (PCA) or factor analysis

To address thenulticollinearity problem, | used VIF measures, Variance inflation factor
(VIF) is a measure used to detect multicollinearity in regression analysis. It estimates how muck
the variance of an estimated regression coefficient increases if we include adidaidables in
a model. The VIF is calculated using the following equatioi®™O p¥ p 'Y whereY is
the coefficient of determination for the regression of the predictor variable on the other predictor
variables.

| used two techniques to calculate the VIF, the first one is to delete all correlated
independents eept one then calculate the VIEndthe £cond one is to delete all independents
which have a correlation factor less than 0.7 and more-th@nThe results were indicated that a
very high multicollinearity between all independents as showWraiie 7

Table 7i VIF values for the independents

Feature VIF
xauusd_open 2.28e+06
xauusd high 1.92e+06
xauusd_low 2.980e+06
usdchf open 3.83e+06
usdchf high 4.92e+06

usdchf low 4.51e+06
usdchf close 5.79e+06

To address this problem, | used PE€Rrincipal Component Analysis
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PCA - Principal Component Analysis:

Principal Component Analysis (PCA) is a widely used statistical technique that is used to
reduce the dimensionality of a large dataset while preserving its original variance. It transforms
the original variables into new umcelated variables, known as principal components. These
principal components are sorted based on the amount of variance they explain and can be used
further analysis or visualization. The PCA equation involves eigenvalue decomposition of the
covariane matrix of the original dataset.

To the number of components for POAlot a chart of the number of components and
their explained variance %.

Explained variance (%):

In principal component analysis (PCA), explained variance refers to the propdrtian o
total variance in the original data that is explained by each principal component.

Explained variance is typically expressed as a percentage and can be calculated for eac
principal component. For example, if the first principal component accoam®)%o of the total
variance in the data, that means that half of the variability in the original dataset can be explaine

by that component. The second principal component may explain, say, 25% of the remaining
variance, and so on.

Explained variance ian important concept in PCA because it allows us to understand how
much of the original variability in the data is captured by each principal component. This
information can help us decide how many principal components to retain for further analysis, or
how well the PCAcanrepresent the original data.

100 +

90 +

80

70 4

60 -

Explained variance (%)

50 4

40

0 5 10 15 20 25 30 35
Number of components

Figure 51i An example of explained variance-%ou should choose the number of compatat the
curve doesnod6t increase after it

As shown in Figure 518 this example the explained varianfteezes on 13 components
so this is the number of components we will choose to decrease the dimensionality.
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After this processl operated a multicollinearity test, and the results indicate that no
component is correlated with any other component asrsioTable 8.

Table 8i VIF values for the new components

Features VIF
Component 1 1.0
Component 2 1.0
Component_3 1.0
Component 4 1.0
Component 5 1.0
Component 6 1.0
Component 7 1.0

2.5.2 Mutual Information:

As we said before mutual information is a measure of the amount of information that two
variables share. It quantifies the amount of information obtained about one variable by observing
the other variable. Mutual information measures the extent to whadintiwledge of one variable
reduces the uncertainty of the other variable.

| applied the mutual information between the dependedall the independents and then
choose the top 35 ones.

2.5.3 Data augmentation:

Data augmentation is a technique used in macleaening and computer vision to
artificially increase the size of a dataset by creating new variations of the existing data. This car
be done by applying transformations to the original data, such as rotating, scaling, flipping, or
cropping images, or by dihg noise or other forms of distortion to the data. The goal of data
augmentation is to improve the performance of machine learning models by increasing their ability
to generalize to new data and reducing overfitting to the original training data.ugatarstation
is particularly useful when working with limited amounts of data or when the original data is
unbalanced or biased in some way.

| considered the smoothing process which | dithendata pipeline adata augmentation
data.
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3 Implementations and Results:
3.1 Linear regression
3.1.1 Scenario 1:

| applied Linear regression on all my 159 featuresautlny feature selection. As show
in Table 91 the model gave good results with 0.28% mean absolute percentage error on test dat:
with the correlation between actual and predicted values of 0.992.

Table 817 models result

Model | MSE | RMSE X MAPE | Correlation| SUa9Y | \vin o4
squared profit
Linear
regressior] 57.33%| 7.57$ 0.98 0.28 0.99 83.00% | 47.80%
T sl

closes vs predicted closes

2050 | —— doses

predicted closes r
2000 [\/ L}

1950

g F
1900 I‘ ‘]

M A
i i,p, .
“l or
WAl

1800

2023-01-15 2023-02-01 2023-02-15 2023-03-01 2023-03-15 2023-04-01 2023-04-15

Figure 52i close voredicted closes prices linear regression model scenario 1
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Residuals vs Fitted Probability Plot Residuals Histegram

5'\‘
.

H
s
s
8
———

-1 o 1 30
Theoretical quantiles

Figure53i Resi dual 6s anal ysis

As shown in Figure 53, the residuals are normal and consédiers white noise which indicatéhat
my mod el i s opti midmotethantttit. candt be i mprove

3.1.2 Scenaio 2:

Remove less correlated independents with dependent

Table 927 model result

Model | MSE | RMSE | o | MAPE i relation| St39Y | \win o
squared % profit

Linear
regression 57.33% | 7.579% 0.98 0.28 0.99 83.00% | 47.80
1 sl

Linear
regression 15.47 $ | 3.93% 1.0 0.14 0.98 7273 47.50
1 s2
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3.1.3 Scenario 3

Apply PCA on all features. using figurd,5ve can conclude that about 80 components are required
to explained all original features variance.

100 +

90

80 A

70 A

60 T

50 A

Explained variance (%)

40 1

30 A

20 A

T T T T

0 20 40 60 80 100 120 140 160
Number of components

Figure 541 Explained variance for PCA components

Table 937 Models result

Model MSE RMSE R- MAPE | correlation| ST 9Y | win o4
squared % profit

Linear

regression 57.33%| 7.57% 0.98 0.28 0.99 83.00% | 47.80 %
sl
Linear

regression 15.47$ | 3.93% 1.0 0.14 0.98 -72.7% | 47.50 %
1 s2
Linear

regressiorl 57.24% | 7.57 % 0.98 0.28 0.99 1148% | 49.2%
1 s3

As Table 93 shovs, this mode makes more profit with more win %.
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3.1.4 Scenario 4

Using mutual information for feature selection with applying PCA.

Table 947 Models result

Model MSE RMSE R- MAPE 1 correlation| ST 9Y | win o4
squared % profit

Linear

regression) 57.33% | 7.579% 0.98 0.28 0.99 83.00% | 47.80 %
1 sl
Linear

regression 15.47$ | 3.93% 1.0 0.14 0.98 -72.7% | 47.50 %
1 s2
Linear

regressiorl 57.24% | 7.57 % 0.98 0.28 0.99 1148% | 49.2%
1 s3
Linear

regression] 88.60% | 9.419% 0.98 0.36 0.99 108 $ 49.1 %
1 s4

As we mention before any linear model will need more data than we could mbtaach
a significant edge.

3.2 Lasso & Ridge regression

Applying Lasso & Ridge regression for all features without any feature selection, the result
is shown inTable9-5

Table 957 Models result

Model MSE RMSE 25 MAPE | correlation| ST | \win o
squared % profit
Linear
regression 57.33%| 7.57% 0.98 0.28 0.99 83.00% | 47.80 %
1 sl
Linear
regression 15.47$ | 3.93% 1.0 0.14 0.98 -72.7% | 47.50 %
T s2
Linear
regression 57.24$%$ | 7.57$ 0.98 0.28 0.99 114.8% | 49.2%
1 s3
Linear
regression 88.60% | 9.419% 0.98 0.36 0.99 108 $ 49.1 %
T s4
Lasso | s357¢| 7328 | 0.99 0.27 099 | 130.75$| 48.7 %
regression
Ridge | 57345 | 7578 | o0.98 0.28 0.99 112.5$ | 48.00 %
regression
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3.3 Logistic regression:

After using Mutual information for feature selection and PCA | applied the logistic
regression on my 7 labels and obtained the results seEabir 9-6 andthe confusion matrix
figure 55.

UPSTRONG - 2 1= 4 0 4 8 160

[y

140
Up- 13 33 43 =) 51 41 7

120

UPWEAK - 8 77 13

100

Doji- O 0 0 0 0 0 0 80
DOWNWEAK - 0 5 7 0 3 4 0 - 60
DOWN - 17 23 - 40
-20

DOWNSTRONG - 6 10 6 0 9 6 6

[
=9
=

UPSTRONG -
UPWEAK -

Doji -
DOWNWEAK -
DOWN -
DOWNSTRONG -

Figure 551 performance matrix for logistic regression model.

3.4 Random forest:
Grid search:

Grid search is a technique for hyperparameter tuning that is widely used in machine
learning. In grid search, a model is trained and evaluated using different combinations of
hyperparameters that are specified in a grid. Thdahwith the best performance on a validation
set is then selected. Grid search can be-tiomesuming, but it is an effective way to find the best
hyperparameters for a given model. It can also be combined withwaldation to obtain more
reliable esmates of the performance of the model

K -fold crossvalidation:

K-fold crossvalidation is a technique used in machine learning to evaluate the performance
of a model on a given dataset. It involves partitioning the original dataset into k equal parts (o
"folds"), then using one of these parts as the validation set and the remaihipgrts as the
training set. This process is repeated k times, with each of the k folds being used once as tr
validation set. The results are then averaged to give a awaigate estimate of the model's
performance. Kold crossvalidation is a widely used technique for model selection and
hyperparameter tuning in machine learning.

After applying grid search to reach the best hyperparameters values the best parametel
were min_samples_leaf  25,min_samples_split 25,n_estimators  700.
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As | mentioned before, using binary <cl &
increased my classes to 7 but | interested in the up or down signs for the day, | draw the learnin
cuvet o check for overfitting, Il dondét intere
shown in figure b, as the sample size increase the overfitting decrease.
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Accuracy
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L
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~~~~ —e&— Training accuracy
—®=- Validation accuracy

0-2 T T T T T T T T
10000 20000 30000 40000 50000 60000 70000 80000

Number of training examples

Figure 57 Learning curve for random forest model

After applying Kfold crossvalidation | obtained the results as showable 96 and a
performance metrics as shown Figure 5.

UPSTRONG - 2 13 6 0 0 24 1 160
UP- 5 47 68 0 3 158 0 140
120
UPWEAK - 2 48 113 2 5 175 0
100
Doji- 0O 9 13 0 0 15 0
- 80
DOWNWEAK - 2 59 119 2 11 155 2 60
DOWN- 5 48 94 1 2 149 2 - 40
-20
DOWNSTRONG - 0 8 8 0 1 31 0
| 1 1} 1 | 1 1 - 0
= v
9 5 % 2 S g 2
o u . o
© = = o] 3
= a = =
[ - 3 w0
o =
=] 8 §

Figure 577 performance metrics for random forest model
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3.5 ARIMA:

| applied auto_arima from pmdarima library on daily return. every new value | obtained I

applied auto_arima again. The resgltshown inTable 9-6, and fromFigure 8B we can that
residuals are near to white noise. As shown in figQre b e
predict the direction.

Standardized residual

mo d ereédictdhe hinedbut can

Histogram plus estimated density

e N & o o

1000 1500

2000

-1 o
Normal Q-Q Correlogram
8 ° 1.00
6 °® 0.75
v a4 ® 050
% 4 / 023
§ o4 0.00 - - - - - - - - -
? -2 -0.25 4
¢ a1 —-0.50 1
64 . ") -0.75 4
T T T T T T -1.00 T T T
-3 -2 -1 o 1 2 3 0 2 4 6 8 10
Theoretical Quantiles
Figure B Residual analysis for ARIMA model
closes vs predicted closes
3000 — doses
predicted closes
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—=2000

2023-01-15

2023-02-01

2023-02-15 2023-03-01
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Figure M7 actual vs predicted returns ARIMA model

With applying the ARIMA modeto closeprices, as shown iffable 9-6 the result was

much worse.
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ARIMA 2 (future covariates):

| appliedauto_arima with futureovariateqfeatures)as shown irFigure 60usingdarts
library in Python.

prediction
point
Mon Tue Wed Thu Fri Sat Sun é Mon2 Tue2
-4 - -~
past future
target » forecast

A

past_covariates

Figure 607 future covariates explained (darts library)

The most important configuration is the training size. | made a new model every time | obtained a
new value and traedon 100previous valuesThe results are shown Trable 96 andFigure @L.

actual vs predicted returns - ARIMA 2

nnnnn

A bl
ki A “

2000 -

-3000
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ARIMA 2 (past covariates):

| applied auto_arima withastcovariates (features) as showrFigure 60 using darts library in

Python.

The most important configuration is the training slzmade a new model every time | obtained a
new value and traedon 100 previous values. The results are showrabile 96 andFigure &.

| |
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actual vs predicted returns - ARIMA 2
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Figure 611 Actual vs predicted returrisARIMA 2 past covariates

3.6 LSTM:

For LSTM model lusethnha ct i vat i on

functi on

as itos

the window size, the hidden states and the layers. My best model was on returns with this structul

and accuracy loss:

Table 10i LSTM Model structure

Layer(type) Output shape Param #
Istm_90 (LSTM) (None, None, 640) 1896960
dropout 52 (Dropout) (None, None, 640) 0
Istm 91 (LSTM) (None, None, 1280) 9835520
dropout_53 (Dropout) (None, None, 1280) 0
Istm 92 (LSTM) (None, None, 2560) 39331840
dropout_54 (Dropout) (None, None, 2560) 0
Istm 93 (LSTM) (None, None, 1280) 19665920
dropout_55 (Dropout) (None, None, 1280) 0
Istm 94 (LSTM) (None, 640) 4917760
dense 34 (Dense) (None, 1) 641
Total params: 75,648,641
Trainable params: 75,648,641
Non-trainable params: 0
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Training and validation loss

— train_loss
—— val_loss
0.0004 -
0.0003
0.0002 -
0.0001
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Figure 627 Training and validation loss for LSTM modeloss function (MSE)
closes vs predicted closes
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—— predicted closes
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Figure 831 close and predicted returns using LSTM
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Table 96717 Models result

Macro-

Macro-

Macroi

Strategy

- 1 . 0
Model MSE RMSE | R-squared| MAPE Correlation Precision | Recall | f1l-score Accuracy Profit Win %
Il rfgress'or 57.33% | 7.57%| 0.98 0.28 % 0.992 - - - - 83$ 47.8 %
I rfgress'or 15.47$ | 3.93% 1.0 0.14 % 0.98 ; - - ; -727% | 475%
Il rggress'or 57.24% | 7.52%| 0.98 0.28 % 0.99 - - - ; 1148$ | 49.2%
Linear Tgress'or 886% | 9.41%| 0098 0.36 % 0.99 ; - - - 108$ | 49.1%
Lasso regressiof 53.57% | 7.32$ 0.99 0.27 % 0.99 - - - - 130.75% | 48.7%
Ridge regressiol 57.34$ | 7.57 $ 0.98 0.28 % 0.99 ; - - - 1125% | 48%
Logistic ] ; : - - 0.14 0.16 0.16 0.21 107.8$ | 49.14 %
regression
Logistic
regression - - - - - 0.25 0.50 0.33 0.49 -1785 % -
binary labels
Random forest - - - - - 0.62 0.5 0.5 0.5 146.00 $ 51 %
ARIMA T 152015 $ | 202891 g 231 % i i ] ] i 1083.008 | 67 %
returns $
ARIMA i closes| 15.76$ | 3.97 $ 1.0 0.14 % 0.99 ; - - - 1.12% | 52%
ARIMA 2 i 404791.84| 636.23 544.22 .
Skl A 3 -0.13 " 0.23 633.76 $ | 54.2 %
ARIMA2T | 155079.82) 393 5ol 3166 | /S2*19] 50 2119.51 $ | 82.19 %
returnpast $ %
LSTM 159‘;42'81 68.12$| -1.34 667 % 0.07 - - - - 44337% | 55%
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3.7 Conclusion:

After applying statistical analysis and hypothesis tests, | concluded that my time series car
be predicted and has valuable information. However, my training sample size was not sufficient
to lead to significant results. | tested 7 models with different configurations, hyperparameters, anc
k-fold techniques, and found that the most profitable readts achieved by the ARIMA models.
Specifically, my best profitable model was ARIM®A(auto_arima) on returns for a training size
of 2000, which yielded a $119.51profit over a 4month test period, &11900points in profit.

Please note that | did noalculate the commission per trade, nor did | employ any risk
management techniques. For a significant sample size, | should use smaller periods with the targ
period and apply augmentation, but I lack the computational power to do so. Additionallyldl sho
have used transformer models, but due to computational limitations, | was unable to do so.
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4 Financial management, resource efficiency and
resource saving

4.1 Pre-research analysis

4.1.1 Potential consumers of the research
4.1.1.1Target Market

Gold has been popular investment option for centuries due to its perceived value and
stability. As a result, there are several potential consumers who may be interested in the researc
These consumers include investors, traders, central banks, and jewelers as Staien1h

Table L7 Research potential consumers

Potential consumer of the project consumer expectations

Algorithmic trading scripts are often used b
traders and investors to automate their trag
1. Traders and Investors strategies and execute trades glyiand
efficiently. With Expectations dfshortterm
profits).

Financial institutions such as banks, hedge
funds, and asset management firms may a
be stakeholders in algorithmic trading scrip
2. Financial Institutions They can use these scripts to execute largg
and complex trades or to manage their
portfolio risk. (long-term profits,
liquidations)

Regulators such as the Securities and
Exchange Commission (SEC) and the
Financial Industry Regulatory Authority

3. Regulators (FINRA) may also be stakeholders as they
monitor and regulate trading activities to
ensure fairness, transparency, anchglance
with regulations(Fraud analysis)

Software developers who create and maint
the algorithmic trading scripts can also be
4. Software Developers stakeholders as they are responsible for
ensuring that the scripts are accurate, relia
and securgBuy solutions)

4.1.1.2Segmentation

Market segmentation is a marketing strategy that involves dividing a larger market into
smaller groups of consumers who have similar needs, preferences, or behaviors. The goal ¢
market segmentation is to identify specifioogps of consumers who are likely to respond
positively to a particular product or service, and to tailor marketing efforts to meet the unique
needs of each segment.
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Market segmentation is based on the principle that not all consumers are the sanat, and th
marketing messages and product offerings should be customized to appeal to specific groups ¢
consumers. By dividing the market into smaller segments, companies can better understand tt
unique needs and preferences of each group, and develop targeketimg campaigns that are
more likely to be successful.

Here, figure64. | mentioned my consumers segmentation map.

Type of Algorithmic Trading Script Type

Shortterm Long-term Co Fraud Development
. : Liquidation . .
profit profit analysis solutions

& Traders

3

_g Institutions

§ Regulators

= | Developers

Figure 641 Market segmentation map of research results

4.1.2 Competitiveness analysis of technical solutions

A competitiveness analysis is an important aspect of any ressgtacyh as it allows you
to identify and evaluate your competitors in the market. In the case of your research on predictin
gold future prices using machine learning, a competitiveness analysis would involve identifying
other companies, products, and siolus that offer similar services or compete with your research.

The goal of a competitiveness analysis is to help you understand the strengths anc
weaknesses of your competitors, as well as their marketing strategies, pricing, and positioning. B
analyzirg the competitive landscape, you can identify opportunities to differentiate your research
and develop a unique value proposition that sets it apart from your competitors.

A competitiveness analysis can also help you identify potential threats to yearctes
such as new entrants in the market, changes in consumer preferences, or advancements
technology. By staying informed about the competitive landscape, you can anticipate these threa
and develop strategies to mitigate their impact on your rdsearc

Overall, a competitiveness analysis is an important tool for evaluating the market potential
of your research and identifying opportunities for growth and differentiation. By understanding
the competitive landscape, you can position your researchetitineeneeds of your target audience
and stand out in a crowded market.

4.1.2.1Competitors

1. Traditional financial institutions: Financial institutions such as Goldman Sachs,
JP Morgan, and Bank of America offer research and analysis on gold prices and
trends.
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2. Commodity trading firms: Firms such as Glencore, Trafigura, and Mercuria are
involved in trading and marketing of commodities, including gold futures.

3. Data analytics firms: Companies like Bloomberg and Reuters offettineal
market data and anaigs for gold futures trading.

4. Machine learning startups: Startups such as Kensho and Ayasdi offer predictive
analytics and machine learning solutions for financial services.

4.1.2.2Products Offered by Competitors

1. Research reports: Financial institutions offeesesh reports on gold prices and
trends.

2. Trading platforms: Commodity trading firms offer online trading platforms for
gold futures contracts.

3. Data analytics software: Data analytics firms offer teak market data and
analytics for gold futures trading.

4. Machine learning solutions: Machine learning startups offer predictive analytics
and machine learning solutions for financial services, which can be used to predict
gold future prices.

To secure funding for the project, it is essentiaé$tablish the commercial value of the
work. Conducting an analysis of competitive technical solutions based on resource efficiency anc
savings enables a comparison of the scientific development's effectiveness. An evaluation card
a useful tool for perfioning this analysis.

Analysis of competitive technical solutions is determined by the formula:

6 BD & (50)

Where:
1 C1i the competitiveness of research or a competitor
T & Qi oDIQUKE
§ 0 i Point of ith criteria
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Table12 - Evaluation card for comparison of competitive technical solutions

. . Crlte_non Points Competitiveness
Evaluation criteria weight _ _ _ _ _ — S
® 0 [0 [0 0 |01 & | [&[|d [& |
Technical criteria for evaluating resource efficiency
Growth in 15, 2 1 |2 |3 2 |02 (01|02 03|02
productivity
CMENEIED It 0.8 4 2 |3 |1 4 32|16 |24 |08]32
operation
Reliability 0.9 4 1 2 |3 4 36 |09 |18 |27 |36
DIEEmE] 151 0.3 2 |3 |4]4 |2 |o6|09|12|12]06
computation power
EconomicCriteria for performance evaluation
Development cost 0.6 2 5 4 |2 1 1.2 |3 24 112|106
Grantee results 0.9 4 1 2 |2 4 36 |09 |18 | 18|36
After-sales services 0.6 1 1 4 |3 1 06 |06 |24 18|0.6
Clear predictiomresults | 0.9 4 1 2 |2 4 36 |09 |18 18|36

Calculation example:

o W8 TR of oH T E o p@n (51)
®  yso
© prT
® p@
® PO

By examiring Table12 and the results of competitiveness, we can conclude that based on our
evaluation criteria my research schema will return best value for investors.

4.2 Project initiation

Project initiation is a crucial phase in any scientific project, as it sets the foundation for the
entire project. Initiation processes involve defining the initial goals and content of the project, and
fixing the initial financial resources.

Overall, theinitiation phase is a critical first step in any scientific project, and laying a strong
foundation during this phase is essential to ensure the project's success.

4.2.1 Project goals and results

In order to ensure the success of any scientific projectintgertant to establish a strong
foundation during the initiation phase. This phase involves defining the initial goals and content
of the project.

The table below provides information about the hierarchy of project goals and the criteria
for achieving those goals.
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Table1l3d Project goals and results

1. Project goals

A research project aims to predict the future prices of C
(XAUUSD) using machine learning techniques.

project

2. Expected results of the

To reach an acceptable prediction accuracy.

project result

3. Acceptance criteria of th

High predicting accuracy for volatility, trend, volume an
prices of the future gold prices.

4. Requirement to the
project results

Stability of the predicted model.

Efficient Risk management plamplemented into the

algorithm.

Giving clear signs for the future predicted values.

Scaling availability.

4.2.2 Organizational Structure of the Project

The table below presents the organizational structure of the project.

Table1l4 6 ProjectWorking Group

Position

Functions

Hours spent

y

¢

d
dz

2 .
s Supervisor

Coordination of
the research
activities and
assistance in
Model
implementation.

100

2 Khalil, Marco

ML scientist
(researcher)

Find Data and
Build, Train, and
test machine
learning model.

750

Total:

850
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4.2.3 Assumptions and constraints

Limitations and assumptions are summarized in the table below.

Table1l5d Limitations andAssumptions

Factor Limitations/Assumptions
1. Project budgeit Research ~ 540850 RUB
1.1Source of Budgeting ResearclDonations
2. ProjectTimeline 21 January 202B 15 May 2023

2.1Date of approval of the project management g 24 January 2023

2.2Project completion det ~15 May

After initialized the project, a comprehensive set of goals andceegp@utcomes were
established. This involved identifying the stakeholders involved in the project, as well as devising
a robust financial framework. An effective financial framework is crucial in ensuring the
successful completion and implementation @& groject. Furthermore, a detailed timeline was
established to ensure that each of the project's milestones is met within the stipulated time. B
setting out clear objectives and timelines, the project team is better able to manage its resource
and ensuré¢hat the project is completed on time and within budget. Finally, the project team also
conducted a thorough risk analysis to identify potential risks that may arise during the project's
implementation. This allowed the team to put in place appropriskemitigation strategies to
minimize the impact of any unforeseen challenges that may arise.

4.2.4 Project planning

The main way to develop a design implementation schedule is called a Gantt chart. A Gant
chart is ahorizontal graph that depicts work on a topic in long time periods, described by
completion dates and start dates for the assigned work. It is a useful tool for project managemer
because it provides a visual representation of the project's timelinaingcthe duration of each
task and the dependencies between tasks. By using a Gantt chart, project managers can ea:
identify potential bottlenecks and delays in the project schedule, and adjust the timeline
accordingly. Other benefits of using a Garitat include the ability to track progress, allocate
resources, and communicate the project schedule to stakeholders. Overall, the Gantt chart is «
essential tool for project managers and anyone involved in project planning and execution
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Tablel1l6 1 Design and research timing

The laboriousness of the task

Duration of the task

Duration of the task

tmin, tmax, o, in working days*-:+ | in calendar day¥
Task persondays persondays persondays
Supervisor Sl Supervisor 4l Supervisor 4l Supervisor e Supervisor 4l
P scientist ~"P scientist| ~"P scientist| ~"P scientist ~"P scientist

Drayvmg up the technical 3 8 5 5 7
assignment
Literature review 4 9 6 6 9
S.electlon of thdResearch 5 8 6 6 9
Field
Calendar planning 10 15 12 6 9
Searching Historical Datal 5 10 7 7 10
Draw statistics analysis fc 1 5 1 1 1
my data
Data pipeline: Collect
features & Collect 2 3 2 2 3
correlated Currency pairs
Data pipeline: cleaning m 4 5 4 4 6
data
Data plpgllne: H?ndle the 1 5 1 1 1
outlierbds pr
Apply statistics tests on 5 9 6 3 4
my data
Choose ML Models 3 4 3 3 4
Build & Train & Evaluate
ML Models 6 10 8 4 6
Drawing up a final report 6 10 10 10 15
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Tablel7 7 Schedule of the project design

95

“y da Duration of the task
) Task Executors S January Februar March April May
y1234 2|3 112(3(4|1(2|3]|4 23
Drawing up the technical .
1 S ssigrment Supervisor| 3
2 | Literature review ML . 5
scientist
. . ML
3 | Selection of thdResearclField . 9
scientist
4 | Calendar planning Supervisor| 1
5 | Searching Historical Data ML . 10
scientist
6 Draw statistics analysis for my ML 5
data scientist
7 Data pipeline: Collect features & ML 10
Collect correlated Currency pairs| scientist
. . ML
Dat line: cl dat . .
8 ata pipeline: cleaning my data scientist 10
Data pipeline: ML
. problem scientist 10
10 | Apply statistics tests on my data ML 7
PPy y scientist
11 | Choose ML Models ML . 5
scientist
Build & Train & Evaluate ML .
12 | vodels Supervisor| 5
13 | Drawing up a final report ML . 10
scientist
. T ML Scientist . T Supervisor




The duration of work for an ML scientist is typically longer than that of a supervisor due
to the complexity of tasks that ML scientist are responsible for. In general, the duration of work in
calendar days for an ML scientistd2 days while that for asupervisor is only days

4.2.5 Project Budgeting

The project budget must accurately reflect all costs associated with implementation. These
costs include:

Costs of purchasing computational equipment;
Expenses for Data services;

Expenses for Physical locatiand utilities;
Expenses fees of outside consultations;

Basic salary;

Contributions to social funds.

ogahkwhE

4.2.5.1Costs of purchasing computational equipment

Table181 Calculation of the cost of basic equipment

Name of Equipment Number Equipment Cost, RUB
Monitors 2 60000
Keyboard 2 4000
Mouses 2 2000
Motheboard 4 320000
Graphic cards 8 2400000
SSD Hard desk 4 40 000
Linux OS 4 -
Wires & Others - 10000
Total 2836000 RUB

The cost of specialized equipmentasorded in the form of depreciation charges.

Depreciation is the gradual transfer of costs incurred to purchase equipment to the cost o
the finished product.

Let's calculate the amount of monthly depreciation deductions in a linear way. Equipment
costsare 2,836 thousand RUB. The operating life of all equipment is 8 years. Then the annual
depreciation rate for them,

0 L%aannbqub (52)

Academic year depreciation (9 months) for equipment.

O cu ‘%—n%ocpu““ TTTKHPULIJ)(HTMYO (53)
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4.2.5.2Expenses for Data services

Data services contains solutions for providing very high accuracy historical data to
financial assets, and cloud storage to back up your data and models.

Table19 - Costs for data services

Service Name Service Expenses, RUB
High accuracy Data Provider 60000
Cloud Storage 20000
Total: 80000 RUB

4.2.5.3Physical Location and utilities

To train and implement the ML models, a physical location with always on utilities must
be provided. The duration dfe project is 5 months, so | expenses is:

0 0 zu (54)

Table207 Physical Location andtilities

Resource Name Resource Expenses, RUB
Physical location 80000
Lights / waters 10000
Fast Internet connection 10000
Electricity 25000
Total 125000 RUB

4.2.5.4Expenses fees of outside consultations

There is planning to consult with a thir

Table21 & Expenses fees of outside consultations.

Third -party consultations Number Fees, Thousand RUB
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4.2.5.5BasicSalary

The amount of expenses for wages of employees is determined based on the labor intensi
of the work performed and the current system of salaries and tariff rates.

The calculation of the basic salary of the head of a scientific project is baerisactoral
wage system. The branch system of remuneration at TPU assumes the following composition c
wages:

1. Salaryi determined by the enterprise. In TPU, salaries are distributed in
accordance with the positions held, for example, assistant, anrelect
associate professandpr of essor (see O6Regul ati or
the website of the Planning and Finance Bindnce Department of TPU).

2. Incentive Payment$ set by the head of departments for effective work,
performance of additional dusigetc.

3. Other payments, district coefficient.

Since incentive bonuses, other payments and incentives depend on the activities of th
manager in particular, we will take the coefficient of incentive bonuses equal to 30%, and the
coefficient of incentive$or the manager for conscientious work activity is 25%.

The basic salary of a manager is determined by the formula:
Y Y8y (55)
Where:

T Y workerod6s regular sal ary;
1 Y duration of work, work days.

Additional Salary:
Y ™ UY (56)

Average daily salary for a-&ay working week:

"Y 80 57
5 (57)
Where:
T Y workerds monthly salary, RUB;
1 "O number of working days in a month, days
T O number of months of work without vacation during the year
Full salary can be defined as:
Y Y Y (58)
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Taking into account the document "Regulations on wages", associate professor, candidat
of technical sciences, working at TPU has a sagnal to 26800 rubles. A design engineer with

no experience in Tomsk has an average salary 6008 ubles. With this in mind, we calculate
the size of the total salary of the project manager and design engineer during the study.

Monthly salaries:

1 For ProjectSupervisor:

i {i8p 0 M & coo8pn M T8 VP UL WY YS (59)
Y OY Y VQE@WUTH B Qo WL @ T T 8 1iY Y6 (60)

M For ML scientist:
i i8p U Ma pypin8p ™ TR VP o0 @ X K'YO 61)

YOY Y PYITITITEY) WBPp PITITT (X P&ITIY YO (62)
Average daily salary:
Y OODHY b5 OB urty Y 8 63
5 <oy oY » 0 (63)
. o OLCXT o TN 2
Y aa o) cﬁ)tpp)(lﬁ?‘:cn‘w(Yo (64)
Where the average numbenadrking days in a month was determined as:
. ) CTX
o — — B (65)
PC C cPu

Let's assume that the project manager spent 8 working days on it, then the ML
scientist was engaged in the rest of the time (82 days). Salaries of project participants fo

theperiod of work:
Yo% sEGup GUPEY ¢ @ XWRUB (66)
YoY% G PXGdWC pgX TRUB (67)
Additional salaries of project participants:
Y g g TDUUC WONWTRHTRUB, (68)
Y g g TiDUOQ@CXTT THMTRUB (69)
Daily additional salaries:
X W W
Y oypTRUB, (70)
8 8 8 ¢ ﬂ’EgJ Jap
VT BT
Y a RUB (71)
8 8 8 gy Co



Additional salary for the entire project period:
Y 38 8 “YS 3 Stb (0] l.lJapt(A) OoT X&)TR UB ) (72)
"Ydad. mYs s slGu Co&iWP ¢ @ p&TRUB (73)

Full salary for the period of the project:
Yo g Y Y CoOpPRULOT VO C @ UHRUB (74)
Yoz Y Y PTCHUTKPTID Op @p XATYYD (75)

4.2.5.6Contributions to social funds

Here | will consider the obligatory contributions according to the norms established by the
legislation of the Russian Federation to the state social insurance bodies (FSS), threfpeadsi
(PF) and medical insurance (FFOMS) from the costs of wages of employees. The number o
contributions to extrdudgetary funds is determined by the formula:

¥xb Qxp¥ Y N (76)

where'Q gacontribution rate t@xtrabudgetary funds.

To date, the following contributions must be made from the amount provided as payment
for labor:

22% towards the accrual of future pension;

5,1% to the Mandatory Health Insurance Fund;

2,9% to the Social Insurance Fund;

from 0,2 t08,5% for insurance against accidents that may occur at work (the
exact amount depends on the risk class, which includes the profession and
position of the employee).

= =4 =4 A

The work of a manager and a design engineer belongs to the 1 risk class. Thus, the tote
deductions amount to 30,2%.

Yxp MO TEC @ Xw o1 X pTXUVA ¢@plp v PC BUB (76)
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4.2.5.70rganization of research costs budget

Table22 7 Research cost budgeting

Name Cost, RUB Cost, %
Costs of purchasm_g 87400 16.16
computational equipment
Expenses of data services: 80000 14.80
Expenses of Physical Location
and utilities 125000 23.11
Expenses fees of outside

) - 0.00

consultations.
ML scientist salary costs 164170 30.35
Supervisor salary costs 26650 4.93
Contributions to social funds | 57630 10.65

Total 540850 RUB

4.3 Economic Model development

4.3.1 Primary project analysis

The price of gold is an important economic indicator that affects many industries and
markets around the world. Predicting ggidces can provide significant benefits for investors,
financial institutions, and governments. By understanding the factors that drive gold prices anc
predicting their future movements, investors and institutions can make informed decisions that cal
leadto higher returns on investment and better risk management strategies.

One of the key benefits of predicting gold prices is that it can help investors and institutions
to manage risk. Gold prices are affected by a variety of factors, including economitorts,
geopolitical events, and market sentiment. By analyzing these factors and predicting their future
movements, investors can make informed decisions about when to buy and sell gold, which ca
help to mitigate the risk of losses and maximize returns

In addition to risk management, predicting gold prices can also provide valuable insights
into the global economy. Gold is often seen as a safe haven asset, meaning that it tends to rise
value during times of economic uncertainty or instability. Bgdgcting gold prices, analysts can
gain a better understanding of the current economic climate and make predictions about futur
economic conditions.

Another benefit of predicting gold prices is that it can help governments to manage their
monetary poliees. Gold prices are often used as a benchmark for currency values and inflation
rates, and predicting their movements can help central banks to make informed decisions abot
interest rates and other monetary policy tools.
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Finally, predicting gold pricesan also be beneficial for traders and speculators in the gold
market. By making accurate predictions about future price movements, traders can take advantac
of market opportunities and make profitable trades.

In conclusion, predicting gold prices canoyide significant benefits for investors,
financial institutions, governments, and traders. By analyzing the factors that affect gold prices
and making informed predictions about their future movements, analysts can help to manage ris}
gain insights intdhe global economy, and make profitable trading decisions.

4.3.1.1Ishikawa Diagram

The Ishikawa Diagram, also known as a Fishbone Diagram or @addeffect Diagram,
is a visual tool used to systematically analyze the potential causes of a problem or eddps. It
to identify and categorize the factors that may contribute to a problem, and to develop effective
solutions to address them.

As a research project my | can use Ichikawa diagram to dress my only problem, model
accuracy.

MARKET FACTORS DATA QUALITY .

Market manipulation Missing data

Broker High commission decentrilized market

Volatiility Storing cost of tick data
PREDICTED
ACCURACY
Training Data Size
Economic indicators events Computation time to train
Extreme Events (wars, etc.) Not a direct problem
ECONOMIC FACTORS MODEL OVERFITTING

Figure 657 Ishikawa Diagram for model accuracy
Data Quality:

The relationship between model accuracy and data quality is that model accuracy is highly
dependent on the quality of the data used to train and test the model. Poor data quality, such :
incomplete, maccurate, or biased data, can lead to a lower model accuracy and limit the
effectiveness of the model. In contrast, heghality data, such as complete, accurate, and
representative data, can lead to a higher model accuracy and better performanceeT itasefo
important to ensure data quality when developing and using predictive models.

Model overfitting:
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Model accuracy and overfitting are related because high accuracy can sometimes be
achieved through overfitting, which captures noise in the trgidata. Overfitting occurs when a
model is too complex and does not capture underlying patterns useful for predicting new data. Thi
can lead to high training accuracy but poor performance on new data. Maintaining a balance
between model complexity and d@ahle data is important. Techniques such as evafidation
and regularization can prevent overfitting and ensure good generalization to new data.

Market Factors:

The relationship between model accuracy and market factors is that market factors car
impact the accuracy of predictive models, particularly those used for financial forecasting. Market
factors such as economic conditions, geopolitical events, and regulatory changes can affect tr
underlying patterns and relationships between variables thasad in the model. This can result
in the model being less accurate or failing to capture changes in the market. Therefore, it is
important to consider market factors and adjust the model accordingly to ensure it remains accurat
and relevant in changingarket conditions.

Economic Factors:

The relationship between model accuracy and economic factors is that economic factors
can impact the accuracy of predictive models that are used for economic forecasting. Economi
factors such as interest rates,atiftn, GDP, and unemployment can affect the underlying patterns
and relationships between variables that are used in the model. This can result in the model beir
less accurate or failing to capture changes in the economy. Therefore, it is importasidercon
economic factors and adjust the model accordingly to ensure it remains accurate and relevant |
changing economic conditions.

4.3.1.2SWOT Analysis

A SWOT analysis is a strategic planning tool used to evaluate the Strengths, Weaknesse:
Opportunities, and Areats of a project, business, or organization. It involves identifying internal
and external factors that can affect the success of the project, and using this information to develc
strategies and make informed decisions. By analyzing the strength&akiesses of the project,
as well as the opportunities and threats in the external environment, organizations can gain a bett
understanding of their competitive position and develop a more effective plan for achieving their
goals.
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Figure6617 SOWT Analysis

Strengths:

il

S1-- Gold is a widely traded commodity with a long history, making it a-well
researched and walinderstood market.

1 S2--There is a large amount of historical data available for gold prices, which
can be used to traiand validate predictive models.

1 S3-- There is strong demand for accurate predictions of gold prices from
investors, traders, and other market participants.

Weaknesses:

1 W1-- Gold prices can be influenced by a wide range of factors, including
economic, geopolitical, and market factors, which can make prediction
difficult.

T W2 -- Historical data may not be a reliable indicator of future prices, as market
conditions and other factors can change over time.

T W3 -- The accuracy of the predictive moaehay be limited by the quality and
guantity of available data.

Opportunities:

T O1-- Advances in machine learning and artificial intelligence techniques may
allow for more accurate prediction of gold prices.

1 O2 -- The increasing availability of alternativdata sources, such as social

media and news articles, could provide additional information to improve
prediction accuracy.
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