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ANGLIA RUSKIN UNIVERSITY
ABSTRACT
FACULTY OF SCIENCE AND ENGINEERING
DOCTOR OF PHILOSOPHY
INTRADAY MACHINE LEARNING FOR THE SECURITIES MARKET
VITALIY MILKE
APRIL 2021
A major issue in financial market trading is knowing when to undertake a transaction for the
purpose of generating profit. Trading on large national/international financial systems can be
analysed by various sophisticated techniques including neural networks. This work focuses
on using deep neural networks and other machine learning tools to analyse financial markets
(such as Forex which specialises in trading currencies and is the focus of this work with
respect to EUR/US Dollar rates) by identifying patterns in the behaviour of major financial
market participants: funds and market makers. Current techniques have drawbacks in that
market uncertainty limits the confidence traders have in such predictive aides. This research
investigates the use of convolutional neural networks to identify subtle patterns that precede
significant movements in financial markets. A new approach is taken which focuses on
intraday trading features in order to reduce the risks associated with overnight price gaps
which have increased in recent years due to financial instability and the COVID-19 pandemic.
Particular emphasis is placed on the advanced preliminary analysis of big financial data,
including all minimal price changes (ticks) and all transaction volumes, before feeding them
into various neural network architectures. An innovative approach to predicting financial
markets is described based on the vector of the probability of significant price movements.
This makes it possible for the analysis to easily transition from a standard regression task that
predicts prices to a classification task, partly mitigating a common issue of balancing retraining frequency versus application. Critical to this approach is the ability to identify the
intensity and intraday volatility based on time intervals between each trade. So time analysis
is added to the commonly analysed variables of price and volume to reduce the probability of
received losses due to stop-loss orders. The big data processing uses open platforms with
GPU processors, and the current work also presents a novel method for reducing the amount
of data for training neural networks.
Keywords: Machine Learning, Algorithmic Trading, Neural Networks, Artificial Intelligence,
Financial Markets Analysis, Convolutional Neural Networks
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1. Introduction
In recent years, leaders of high-tech industries and universities have developed
powerful new machine learning technologies (Abadi, et al., 2016; Chollet, 2022; Paszke, et
al., 2017). The software is able to tackle problems that were challenging for previous
technologies. One of the areas where Machine Learning (ML) and Deep Learning (DL)
techniques can be applied is trading in financial markets - in particular, the development of
Algorithmic Trading Systems (ATS) with a ML / DL basis. Due to perpetually improving
software modules (frameworks) for deep learning, it is becoming easier to implement, train
and test new models and architectures of Deep Neural Networks.
Some of the largest investment banks, such as JPMorgan and Goldman Sachs, have
declared themselves technology companies. They recommended that their analysts and
employees have training in Python coding, mainly for ATS creation (Noonan, 2018). By 2014,
the Hong Kong Stock Exchange's trading floor accounted for less than 1% of the exchange
trading volume. On October 27, 2017, it was closed due to the transition to online electronic
trading. The trading floor has since been renamed Hong Kong Connect Hall and converted
into a museum.
There are many kinds of ATS that are used to predict stock market prices. These are
automated systems and technologies/techniques and include (Lien, 2008; Kaufman, 2013;
Lin, 2013):
-

Intraday trading or day trading (trading that takes place within 24hrs)

-

High-frequency trading (HFT)

-

Arbitrage

-

Swing trading

-

Long-term investments

-

Technical indicators/stochastic theory

-

Volume spread analysis (VSA)

-

Elliot wave principles

-

Japanese candlestick charts

-

Mathematical functions including uninterrupted analogue functions

-

Statistical-based methods.
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This research focuses only on day trading due to the difficulties inherent in the other systems,
including infrastructural expense, an inapplicability of the applied models, use of poor-quality
data, or unverifiable data not in the public domain.
The focus of this research project is on the ML analysis of publicly-available stock market
data as the primary source of information with an over-arching objective to successfully
predict stock market behaviour. Existing automatic trading technologies (except for HFT)
classify current behaviour based on historical data sets which are average time series and do
not reflect subsequent changes in market trends during a one-day trading session. This
means the models on which the systems are based are unverifiable, the results are often
unreliable and they have a limited time and market-location window where they are potentially
useful.
This research will connect the reliable basic principles of ATS with ML libraries. As a
consequence, the main aim is to produce an advanced operating system for trading in
financial markets. One of the challenge to address is that the financial market is constantly
changing. Therefore, it is not enough to train an implementation of an ML model once. This
model should have the capability to change and retrain periodically.
Ethical Considerations: all collected data is in the public domain, and no private data by
which an individual could be recognised (other than the researcher) will be stored.

1.1. Central hypothesis
There is a widespread belief that algorithms drive markets and that machines
determine the majority of significant movements (Vezeris, Kyrgos and Schinas, 2018). This
opinion arose due to the comparison of the exchange turnover initiated by robots and humans.
Due to the significant turnover generated by trading robots, a high level of market liquidity is
maintained. However, according to statistical research (The Economist, 2019), only about
35% of assets are controlled by ATS. The remaining 65% of the shares are managed based
on decisions made by people. Of these, 40% of financial assets are passive investments
(without significant operational management) of enterprises and organisations, such as
governments and insurance companies, as well as private investors. Thus, the number of
shares actively managed by humans is significantly higher than that of algorithmic systems
driven ones (Figure 1.1). It is logical to conclude that humans initiate most of the significant
movements in financial markets.
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During trading with significant amounts of financial assets on an exchange, humans display
particular patterns of behaviour and also can create trading algorithms in which such patterns
of behaviour are entered in the process of trading in financial markets. Thus, if these
behaviour patterns exist, they can be recognised using artificial neuron networks (Bouchaud,
et al., 2018). This is the central hypothesis of the current research, the confirmation of which
we will assess by analysing data and training neural networks.

Figure 1.1: Stock Market management (The Economist, 2019).

1.2. Research Questions
The main research questions this study aims to answer are:
RQ1. How can a high-speed intraday ATS be successfully created for use with several
stock exchanges and trading platforms?
RQ2. How can a ML model be developed that accurately describes continually changing
stock market behaviour through the use of a adapting learning strategy?
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RQ3. How can existing software be used in conjunction with publicly available stock
market data to implement an ATS that successfully predicts future market behaviour?
RQ4. What techniques and/or strategies can be adopted to test, optimise, improve and
evaluate the implemented system?

1.3. Research Aim and Objectives
The aim of this research is to improve the performance of intraday trading. The
research will investigate deep learning algorithms to attempt to achieve increased accuracy
in intraday trading predictions, identify market entry points with the highest probability of
significant movements and reduce losses from the execution of stop-loss orders. To achieve
this aim, the research objectives are defined below:
OB-1. To identify the best performing machine learning algorithms used for intraday
trading and the most relevant data collection software following a thorough survey of the stateof-the-art.
OB-2. To formulate a sequence of actions that allow the neural networks to adapt to
dynamically changing financial data for minimising systematic risks.
OB-3. To break up the complex task of creating an intraday trading system into its
constituent parts and identify standard error metrics and loss functions for each. These will
be tested further and evaluated against existing state-of-the-art research separately.
OB-4. To test and evaluate different models, ML frameworks, tools and data collection
software by preprocessing and analysing publicly-available financial market data in order to
predict the most probable directions of significant market movements and identify market
entry points with minimal risk.

1.4. Research Gap and Motivation
The use of machine learning methods and applied artificial intelligence in financial
markets is of great interest to researchers, banks and asset management companies. Active
use of neural networks is gradually replacing the classical methods of observational Technical
analysis and Japanese charting techniques and often complements the classical statistical
methods of quantitative research of financial markets. Many recent publications have tried to
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predict price movement based on historical integral data (Aggarwal and Sahani, 2020;
Gudelek and Ozbayoglu, 2020; Yıldırım, Toroslu and Fiore, 2021). This type of data is mainly
daily or hourly Japanese candles that do not show detailed price movements; thus, crucial
information is lost. In the last couple of years, some papers have investigated the use of
neural networks to analyse shorter time frames such as 30, 15 and 5 minutes, and they also
try to predict the future price of one or more future Japanese candles of the respective time
frames (Jiang and Liang, 2017; Orimoloye, et al., 2020). A similar approach is also relevant
for medium-term or long-term investments, which implies assessing the Return on Invested
Capital (ROC or ROIC). An attempt to analyse raw big financial tick data (that is not integrated
data), as used in this research, has been done in some papers that explore High-Frequency
Trading (HFT) methods that primarily use quantitative statistical analysis (Hirano et al., 2020;
Petukhina, Reule and Hardle, 2021).
Any transaction in the financial market consists of three parts: the point of entry into the
market, tracking the potential of an open position, and the point of exit from the market. This
research uses various neural network architectures to enter the market and track the potential
of an open position. The majority of experiments in this research are based on the analysis
of microstructural fluctuation patterns of financial markets in the form of ticks, which are rarely
used in scientific papers since they constitute big data that is difficult to analyse. However,
this research does not use ATS methods to exit the market which are well described in the
scientific and practical literature on trading and are based on risk management techniques
(Grant, 2011).
For the practical use in intraday trading, which has become popular in recent years, the price
prediction for a certain period in future is less important than the prediction of the direction of
a potential significant movement; in other words, the determination of the start points of
intraday trends with the highest probability. This problem of determining the trend (direction)
using raw (non-integrated) data has not been investigated yet, and this research is trying to
address it.
The motivation for this research is to explore methods for determining the beginning of
intraday trends with the highest probability using raw data, which will aid further researchers
in developing these approaches and allow developers to use this research, as part of further
creation of successful intraday trading strategies.
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1.5. Contributions to Knowledge
The current research is novel in the following ways:
-

It proposes a system that integrates convolutional neural networks with different
architectures and an original approach to classifying potential expected market
movements using a probability vector. This novel probability vector makes it possible
to transit from the regression task in ML to the task of classifying potential prospective
movements of the price of financial assets. This transition enables a focus on finding
better entry points to the financial market.

-

It negates the need to predict a specific price of a financial instrument after a particular
time; instead, it predicts the direction of recoilless movement and its depth to calculate
the probability vector.

-

It uses public domain historical raw data in the form of ticks (multidimensional timeseries data with irregular timestamps) to develop a ML system (principally based on
existing neural network technology). The difference between raw data and regular time
series is explained in Section 3.2.

-

For accelerating calculations and analysis of big financial data, an original approach is
proposed to reduce the size of the big data by preliminary analysis of potential
prospective movements and to remove flat movements, which are noise for a trading
system.

-

The Target Function (TF) of the utilised ANN models adopts a minimising stop-losses
(SL) strategy rather than the maximising profits approach that is most popular with
other researchers. The minimising stop-losses order execution is set at the stage of
data preprocessing and does not require additional calculations in the process of
neural network training. Thus, calculations can be carried out in batches and in parallel.
Profit maximisation as a goal can lead to unstable results and large drawdowns in
trading capital, which certainly increases the risks. For example, often, most of the
gross-profits are made from one or two random trades. In contrast, minimising SL
allows the model to achieve a graph of capital growth without significant local dips.

-

Contrary to the majority of approaches in financial market research, this research uses
Recurrent Neural Network (RNN) architectures only to validate the results obtained
with convolutional neural networks.

-

The integrated system has been developed in such a way that it is adaptable to
changing market trends and specific market features.
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1.6. Thesis Overview
This thesis has 9 chapters, as described below.
Chapter 1 introduces the aim, objectives and motivation of this research.
Chapter 2 presents the key financial concepts used in this research at various stages.
Chapter 3 reviews the state-of-the-art papers in the algorithmic trading systems and financial
market analysis domains, as well as the application of well-known neural network
architectures to trading in the financial markets.
Chapter 4 describes the preliminary data analysis, preparation, collection and visualisation
data used in this research.
Chapter 5 describes intermediate experiments to predict the Forex EUR/USD next tick rate.
Chapter 6 describes the first key experiments to predict the probability of the following
significant movement of the Forex EUR/USD rate and identify market behaviour as a trend or
flat.
Chapter 7 describes the second and third key experiments to predict the directions of the
following significant financial market movements (up or down) of the Forex EUR/USD rate.
Chapter 8 summarises, analyses, and evaluates the results of the key intraday trading
experiments.
Chapter 9 presents the conclusions and future work.
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2. Underlying Financial Concepts
This chapter describes the key concepts, fundamental terms and definitions that are
used in this research at various stages. It also details two primary financial trading
approaches: trend-based and countertrend-based strategies (Section 2.5). The intraday
trading definition is given, in which all positions in financial instruments are closed at the end
of the trading day (Section 2.1). Because this research uses futures and Forex databases,
this chapter also describes the differences between exchange-traded futures contracts and
Forex currency trading (Sections 2.2 and 2.3). The chapter describes the disadvantages of
trading based on financial indicators (Section 2.4) and reviews the relevant essential
parameters of the securities markets, such as liquidity, price gaps, volatility and stop-loss
(Sections 2.6, 2.7, 2.8 and 2.9).

2.1. Intraday Trading (Day Trading)
Intraday trading is characterised by active trading throughout the working day;
however, all positions should be closed before the financial market session has ended
(U.S.Securities and Exchange Commission (SEC), 2022). This is one of the vital concepts
and principles on which this research is based. All subsequent experiments will be based on
the axiom that no positions in financial assets or instruments are held overnight.
In contrast to one of the well-known trader’s proverbs, ‘A trend is your friend’ around 70% of
the time market prices trade in a sideways or range-bound pattern (Weissman, 2005).
However, this assertion is correct only for long or medium-term investment. The range-bound
pattern for medium-term investment is the trend for intraday and short-period trading. Thus,
short-period activity has more potential points of entry into the financial market. This assertion
will be proven in the volatility analysis (Section 6.3). For short-period trading, it is not crucial
whether the market is going up or down at any particular moment, but it should not stay on
the same level for successful intraday trading. Thus, it is easier for short-term trading to collect
a large number of potentially profitable entry points for training neural networks. Day trading
and short-period data is suitable for training Deep Learning (DL) models because they allow
the system to analyse a large number of data points entering into any one particular financial
market. Consequently, it allows the model to be trained with high-quality data because a DL
model requires plenty of data.
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During a short-term period, such as a day, price instability does not reflect any fundamental
factor, such as the profit of the particular company or budget deficit of a particular country.
Excluding the previously known moments of publication of macro-economic reports and
statistics, the financial market’s shift is entirely formed by the market participants' attitude.
Nevertheless, it is possible to recognise the behaviour of the market participants through the
use of ML / DL methods, which can identify the behavioural patterns. These circumstances
are ideal for DL.

2.2. Futures Contracts
Futures (or futures contracts) are an exchange-traded financial derivative pegged to
the price of an underlying asset such as stocks, metals, oil, sugar, prices of currency pairs
and other exchange-traded commodities or financial indexes. A futures contract is almost
always a deal that involves a specified delivery date in the future of an underlying asset. This
research includes preliminary experiments trading the S&P-500 index, which is a set of
exchange futures contracts on this financial index. The S&P-500 index is calculated based
on the price of the 500 largest companies, and the futures contracts for this index are traded
on the Chicago Mercantile Exchange in parallel and have different expiration dates. This
research analyses historical data published specifically as prices of the futures contracts.
Each of the underlying asset's main parameters, such as quality, packaging, labelling,
expiration date, etc., have already been determined when this futures contract is issued. The
underlying asset must also be traded on the exchange (not necessarily on the same
exchange).
A futures contract is similar to a betting deal. During the trading day, the price of the underlying
asset changes and the exchange continuously calculates the difference between the
purchase price and the current price and transfers this difference from the losing party to the
winning party at that moment.
In order for the losing party to pay this variable difference, both parties must have on their
account the what is known as guaranteed collateral in the form of money in the brokerage
account at the conclusion of the deal. This amount is usually several times less than what is
required to buy the same quantity of the underlying asset on the spot market. Thus, when
trading futures contracts, the parties seem to trade with leverage, since they only require for
guaranteed collateral around 15% of the spot value. The result of this internal leverage is an
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increased risk, which must be taken into account in the subsequent volatility analysis in this
research.
An essential consequence of trading on one exchange is the known volume of these futures
contracts, which is concluded in each transaction. Therefore, it possible to calculate the
intensity of trading by analysing the volume of transactions (deals) at any given moment.
The key experiments of this research use the historical data of the EUR/USD currency pair in
the Forex market.

2.3. FOREX
The Forex (foreign exchange market) is a system of interconnected trading platforms
(trading floors) that brings together foreign banks and brokerage firms to trade currency pairs,
precious metals, oil and other financial instruments. Thus, it is not an exchange trade, as it is
not regulated or controlled by exchange rules. As a result, all interested parties know the
prices of currency pairs; however, information on the total volume of all transactions that have
taken place on a particular currency pair at a particular moment in the time is unknown. This
makes it very difficult to analyse market data, even using neural networks. However, some
major currency trading platforms provide information on the volume of transactions made on
these platforms.
These foreign banks and brokerage firms provide clients with an opportunity to trade currency
pairs with very high leverage, which makes Forex trading very risky. There are liquid and nonliquid currency pairs. The most liquid currency pair is EUR/USD.
The key experiments of this research use the historical data of the EUR/USD currency pair in
the Forex market.

2.4. Technical Indicators
For approximately forty years (from the 1970s to 2010), the majority of professional
traders actively used what are known as technical indicators for algorithmic trading, and this
was the gold standard for trading in the financial markets. Many researchers still use them as
input data to neural networks. However, this section describes the weaknesses of using
technical indicators and explains why the author does not use them as inputs for training
neural networks. However, the concept of technical indicators should be included as some of
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the state-of-the-art approaches published in existing papers are used to validate the results
of this research (Yıldırım, Toroslu and Fiore, 2021).
Technical indicators are functions built based on historical data (prices, volumes, open
interests of futures contracts) that have the goal of predicting the future price and movement
direction of particular financial instrument (Chan, 2019). There are well-known and popular
technical indicators, such as the Moving Average (MA) (Figure 2.1) and the Moving Average
Convergence/Divergence (MACD) (Vezeris, Kyrgos and Schinas, 2018) (Figure 2.2). Also,
professional traders develop unique and complex proprietary technical indicators for their own
specific professional activity. However, the vast majority of these are different combinations
of average statistical values for a certain period in the past. Financial indicators integrate and
average data, and as a result, valuable information about the behaviour of market participants
is lost. This averaging was done with one goal - to reduce the number of calculations so that
the computers of earlier generations could process them. Modern hardware and neural
network algorithms can identify patterns in raw data without preliminary data averaging.

Figure 2.1: Two Exponential Moving Averages (EMA) with Apple Inc shares in May 2020.
Screenshot from (Interactive Brokers LLC, 2022).
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Figure 2.2: The MACD technical indicator with EUR/USD Forex in May 2020. Screenshot
from (Dukascopy Swiss Banking Group, 2022b).

Due to their using averaged data and lagging signals, the use of technical indicators in
professional trading is decreasing. However, technical indicators can be added as inputs to
neural networks in addition to integral data to improve the quality of some models'
predictions.

2.5. Trend-Based and Countertrend-Based Strategies
There are two types of trading strategies in financial markets. A trend-based strategy
is often referred to as a trend following trading, and it is commonly used for medium or longterm trading. Figure 2.3 shows a typical chart used for a trend-based strategy. This slow form
of trading has been popular for more than 80 years, but it has drawbacks. It is challenging to
determine when a trend begins and when it ends. Also, the increased market volatility in
recent years does not aid this strategy. In this type of trading strategy, various technical
indicators and RNNs are often used.
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Figure 2.3: Trend following trading with shares of The Boeing Company in January 2019.
Screenshot from (Interactive Brokers LLC, 2021).

Figure 2.4: Countertrend strategy with shares of Microsoft Corporation in May 2020.
Screenshot from (Interactive Brokers LLC, 2022).
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In contrast, the countertrend-based strategy, also known as Swing trading, looks for market
turning points to open long (buying) or short (selling) positions (Figure 2.4). It is a dynamic
type of trading with increased risk, but with greater efficiency, which uses short-term trading
for a duration of no more than 2-3 days.
For these reasons, the countertrend-based strategy for intraday trading has been selected to
be used in this research.

2.6. Liquidity
Slippage is the difference between the price at the time of sending an order to the
exchange and the actual trade price. Slippage can arise for several reasons, for example, the
speed of communication via the Internet and a lack of volumes to complete the order.
Liquidity is the possibility to open or to close a position without slippage. In contrast, “illiquidity
in the context of short-term systems trading means that the total net profits generated by a
system are insufficient to compensate for the wide intraday slippage (or bid/ask spreads) plus
commissions.” (Weissman, 2005). Moreover, liquidity becomes even more critical when
trading time frames are shortened.
The testing of the DL models that the author will develop will operate with only the least
volume (one lot) of liquid financial Instruments (Futures contracts) and will occur in an Online
Trade Test Mode (OTTM) with a supposition that the liquidity is absolute. In other words,
OTTM will not consider any slippage. Live testing will use the most liquid and well-known
Futures contracts such as S & P-500 futures or EUR/USD currency pairs on FOREX.
Future researchers who use the results from this research must understand these liquidity
limitations. All obtained results from the experiments on historical data imply absolute liquidity.
This can apply to the S&P-500 futures contracts or the EUR/USD currency pair on Forex
through a respectable broker but only using small lots. For example, using the results of this
research for tens of million USD, or using low-liquid financial instruments, may require
additional analysis of the order book's depth, which is beyond the scope of this research.
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2.7. Volatility
Volatility in financial markets is the rate that the price of a financial instrument increases
or decreases. Volatility is measured by calculating the standard deviation of the returns for a
given period (Wilmott, 2013). The classical daily volatility formula is shown below (Poon,
2005).
𝑇

1
𝜎=√
∑(𝑟𝑖 − 𝜇)2
𝑇−1

(2.1)

𝑖=1

where 𝑟𝑖 is the difference between the maximum and minimum prices during the day ⅈ ;

𝜇 is the average difference between the maximum and minimum prices over the T-days
period.
Volatility can also be calculated for any time-series period such as one minute, five minutes
or one hour.
Since 2008, stock and currency markets have shown increased volatility. High levels of
volatility have a high risk for ATSs, which are based on trends such as negative political
events and unexpected governmental decisions. In 2020, everyone faced the СOVID-19
pandemic, which also affected financial markets in the form of extreme volatility. It is
impossible to predict these events. Consequently, the trend-based systems may have
disadvantages and countertrend trading systems give better results. A countertrend-based
strategy is able to determine the pivot points of the financial market for opening positions.
The DL neural network should be trained to determine which type of trading strategy (trendbased or countertrend-based) is more suitable for intraday trading at any given time. One of
the ML model's target functions may be recognition of a certain level of volatility because
volatility changes could indicate a transition of the financial market from a flat to a trend-mode
and vice versa, which is essential for determining the point of entry into the market.
The volatility of financial markets is one of the key concepts used in this research to create
the probabilities vector, which is one of the crucial innovations of this research.
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2.8. Price Gaps
Another important reason for focusing this research on day trading is price gaps. The
term price gaps, also known as morning gaps or opening gaps, refers here to a significant
difference, usually between the closing prices of the previous trading day and the opening
prices of the new trading day (Caporale and Plastun, 2017). Figure 2.5 shows price gaps in
stocks of Apple Inc in January 2020. These price gaps, which are common to all financial
instruments, usually happen at night, when the stock market is closed. Reasons for these
happening include negative political events and unexpected government decisions, quarterly
earnings reports, as well as other news, either general economic news or news on a particular
company, that becomes known when the stock exchange is closed (Nazário, et al., 2017).
Because prices between these daily trading sessions change dramatically, it is risky to hold
long positions (purchased financial instruments) or short positions (sold financial instruments)
overnight (between day trading sessions), especially if these positions are opened with
leverage (borrowed funds). Therefore, in order to reduce the risk, all the positions (long or
short) close before the end of the daily trading session. A price gap can happen either
upwards or downwards, so traders should not hold a position overnight. This is a key principle
of intraday trading.

Figure 2.5: Apple Inc shares price gaps. Screenshot from (Interactive Brokers LLC, 2022).
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2.9. Stop-Loss
Stop-loss is an order to sell/buy a Financial Instrument when its market price reaches
a certain level (Gitman, et al., 2015). The maximum loss allowed to be received in each
transaction is regulated using stop-loss orders.
“Traders should employ stop-loss orders as a way of specifying the maximum loss they
are willing to accept. By using stop-loss orders, traders can avoid the common
predicament of being in a scenario where they have winning trades but a single loss
large enough to eliminate any trace of profitability in the account.” (Lien, 2006).
Having a stop-loss value is an obligatory parameter of each trading strategy (Baviera and
Baldi, 2019). Due to insufficient attention to risk-management systems, of which stop-loss is
a part, private investors lose about 2% of their assets annually in the US financial markets. It
is noteworthy that the profit of institutional investors (banks, funds, etc.), which do use these
systems, is approximately 1.5% per year from the same small transactions (Barber, et al.,
2009).
The most advanced risk-management strategy involves calculating stop-loss as a function at
each point in time, depending on each tick (Leung and Li, 2015). This does not mean that the
stop-loss must be moved after each tick, but it is desirable to change it periodically following
this calculation. The target functions of a DL model will be finding patterns and points of entry
into the financial market, which will allow the minimisation of stop-losses occurring during
trading.
Minimising the execution of stop-loss orders is part of the aim of this research as one of the
target functions for data preprocessing.
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2.10.Summary
This section gives a summary of the relationship between the financial concepts
introduced in the previous sections, the research experiments described in Chapters 4-7 and
the research objectives identified in Section 1.3. This section also explains how three key
experiments, which are proposed as the solution, relate to this research's aim and objectives
and how they will compare them with state-of-the-art.
This research focuses on Intraday Trading (Section 2.1) because it is a potentially more
profitable trading style due to greater overall Volatility (Section 2.7) than medium- and longterm trading styles , which are usually based on the values of Technical Indicators (Section
2.4). The second reason for focusing on Intraday Trading is to remove the significant risk of
losses due to frequent overnight Price Gaps (Section 2.8) when there is no way to close a
losing position as the financial market is closed. This research uses raw bid financial tick data
on S&P-500 Futures Contracts (Section 2.2) and EUR/USD Forex (Section 2.3) currency
pair.
Intraday Trading could be profitable if it uses a Swing Trading (Section 2.5) technique
based on the intraday Countertrend-Based Strategy (Section 2.5) and determines entry
points into the market with the minimum probability of Stop-Loss (Section 2.9) orders being
executed.
Limitations are also established for applying the results of this research, implying absolute
Liquidity (Section 2.6), in other words, the ability to buy or sell a financial instrument at the
current price without influencing the price by doing so.
The preliminary experiments (Section 4.9.1 and Section 4.9.2), including the visualisation of
the results (Section 4.7), and the first series of experiments to determine the price of the next
tick (Chapter 5), have helped the author to come upon the vital concept of a Probabilities
Vector (Section 6.5). The required processing power was also measured, and as a result,
the necessity to reduce the size of incoming data (Section 6.6) in the following neural
networks was determined.
As already noted, it is not necessary to predict the future prices for successful intraday trading;
it is only necessary to predict the direction of the future Swing Movement (Section 2.5). It is
also vital not to enter the market during a flat. Thus, the prediction task is separated into
components (Section 6.7.3 and Figure 6.22), and for each next tick, one of three ‘simple
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decisions’ must be made: buy, sell, or wait. At this point, this research moves from a
regression task to a classification task.
The preprocessing and data size reduction (Section 6.6) show the necessity 'to wait' (to be
out of the market - in the money) more than 99% of the time. Thus, one of the key experiments
(the first binary classifier – Chapter 6) on separating the potential beginning of trends from
flats solves the problem of the long waiting.
The next step is determining the most probable direction of potential movement. This problem
is solved by the second and third binary classifiers described in Chapter 7 of the second and
third key experiments. The results of these three key experiments are evaluated based on
the standard error metrics and loss functions (Section 3.7) against the outcomes of existing
state-of-the-art published research (Section 8.2).
All the above experimental results should be consistently applied during the operation of the
trading system in the future. At the same time, they could both be used on each next tick if
the existing processor capacity allows or on any number up to 10 ticks. It was found (Fang,
et al., 2021) that in order to take into account changes in the market participants' behaviours,
it is sufficient to retrain neural networks weekly (5working days) on additionally obtained data.
Thus, all these experiments, quantitative and qualitative results briefly described above, are
related to this research's aim to improve the state-of-the-art performance of intraday trading,
as well as to the research objectives indicated in Section 1.3.
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3. Literature Review
This chapter reviews the state-of-the-art scientific research and papers in the ATS, and
financial market analysis domains, as well as the application of well-known neural network
architectures to trading in the financial markets. It also describes the differences in the time
structure of financial market data in different time frames, and how this significantly affects
the analysed financial market data size and the neural network architectures to be used.
Practical and useful information about successful ATS using ML for stock markets is often
highly confidential because these systems use sensitive information and are often proprietary.
However, from 2019 to 2022, high-quality publications appeared which used ML-frameworks
in the domains mentioned above.
In this chapter, the state-of-the-art concepts from seven significant areas of research are
going to be considered:
i.

ATS application (discussed further in Section 3.1)

ii.

Financial market analysis (discussed in Section 3.2)

iii.

ML and DL applications (discussed in Section 3.3)

iv.

Combination of the ML and DL with ATS practices (discussed in Section 3.4)

v.

Evolution of Technical analysis and Japanese candlestick charting techniques
(discussed in Section 3.5)

vi.

CNN vs MLP and RNN for financial market prediction (discussed in Section 3.6)

vii.

Error metrics and loss functions for evaluation of the results (discussed in Section
3.7).

3.1. ATS Application
Chapter 1 listed potential different approaches and types of ATSs which use financial
markets' imperfections utilising different time frames. Much empirical literature has been
written on each of the above approaches. Mike Halls-Moore has tried to systemise presentday methods of algorithmic trading (Halls-Moore, 2019). Chebotarev (2011) describes the
ATS in the Russian financial market. Figure 3.1 demonstrates the average decision terms for
the different types of trading technology, leading to different approaches to creating ATSs,
depending on the time frames used.
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Figure 3.1: Average decision terms for HFT, Arbitrage, Intraday Trading, Middle- and Longterm investments (logarithmic horizontal axis).

The current research does not consider High-Frequency Trading (HFT), which is discussed
in the following papers (Benos et al., 2017; Chong, Han and Park, 2017; Brogaard, et al.,
2018; Dixon, 2018; Baron, et al., 2019; Van Kervel and Menkveld, 2019; Aldrich and Vargas,
2020; Guasoni, Mishura and Rásonyi, 2021). HFTs elicit colossal infrastructure costs and
require powerful computer servers that must be located as close as possible to the stock
exchange servers. Currently, the fastest HFT systems can process up to 10,000,000 orders
per second (Tilen and Van Waeyenberge, 2020). Only large banks and brokerage companies
can afford such investments in the expensive infrastructure. HFT algorithms are quite simple
and are based on the advantages of the speed of placing and removing trade orders in an
order book.
Many researchers concentrate on arbitrage (Eraslan, 2019; Jarrow and Chatterjea, 2019;
Nakajima, 2019; Pichl, Nan and Kaizoji, 2020), which is considered one of the least risky
strategy in financial markets (Cho, 2020). Arbitrage is a method to make a profit by trading
on the differences in the price of the same financial instrument in different financial markets
simultaneously (Chaboud, et ai., 2014). A comparative analysis of the effectiveness of neural
networks as well as other methods of machine learning, such as gradient-boosted trees and
random forests, is made by Krauss, Do and Huck (2017) in the context of arbitrage. However,
arbitrage also needs expensive systems and large infrastructures, similar to HFT; hence, this
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research does not consider arbitrage nor HFT, even though they are extremely short-term
methods. The current research also does not consider long-term investments (Gerrard, et al.,
2020) due to significant price-gaps and unpredictable currently increasing market volatility.
ATSs have become increasingly widespread since the 1970s when computing first allowed
online econometric calculations. As a result, ATS concentrates on Quantitative Analysis in
Finance (QAF) (Wilmott, 2013) which essentially consists of stochastic mathematics (Shreve,
2005), probabilistic methods and risk valuation (Baxter and Rennie, 1998; Wang, 2020). A
little later, the concept of 'Quants' and 'Quantitative Trading' appeared in the financial world.
Quants are analysts who use only quantitative analysis to make deals in the financial markets.
Quantitative trading is mostly used by financial institutions and hedge funds (Hull, 2014). The
most famous and one of the most successful quantitative funds is Renaissance Technologies
LLC (Renaissance Technologies LLC, 2022). Proprietary ATSs have driven the recent
success of London-based company XTX-Market Limited, founded only in 2015, which ranked
third in 2018 as a global market liquidity provider with a 7.36% market share, overtaking
HSBC and Deutsche Bank (Euromoney, 2018).
The advantages and disadvantages of a wide variety of flexible ATSs are discussed in
monographs, such as (Solabuto, 2011; Wilmott, 2013). They describe the mandatory
elements and sequence of actions that are necessary to develop ATSs. They also show
advanced methods for back-testing and risk quantification of ATSs that are used by the
current research. It is necessary to narrow the scope of this research, which exploits the
analysis of big financial tick data using neural networks, and the current research
concentrates on only intraday trading (day trading). Classical modelling of stock market
intraday activity and behaviours has been demonstrated in books and papers (Nison, 2004;
Frost, 2005; O’Neil, 2005; Lien, 2006; Morris, 2006; Murphy, 2009; Bauwens and Giot, 2013).
These models could be used for testing, verification and valuation of ML models in
accordance with OB-4 (Section 1.3).

3.2. Financial Market Analysis
This section describes the structure of the financial market and explains how raw tick
data differs from financial time-series based on integrated data. This section also describes
the role of trade volume and its role in analysing future potential movements.
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3.2.1.

Financial Market Structure

The dynamic structure of the financial markets is the central challenge of the modelling
task. The markets are constantly changing. That is why the majority of ATS and ML models
for trading are not successful. Financial markets have a chaotic structure (Dwyer and Hafer,
2013). However, the chaos is quasi-stationary. This means that it is possible to find patterns
over a short-term period because big buyers and sellers shape the financial markets. Each
buyer and seller have their unique behaviour. The aim of the desired DL neural network is to
find repetitive behaviour before it changes. A dynamically changing DL model for the analysis
of videos is described by Ashangani, et al. (2016). This could potentially be repurposed for
analysis of continually changing financial markets.

Figure 3.2: An example of a time-series chart with integrated data (15 min) of EUR/USD
Forex. Screenshot from (Dukascopy Swiss Banking Group, 2022b).
Before Google introduced the TensorFlow ML-framework in November 2015, ML models on
financial markets were based on classical ML algorithms and simple self-made neural
networks and tried to solve the problem by different approaches (Larsen, 2010; Flach, 2012;
Patel, et al., 2015). Since then, several papers have been published trying to solve the task
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of prediction of stock markets by using TensorFlow. Nevertheless, some of the researchers
continue to use other ML libraries (Qiu and Song, 2016; Dixon, Klabjan and Bang, 2017), in
particular, PyTorch (Hu and Lin, 2019). Furthermore, the majority of the researchers use
integral (interval) financial time series with different durations (Chou, Truong and Le, 2020),
as well as Bayesian statistics (Halls-Moore, 2018).
Figure 3.2 shows a chart of Forex EUR/US Dollar on 15-minute intervals that is an example
of integral (interval) financial time series. Each 15-minute bar consists of open, close,
maximum and minimum prices, as well as the volume for a specified period.

Figure 3.3: Number of research papers with published open-source code (Jiang, 2020).
However, in real financial markets, settlements are at irregular intervals, resulting in an
uneven intensity. The problem with the majority of the above-mentioned research is that
financial markets do not have time series of equivalent intervals. In raw data, such as tick
data, deals are taken into account at irregular intervals as they occur. However, the majority
of research (Udagawa, 2018; Wu, et al., 2020b; Heinz, et al., 2021) use time series at
equivalent intervals (interval time series) that sum all ticks over a particular interval, such as
one minute, five minutes, or one day, but only a small minority of these researchers have
published open-source code. Inside this integral data, useful information is lost that can show
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the patterns of behaviour of market participants. Stasiak (2020) describes integral financial
data as a significant mistake of economic research in intraday trading and HFT. For example,
Figure 3.3 illustrates the quantitative relationship between research that uses integrated longterm data from a period of one day or longer vs short-term intraday data for analysis with
neural network deep learning. However, all this intraday research uses integral dates with a
period of 5 minutes or longer. The lack of research in DL using tick data has arisen for two
reasons. Firstly, it is difficult for academic communities to access full tick data. Secondly,
training neural networks with tick data requires significant GPU computing power.
This research concentrates on analysing raw data from multidimensional time series using
neural networks. Figure 3.4 shows a real chart of Forex EUR/US Dollar ticks and volume,
which are raw data. EUR/US Dollar futures on US financial markets have similar charts. The
periods between deals or between tick changes are not equivalent (Sandubete and Escot,
2020). Visualisation of tick data of prices and volumes can explain the financial market
behaviour; however, it is impossible for humans to observe and analyse this big data without
automation. Tick size is the smallest upward or downward price movement. Each point on the
chart shows the volume of market orders’ transactions that were at the corresponding price.
The upper line corresponds to market buy orders that are executed with ask-limit sale orders
(Figure 3.5). Conversely, the bottom line corresponds to market sell orders that are executed
with bid-limit buy orders. Each tick can consist of many deals with different market
participants, which take place at the same price at the same time. If any of the prices (bid or
ask) changes, or the time in milliseconds changes, then the deals belong to the next tick. The
unequal intervals between transactions and significant differences in the volumes of each
transaction (tick) are obvious.
As was shown by Stasiak (2020) and confirmed in further experiments, the integral data
summed up in each regular time frame (for example, 1, 5, 30 minutes, one hour or one day)
unfortunately loses vital information about the market participants' behaviours. The results of
further analysis of big financial tick data will show the benefits of this approach.
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Figure 3.4: An example of a real chart of the Forex EUR/US Dollar which is based on raw
data of ticks and volume. Screenshot from (Dukascopy Swiss Banking Group, 2022b).

Figure 3.5: Tick chart (price & volume) of the Forex EUR/US Dollar. Tick size is the smallest
upward or downward price movement. Screenshot from ((Dukascopy Swiss Banking Group,
2022b).
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The majority of statistical methods of time-series analysis based on frequency or time-domain,
such as spectral analysis and wavelet analysis, do not have predictive power for the time
series of financial markets since these have an irregular fractal structure (Mandelbrot, 1983;
Mandelbrot and Hudson, 2010; Karp and Van Vuuren, 2019; Ku, et al., 2020).
Thus, the time-series statistical analysis methods lose essential information if they use
integral (interval) time-series intervals. Consequently, the quality of DL model prediction and
the capability to find patterns could decrease if the DL model uses integral data. Using simple
examples, Stasiak (2020) shows the problems that the majority of researchers have when
using integral data in the analysis of financial markets using neural networks. This paper
compares using big financial tick data of EUR/USD exchange rates and integral Japanese
candlestick data. Particular attention is paid to the problem of isolating existing research from
the real practice of trading and investing. For example, as will be shown in this research, it is
not necessary for successful intraday trading to predict the prices of a financial instrument at
a certain point in the future. This paper also focuses on the problem of information loss for
historical data in integral form. Due to isolation from the needs and aims of practical trading,
many theoretical solutions, despite their formal correctness and expediency, in practice lead
to financially inefficient investments and transactions. Data preprocessing and the original
binary-temporal representation method are also proposed in this paper to improve the results.

3.2.2.

Time-Series Analysis of Financial Markets

Statistical analysis of time series of various financial markets was prevalent in the
2000s and early 2010s among researchers before the widespread use of neural networks
(Tsay, 2005; Mills and Markellos, 2008; Kim, et al., 2011). Some financial market data shows
impulse, the time-series momentum and asset pricing anomalies, which were investigated by
Moskowitz, Ooi and Pedersen (2012) for a large number of stocks, forward and futures
contracts, commodities, equity indexes and currencies. A detailed analysis of the behaviour
of speculators and hedgers was conducted. Using 58 liquid financial instruments, Moskowitz,
Ooi and Pedersen (2012) were able to reduce the trading risks.
Another relationship which has been investigated using methods of statistical analysis of time
series is that between investor sentiment and impulse movement (Han and Li, 2017).
The problem with the analysis of financial markets using statistical methods is that the time
series of prices, volumes and orders are non-stationary with a lot of noise, jumps and
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stochastic movements. Thus, using various variables and mathematical methods to
extrapolate time series, it is possible to predict their behaviour only two or three fixed time
frames in advance (Ican and Celik, 2017). This is a very short horizon of prediction. For
example, Galeshchuk and Mukherjee (2017) analysed two statistical methods for the analysis
of time series: ARIMA and Exponential Smoothing (ETS) in comparison with one of the
machine learning methods, such as SVMs, and deep neural networks, such as ANNs and
CNNs. The analysis was carried out on three Forex currency pairs: EUR/USD, GBP/USD and
JPY/USD. An important innovation of this paper is the purpose of determining the direction of
the future movement of these currency pairs in addition to predicting their future prices. As a
result, it was found that the classical basic models of time series analysis have low loss
functions when predicting future prices in a short period; however, deep neural networks
better predict the direction of future movement with an accuracy of 78.53%, which is 18 to
31% higher than other models.
Using algorithms based on ML is superior to the classical approaches of statistical analysis
of financial time series in terms of accuracy, which was convincingly demonstrated in (Rundo,
et al., 2019; Sezer, Gudelek and Ozbayoglu, 2020). This research does not use time-series
analysis.

3.2.3.

Trading Volume Analysis

Many researchers use Trading Volume Analysis (TVA), which is extremely important
for building successful trading systems (Dinh and Kwon, 2018; Wang, Ho and Li, 2020). One
TVA approach uses the Volume Spread Analysis (VSA) theory, where the spread is the length
of each bar on the price chart (Linh, 2019). Most of the significant movements in market prices
are associated with large volumes of transactions made immediately before these
movements. A large volume of transactions signals that large buyers or sellers have brought
new funds to the market. Also, a large volume may signal the closing of a position by a
significant market participant, including market makers. In any case, a large volume of deals
signals a change in the composition of significant market participants, and therefore, a change
in their total behaviour.
Blume, Easley and O'hara (1994) were one of the first to demonstrate a positive correlation
between an increase in the volume of transactions and absolute price changes (Figure 3.6)
which can be written as:
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(3.1)

Figure 3.6: The relation of volume and absolute value of the relative value of the price
change (Blume, Easley and O'hara, 1994).
This research will actively use large-volume analysis as a part of the preparation of data for
training neural networks.

3.3. Machine Learning and Deep Learning Applications
Much research into the application of ANNs to analyse financial markets has been
done by mathematicians and data scientists without the collaboration of professional traders.
Such research often aims to test a new neural network architecture previously used for other
purposes, for example, for pattern, sequence, computer vision or time-series recognition. This
section briefly describes this research and its historical development.
Basic principles of ML have been described since the 1950s. However, the computing power
was insufficient for solving real-world tasks. Basic neural network architectures, a
mathematical analysis of the networks, learning rules, non-linear regression, pattern
recognition, and other practical aspects are introduced in the monograph (Hagan, et al.,
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2014). The issues of validation and assessing the quality of financial analysis using neural
networks are described in detail by De Prado (2018). A detailed description of the principles
of the Keras ML-framework is described by its creator in (Chollet, 2022). Evolutionary and
genetic algorithms, differential evolution, brainstorm optimisation algorithms, hybrid methods,
fuzzy methods, and data mining approaches are described in (Tan, et al., 2015; Wirsansky,
2020). Examples of the practical application of ML in financial markets, as well as methods
for limiting risks and creating ATSs based on neural networks, are considered in (Yan, 2017;
Hilpisch, 2018). Typical mathematical and statistical applications for using machine learning
in finance are described in (Weiming, 2019). More advanced end-to-end ML for the trading
process, from idea development and model optimisation to strategy development and
backtesting, are described in (Jansen, 2020). Furthermore, a collection of various structures
of deep neural networks is described in detail in (Goodfellow et al., 2016). ML and DL method
abbreviations are detailed in (Jiang, 2020) which are shown in Appendix V.
All of the above-listed books and papers describe the basic structures and principles of ML
and training neural networks in finance for using time frames with integrated data. These
sources differ mainly in the architecture of neural networks and the ML methods used.
However, hands-on training based on tick data requires serious refinement of neural network
architectures and methods and applications used to operate with big tick data.

3.4. Combination of ML and DL with ATS Practices
3.4.1.

Multilayer Perceptron

Researchers actively use Multilayer Perceptrons (MLPs) to analyse financial markets.
MLPs are one of the most common ANN architectures and contain more than one sequential
layer. Figure 3.7 demonstrates a generic ANN with two hidden layers, which is described in
detail in (LeDel, 2016). The MLP is fully bound (dense). Each element of the ANN is
connected with every element from the previous and following layers. Often this type of layer
is called ‘densely connected’.
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Figure 3.7: Multilayer Perceptron Architecture Example (LeDell, 2016).

An essential property of a multilayer perceptron is the influence of each cell of the previous
layer on each cell of the subsequent layer. The number of elements in each layer depends
on the size of the input data.
Multilayer perceptrons have a relatively simple architecture that does not require many
computations; therefore, they are commonly used by researchers. For example, Sezer,
Ozbayoglu and Dogdu (2017) describe MLP training using financial indicators as inputs.
Nevertheless, the result of this experiment is only comparable to the Buy and Hold strategy.
However, when adding data on the volume of transactions, the quality of forecasting using
MLP significantly increases compared to the Buy and Hold strategy (Dinh and Kwon, 2018).
This once again suggests the need to analyse not only prices but also trading volumes in
financial markets.
Diversified variations of the analysis of different time frame data of financial markets using
MLP neural network architectures were described in (Li and Tam, 2018). HFT systems are
also created based on MLP architectures (Hernández, Hoyos-Reyes and Martínez-Preece,
2018). However, the weakness of MLP for price forecasting in financial markets is in the
network architecture itself. The influence of each cell of the previous layer on each cell of the
next layer sometimes leads to overfitting of MLP on noisy financial data (Namdari and Li,
2018).
In this research, MLP has been used for prediction of the price of the next tick in the regression
task.
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3.4.2.

Recurrent Neural Networks (RNNs)

The next problem of the ML models in financial markets, which should be indicated, is
the duration of memory. Humans have a memory, and they start to think based on previous
conclusions or events. A significant weakness of a simple traditional ANN is that it has no
memory. The problem may be solved by using a Recurrent Neural Network (RNN)
architecture, which is a type of ANN. It is particularly well suited to forecasting and sequence
classification, such as text, music, and time-series data (Olah, 2015). RNNs are actively used
by other researchers to analyse time-series data from the financial market, mainly for medium
and long terms (Karpathy, 2015; Jarrah and Salim, 2019). The connections between cells
inside RNN can be cycles. Figure 3.8 demonstrates an unrolled RNN.

Figure 3.8: An unrolled Recurrent Neural Network (Olah, 2015).

Unfortunately, RNN can save only short-term connected information. The problem was
explored in detail first by Hochreiter (1991) and Bengio, Simard and Frasconi (1994), and was
continued by (Hagan, et al., 2014), who found some fundamental reasons why it might be
difficult. An application of the RNN is considered in (Dixon, 2018) for HFT. Here it is attempting
to describe the microstructure of sub-millisecond movements called 'price-flips', observed
after the appearance of a large market order, which takes part of the liquidity from the financial
market. These movements are very short-term and occur almost instantly. Therefore, they
can only be predicted and exploited with the use by powerful computers. For such short-term
movements, RNN architectures are applicable.
Companies and researchers often use the RNN to analyse the news to predict financial
markets. For example, Thomson Reuters launched the MarketPsych Indices system, which
makes market forecasts based on more than 2,000 news sources and 800 social networks.
This tool uses many ML algorithms, including natural language processing technology, to
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analyze quantitative indicators, as well as emotional metrics of traders, i.e. behavioural
trading (Fafula and Peterson, 2015).
A new exotic ANN architecture for trading, named a ‘spatial neural network’, was described
in (Sirignano, 2019). The central idea of the paper is that market price depends only on a
situation in the limit order book. The statement is quite controversial, but the neural network
architecture should be analysed and tested. However, while this has potential for financial
analysis, this research does not use it, because the analysis of order books with tick data will
require using a supercomputer. For example, the model mentioned above was trained with a
supercomputer cluster of 50 GPUs because it has significant computation. This would be an
interesting subject for further research.
A Long Short-Term Memory (LSTM) network is a type of RNN that is capable of learning longterm dependencies (Figure 3.9). This architecture was introduced by Hochreiter and
Schmidhuber (1997), and can be employed for sequence learning (Nelson, Pereira and de
Oliveira, 2017). Fischer and Krauss (2018) assert that the LSTM can formalise a rules-based
monthly-term reversal strategy, which has the capability to achieve the highest annualised
returns of 82.29%. However, it does not consider short-term strategies for intraday trading.
Other papers, such as (Troiano, Villa and Loia, 2018) and (Sang and Di Pierro, 2019), also
use LSTM to forecast financial markets using time series. However, they all use time frames
with integrated data. Fischer and Krauss (2018) compare LSTM networks with other classical
methods of ML, such as random forest, and a standard DL neural network. Maneejuk and
Srichaikul (2021) use RNN and LSTM for analysing the historical data of EUR/USD,
GBP/USD and JPY/USD Forex currency pairs together with data sets for macroeconomic
analysis and technical indicators, emulating the most popular methods of Fundamental and
Technical analysis. Experiments are carried out using various methods, such as classical
ARIMA (Autoregressive Integrated Moving Average), SVM (Support Vector Machines), and
various architectures of neural networks: ANNs, RNNs, including LSTMs. As additional
databases for Technical analysis, the researchers use several technical indicators, such as
Relative Strength Index (RSI), Bollinger Bands (BB), Momentum, Moving Average
Convergence/Divergence (MACD), Moving Average (MA), Rate of Change (ROCh) and the
Commodity Channel Index (CCI). Experimental results for the EUR/USD currency pair are
MAE from 0.0295 to 0.1836 for different methods.
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Figure 3.9: The repeating module in an LSTM contains four interacting layers (Olah, 2015).

Aggarwal and Sahani (2020) compare using various recurrent neural network architectures,
such as simple recurrent neural networks (SRNNs), long short-term memory (LSTM) and
Gated Recurrent Unit (GRU), to predict 22 countries' currency rates against the United States
dollar (USD). The results show that when predicting future prices, the LSTM models perform
better with MAE equal to 0.0475, which is almost twice as good as the GRU result.
Currently, LSTM neural network architecture would seem to be the best choice for analysing
financial markets over medium-term time-terms. Using this integrated data allows researchers
to use a relatively low-power Graphics Processing Unit (GPU) and Tensor Processing Unit
(TPU) rather than expensive high-performance computer servers. However, the current
research aims to conduct more advanced analysis of financial markets based on tick data
using available GPUs and TPUs.
In this research, the RNN architectures have been used to validate the results obtained with
convolutional neural networks.

3.4.3.

Convolutional Neural Networks (CNNs)

A Convolutional Neural Network (CNN) (Figure 3.10) is a type of ANN that has
achieved impressive results for the analysis and recognition of visual images. The CNN
aggregates elementary features into more abstract details on each subsequent hidden layer,
right up to the configuration of simplified images or patterns that can correspond to the
answers. In this case, all non-essential details are filtered out. The CNN has convolution
layers followed by pooling layers. Before the widespread use of Deep CNN from 2014,
researchers manually constructed these abstract attributes. They are currently more focused
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on choosing architectures of CNNs for particular goals in Applied AI, such as computer vision,
natural language processing, medical image analysis, pattern search in various types of data,
speech recognition, and more (Mane and Kulkarni, 2020).
However, the same principle may be employed for analysing financial market data. CNN
architecture has the ability to cope with noisy data successfully. This property is required to
successfully analyse and find patterns in the extremely noisy big data from financial markets
(Doering, Fairbank and Markose, 2017). Several studies identified patterns in financial market
transactions using technical indicators. (Dymova, Sevastjanov and Kaczmarek, 2016; Sezer,
Ozbayoglu and Dogdu, 2017; Chen and Liao, 2018; Li and Dai, 2020).
The idea of converting time series of technical indicators into images was proposed in (Sezer
and Ozbayoglu, 2018). A CNN was trained on fifteen images of each of fifteen various
technical indicators formed over a fifteen-day period, in order to analyse the long-term
behaviour of the stock market and Exchange Traded Funds (ETF) market. Despite this
research being successful, it should be noted that important market information is lost in the
case of technical indicators used because these are integral parameters (Göçken, et al.,
2016). In other words, they average all independent raw data. Nevertheless, this method of
converting time series into images has exciting potential, and will be used in this current
research for analysing linear independent market raw data for short-term prediction of
movements during the trading day. However, in this current research, images will be replaced
with 3D tensors.

Figure 3.10: Convolutional Network (Saha, 2018).
Also, there are papers whose authors combine various properties of the above-mentioned
basic types of ANNs. For example, Lee and Soo (2017) combine CNN and RNN to analyse
financial news at the same time as technical analysis indicators. However, the results of the
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predictions of such a symbiosis do not exceed 53% so far, and for some financial instruments,
they are at 28%, which is not enough to be considered successful. An analysis of news from
the Internet employing an attention mechanism for analysing short-term stock movements is
used in (Wang, Huang and Li, 2019). Evaluation of the use of technical indicators as inputs
of CNN is discussed in detail in (Göçken, et al., 2016). Some researchers combine market
data analysis not only with technical indicators but also with news, fundamental analysis (Liu,
Lu and Du, 2019) and Wikipedia traffic (Weng, Ahmed and Megahed, 2017).
An unusual approach for analysing HFT data using a combination of CNN and LSTM was
demonstrated in (Zhang, Zohren and Roberts, 2019). The resulting model was able to give
weakly positive results even in the markets in which it was not trained. The 1D CNNs actually
perform as a form of aggregation operation. The aggregation operation is determined
automatically by the trained filters of the CNNs.
Also, CNNs have fewer parameters (weights), which are needed for calculations during the
training process of ANNs. It is an advantage in the speed of training CNNs over RNNs. At the
same time, CNNs may solve typical problems of analysis of time series that historically were
learned by recurrent-type ANNs. Moreover, CNNs usually solve problems with higher quality
and more time-efficiency (Borovykh, Bohte and Oosterlee, 2017). The paper demonstrates
the result exclusively on long-term financial data.
Neural networks outperform standard statistical analysis methods, such as logistic regression
and naive empirical models. As demonstrated in the paper (Sirignano, 2019), the accuracy of
prediction of financial market behaviour is better with neural networks.
Deep neural networks are especially suitable for processing dense data with a high level of
redundancy, such as recognition or generation of images, sounds, texts, as well as pattern
recognition in financial data.
This research accepts that for some types of raw data and financial instruments, various CNN
architectures are more suitable than other ANNs for recognising the behaviour of intraday
traders by analysing short patterns of big financial tick data (Orimoloye, et al., 2020). These
data patterns are recognised according to the same principles as ordinary pictures and
images, for which convolutional neural networks are by far the most suitable architecture.
Combined neural network models from CNN and RNN can also be useful. For example,
Moghaddam and Momtazi (2021) analysed and applied a complex model consisting of CNN
and LSTM elements to analyse Japanese candlestick patterns for the EUR/USD Forex
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currency pair. They examined binary classifiers (profitable/non-profitable) and triple classifiers
(buy/sell/non-profitable). This paper explores a similar task as this research in terms of
focusing on analysing the directions of future significant movements (trends). The
(profitable/non-profitable) classifier is essentially a classifier (Trend-Flat). The intersection of
moving averages is used to confirm the profit, which can be controversial. This model showed
an accuracy of 76.09% for the binary classifier and 63.95% for the triple classifier.

3.4.4.

Other Techniques used Big Financial Raw Data

Another interesting approach is the use of the reinforcement learning method for tick
data of the EUR/USD Forex currency pair, as demonstrated in (Carapuco, Neves and Horta,
2018). The research used simple neural networks inside the Q-learning algorithm. It was
noted that in addition to the standard reward and punishment for profit and loss, it is necessary
to impose a penalty for capital drawdown. Otherwise, the system holds a losing position for a
very long time, waiting for it to break even. As a result, on test data, the system showed a
yield of 12.8% per annum, which was significantly higher than inflation. However, the
experiments assumed a constant margin between the bid and ask prices, which is often not
true in real big financial tick data. About 550 trades per year were made, which roughly
corresponds to an average of 2 trades per trading day. This intensity correlates with the
expected intraday trading intensity based on swing trading. Thus, the self-learning system
with Reinforcement learning, which initially did not include requirements for the number of
transactions and the duration of holding a position, indirectly confirmed the highest efficiency
of the Swing trading technique. It can also be concluded that in order to reduce the risk and
ultimately increase the profitability of the system, it is necessary to set punishment in the form
of stop-loss orders.
The following two sections of the chapter describe the evolution of Technical Analysis into
research using recurrent neural networks and the evolution of Japanese Candlestick Charting
Techniques into research using convolutional neural networks. It also describes how
differences in the structures of different time frame financial market data significantly affect
the research success using the above neural network architectures.
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3.5. Evolution of Technical Analysis and Japanese
Candlestick Charting Techniques.
Ever since the most famous early successful stock trader, Jesse L. Livermore, all
portfolio managers have attempted to create various visual or tabular charts to visually and
numerically analyse historical price and volume data for financial instruments (Livermore,
1940). All ideas about Technical analysis at that time were collected, analysed and
summarised in (Edwards and Magee, 1948). The Technical analysis of price charts
(Schwager, 1995) has gained the most significant popularity since the widespread use of
computers in the 1970s and later. An alternative to Technical analysis is Fundamental
analysis of specific companies, which allows investors to understand the current fair valuation
of the business and its prospects based on financial statements. Fundamental analysis is
usually used for long-term strategic investments.

Figure 3.11: Support and resistance lines and price-break-out points based on Technical
analysis (Jitpakdee and Pravithana, 2017).
The essential part of the Technical analysis was finding medium or long-term trend lines.
Figure 3.11 shows charts with sloping trendlines indicating resistance lines, support lines, and
break-out points or trend reversal. Also, horizontal lines of support and resistance find
practical application. Obviously, for such a Technical analysis, it is necessary to take into
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account the historical prices of a particular financial asset. It could be assumed that the
success of using recurrent neural networks, including LSTM, in price forecasting using
integrated data with medium-term time frames, is based on the ability of these neural network
architectures to remember previous levels of trend reversals and recognise patterns within
themselves similar to the sloping and horizontal support and resistance lines shown above.
A more important inference from the above assumption is the analogy between the Japanese
candlestick charting techniques and intraday data analysis using convolutional neural
networks, which is described below.
Similar Technical analysis graphs were popular until the early 2010s and were built on
different time frames. They allowed, with a certain degree of probability, to determine the
critical price levels (areas) where the trend should reverse, but they provided virtually no
information on what particular point is the best to enter the market at with minimal risk.
In the 1990s, a technique based on analysing Japanese candlesticks gained popularity in the
United States. Japanese merchants used this method hundreds of years ago to identify trends
in the rice trade. Asset management companies and investors in the United States began to
analyse Japanese candlesticks stock charts to find new patterns of price movement that are
possible in the near future and to predict short-term market reversals (Nison, 1994).
According to (Bulkowski, 2012) there are 103 basic candlestick patterns. Some examples of
simple patterns are shown in Figure 3.12. These basic patterns can consist of one to five or
more candlesticks. Each basic Japanese candlestick pattern can be formally described in
words Figure 3.13 or numbers Figure 3.14.

Figure 3.12: Some examples of simple Japanese candlestick patterns (Nison, 1994).
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Figure 3.13: An example of a formal description in words of one of the Japanese candlestick
patterns (Chen and Tsai, 2020).

Figure 3.14: An example of a formal description in numbers of one of the Japanese
candlestick patterns (Nison, 2011).
From the figures and descriptions presented above, it becomes evident that analysing and
recognising Japanese candlestick patterns can be successfully carried out using
convolutional neural networks since these patterns are images. Also, such process could be
carried out using 1D CNNs, using a numerical description of these patterns as inputs. There
are existing papers (Naranjo and Santos, 2016; Chen and Tsai, 2020) that recognise, classify
and encode Japanese candlestick patterns using CNNs at the state-of-the-art level, which
take into account the fuzzy nature of the modern financial market.
Since the 1970s, the practice of sequential analysis of market prices has formed, which was
actively used until the early 2010s for practical trading. This practice can be demonstrated
(with some simplification) in three steps as the analysed time frame decreases:
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- using fundamental analysis, determining a set of promising companies for purchase, or a
list of companies that have lost their development dynamics to sell;
- using Technical analysis, analysing charts of prices and volumes, a preliminary time and
price range was determined for a medium-term or long-term trend reversal for each stock
from the lists defined above;
- using Japanese candlestick charting techniques, a specific moment was determined to enter
the market with a minimal probability of a stop-loss order being executed (minimal risk).
To sum up this section, it could be stated that for intraday trading, it is necessary to analyse
only the third step of the above plan in detail. In other words, it could be enough to analyse
only the patterns of Japanese candlesticks, which can be done mainly using CNNs. Also, this
theory explains more about papers using RNNs than CNNs as most papers use integral data
on medium and long-term time frames.
This assumption to prioritise the use of CNNs to recognise patterns in the behaviour of market
participants for intraday trading is only a theory, which the key experiments of this research
will partially confirm to determine the direction of future significant movements in financial
instruments within the trading day.

3.6. Comparison of Neural Network Architectures for
Financial Market Prediction
This section discusses another more detailed reason for prioritising using CNNs for
intraday trading that follows from financial market structure.
The CNNs are more suitable because they are invariant compared with MLPs. The main
difference between the densely connected layer in the MLP and the convolutional layer lies
in the breadth of analysis. The densely connected layer in MLP analyses the influence of all
input parameters on the global pattern (i.e., the whole image or the whole dataset, which is
analysed at this step of the calculation). In contrast, the convolution layer in a CNN analyses
only a local pattern (part of the image or dataset). Thus, the data near the point being analysed
have the most significant impact on CNN analysis (Chollet, 2022). As a result of this local
focus, convolutional networks have an essential property of transfer invariance (Mei, et al.,
2017). In other words, after training, a CNN can identify this pattern in any location of a full
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dataset, and not only in the location where this pattern was initially located in the training
dataset. This property accelerates both learning and recognition.
CNNs also possess a property called ‘spatial hierarchies of patterns’. The first layer
recognises the most straightforward patterns, on which more complex patterns are built in the
next layers.
While Recurrent Neural Networks have memory emulation, which makes them suitable for
processing sequences (Wang, et al., 2016), they require too much computer time for training.
RNNs can memorise in what sequence the same patterns appear because they have internal
loops that iterate over and remember these sequences. However, due to this cycle, the
number of calculations increases dramatically.
As will be shown below, short-term patterns are essential for intraday trading. There is no
need to remember the sequence of occurrence of these patterns since this sequence can be
changeable.

Figure 3.15: Sine wave middle-term (4 hours) EUR/USD Forex chart in May 2020.
Screenshot from (Dukascopy Swiss Banking Group, 2022b).
The majority of middle-term and long-term charts of financial instruments during flat
movements (Figure 3.15) look like sine waves (Figure 3.16).
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Figure 3.16: Sine wave model of middle-term price movement with support and resistance
levels (green lines) of prices.
In addition, the price levels (lines) of support and resistance are essential to determine the
potential turning points for medium-term trading in financial markets (Hsu, Taylor and Wang,
2016). These are the levels of prices where the market made U-turns or long slight oscillating
movements (flat) in the near past. These levels can be explained in terms of the behaviour of
participants in financial markets: sellers and buyers. At these levels, large buyers bought
securities or futures contracts, and large sellers sold and took profit or fixed stop loss from
these positions. Thus, with the next price moving to these support levels from top to bottom,
it is very likely that large buyers will buy more positions. A similar process occurs with
resistance levels as the financial instrument price comes near them from the bottom up. Large
holders will sell positions to take profits. The RNN topologies can remember these previous
levels, which is undoubtedly an advantage of RNNs. It was this advantage that made RNNs
famous for predicting the price level in financial markets in the medium and long-term.
However, support and resistance levels are not crucial in intraday trading compared to
medium-term trading (Schwager, 2017).
If the chart scale is increased, then, in contrast to long periods, before significant movements,
intraday tick charts tend to form a stepped pattern (of increments or decrements) rather than
a sine wave (Figure 3.17). For intraday trading, patterns of behaviour of sellers and buyers
are more crucial to determining whether the market will unfold, or break through the level of
support or resistance and move further.
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Figure 3.17: Stepped patterns in the tick-term GBP/USD Forex chart in February 2020.
Screenshot from (Dukascopy Swiss Banking Group, 2022b).
The current research will focus on areas of ticks that immediately precede a significant
movement (indicated by red circles in Figure 3.18). Analysing and finding patterns in these
areas is similar to the analysis of images for which CNNs are so successful. Consequently,
to determine local patterns, the CNN topology is more suitable (Milke, 2020).

Figure 3.18: Stepped model (patterns) of short-term price movement.
Interestingly, on super long-term investing periods, the financial markets also demonstrate
this stepped pattern. Figure 3.19 indicates that despite the significant return on hypothetical
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investment in the S&P 500 Index over 40 years, the main profit was obtained in a matter of
days. For example, if this hypothetical investor had missed only five of the most profitable
days in these 40 years, then he would have lost 38% of the total potential profit; and if he had
missed the 50 most profitable years in these 40 years, then he/she would have lost 93% of
this profit. Night gaps also gave part of this profit (Fidelity Investments Inc., 2020).

Figure 3.19: Hypothetical growth of US $10,000 invested in the S&P-500 Index from 1st
January 1980 to 31st March 2020 (Fidelity Investments Inc., 2020).

3.7. Metrics
The research done by Galeshchuk and Mukherjee (2017), Aggarwal and Sahani
(2020), Maneejuk and Srichaikul (2021) Moghaddam and Momtazi (2021) will be used to
validate the results of the intermediate and key experiments of this research, as these papers
demonstrate good performance of some neural network architectures such as RNNs (GRUs
and LSTMs) and CNNs. These papers contain estimates of the Mean Absolute Error (MAE)
loss function for intermediate experiments of this research to predict the prices of the next
tick. They also demonstrate estimates of error metrics, such as Accuracy, for predicting the
probable direction of future movements of the currency pairs' prices in the Forex market which
are the key experiments of this research.
The four papers mentioned above performed a comparison of the financial data analysis
results using standard statistical time series analysis methods, such as ARISMA, standard
machine learning algorithms in the finance domain, such as SVM, Random Forest and
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Boosting (Sezer, Gudelek and Ozbayoglu, 2020; Maneejuk and Srichaikul, 2021), and various
neural network architectures. The performance of neural networks is better in most papers
(Section 5.4.3 and Section 8.2), which justifies the use of standard ANNs, RNNs (GRUs and
LSTMs) for validation. Thus, suitable existing approaches have been identified to compare to
the results of this research.

In this chapter, a literature review of various approaches to creating ATS architectures and
analysing financial markets has been conducted. It has critically analysed existing research
papers that compared financial data analysis results using standard classical econometric
approaches to time series analysis, standard machine learning algorithms and various deep
neural network architectures. Existing papers using new ANN architectures to analyse linearly
independent raw financial market data have been evaluated for their suitability for predicting
price movements of various financial instruments at different time intervals.
Some interesting analytical approaches have also been demonstrated, such as using market
charts as inputs to train deep convolutional neural networks. Based on existing research, the
theory has been shown that RNN analysis could be seen as an evolution of Technical analysis
for identifying trends, support and resistance lines. On the contrary, CNN's data analysis
could be seen as an evolution of Japanese candlestick charting techniques, which have
always been used mainly for short-term decisions, for example, for intraday trading.
The microstructural fluctuation patterns of financial markets and the time frame limitations of
the research are also described in this chapter. It has also been established the set of
standard error metrics and loss functions that allow evaluation and comparing of the results
of this research with existing results.
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4. Data Processing

This chapter describes initial data preparation for future experiments. It demonstrates
research tools and methodology and describes preliminary experiments with visualising
results.
This chapter is organised in several sections, as described below.
Sections from 4.2 to 4.4 describe the data and research tools that will be used in this research.
ML and DL frameworks, programming languages that are employed in this research are listed.
Methods and tools for data collection are displayed.
Section 4.5 describes the databases used. Specific methods and metrics used to evaluate
trading neural network systems for financial markets are highlighted. The classic approach
for avoiding overfitting as well as two cross-validation methods for financial data are also
described in Section 4.6.
Section 4.7 is a preliminary analysis of the data undertaken in order to gain non-obvious
correlations in data using and insights into the best neural network architecture(s) to use; this
involves a statistical approach for visualising high-dimensional data known as t-Distribution
Stochastic Neighbour Embedding (t-SNE method), as described by Maaten and Hinton
(2008). The technique reduces a set of high-dimensional points (or features) to two
dimensions with the intention that any clustering of the data can be visualised on a 2D-graph,
the values of each axis of the graph being derived units generated by the t-SNE method.
Section 4.8 describes initial data preparation for future experiments.
Additionally, Section 4.9 demonstrates some preliminary testing of models and ANN
architectures that allow topological appraisal without the overhead requirement for processing
power and long execution times that would otherwise be needed for use with big financial
data. At the end of the chapter, Section 4.10 provides some general conclusions and
describes key experiments.
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4.1. Introduction
In order to begin this machine learning research in finance and intraday trading, it is
necessary to identify the most applicable technology for collecting the trading data. The
software for visualisation (the Trading Terminal) of the trading data and results also has to be
identified. Visualisation is beneficial to understanding the results and to implementing further
changes to the model.
Secondly, it is necessary to select the financial market, stock exchanges and financial
instruments. This choice depends on liquidity, which is the central requirement of the financial
market used, and allows development beyond the results of this research to the management
of financial portfolios that are bigger than were used in this research experiments.
Thirdly, it is necessary to create High-Speed Connectors (HSCs) to the stock exchanges
directly or to trading terminals, which already have connections to the stock exchanges, once
these trading terminals have been identified. In the second case, the connectors will tie
together the trading terminals and the ML models. An alternative way is to connect through
APIs of these trading terminals.
Fourthly, a widely used 'end-to-end' approach in other areas of machine learning, where raw
data is fed to neural networks at the inputs, does not work for big financial data due to noise
and constantly changing financial markets. Therefore, a deeper preliminary analysis of the
raw input data is needed. Consequently, an essential part of this research is the
transformation and advanced analysis of data before it is directly fed into the neural network.
In a more generalised way, this research relates to a positivist experimental research
approach (Park, Konge and Artino, 2020). The central part of this research is somewhat
iterative with each stage consisting of creating and coding new ideas for the algorithmic
trading and ML models, with these models being improved at each stage. Each change has
to be checked first with historical data and then via online trading. The testing against
historical data is known as backtesting or paper-trading. One problem associated with
classical methods for evaluating machine learning models is that there are error metrics, such
as accuracy, precision and recall. ML models and ANNs must be evaluated, not in isolation,
but in the context of a real trading system.
Methods and tools for analysing financial markets that use ML and ANN architectures have
been described as indicated in the literature review (Chapter 3). However, problems lie in the
formulation of the goals, the paradox being that neural network models aimed at predicting
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the future price of securities and maximising profits can give unstable or negative results. This
is despite the reasonable formal estimates of error metrics, such as accuracy, MSE and MAE
(Wu, et al., 2020a). It is necessary to determine other atypical research goals in order to
obtain stable predictions, such as the probability of any particular direction and depth of
movement of a financial instrument in the short term. It is also necessary to determine the
target search functions for whole trading system and add simple crash tests that signal in
advance a possible significant drop in the market, such as those that occurred in March 2020
due to the COVID-19 epidemic (Tabar, Sharma and Volkman, 2020). It is likely that this
objective target function is not the maximisation of profit, but rather the minimisation of losses
and stop-losses. Since there is not enough processing power for training large ANNs on an
end-to-end basis, preliminary preparation of financial market data and the search for
unobvious combinations of input data (features) are needed to obtain stable results.

4.2. Conceptual Research Framework
Figure 4.1 shows the conceptual framework of the central iterative process of this
research, which is based on Miles and Huberman’s principals (Miles and Huberman, 1984).
The word ‘YES’ on the arrows means that the neural network model can recognise and predict
patterns of the entry and exit points to/from the financial market. These points should provide
a probability of successful intraday trading of more than 50%. Thus, the probability is one of
the possible target functions of the neural network model. The word 'NO' means that the
neural network model should be changed because it produces unstable results, leads to
losses, or the neural network error metrics do not meet the required values. Even if the target
probability is achieved, tools of risk and money management must still be used in order to
make a profit.
The purpose of this framework is to clearly show how a successful trading system should be
created, tested and improved (research aim). However, dividing this aim into the research
objectives made it easier to compare every step and validate with the standard error metrics
reported in existing papers.
The online trade test mode on new historical data is necessary to detect overfitting. Many
brokerage companies allow trading on a testing account. The real trading test will be
conducted only to confirm results and to assess the impact of delays in the execution of
market orders.
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Figure 4.1: Research Conceptual Framework.

4.3. Research Method Tools
In the context of the Research Objective 1 (OB-1) (Section 1.3), the author has
analysed existing financial market terminals and ML frameworks that are most suited to
achieving the research objectives.

4.3.1.

Financial Market Terminals

Even though it would be possible to create entirely new ATS, a far better way is to use
well-known trading terminals with programming options. The market has many different
trading terminals; JForex Dukascopy, CQG, Interactive Brokers (IB) and MetaTrader-5 (MT5) were chosen to support these research tests after scrutinising a wide range of options.

• JForex Dukascopy
The JForex Dukascopy platform is owned by Dukascopy Bank (Switzerland), which is
a bank and brokerage company and provides access to the FOREX market and historical
data, including big tick data and tick volumes. Providing information on tick volumes of the
non-centralised Forex currency and commodities markets is a significant competitive
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advantage of the JForex Dukascopy platform compared to other Forex trading platforms that
provide information only on the prices of financial instruments.

• Commodities/Comprehensive Quote Graphics (CQG)
The leading software solutions for online trading for the American financial market is
Commodities/Comprehensive Quote Graphics (CQG Inc, 2022), which provides trading data
from more than one hundred exchanges. CQG has an Application Programming Interface
(API) that can export data to another application, which can then be used to analyse and
create trading signals. This is the most useful option for organising the connectors to the
Chicago Mercantile Exchange (CME), where most American futures contracts are traded.

• Interactive Brokers
The Interactive Brokers (Interactive Brokers LLC, 2022) platform is owned by the wellknown American brokerage company of the same name. It is one of the largest electronic
brokerage platforms in the United States and a principal Forex broker (Interactive Brokers
Group, 2022). The platform also has an API connector for receiving data and for direct
connection to external systems.

• MetaTrader - 5
One of the well-known trading terminals for connection to the Moscow Exchange
(Moscow Exchange, 2022) is the MetaTrader-5 (MT-5) (MetaQuotes Software Corp, 2022a).
It is a standard functional trading platform with a technical analysis interface and algorithmic
trading capabilities. The MT-5 uses MetaQuotes Language 5 (MQL5), which is a high-level
object-oriented language based on C++ (MetaQuotes Software Corp, 2022b). The language
has a vast community, which supports and creates good quality open-source code for intraday
trading, high-frequency trading (HFT), statistical analysis, arbitrage and optimisation.

4.3.2.

APIs and High-Speed Connectors for Day Trading

This section describes the APIs and high-speed connectors, which are necessary for
testing the created neural network models in the live financial market. It is not possible to fully
simulate the financial market environment, in particular, the market slippage parameter.
Therefore, after testing and evaluating ANNs using conventional methods of evaluation of ML
algorithms, the final test should be on a live financial market, which can be carried out with
minimum volume (a minimum lot).
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• The High-Speed Connectors
Integrated Client Trading Terminals (ICTT) allow high-speed connection to the stock
exchanges (Figure 4.2). Each brokerage company chooses one or some ICTTs, which its
clients use. Usually, the terminals are used manually. Some brokerage companies provide
and support high-speed channels to stock exchanges with ICTTs that support automatic
trading by ATS. In the case of simple algorithmic trading, the ATS with a defined strategy
replaces the role of the connector. When neural network models are in charge of the strategy,
connectors between the ICTTs and the neural network models are needed. It is possible to
create such connectors based on the program code of ATS. The author modified the
connector-1 based on the ATS that is described in (Mashnin, 2016). The code of the
connector is shown in Appendix VI.

Figure 4.2: Interconnections between the modules.

• Real up and real down movements should be analysed separately

since the patterns Implementation and Testing
Two versions of the high-speed connector-1 for day trading on the futures market on
the Moscow Exchange were created. One used object-orientated programming, and the other
one used procedural programming. Both versions had been implemented in C++. Some
functions use MQL-5 that has a similar syntax to the C++ language. MQL-5 is an event-driven
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C++ language. It analyses events from the client trading terminal MetaTrader-5, such as
putting a new tick or any change inside an order book. The event may also be a periodical
signal from the internal timer that is a function of MQL-5. The internal timer may send the
signal each minute or each second or millisecond. In reality, the minimum time-period that
may be calculated is about ten milliseconds because it depends on the Internet channel
connection speed. The most useful function of MQL-5 is the sending off different orders, such
as Stop-Loss Order, Limit-Order, Stop-Order, Trailing-Stop Order, Market-Order, Hidden
(‘Iceberg’) Order, Time-in-Force Order, and ‘All-or-None’ Order, among others.
The code of the two connector-1 was tested using three different strategies with two different
futures contracts. The connector works correctly. All types of orders are sent to the financial
market. The code checks itself as well as the parameters of the connection and trading
account.

• API
Recently, most major brokers provide their clients with direct access to the trading
system through APIs. This saves time on developing full-stack applications that include neural
networks. In this way, these brokers take responsibility for consistently transmitting orders
and receiving real-time data necessary to train and use neural network models. For
connecting to the foreign exchange market, the author used the API from Dukastcopy Swiss
Bank. Detailed connection instructions are provided in the Dukascopy FIX API Programming
Guide (Dukascopy Swiss Banking Group, 2022a). Also, for connecting to the futures markets,
API from Interactive Brokers was used. The company provides direct access to data through
their Trader Workstation Application Programming Interface (TWS API), which allows you to
create custom trading applications in Java, .NET (C #), C ++ or Python, including using ANNs
(Interactive Brokers, 2022). Both organisations provide direct access to the market data
stream in the condition that the client has to be a professional securities market participant
with confirmed licensed status.

• Open-Source Connectors
OS.Engine (Van, 2022) is an open-source framework for creating connectors to
popular trading platforms and making ATSs. It has connections to the Interactive Brokers
(Interactive Brokers LLC, 2022), OANDA (OANDA Corporation, 2022), Quick (ARQA
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Technologies, 2022), Plaza-2 (Moscow Exchange, 2018), etc. The framework is based on C#
programming language and is used in this research to test the final model using paper-trading.

4.3.3.

Machine Learning Software

• TensorFlow
At the end of 2015, Google developed and presented a new software library for
machine intelligence called ‘TensorFlow’.
It is “for numerical computation using flow graphs. Nodes in the graph represent
mathematical operations, while the graph edges represent the multidimensional data
arrays (tensors) communicated between them. The flexible architecture allows
deployment of computation to one or more CPUs or GPUs in a desktop, server, or
mobile device with a single API” (Google LLC, 2022).
The main difference between TensorFlow and other similar systems is that it can support
different software platforms. Moreover, the documentation on Python API (Application
Programming Interface) is qualitative. The technology is described in more detail in the
Preliminary White Paper from the Google Research Department (Abadi, et al., 2016).
The TensorFlow is the basis of many DL frameworks which use TensorFlow as a 'mother
platform' because it achieves fast calculation and rational use of processor resources.

• Scikit-Learn
The scikit-learn (Cournapeau, 2022) is an ML library in Python programming language
(Mueller and Guido, 2017). It has a large active society, which supports and develops the
library. The scikit-learn has high-quality documentation for each algorithm, such as
classification and regression. Moreover, it has clustering algorithms and other ML-methods,
such as support vector machines, t-Distributed Stochastic Neighbor Embedding (t-SNE),
random forests, k-means, gradient boosting, etc.

• Keras and TensorFlow 2.0
Keras (Chollet, 2022) is an neural network library in Python. The framework aims to
build on top of other DL low-level ML frameworks, such as TensorFlow, Theano, etc (Gulli
and Pal, 2017). It simplifies the organisation of complex DL models. Many researchers prefer
to use Keras (Rampasek and Goldenberg, 2016; Fischer and Krauss, 2018), and it is actively
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used in this research. At the current time, the new version of this framework is combined with
TensorFlow in the complex framework ‘TensorFlow 2.0’ and is supported by the Google
Corporation. TensorFlow is a generic software library for numerical computation and machine
learning using data flow graphs, whilst Keras is a neural network library that interfaces and
supplements TensorFlow. Therefore, its use in conjunction with TensorFlow which is from the
same corporation is the most logical. Also, it is possible to use Keras in JavaScript
programming language with a Keras.js framework and run neural network models in the
browser (Chen, 2022). Most of the neural network models created in this research use Keras.

• PyTorch
The PyTorch (Paszke, et al., 2017) ML framework was developed by the Facebook
company and was widely introduced in 2017. PyTorch is quickly gaining popularity due to the
ability to work with dynamic computational graphs and a lower level of program code.
Keras, TensorFlow 2.0 and Scikit-learn were used for this research. They were chosen after
scrutiny of all existing ML and DL software.
#

• Programming Languages
Most of the programming code in this research is written in Python, one of the most
popular (TIOBE, 2021) and mainstream languages used for machine learning, with an
advanced set of specialised libraries and a developed professional community (Portugal,
Alencar and Cowan, 2016). However, some highly loaded parts of the code use the C
language, as well as MQL5, which is a specialised programming language for the
MetaTrader-5 trading platform and is based on C++.

4.3.4.

Environments: Operation Systems, Anaconda, TensorFlow,
Keras and Google Colab

In this research, three different programming environments (operation systems) were
used for testing and timing the DL models:
-

Windows 10

-

MacOs High Sierra
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-

Google Colab, which is a research tool for machine learning (Google Colaboratory,
2022).

Installing the Anaconda, Python-based TensorFlow-2 with Keras software on Windows 10
and macOS are standard tutorials that are available online (Google LLC, 2022).

Table 4.1: Period for learning a Convolutional Neural Network (CNN) by Central Processing
Unit (CPU).

Table 4.2: Period for learning a CNN by Graphics Processing Unit (GPU).
Google Colab is a cloud-hosted development environment for creating machine learning
applications and does not require any special installation procedure. It is constructed as a
Jupyter Notebook for Python-3 and uses GPU and TPU technology for accelerated learning
of ANNs. Table 4.1 and Table 4.2 show the epoch periods taken during the learning of a CNN
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with about 1.7 million variables. The improvement in error minimisation for each iteration
(Epoch) is about ten times longer than the non-GPU approach. Unfortunately, the Google
Colab environment has limitations and is available for no more than 12 hours of continuous
operation.

4.3.5.

PC Hardware

For prototyping neural network models, in addition to the publicly available GPU cloud
platform Google Colab, a laptop with a GPU processor was also used, the configuration
details of which are indicated in Table 4.3.

CPU
GPU
RAM
Hard Drive
Solid State
Drive

Hardware Configuration Details:
(Lenovo Legion Y540-17IRH)
Intel Core i7-9750H (2.60 GHz, up to 4.50 GHz with
Turbo Boost, 6 Cores, 12 MB Cache)
NVIDIA GeForce RTX 2060 6 GB GDDR6 192bits
32 GB DDR4 2666MHz SoDIMM
2TB, 5400RPM, 2.5'', 7mm
256 GB, M.2 2280
Table 4.3: PC hardware with GPU used.

4.4. Data Collection Tools
For this research, the neural networks for the trading systems have been trained and
tested with linearly-independent, publicly-available raw data, such as price, time, volume and
order book (Milke, Luca and Wilson, 2017). A library of completed transactions (known as
‘deals data’) should collect raw data based on the smallest unit of integrated data called a
‘tick’. A tick excludes detailed information about each deal but mainly contains the slightest
upward or downward price fluctuation on a financial market.
Integral market data for prices and volumes, such as hourly or daily time frames, are widely
available. On the contrary, access to tick data is usually paid. However, some global
brokerage companies, such as Dukascopy Bank or Interactive Brokers, provide access to
historical data, including tick data to those clients with a live account. Some data aggregators,
such as TS-Lab (TSLab, 2022), specialise in selling trading software while providing access
to tick data. One of these companies is Stock Sharp. Their product, S#.Data, was chosen as
a database because it is capable of accumulating and storing raw data (Stock Sharp, 2021).
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Figure 4.3: Order book. Screenshot from (CQG Inc, 2022).

Figure 4.4: S#.Data terminal. Screenshot from (Stock Sharp, 2021).
The framework has the capability to download the market maker’s data from different sources
(Stock Sharp, 2020) and keep it in a local database. The popular text format for machine
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learning ‘csv’ can be used by the program as much as other formats including ‘xml’ and ‘txt’.
The data may be used for training and testing DL models. Also, S#.Data may collect real-time
data, including an order book (Figure 4.3), which consists of many uncompleted buy and sell
orders. The interface of the program is displayed in Figure 4.4.
After starting the online testing, the data from the selected trading systems will be used
directly. At the same time, the data will continue to be collected for future ML models. In this
case, the database will collect not only information about completed deals but also about all
uncompleted orders. This data may appreciably change the ML result.
Online data available in the public domain is in obtained from the Chicago Mercantile
Exchange (CME) and the Moscow Exchange (directly accessible by the author as a client of
brokerage companies which operate on these stock and futures exchange markets). This
publically available collated data include information about all uncompleted orders.

4.5. Databases Used
4.5.1.

S&P-500 Index and Stock Market Databases

The S&P-500 (Standard & Poor’s 500) (S&P Dow Jones Indices, 2022) index is an
American stock market index, which is calculated on the basis of the five hundred largest
stock market listed companies. Consequently, it depends on the prices of the stocks of the
500 companies. Therefore, the price of S&P-500 might be predicted based on previous prices
of all 500 shares that are included in the index.
Many stock market databases with integral data are available as open-source. For checking
new ANN models, this current research uses one-minute time frame data of market prices
and volumes. On one hand, this time frame is quite detailed for a description of intraday
trading. On the other hand, a one-minute time frame does not conclude a massive amount of
data because it does not consist of tick information. This research uses the S&P-500 Index
(one-minute time frame) from the S#.Data.

4.5.2.

EUR/USD Forex Tick Database

For the main experiments with CNNs this research uses tick-term data of market prices
and volume. The research uses the publicly available EUR/USD Forex tick data, which was
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downloaded from the Dukascopy Bank (Switzerland) historical data resources (Dukascopy
Swiss Banking Group, 2022b). The data consists of the prices of supply and demand (ask
and bid), volumes of supply and demand (ask volume and bid volume), as well as the date
and time of transactions with an accuracy of milliseconds. The size of the volume is specified
in millions of lots. The author understands that the amount of volume lots on Forex through
any market maker does not carry complete information about global volumes in that moment.
Thus, it is possible to miss a significantly large amount that occurred through other market
makers. However, further training of the neural network will take into account the important
parameter of the time interval between two adjacent ticks, which partially compensates for
the incompleteness of information in the amount of volume, since the interval between ticks
usually decreases as the volume of transactions increases. Figure 4.5 shows the charts of
prices and volumes separately for the four months of 2018. Figure 4.6 shows only the 400
first ticks in 2018, which allows for a more detailed demonstration of the structure of the
analysed data.

Figure 4.5: Price and volume graph of EUR/USD Forex from 01.01.2018 util 30.04.2018.
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Figure 4.6: Price and volume graph of EUR/USD Forex: first 400 ticks.

4.6. Nuances of Validation and Valuation Neural Networks
Models for Financial Markets
Most researchers create neural networks for financial market analysis and use
standard error metrics and loss functions, such as accuracy, recall, precision, F1 and Mean
Squared Error (MSE), Mean Absolute Error (MAE) or Huber loss. These metrics evaluate
various error parameters and ultimately maximise the profitability of the trading system.
However, it is not enough and not always correct to evaluate the results of neural networks
for financial markets only based on conventional methods for evaluating the quality of the
neural network results because there are nuances. This subchapter indicates some specific
methods and metrics used to evaluate trading neural network systems for financial markets.
This subchapter also describes both the classic approach to avoiding overfitting and two
cross-validation methods used by this research.

4.6.1.

Overfitting and Validation of Trading ANN Models

• Overfitting
Sometimes, ANNs may be too restrictive in scenarios where they capture all relations
and dependencies of a particular dataset to such an extent that they can only recognise and
correctly classify data that is identical to the training data. In these situations, the ANN does
not have an excellent performance on the validation (test) data and is said to be overfitted.
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Figure 4.7 demonstrates this where the error (loss) decreases during the iterative training
events (epochs) and then increases in the validation sets.

Figure 4.7: Indicator of overfitting (Gulli and Pal, 2017).
The most well-known methods of avoiding overfitting are stopping the training of an ANN as
soon as the accuracy has started to decrease on the validated dataset; and the 'dropout'
method when randomly selected cells of the ANN and their connections (weights) to other
cells are dropped (Srivastava, et al., 2014). The second method is challenging to apply in
cases when the additional weekly retraining should be done on weekly replenished online
market data.

• Training, Validation and Testing
To avoid overfitting, 80% of the dataset was used for training, and 20% of it was
reserved for validation, as shown in Figure 4.8. A typical public database consists of two parts:
training data and testing data. However, it is a good practice to keep about 20% of the training
data for the validation process, which is necessary for identifying the overfitting, if any occurs.
Each epoch used by the ML algorithm uses training data and then checks the model with the
validation part. The test data must also be separated from the training process. Otherwise,
the result of the training will not be reliable.
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Figure 4.8: Splitting an original dataset into training, validation and testing parts
(Eissa, 2016).
This method allows the estimation of the actual recognition accuracy. The accuracy of the
validation part of the dataset is an objective function. If the accuracy does not change, the
process of the training should be stopped.

• Cross-Validating
There is a significant difference between the time series and a simple data sample as,
for the first one, the analysis has to take into account the time associated with the
measurements and not just the characteristics and statistical diversity of the sample.
Conventional cross-validation is not applicable for time series. It is not permissible to mix the
values of a time series in an arbitrary order. Otherwise, interconnections will be lost, and
values from the future will be known, which is impossible in the process of financial trading
(Bergmeir, Hyndman and Koo, 2018). In this case, 'cross-validation on a rolling basis' is used.
The sequence of this type of cross-validation is shown in Figure 4.9. At the first step, the
neural network is trained on a small part of the time series, from the beginning to time 𝑡. A
forecast is made for 𝑡 + 𝑛 ticks (steps) forward, and an error is considered. Next, the training
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segment is increased to 𝑡 + 𝑛 ticks, and the values are predicted from 𝑡 + 𝑛 to 𝑡 + 2𝑛, etc.
Training and validation continue until the end of the historical data.
With the arrival of new data (time series), retraining of the neural network will continue in the
same manner as the cross-validation on a rolling basis. Sometimes this type of crossvalidation is called the 'successive training set'.

Figure 4.9: Cross-validation on a rolling basis (Bergmeir, Hyndman and Koo, 2018).
For particularly large data sets, cross-validation with the 'rolling training set' is used (Figure
4.10). This validation is often used when retraining ANNs with new data already obtained in
the process of using the model. In the case of intraday trading, this validation can be done on
a daily or weekly basis after the market closes overnight. This research will use both of the
types of rolling cross-validations mentioned-above.

Figure 4.10: Cross-validation with the ‘rolling training set’ (Jiang, 2020).
81

4.6.2.

Nuances of Valuation Neural Networks Models for Financial
Markets

Sometimes strategies with high returns also have large drawdowns of equity in the
middle of the assessed period. In other words, often, a strategy with lower returns is more
attractive due to the reduced risk. To assess profitability and risk at the same time, the
Sharpe ratio is used (Sharpe, 1998). The Sharpe ratio evaluates the relationship between
profit potential and risk strategy. The higher the Sharpe ratio, the better the results that the
trading strategy shows concerning the accepted risks.
The Sharp Ratio definition is:

𝑆𝑎 =

𝑅𝑎 − 𝑅𝑓
𝜎𝑎

(4.1)

Where 𝑅𝑎 is the asset return for the fixed time-period;

𝑅𝑓 is the risk-free return, such as bank deposits or U.S. Treasury security;
𝜎𝑎

is the standard deviation, which is equivalent to the average volatility of a currency pair

or futures contract for the time-period.
The equation shows that the value of the Sharpe ratio is directly proportional to the
percentage of profitability of a trading system, which is based on an ANN, and inversely
proportional to the spread of its performance. In other words, the more significant and more
stable the average income of a trading system, the higher the value of this ratio.
There are other metrics for the comprehensive assessment of the profitability and risk of
financial models, such as Sortino ratio (Goel, Sharma and Mehra, 2019) and Calmar ratio
(Almahdi and Yang, 2019).

4.7. Preliminary Data Analysis
This section discusses some methods of preliminary data analysis, including
visualisation. The preliminary data analysis was an essential element in the development of
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this research, as it helped understand the data structure before using neural networks, which
require massive GPU computing power. Furthermore, this preliminary data analysis showed
which of the available features are more important. This analysis allowed the author to
formulate preliminary ideas on one of the key novelties of this research – the probability vector
of future significant movements. It also focused efforts on searching for deeper patterns,
instead of simultaneously exploring all possible options. This approach reduced resources
and sped up this research. For this preliminary data analysis, several random sequential data
sets of big financial tick data for 2019 were used.

4.7.1.

t-Distributed Stochastic Neighbor Embedding (t-SNE Method)

For visualisation, multidimensional data is transformed into two or three-dimensional
space. As a tool to achieve this goal, the t-Distributed Stochastic Neighbor Embedding (tSNE) method is well established. The t-SNE is a method of non-linear dimensionality
reduction and visualisation of multidimensional variables. The method was developed by
Maaten and Hinton (2008).
The classical t-SNE method is formulated in the following description. There is a data set with
points (rows in the data set) described by a variable, which has more than three space
dimensions. In other words, the number of features (columns) for each row in the data set is
more than three. The goal of this transformation is to get a new variable, that exists in twodimensional or three-dimensional space, which preserves the maximum extent of the
structure and patterns in the source data. The t-SNE begins by transforming the
multidimensional Euclidean distance between points into conditional probabilities that reflect
the similarity of points of the data set. Equation (4.2) below demonstrates the calculation of
these probabilities.
2

𝑝𝑗|𝑖 =

ⅇ𝑥𝑝 (−‖𝑥𝑖 − 𝑥𝑗 ‖ ∕ 2𝜎𝑖2 )
(4.2)

∑𝑘≠𝑗 ⅇ𝑥𝑝 (−‖𝑥𝑖 − 𝑥𝑘 ‖2 ∕ 2𝜎𝑖2 )

Where 𝜎𝑖 is the variance of the Gaussian that is centered on datapoint

𝑥𝑖 ;

𝑥𝑗 and 𝑥𝑖 are datapoints.
The similarity of datapoint 𝑥𝑗 to datapoint 𝑥𝑖 is the conditional probability
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𝑝𝑗|𝑖 .

This equation shows how close the point 𝑥𝑗 is to the point
around 𝑥𝑖 with a given deviation

𝑥𝑖

with a Gaussian distribution

𝜎. The deviation will be different for each point. Areas with

a higher density should have more minor variance than neighbouring points.
The resulting two-dimensional or three-dimensional points are called
corresponds to the original multidimensional points

𝑥𝑖

𝑦𝑖

and 𝑦𝑗 . This pair

and 𝑥𝑗 . The conditional probability

𝑞𝑗|𝑖 for 𝑦𝑖 and 𝑦𝑗 is calculated using the previous equation. Standard deviation equals 1 ∕
√2 (Equation (4.3)).
2

𝑞𝑗|𝑖 =

ⅇ𝑥𝑝 (−‖𝑦𝑖 − 𝑦𝑗 ‖ )
∑𝑘≠ 𝑖 ⅇ𝑥𝑝 (−‖𝑦𝑖 − 𝑦𝑘 ‖2)

(4.3)

#

Where

𝑦𝑖

and 𝑦𝑗 are the low-dimensional counterparts of the high-dimensional datapoints

𝑥𝑖 and 𝑥𝑖 .
If the low-dimensional points 𝑦𝑖 and 𝑦𝑗 correctly model the similarity between the initial highdimensional points 𝑥𝑖 and 𝑥𝑖 , then the corresponding conditional probabilities 𝑝𝑗|𝑖 and

𝑞𝑗|𝑖

will be equivalent.

4.7.2.

t-SNE for EUR/USD FOREX Database

The t-SNE method requires an extensive computer resource for a large database. The
necessary computing time grows in proportion to the quadratic function of the number of rows
of the dataset. For example, for 1,000 rows of the EUR/USD Forex dataset, it took about four
seconds for Intel I-7 CPU 2.6 GHz and GPU NVIDIA GeForce RTX 2060 (Section 4.3.5). For
10,000 rows, it took more than a minute, and for 100,000 rows it took 20 minutes. Obviously,
it is almost impossible to display 16 million lines of this tick dataset for the first half of 2019.
The author analysed several random sequential data sets of 1,000, 10,000, 50,000, and
100,000 rows.
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The all Python code for using the t-SNE method for EUR/USD forex dataset is attached in
Appendix VII as the Jupyter Notebook.

Figure 4.11: t-SNE for raw EUR/USD Forex Dataset.

Figure 4.12:t-SNE for EUR/USD Forex Dataset with the intervals between adjacent ticks.
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Initial analysis of a random 50,000 rows of raw data of a EUR/USD Forex dataset showed a
specific structure. However, this structure is determined by successively increasing Unix-time,
not patterns that indicate that the market is ready for significant movements (Figure 4.11).
If the absolute values of Unix-time are converted to the values of the intervals between
adjacent ticks, then the structure in the data is lost at first sight (Figure 4.12). However, the
presence of a less pronounced data structure in the form of patterns of market readiness for
significant movements with a certain probability will be shown below.
Number

Tick characteristic

Comment

1

A real move up

Ask and Bid of the next tick went up

2

The margin expanded up

Ask of the next tick went up, and Bid
remained the same

3

The margin expanded down

Bid of the next tick went down, and Ask
remained the same

4

A movement down

Ask and Bid of the next tick went down

5

The margin has diverged

Ask has increased, and Bid has decreased

6

The next tick did not exceed

The vast majority of ticks

the margin
Table 4.4: Patterns of important price changes.
It is essential to clarify that the t-SNE projections shown above are trying to find common
properties for individual tick lines. However, of greater interest is the forecasting of price
changes at the next tick depending on the volume of transactions and the time interval at the
previous tick. This goal can be achieved by merely shifting price changes one tick back. Thus,
in each row, the intervals and volumes of the previous tick and the price changes of the next
tick will be indicated. Also of interest is not a simple change in prices, but a significant change.
For example, if the change in prices is more than the margin at the previous tick that may
indicate the beginning of a substantial price movement.
For this experiment, the following patterns of important price changes were identified (Table
4.4).
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Figure 4.13 demonstrates the code and distribution of the above patterns of price movements
for the first half of 2019, consisting of 16,680,595 ticks.

Figure 4.13: The distribution of the patterns of price movements for the first half of 2019.
In a randomly selected dataset of 10,000 ticks from the mentioned above EUR/USD Forex
dataset of 2019, the data structure is already visible (Figure 4.14). Of most significant interest
are real up and real down movements, that is, numbers one and four (black and bright green).
Obviously, several areas of the upward movement patterns are divided into different places,
since different patterns are possible to lead to upward movements. The same situation is
observed with patterns of downward movements. It is important to note that there is a
bunching of patterns of significant price movements.
Real up and real down movements should be analysed separately since the patterns and
behaviour of markets during up and down movements can be completely different; for
example, it is widely known that markets fall much faster than they rise.
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Figure 4.14: t-SNE projection for a random 10,000 rows with significant patterns of price
movements.
A randomly selected dataset of 100,000 ticks confirms the presence of a structure in the data
(Figure 4.15).

Figure 4.15: t-SNE projection for a random 100,000 rows with significant patterns of price
movements.
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A random selection of data for creating t-SNE projections was made using the random()
function of the Python language. In this way, the first point was chosen at random for counting
10,000 or 100,000 subsequent ticks. The experiments were repeated 15 times for each
quantity (10,000 or 100,000 ticks). The visual results of concentration of significant
movements on the t-SNE projections have always been similar.
Not all real up and real down movements stick together. Some are located separately. These
present potential problems in predicting movements, as well as reducing the accuracy of more
complex neural network models. On the other hand, the t-SNE method analyses and
searches for patterns in a specially prepared dataset based on information from only two
neighbouring ticks. Neural networks will analyse sequences of hundreds of ticks, which are
likely to contain more patterns.

4.8. Data Preparation for Experiments with CNNs
For crucial experiments with CNNs to predict the price of the next tick, as well as for
experiments with probabilistic movements, this research uses the publicly available EUR/ESD
Forex tick-term database of market prices and volume from Dukascopy Bank (Switzerland),
which was described in detail in Section 4.5.2.
A period of 36 months, from January 2018 to December 2020 inclusive, was used in most of
the experiments. This dataset consists of around 88 million rows Table 4.5. The data structure
consisting of prices, volumes and tick times was visualised on the charts in Section 4.5.2.
2018
2019
2020
Total:

26,048,774
29,186,310
32,758,627
87,993,711

Table 4.5: Size of EUR/USD Forex Raw Tick Financial Data 2018...2020.

4.8.1.

Time-Formats Conversions

These raw input databases contain the time in the format date: (hour: minute: second.
millisecond) (Table 4.6), which are stored as the type ‘object’. Data of type ‘object’ is slowly
processed by Python and Python-based analysis and data manipulation libraries such as
Pandas and NumPy. For convenience of operation, accelerating calculation and training
neural networks, all dates and times have been converted to "datatime64" type (Table 4.7).
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Table 4.6: Raw data of EUR/USD Forex 2018.

Table 4.7: Converting the dates and times to ‘datatime64’ type.
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As already mentioned in the Chapter's introduction, for intraday trading, the size of the
intervals between neighbouring ticks in milliseconds is essential. Thus, all settlement times
are converted from Unix-time into the array of values of inter-tick intervals, which will
demonstrate the intensity of the trading market at each moment during the intraday trading
session. Thus, in order to train CNNs, it is necessary to convert the time array starting on
January 1, 1970, into an array of intervals between ticks. The idea of the above conversion is
essential and innovative.
In addition to indicating the intensity of the market, inter-tick intervals allow the normalising of
the dataset with higher quality. It is possible because the range of the majority of these
intervals between neighbouring ticks is relatively narrow. Therefore, it is possible to choose
some maximum number and normalise these intervals so that they are approximately evenly
distributed in the range [0;1]. Such a conditionally uniform distribution increases the quality of
the training of neural networks.

4.8.2.

Data Cleaning

After completing the first experiments, significant instability and volatility of the
predicted prices relative to the actual prices were found. The predicted prices looked like an
oscillatory chart with large amplitudes. After preliminary analysis, it was found that such
oscillations were due to errors in the raw data.
There are often moments of exceptionally high market intensity, which usually occur at the
moments of the opening of trading days or significant or unexpected news for the market from
politicians or government market regulators. The increased intensity of trading at the
moments of the market opening is associated with client orders accumulated overnight, which
brokerage companies are obliged to execute as soon as possible. Thus, there are regularly
recurring periods in which automated data collection systems have to process market data
quickly. Sometimes these systems do not cope with the load, and as a result, errors, gaps, or
zero values appear in the databases. Figure 4.16 shows incorrect predicted prices based on
missing prices with a large amplitude (red and orange graphics), as opposed to actual prices
(blue and green).
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Figure 4.16: Falsely predicted prices based on missing data with a large amplitude (red and
orange graphics), as opposed to real prices (blue and green).

Thus, before processing, transformation, and analysis, the data should be checked for the
absence of obvious problems, including very large or zero values and gaps in the data. For
example, if price data is not available at some point, this is perceived as a zero price. The
next price can be accurate. The zero prices and gaps clearing takes significant processing
time but is achieved with simple code. Clearing erroneous data is a more difficult task because
it is not always evident what out of this data is wrong. Erroneous prices are more easy to
identify than erroneous trading volumes. If the price unexpectedly jumps significantly during
one or several ticks and then unexpectedly returns to the previous level, it can be identified
as an erroneous price with a high degree of probability. If the rates of currency pairs in the
Forex market jump above or below the exchange rate, which they have never been for these
currency pairs, then the probability of the erroneous rate is 100%. Erroneous data could also
be identified by the incorrectly collected transaction time, the value of which is not within the
interval between two neighbouring times.
In these cases, it is necessary to do preliminary data cleaning. Otherwise, ANNs during
training perceive these unexpected changes as significant price volatility, and it is
remembered as a false pattern. As a result, this leads to a decrease in the accuracy of the
predictive models and is demonstrated by a large amplitude of the predicted prices.
Table 4.8 demonstrates an example erroneous data identification from incorrectly collected
transaction times. These erroneous times become obvious after calculating the intervals
between neighbouring ticks. If some intervals are equal to large negative values, then all
lines with such data should be deleted without further analysis of prices and volumes in
these lines.
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Table 4.8: Example of the identification of incorrectly collected transaction times.

4.8.3.

Normalisation

For increasing the accuracy and other error metrics of the results, it is desirable to train
neural networks on data that has been normalised. Data normalisation is necessary for
several reasons. The original data values could vary over a vast range, and the training of
analytical models, such as neural networks, with this data, may be incorrect. Without
normalisation, the most significant impact will be the inputs with a more variable range, even
if this is contrary to the actual situation. Furthermore, an imbalance between input feature
values could cause instability of the neural network model, worsen learning outcomes and
slow down the training and validation processes. In particular, parametric machine learning
methods, which include ANNs, are usually trained using the Batch Gradient Descent method,
that is, in several directions at once. Therefore, to increase the stability and training speed,
all input variables should be of the same order or, even better, they should be in a particular
range, for example, within the intervals [0;1] or from [-1;1].
However, for complex heterogeneous, unstable and noisy financial data, the above classical
approaches to normalisation are insufficient. This research uses three types of data
normalisation, each with its own nuances. These normalisations of tick prices, tick volumes
and intervals between ticks are described in detail below. The method of discarding long, thin
tails of the statistical distribution and outliers is also applied. As a result, in this research, the
matrix of calculated coefficients (weights), the output response vector and the matrix of input
parameters take values in the interval of 0 to 1 inclusive [0;1].
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• Normalisation of Intervals Between Ticks
The time intervals between neighbouring ticks are enormously diverse. This is the
reason why standard classical normalisation methods alone are not enough. Figure 4.17
shows the statistical distribution of the time intervals between neighbouring ticks for a random
1,000 ticks in 2018.

Figure 4.17: Distribution of 1,000 random intervals between ticks.
The graph shows that the vast majority of the time, intervals are no more than 20 seconds.
Precisely the same conclusion is gained from the graphs of random 10,000 ticks (Figure 4.18)
and 100,000 ticks (Figure 4.19).

Figure 4.18: Distribution of 10,000 random intervals between ticks.
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Figure 4.19: Distribution of 100,000 random intervals between ticks.

Analysis shows that ticks with time intervals of more than 20 seconds account for just 0.086%
of the total.
With such an uneven distribution, the application of standard normalisation by Equation (4.4):

𝑥𝑖 − 𝑥𝑚𝑖𝑛
𝑥̂𝑖 =
𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

(4.4)

Where 𝑥𝑖 is the value of the discrete input variable to be normalised (one of the intervals
between ticks);

𝑥̂𝑖

is the value of the normalised discrete input variable;

𝑥𝑚𝑎𝑥

is the maximum value of the input data feature;

𝑥𝑚𝑖𝑛

Is the minimum value of the input data feature.

The normalised input matrix

𝑋̂ would be unrepresentative with 𝑥𝑚𝑎𝑥

greater than 100,000

because all other intervals between ticks are normalised to values close to zero, and this will
dramatically reduce the accuracy of future trained neural network.
Classical non-linear normalised methods, such as sigmoid or hyperbolic tangent, are often
used to normalise such asymmetric distributions. The first one converts the values to the
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range [0;1], and the second one to [-1;1]. In both these non-linear normalisation, different
intervals of the original range are 'compressed' to varying degrees, which in some practical
cases allows one to achieve an acceptable result by choosing the parameters that control the
shape of the normalising function. However, in actual big financial data, outliers in the form of
large values of inter-tick intervals are not associated with traders' activity but reflect the stock
exchanges' organisational rules. For example, Table 4.9 demonstrates that most inter-tick
intervals over 100,000 seconds are either weekends, the ends of trading days, or technical
stops of trading. Thus, from the point of view of the quality of recognition of patterns of
behaviour of market participants, in other words, the predictive value of neural networks,
these large intervals are not necessary. Moreover, these organisational intervals reduce the
quality of the training model, as well as gaps in the data (which is discussed in Section 4.8.2),
creating oscillator plots of the forecast prices.
Thus, it is necessary to reduce the influence of these long inter-tick intervals. However, a
simple deletion of these rows, as in the case of data gaps (Section 4.8.2), would be incorrect
because many of these rows involved with the daily opening and closing of the markets and
contain the correct prices and volumes. This research does not use any extrapolations or
interpolations that could distort the raw tick data and lose the patterns of behaviour of financial
market participants. The most obvious solution used in this research is all intervals of more
than 20 seconds should be equal to 20 seconds (20,000 milliseconds). This original method
allows:
- exclusion of the oscillatory nature of the predicted prices,
- avoidance of concentrating most of the normalised inputs around zero,
- normalisation of the inter-tick intervals without using the sigmoid and hyperbolic tangent,
which would require additional processor time,
- avoidance of the situation when the neural networks would concentrate on searching for
patterns for trading interruptions rather than patterns of behaviour of market participants.
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Table 4.9: Input data where the inter-tick intervals are more than 100,000.
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• Normalisation of Volume
A similar method of normalisation is applicable to the volumes, which also display
substantial irregularity. Figure 4.20, Figure 4.21 and Figure 4.22 show the statistical
distribution of the volumes of random 1,000 ticks, 10,000 ticks, and 100,000 ticks. These
distributions demonstrate that the vast majority of volumes do not exceed ten million lots.
Using the Python random number function, any row from the main financial database was
selected, which became the starting point for selecting the next 1,000, 10,000, or 100,000
rows. The experiment was repeated 15 times for each specified different number of rows. The
distributions of volumes were similar each time.

Figure 4.20: Distribution of random 1,000 ticks’ volume.

Figure 4.21: Distribution of random 10,000 ticks’ volume.
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Figure 4.22: Distribution of random 100,000 ticks’ volume.
Thus, as in the previous example, all volume lots over 10 million equate to 10 million lots. The
loss of information on long time intervals between ticks is less sensitive than on extra-large
volume lots. However, in transactions with extra-large lots, there are often substantial price
changes, and there are also possible delays with the execution of market orders, which
usually leads to slippage. These are not the best times to enter the market in terms of risk
management.
In further research, the author is aiming to add additional significant volume analysis. At
least three ways are possible:
- сreate a separate parallel path to the current neural network for analysing these significant
volumes,
- use machine learning methods faster than neural networks, such as decision trees, etc,
- add two additional features (columns) to the input data for training the current neural
network model, containing normalised data of only these significant ask and bid volumes.

•

Normalisation of Prices
A common mistake is to normalise data before splitting it into training and test data

because extrema, i.e. maximum and minimum data, are used for normalisation. When making
forecasts in real stock trading, it is not known what the maximum and minimum prices will be.
Taking information from the future for training, such as extrema, is incorrect because this will
create system errors.
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Thus, there are two big problems with the normalisation of tick prices. Firstly, when training
and validating a neural network, information on the maximum and minimum prices for
normalisation cannot be used since this will tell the neural network the price boundaries above
or below which there will be no movement. This creates false patterns in the neural network
that do not correlate with correct patterns of behaviour of market participants. Secondly, the
preparation of financial data for further feeding of the neural network will be performed by the
sliding window method consisting of only 200 ticks (described in detail in Section 5.1). Thus,
the normalisation of tick prices within each step of the sliding window using the
global extrema of the whole database, that are minimum and maximum tick prices, will be
unrepresentative. This is because the price changes within each step of the sliding window
are small compared to the global price difference over three years.

Figure 4.23: Ask distribution.
For example, Figure 4.23 shows the statistical distribution of the ask price over 18 months. In
other words, half of the whole main database was used to create this distribution. The bid
price distribution is similar. On one hand, the global price difference for 18 months varies
slightly: from 1.11 to 1.26. On the other hand, tick price changes during any 200 ticks of the
sliding window are insignificant relative to 18 months. For example, if prices normalise based
on the minimum and maximum prices for only four months, the normalised price chart will
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stretch to the line (Figure 4.24). Consequently, the accuracy of training a neural network will
be low.

Figure 4.24: An inconsistency of the dimensionality of normalisations. The green line is
normalised volume. The red line is normalised price.
Intermediate conclusion: it is necessary to normalise prices not in the range of minimum and
maximum prices for the whole period: three years, but for a shorter period. There are two
options for normalising the 200 tick width of the sliding window:
The first is the normalisation at the minimum and maximum price of each 200-tick interval.
This option requires increased processing power since it is necessary to find the minimums
and maximums of each 200-tick interval. Additionally, this option slightly distorts the search
for patterns of market participants' behaviour since each 200-tick interval will have a different
normalisation scale. Equation (4.5) describes this type of normalisation:

𝑝𝑖 − 𝑝200_𝑚𝑖𝑛
𝑝̂𝑖 =
𝑝200_𝑚𝑎𝑥 − 𝑝200_𝑚𝑖𝑛
Where 𝑝𝑖 is the current price of ⅈ -tick;

𝑝̂ 𝑖

is the normalised price of

ⅈ -tick;

𝑝200_𝑚𝑎𝑥

is the maximum price of current 200-tick interval;

𝑝200_𝑚𝑖𝑛

Is the minimum price of current 200-tick interval.
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(4.5)

The second is the normalisation of prices based on maximum volatility within all 200-tick
intervals. In other words, there is such a 200-tick interval during all three years, where the
price volatility is maximum (Equation (4.6)). This price difference is taken to normalise every
200 tick interval throughout the incoming big financial database.

𝑝̂𝑖 =

𝑝𝑖 − 𝑝𝑚𝑖𝑛
(𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛 )𝑚𝑎𝑥

(4.6)

Where 𝑝𝑖 is the current price of ⅈ -tick;

𝑝̂ 𝑖

is the normalised price of

ⅈ -tick;

(𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛 )𝑚𝑎𝑥 is the maximum between prices inside each of 200-tick intervals
during three years (called Maximum delta of prices);

𝑝𝑚𝑎𝑥

is the maximum price of the Maximum delta of prices;

𝑝𝑚𝑖𝑛

Is the minimum price of the Maximum delta of prices.

This research uses the second way. The Python code, which is used for cleaning,
normalisation and preparation data for the first series of the experiments, is demonstrated in
Appendix IX.

4.9. Preliminary Testing of Models and Topologies of NNs
This section aims to demonstrate the results of the preliminary experiments with
different topologies of ANNs. The functionality of the topologies chosen should be checked
for their correctness before being used with the full set of big financial tick data. The majority
of the ANN models are created with Keras, which is a ML library that uses Python and
TensorFlow 2.0 as a backend, one of the most potent ML frameworks of today. Keras does
not use a mathematical graph representation. Consequently, it is more user-friendly than the
original TensorFlow. The following subsections describe different architectures of ANNs. The
difficulty of the topologies listed below increases from simple models as multilayer perceptron
to deep enough CNNs.
This preliminary analysis of the neural network models intended for use in main experiments
allows one to write a preliminary code and test it on integrated financial data or limited sets of
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big financial tick data. Thus, the code is pre-tested, and bottlenecks in the code that require
much computational time are identified. Therefore, it is possible to improve the performance
of this code in advance with simple and limited examples.

4.9.1.

Tests with Multilayer Perceptron for Prediction of S&P-500
Index

The convolutional effects of MLP are significantly different from a CNN. The MLP
accepts vectors as inputs. Therefore, an image, for example, has to be transformed from a
matrix (two-dimensional array) into a vector (one-dimensional array). As a result of this,
convolutional effects manifest themselves in only the vertical direction and are lost in the
horizontal direction.
Section 4.5.1 explained in detail the S&P-500 index, which is compiled by Standard & Poor's
and includes about 500 shares of the largest companies traded on major United States stock
exchanges, such as the New York Stock Exchange (NYSE) and NASDAQ. In this test, the
prices of all stocks of these 500 companies are analysed using MLP to predict the S & P-500
index price for the next minute.
The MLP used for this test has four hidden layers. The number of elements in each layer
depends on the size of the input data. In this case, the MLP can recognise the majority of the
properties of the data. For convolutional effects, the number of cells in each subsequent layer
must be reduced after the first hidden layer. In this architecture, a rule was used in which
each subsequent hidden layer has half the number of cells than the previous one. This rule
is often used in practical neural network modelling, including MLP and CNN. The first hidden
layer, which consists of about 1000 cells, is double of the number of the shares considered.
Following the rule mentioned above, each of the subsequent hidden layers has half the
number of the previous layer cells.
This is a regression task. In other words, an answer is a real number or a numeric vector. As
an output, the topology has one cell with a real number that is the equivalent of the predicted
price of the S&P 500 for the next minute. A similar model is written in TensorFlow (Heinz,
2017). The learning time was about ten seconds for each epoch. An epoch means the training
of the ANN on a whole dataset once. The code written in Python of the MLP is shown in
Appendix VIII. Figure 4.25 shows two graphs – the blue one is for the actual prices, and the
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orange one is for the predicted prices of the S&P-500 index. As can be seen, the difference
between the two prices is minimal.

Figure 4.25: Actual and predicted prices of the S&P-500 index (normalised).
As a result of training the topology, the average inaccuracy is 3.1% that is the response rate.
However, the inaccuracy graph, which is shown in Figure 4.26, has some significant statistical
outlier (up to around 20%) of inaccuracy. Usually, it happened in the time of maximum
volatility on the securities market. Thus, the spikes could be explained by price gaps after the
weekends. For reducing these statistical outliers in the inaccuracy graph, the remedial action
would be to reduce the time frame below one minute and carry out pattern analysis on intraday
data only without predicting prices at the beginning of the next day.

Figure 4.26: Inaccuracy, %.
Figure 4.27 demonstrates absolute errors of the training and the validation. What is interesting
in the chart, is the growth of the absolute error validation after nine epochs, at the same time
as training absolute error declines. This is the indicator of overfitting. Accordingly, the training
of the topology with the dataset should be limited to five epochs because that was when the
minimum level of the absolute error was achieved.
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Figure 4.27: Training and validation absolute errors.

4.9.2.

Initial Tests of CNN Models with Transfer Learning and FineTuning

A CNN is based on the spatial structure of information. Thus, a CNN is more suitable
for analysing data with spatial localities, such as images or sets with time-related data (market
price, volume, order book). A CNN has a structure that is similar to a human visual cortex,
which was gained from physiological experiments. The visual cortex is composed of multiple
layers; each of them is in charge of more complex characteristics of the input image and for
a higher level of abstractions. The first layer recognises pixels; the second one aggregates
simple geometric forms; the next layers identify patterns, objects, subjects, etc.
In initial experiments, the author analysed 2D price and volume charts using pre-trained
CNNs, such as VGG-16, in conjunction with advanced methods such as Transfer Learning
and Fine-Tuning, which do not have to train on all layers. However, the time spent on each
set of hyperparameters was significant, and the Google Colab service often interrupted
training and dumped the big financial tick data. VGG-16 is one of the deep CNN models
(Figure 4.28), which has 16 hidden layers and was designed by the Oxford Visual Geometry
Group (University of Oxford, 2021). Algorithm 4.1 demonstrates the VGG-16 topology, which
contains more than 138 million weights (parameters).
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Figure 4.28: Top models in last 5-10 years in ImageNet competitions (Spark, 2017).

Pre-trained neural networks are usually used for image recognition. It is possible to use these
pre-trained deep neural networks to predict the prices of financial instruments using the
approach of feeding these pre-trained ANNs by datasets with price and volume charts of
various time frames as images.
The transfer learning technology uses pre-trained ANNs for solving problems that differ from
those tasks on which these the ANNs were trained. The fine-tuning method is an improvement
on the transfer learning technology. During the fine-tunng, not only the new classifier is trained
with a new dataset. The next step is training one or two of the last convolution layers (or
blocks) with the new dataset. Simultaneously, all other convolution layers and the new
classifier of the deep ANN have to be frozen. Those the weights (parameters) of the other
convolution layers will not be changed.
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Algorithm 4.1: The VGG-16 topology (Simonyan and Zisserman, 2014).

Figure 4.29 demonstrates part of the changed VGG-16 topology, which has been trained
during the fine-tuning.
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Figure 4.29: Part of the new VGG-18, which has to be trained (Sozikin, 2022).
The additional training of pre-trained CNNs by feeding them short-term (up to 200 ticks) sets
of tick price and tick volume data in the form of charts is evident and elegant. However, the
implementation required access to the significant computing power of GPUs. The lack of such
access prompted the author to formulate a method for advanced preprocessing of big
financial tick data, which essentially trains 1D CNNs instead of 2D CNNs. That significantly
saves processing resources. The next chapter will provide a detailed description of this data
preprocessing and the creation of a data tensor.

4.10.Novelty of data analysis
An important novelty of this research is the analysis of the prices and volumes of each
tick, which are rarely used to train neural networks, but also the analysis of time intervals
between neighbouring ticks. Raw financial data usually contains information about the
transaction time, stored in the standard Unix-time format, which is an integer number of
seconds from January 1, 1970 (raw data structure is shown in Section 4.8.1, Table 4.6).
However, for intraday trading, it does not matter how many seconds have passed since this
date over 50 years ago. More important is the size of the interval in seconds or milliseconds
between neighbouring ticks because it demonstrates the intensity of trading, the frequency of
transactions and could show patterns in market participants' behaviour. Inter-tick intervals
precisely demonstrate the intensity of trading, on which all other parameters depend, such as
trading volumes, volatility and safe stop-losses. In this research, all tick time data is converted
into values of inter-tick intervals, which are fed into the convolutional neural networks along
with parameters commonly analysed by other researchers, such as prices and volumes.
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Another crucial novelty of this research is the transformation of irregular time series into
regular time series. This innovation is possible as a consequence of the transformation of the
whole array of transaction times into the array of inter-tick intervals, which, together with data
on prices and volumes of tick transactions, is input data to neural networks. Thus, this
conversion of irregular time series to regular allows applying all the analysis methods typical
for typical time series. Thus, this research avoids the typical methods of converting irregular
time series to regular ones using various variants of mathematical interpolation methods. In
the case of data from financial markets, this has the benefit of avoiding the loss of critical
information about the financial market participants' behaviour.
The first series of intermediate experiments (Chapter 5) use the data pre-processed, as
described in this chapter, and introduce the following novelties.
- using tick data together with convolutional neural networks without using typical recurrent
neural networks,
- non-linear unique normalisation of data on the price and volume of each tick (minimum price
change during trading),
- non-linear unique normalisation of time intervals between tick data, which includes crucial
information about the structure and intensity of the market at each moment. It also allows
conversion of irregular time series into regular time series and the application of all the
analysis methods typical for typical time series,
- using a three-dimensional (3D) data tensor consisting of a set of data slices for feeding
convolutional neural networks,
- reducing the dimension of data by replacing two-dimensional convolutional neural networks
with one-dimensional while preserving the three-dimensional structure of the input data
tensor.
The additional novelties are applied in Chapters 6 and 7, describing the key series of
experiments:
- avoiding the need to predict a specific price of a financial instrument after a particular time
and instead predicting the direction of recoilless movement and its depth,
- using a unique vector of the probability of market movements, which makes it possible to
move from a regression task to a classification task,
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- a new approach to significantly reducing data and removing flat market movements.
Each of these series of experiments requires preliminary data cleaning since there are errors,
nulls and a lack of raw data, which significantly negatively affect the result. Convolutional
neural networks have been chosen for the following experiments based on the concept
described in Section 3.5 and Section 3.6 because they are heirs of Japanese candlestick
charting techniques, which have previously been used to find entry points to the financial
market in short-term (intraday) trading. The predicted movements should be recoil-free so as
not to fix stop-losses, which can destroy the deposit (Section 2.9).
Results, problems, and directions for the subsequent experiments are discussed at the end
of each of the above mentioned chapters.

This chapter described the research methods and tools used in this research. The iterative
algorithm and conceptual framework of this research were described in detail. It also listed
the utilised ML and DL frameworks and described the financial market terminals. Methods
and tools for data collection were demonstrated. Databases used in this research and
preparation of this data for subsequent experiments were also described. Some methods of
preliminary data analysis, including visualisation, were demonstrated. The features of
training, validation and testing for time-series of financial data were indicated. An algorithm
for avoiding overfitting and the nuances of validation and advanced ratio and metrics for
valuation of the success of trading systems were described.
The following chapters describe the main experiments of this research which trained neural
networks with big financial tick data. Such tick datasets are rarely used in scientific research
due to problems with their size and availability for academic researchers. This neural network
analysis focuses on intraday trading and, therefore, analyses only short-term movements,
identifying only small but stable profitable movements that should end before the close of that
trading day.
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5. Prediction of the Forex EUR/USD Next Tick
Rate
This chapter describes the first of the four series of experiments that use big tick
financial data. At the beginning of each series of experiments, the raw data used, its
transformation and non-linear normalisation are described in detail. The topologies and
hyperparameters of the neural networks used and the output data are described.
The aim of the first series of experiments is predicting the Forex EUR/USD next tick price
based on previous tick prices and volumes during the preceding short-term period. Predicting
the next tick, which reflects any minimum change in the trading price, was chosen as the most
straightforward regression task for testing all MLP and CNN training algorithms, analysing
database cleanliness, error validation, and controlling times for calculations. These
experiments are also necessary to evaluate the quality of the architecture of the ANNs used,
determine the required processing time for such calculations based on big data, and
determine future trading strategies.
The first series of experiments is a short-term regression task, which makes it possible to
predict tick prices by analysing whole big financial tick data. However, it has some
disadvantages in terms of error metrics and requires massive computer (GPU) power or
extensive processor time to train these ANNs.
The expediency of such short predictions as the price of an index for the next minute or the
next tick price for stocks and currencies can be explained by a simple logical statement that
follows from the concept of causal determinism in economics (Chen, Kaboudan and Du, 2018)
and is vividly described by the conception of Laplace's demon (Johnson, 2017; Grünke, 2019;
Gruner and Bartelmann, 2020). If it is possible to predict the future one second or a minute
ahead, it is possible to predict the future any time ahead. Of course, in the classic formulation,
Laplace's demon is impossible. However, if the purpose is significantly narrowed down to
predicting the price of a randomly chosen financial asset within the next tick, second, or
minute; and if the purpose is considered successfully achieved, in case a certain probability
of the prediction is reached, then the purpose can already be achieved using ML methods. It
would be added to the formulation of the target that at each step, unlike Laplace's demon, the
problem of predicting the stock price for the next short period will be solved based on the
actual input data obtained from financial markets, which correct all possible inaccuracies in
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this prediction at the previous step and thermodynamic effects. The paraphrasing definition
of the limited Laplace's demon is that the prediction is possible by calculating the future price
of a financial asset per tick, second tick or minute ahead with a certain probability. However,
for predicting the prices of this financial asset for an unlimited time ahead, it is vital to do this
calculation every second based on the current and correct input data received every second
from the financial market.

5.1. Transforming Raw Data
This section aims to describe in detail how pre-processed and normalised data can be
transformed into a three-dimensional tensor using a sliding window. These transformations
are necessary to simulate datasets for further comfortable analysis using convolutional neural
networks. Initially, convolutional neural networks were created and proved themselves in the
analysis of images. Due to the fact that they are able to find patterns anywhere in images,
their ability to find patterns therefore invariant to scales, shifts and rotations of objects in
images. CNNs analyse images of identically labelled objects and find patterns common to all
these objects, inherent only to these identically labelled objects. Other identically labelled
objects in this database also have their own patterns by which CNNs combine them and
subsequently recognise them.
In the main big financial database, the role of the patterns mentioned above is taken on by
certain combinations of prices, trading volumes and values of inter-tick intervals. These
patterns are searched for on a certain number of rows, which is equal to the depth of this
sliding window. Thus, analysis of short-term trading can be compared with the analysis of
images. The role of pictures in the financial analysis is performed by a chart of tick prices and
volumes, where abscissa is time. These 2D prices and volumes charts can also be converted
into a time series set that can be analysed using a sliding window. When a new tick appears,
the CNN will try to predict the next tick, looking 200-ticks back from the last tick, which is an
average from 2 to 10 minutes ago, depending on the intensity of the market at that moment.
Thus, at each step, CNN sees only prices, volumes and inter-tick spacing for the last 200ticks. It tries to find patterns, which have already appeared before and that changed the
market's direction or preceded a significant price movement. These are some aims of the
training of the CNNs in this research.
112

Short-term patterns are repeated because, in each specific market, there are large sellers
and buyers, as well as market makers, who have their own behaviours when making deals
(Khedr and Yaseen, 2017). It is these behaviours that create patterns. Behaviour changes
and patterns also change over time. However, these changes do not occur every moment,
which allows the identification of duplicate patterns (Gurav and Sidnal, 2018).
There are two ways to analyse big financial data using convolutional neural networks. In the
first classical method, graphs of changes in prices and transaction volumes can be presented
as two-dimensional (2D) images. In this case, the analysis should be processed by a twodimensional CNN.
Figure 5.1 shows a two hundred ticks sliding window for finding patterns. These charts are
fed as inputs for the two-dimensional CNN, for training and subsequent pattern recognition.

Figure 5.1: Two hundred ticks sliding window (images) for finding patterns by twodimensional CNNs.
This approach has both advantages and disadvantages. This method's disadvantage is the
increased requirements for processing power due to the significant size of the calculated
parameters of the CNN. One more disadvantage of graph analysis is the sparseness of the
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graphs compared to images, which can lead to a large number of near zero elements in the
weight matrix, which can be the reason for the instability of the neural network training. The
advantage of the analysis using two-dimensional CNNs is the possibility of using pre-trained
neural networks, such as VGG-16 and others, using transfer learning and fine-tuning
technologies. However, when analysing big financial tick data, the requirements for processor
power become significant, as described in detail in the chapter on preliminary tests and
experiments (Section 4.9.2).
The second method uses a more straightforward input data structure. This data flow of
normalised tick prices, volumes, and inter-tick intervals is transformed in arrays and analyses
using a one-dimensional CNN. Figure 5.2 demonstrates the second approach. This approach
is less computationally expensive. Nevertheless, this method preserves the main advantage
of CNN - an analysis of patterns of data combinations.

Figure 5.2: Two hundred ticks sliding window (2D-array) for finding patterns by onedimensional CNN.
In both of the approaches mentioned above, two-dimensional charts (pictures) or arrays of
normalised tick prices, volumes and inter-tick intervals are transformed into the threedimensional tensor of charts (pictures) or 2D-arrays. The negative result of this approach is
that the size of the data increases dramatically, namely by 200 times. A positive result is that
it is possible to use high-performance CNNs, and there is no need to use RNNs based on
cycles, which increase the number of calculations.
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When using one-dimensional CNNs, the full third-dimension tensor with dimension
[(87,993,711 - 200) × 200 × 5] ≈ 87.99 billion
is split into 1 million pieces with dimension
[1,000,000 × 200 × 5] = 1 billion.
Where 200 is the number of ticks equal to the depth of the sliding window;
5 – is the number of features in the database, consisting of ask and bid prices, ask and bid
volumes and inter-tick intervals.
The product of three dimensions [1,000,000 × 200 × 5] of each part of the three-dimension
tensor was chosen as the maximum possible RAM for the CNN training on the publicly
available GPU cloud Google Colab.
The above conversions require significant processing time since the total number of numbers
is about 88 billion

≈ (87,993,711 × 200

× 5) of float-32 format. More than 45 hours of net

processor time were spent on normalization, transformation and preparation of input data for
feeding into the neural networks during the experiments.
On the other hand, the above transformations of big financial data convert time series with an
irregular structure of time intervals to standard time series formed into arrays ready for feeding
as input data into convolutional neural networks. Also, it became possible to apply all the
analysis methods for typical time series.

5.2. Prediction of Forex EUR/USD Tick Rates by the
Multilayer Perceptron
This experiment with the MLP was made to further compare accuracy with the results
from the CNN. The same four hidden layers MLP (described in Section 4.9.1) was used in
this example too but with historical data of Forex EUR/USD ticks that was described above.
The aim of the test is the prediction of the price of the next tick based on previous tick prices
during the preceding short-term period. In this short period, 400 ticks are considered to be
the equivalent of approximately 20 minutes. At every step, 400 previous ticks are used to
teach the ANN and try to predict the next one.
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Algorithm 5.1 demonstrates the topology of the MLP. It has four hidden layers (from dense_6
up to dense_9) and the exit (dense_10) layer. The term ‘dense’ in Keras means a fullyconnected layer. The exit layer has two cells for predictions: the first for the ask price and the
second for the bid price. This topology has more than 4.8 million weights of the matrix for the
calculation.

Algorithm 5.1: MLP with four hidden layers.

Figure 5.3 shows the result of the prediction. The graph has a ‘white noise’ structure. It means
that the prediction of the next tick price might be impossible using a multilayer perceptron.
However, the probability of prices for the next short integral period, for example, on a fiveminute time frame, might be predicted. More complex ANNs, such as CNNs could predict the
probability of the prices for the next short period. The following experiments will demonstrate
the assumption.

Figure 5.3: White noise structure.

The fully bound (dense) MLP has weaknesses. The most significant of them is that MLP
architecture does not have the invariance of pattern recognition, which is in CNN models.
MLP architecture also has a large number of weights in the matrix for calculation. One of the
ways for accelerating and improving the result of MLP training is a dropout. Dropout is a
procedure of randomly dropping some of the cells inside hidden layers (Srivastava, et al.,
2014). However, another way to recognise patterns could be to use CNN models, as in this
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application, CNNs are an extension of Japanese candlestick analysis on a more detailed tick
scale.

5.3. Prediction of Forex EUR/USD Tick Rates by the CNNs
For predicting the price of the next tick, one-dimensional CNNs were used, which are
often used to process time sequences along with RNNs. However, this research uses
irregular intervals between neighbouring ticks and a three-dimension tensor (as described in
Section 4.8.3 and Section 5.1), which is fed to CNNs as a separate feature (column). A
supervised learning method was used for training the CNN. The answers (output data) were
the next tick's ask and bid prices that the CNN could not see during the training.
The experiments were carried out with a four-hidden-layers and five-hidden-layers onedimensional CNN. Algorithm 5.2 demonstrates the four hidden layers CNN.

Algorithm 5.2: The four hidden layers CNN.

For both initial training and the testing of new ideas, a dataset of 1 million rows was used,
which is approximately two weeks. For training convolutional neural networks, sets of 1 million
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row datasets were formed, the starting points of which were chosen randomly throughout all
the mentioned-above three years using the Python random number function. Training on the
whole three-year database was not possible due to limited processor resources.
Nevertheless, the received results of training and validation accuracy of these CNNs are
stable, and it can be assumed that the sample used is statistically relevant.
Due to a massive amount of input data, the training of СNNs was carried out iteratively,
approximately one million ticks each on Google Colab. This approach to training emulates
further training in real trading. CNNs are trained over the weekend when financial markets
are closed by using the previous week’s market data.
This series of experiments was carried out with data from three years, separately. The results
of this series of experiments are presented in Appendix I. The summary of these experiments
is shown in Table 5.1 and analysed in Section 5.4.

One of the 45 Python codes from this series of experiments is demonstrated in Appendix X.
These codes of prediction of the next forex EUR/USD tick rates by the CNNs are similar to
each other but differ in the input data used, the neural network training parameters, and the
results.
Based on the size of the financial ticks database specified in Section 4.8, the threedimensional tensor of each year is divided into 27 to 33 blocks, each of them consists of one
million rows. Conducting continuous training on all 89 blocks would require a long processor
time on the hardware used (specified in Section 4.3.5) and on the Google Colab platform,
comparable to 160 hours of net processor time. By this time, it is necessary to add the time
for uploading data to the Google Drive cloud for use with Google Colab and organisational
time charges associated with the iterative nature of the series of these experiments. However,
Google Colab declares the ability to train neural networks for only 12 hours continuously.
However, in reality, this period is significantly less since Google Colab is taking measures
against the mining of cryptocurrencies on their portal. As a result, the series of experiments
presented in this section required about 34 hours of net processor time (excluding the time
for normalisation, transformation and preparation of the input data).
Therefore, in each of the three years, three neighbouring blocks were randomly selected, in
which they were sequentially fed to this CNN. In this case, the CNN trained on the previous
data block was used as an input model for training on the following data block. Thus,
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additional training of the CNN was simulated in actual trading, when additional retraining
occurs on weekends according to the past week's data.
The hyperparameters of the one-dimensional CNN (as described in Section 5.3) did not
change during the series of these experiments. This CNN has four layers, and the convolution
kernel consisted of 9 elements, representing a one-dimensional vector. The number of
epochs varied from 10 to 15 to cover the beginning of overfitting. This number of epochs after
which the overfitting of the neural network model begins is specified for each experiment
consisting of three consecutive input data blocks. The time required for each block's workout
was also measured, and the average time required for each epoch was calculated. One of
the variables was the batch size in the direction in which the gradient descent was
simultaneously performed. This batch size varied from 15 to 100. If the batch size was below
15, then training the network took significantly longer and tended to the classic (stochastic)
gradient descent. On the other hand, it makes no sense to increase the number of batches
over 100 since this number becomes comparable to the depth of the sliding window (200
ticks), which is equal to one of the three-dimensional dimensions tensor of the input data.
Table in Appendix I consists of blocks, which indicate both the synthetic results of training this
СNN on three sequential blocks of data, consisting of one million rows each, and randomly
selected sets of 10 samples of absolute errors of bid and ask price prediction. Each of these
ten samples was randomly selected, using the random generation function in Python, from 3
million samples, which are the results of the CNN predictions on the test datasets (as
described in Section 4.6.1) using these three block datasets as inputs. Thus, the result of this
series of experiments is a dataset of 45 million lines, including the predicted ask and bid
prices, as well as the absolute prediction errors for ask and bid. These prediction errors for
bid and ask prices are more visually demonstrated by Figure 5.4, Figure 5.5 and Figure 5.6.
These charts' scale is also automatically determined based on randomly selected intervals of
120,000, 1,800 and 300 ticks. It can be seen from the graphs that the prediction errors over
these randomly selected intervals are minor, but there are outliers when the errors reach from
8% to 26,5%. This is primarily due to new patterns of behaviour of market participants that
appear periodically.
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Figure 5.4: Error chart for bid and ask EUR/USD Tick Rates (Prices) for 120,000
random ticks.

Figure 5.5: Error chart for bid and ask EUR/USD Tick Rates (Prices) for 1,800
random ticks.
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Figure 5.6: Error chart for bid and ask EUR/USD Tick Rates (Prices) for 300 random ticks.
The higher level of error percentage (outliers) for bid prices than for ask prices is explained
by the fact that financial markets almost always fall faster than they grow, and new patterns
of behaviour of market participants also reflect these nuances of movements in different
directions.

5.4. Evaluation
This section describes two types of evaluation: statistical, where various CNN
experiments’ results are analysed, and comparative, where the CNN is compared with GRU
and LSTM. The evaluation results of the next tick price prediction experiment are also
compared against baseline state-of-the-art techniques.

5.4.1. Statistical Evaluation
The integrated parameters and error metrics results are shown in Table 5.1.

Batch
size
15
30
50
80
100

Epochs number
before overfitting
(range)
[5, 7]
[7, 9]
[5, 9]
[7, 10]
[11, 14]

time per
Epoch,
(seconds)
(Average)
618
424
241
196
186

Validation Mean
Testing Mean
Absolute Error,
Absolute Error,
Testing Mean
MAE (Gl.
MAE (Gl.
Squared Error,
Average)
Average)
MSE (Gl. Average)
0,0216
0,0307
0,00194
0,0211
0,0300
0,00188
0,0209
0,0327
0,00195
0,0208
0,0296
0,00184
0,0205
0,0295
0,00184

Table 5.1: Integrated parameters and error metrics results.

121

For achieving the purpose of predicting the next tick prices, it is essential to reduce the error
in predicting a significant price movement (outlier). Training this neural network model is a
regression task; consequently, it is necessary to observe the mean squared error (MSE)
values more attentively than the mean absolute error (MAE) values. Due to its quadratic
function, the MSE parameter is more sensitive to outliers than the MAE. Thus, by tracking the
training losses of the neural network by MSE, we will get better models. At the same time,
MAE is used when testing this CNN to determine the overfitting start point. Figure 5.7 shows
two training plots during each epoch that were randomly selected from 45 experiments.

Figure 5.7: Training and validation mean absolute error (MAE) graph.
When selecting the parameters of the neural network model for further use, it is necessary to
look at the MSE value on the test sample, which is indicated in Table 5.1 of the integrated
results. The minimum MSE value was achieved using the data batch size parameter equal to
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80 or 100. Moreover, with a large batch size, the average training time during each epoch
decreases. However, batch size = 100 requires more training epochs, and hence longer
training time. The training process used Keras 'callback function' for the 'EarlyStopping' with
the parameter 'patience' from 5 to 30 and epochs=100, which allows to select the best number
of epochs and avoid overfitting automatically (Figure 5.7). However, the loss functions did not
improve significantly after 10-15 epochs, especially for the validation and test MAEs (for
example, the best improvement was about 5 ∗ 10−4 , which is less than 2% of the best MAE),
but the training time increased dozens of times. As a result, the 'patience' parameter was
reduced, significantly saving processor time and resources without significantly losing training
quality. However, the Keras 'callback function' with 'patience' parameter will be used
extensively in binary classifiers in key experiments (Chapters 6 and 7).

Figure 5.8: Real and predicted bid and ask EUR/USD tick rates (prices) for 1,000 random
ticks.
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Thus, this CNN model's integrated practically best result is MSE = 0,00184, which was
achieved with batch size = 80 and the number of epochs as 10. The MAE value = 0,0208 for
these variables is also the second-best (the best one is 0,0205 when batch size = 100 and
the number of epochs 10).
A visual evaluation of predictions is also essential in trading. This allows one to immediately
find apparent errors in the process of creating and training neural network models. Figure 5.8,
and Figure 5.9 demonstrate, at different scales, the graphs of real and predicted bid and ask
EUR/USD tick rates (prices). The scales on these graphs are determined automatically based
on the total number of ticks in randomly selected intervals, consisting of 1,000 and 300 ticks,
respectively. These graphs demonstrate that this CNN is quite accurate in predicting the next
ask and bid tick prices. Each pair of graphs demonstrates quality prediction both at the
moments of the trend and the flat.

Figure 5.9: Real and predicted bid and ask EUR/USD tick rates (prices) for 300 random
ticks.
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5.4.2. Comparative Evaluation
For a comparative evaluation, two types of recurrent neural networks were used. The
experiments were carried out on a set of three randomly selected consecutive blocks, each
of 1 million ticks, which were used to train the CNN in the previous series of experiments.
Thus, the total depth of the incoming data was three million ticks. Both recurrent networks
used the same batch size = 80 as in the most successful CNN experiments. Python code
for training both neural networks is demonstrated in Appendix XI.
The first neural network architecture has three layers, including a Gated Recurrent Unit
(GRU) layer described in detail by Chung, et al. (2014). For avoiding overfitting, the dropout
technology (described in Section 4.6.1 and Section 5.2) is used. Algorithm 5.3
demonstrates the GRU architecture.

Algorithm 5.3: Three layers Gated Recurrent Unit (GRU) neural network for regression.

Figure 5.10 shows the graph of MAE by training epochs. The range of MAE value in the
validation process is in the interval between 0.1066 and 0.1981 and is unstable, which is
much worse than for the CNN.
As a second architecture for validation, a two-layer LSTM neural network was used. The
LSTM architecture is described in Section 3.4.2 and is used most often in the tasks of
predicting the prices of financial assets.
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Figure 5.10: GRU Training and validation mean absolute error (MAE) graph.
Figure 5.11 shows the distribution of MAE by training epochs. The MAE achieved during the
validation process by the LSTM architecture is equal to 0,0209, which is worse but
comparable to the best analogous indicator for the CNN (0,0205).

Figure 5.11: LSTM Training and validation mean absolute error (MAE) graph.
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Thus, for short-term movements, the indicators of the quality of training of the CNN is slightly
better than LSTM, but they are approximately similar. The results of GRU recurrent neural
network architectures are worse than in CNN and LSTM. Table 5.2 and Figure 5.12
demonstrate these results.

Neural Network
Architecture

Validation Mean
Absolute Error, MAE

Batch size

Epochs number
before overfitting

CNN
LSTM
GRU

0,0205
0,0209
0,1066

100
80
80

11
9
12

Table 5.2: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU).

Figure 5.12: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU).
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5.4.3. Evaluation against baseline state-of-the-art techniques
This section aims to compare and evaluate the results of the intermediate
experiments on predicting the next price of the EUR/USD currency pair against baseline stateof-the-art techniques. As discussed in Sections 3.7 and 5.4.1, the evaluation is based on the
standard mean absolute error (MAE) loss function.
Maneejuk and Srichaikul (2021) analysed the historical data of some currency pairs, including
EUR/USD, together with data sets for macroeconomic analysis and technical indicators,
emulating the most popular methods of Fundamental and Technical analysis. Experiments
were carried out using various methods, such as classical ARIMA (Autoregressive Integrated
Moving Average), SVM (Support Vector Machines), and various architectures of neural
networks: simple ANNs and RNNs, including LSTM. In additional to the databases for
Technical analysis, the researchers used several technical indicators, such as Momentum,
Bollinger Bands (BB), Moving Average (MA), Rate of Change (ROCh), Commodity Channel
Index (CCI), Moving Average Convergence/Divergence (MACD), and the Relative Strength
Index (RSI).
Aggarwal and Sahani (2020) compared 22 countries' currency rate, including EUR/USD,
prediction results against the United States dollar (USD) using various recurrent neural
network architectures, such as simple recurrent neural networks (SRNN), long short-term
memory (LSTM) and GRU.
The MAE results of the above experiments are shown in Table 5.3.

Paper
(Aggarwal and
Sahani, 2020)

(Maneejuk and
Srichaikul, 2021)

Method
LSTM (2020)
SRNN (2020)
GRU (2020)
ARIMA (2021)
ANN (2021)
RNN (2021)
LTSM (2021)
SVM (2021)

Mean Absolute
Error, MAE
0.0475
0.2685
0.0883
0.0435
0.0319
0.0853
0.0300
0.0560

Table 5.3: Mean absolute error (MAE) of baseline state-of-the-art techniques.
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Figure 5.13 demonstrates the comparison and evaluation of MAE results from this research
against those published by Aggarwal and Sahani (2020) and Maneejuk and Srichaikul (2021).

Figure 5.13: Comparison and evaluation of MAE results.

Based on this summary diagram, the following conclusions can be drawn:
- LSTMs are good at predicting the next price in the time series,
- CNNs can generate good results when using raw big financial tick data,
- classical statistical methods of time series analysis, such as ARIMA, also show promising
results in predicting subsequent prices in financial data,
- machine-learning methods that are standard for the financial domain, such as SVM, show
satisfactory results in this experiment.
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5.5. Limitations and Discussion
As it can be seen in Figure 5.13, CNN trained on raw tick data to predict the next tick
price based on patterns of behaviour of market participants and showed promising results.
However, the neural network training process is limited by the processor power of GPUs
widely available on the market or provided free of charge through the Google Colab platform.
For maintaining low levels of prediction errors, the neural network model has to be constantly
retrained. It is logical to do this retraining with a frequency of once a week on weekends, using
the financial markets’ data for the previous week (Fang, et al., 2021). However, new behaviour
patterns may change due to some financial market participants arriving or departing from a
particular financial instrument. This can lead to a decrease in the quality of prediction by the
CNN as shown by periodic statistical outliers of absolute prediction errors.
Recurrent neural network models can perform well over short periods (as described in Section
3.4.2). Thus, to predict the patterns of behaviour of market participants, it is necessary to
analyse the mutual combination of linearly independent raw data. Correct data interpretation,
pre-processing, highlighting more essential features (such as inter-tick intervals) and data
cleaning are also crucial.
Predicting the next tick is the basis for predicting the following several ticks, which gradually
turns into probabilistic prediction using CNNs. From a practical point of view, when predicting
financial instruments' prices, it does not matter what the price will be in 5 or 10 minutes. More
important is in which direction and how far the price will change. In a short period, the price
can change significantly and then return to the original levels. Nevertheless, this movement
is sufficient to make it interesting for analysis. Thus, it is crucial to predict the probability of
price movement in a particular direction, the depth of this potential movement with a certain
probability and stop-loss level. The next series of experiments will be devoted to this task.

This chapter describes the first series of experiments for predicting the next Forex EUR/USD
tick price based on previous tick prices and volumes during the preceding short-term period.
Preparation of raw data in the three-dimensional tensor for subsequent experiments is also
described. Two types of recurrent neural networks, which are most often used in existing
research on the finance market analysis, were used to evaluate the results.
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6. Management of the Probability of Significant
Movement and Stop-loss Prediction
This chapter describes the next three series of key experiments using the classification
task instead of the regression task used in the previous chapter.
The classification task uses an original probabilistic approach to predict future price
movements of financial assets for more extended periods during a day trading session. The
classification task also allows the flexible use of various error metrics. Furthermore, the
experiments are based on a significantly reduced size of raw data, which uses a new method
to remove all flat market movements that are not of interest to real trading. For intraday
trading, the target strategies are those that recognise the patterns of behaviour of market
participants, which will inform predictions of safe points to enter the market with minimal risk
of generating losses from stop-losses orders.
This chapter also describes the series of experiments that use big financial tick data to predict
the probability of the end of a flat financial market movement and the start of a significant
movement and points with minimal risk for entry into the market. It also describes an attempt
to determine the depth of a probable future significant movement based on a multi-parameter
classification problem. Section 6.7.3 introduces splitting a multivariate classification task into
a sequence of binary classifications in order to increase the quality of the prediction. All of the
above binary classifications are interconnected and have to be performed sequentially. They
correspond to the aim of this research, which is stated in (Section 1.3): to improve state-ofthe-art performance for intraday trading using neural networks.

6.1. Introduction
The biggest problem to overcome is the continually changing nature of financial
markets. Therefore, it is not enough to just train the CNN model once. This model should
have the capability to automatically and permanently retrain.
It is quite simple to solve this problem by organisational methods, namely, by retraining an
previously trained neural network using the newly obtained data set. Usually, additional
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training of the neural network is performed during the weekend on data sets from the past
week (Fang, et al., 2021). Thus, two problems are solved at once:
1) There is no interruption in the analysis of financial markets during trading time since training
requires significantly more processing time than for subsequent analysis, and most markets
are closed on weekends;
2) It is possible to find geographic regions where electricity is cheaper for industrial
enterprises on weekends, which can be important when multiplying the research technology
to many financial markets, which will lead to significant demand for electricity. On the other
hand, it is possible to find cloud services with GPU processors with lower rental rates on
weekends.
Since behaviour patterns depend on market participants, the above weekly retraining will
demonstrate a stable result until there are changes involving the most active market
participants; for example, they leave the financial markets or transfer capital to operations
with another financial instrument. Error metrics and loss functions should be monitored weekly
(Fang, et al., 2021). In case of deterioration of these characteristics, it would be desirable to
train the neural network from scratch.
This research uses a sequential neural network training method that simulates the
subsequent iterative industrial use process described above. The whole three-dimensional
financial data tensor was divided into blocks of one and half million tick rows, which is
approximately three weeks. In the future, in industrial use, there will be additional training of
this neural network every weekend using exactly the same program code since the size of
the incoming weekly data block will be less than one million, and therefore will fit into the
limitations of Google Colab. Cross-validation techniques will be used to train the CNNs with
the ‘rolling training set’ (Section 4.6.1). The majority of these series of experiments are
calculated using the computer hardware specified in Section 4.3.5.
An important novelty of this experiment is that it has no purpose to predict the particular price
of a financial instrument. Many researchers using machine learning (as described in Section
3.3) try to predict a particular price of a financial instrument over a predetermined time. Next,
they determine the quality of training of the neural network using various error metrics or loss
functions based on the differences between the predicted prices of the neural network and
the actual prices at that particular point in time. From a practical point of view, this task is not
a priority since, for actual intraday trading, it does not matter for what time the desired price
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will be reached. More importantly is that the price will be reached with a greater than 50%
probability before the end of the current trading day. For actual trading, it is also essential to
predict that during this period after entering the market, the price does not go in the opposite
direction and, as a result, the stop-loss (Section 2.9) is not activated.
Thus, predicting the price is not the primary purpose in predicting the movement of the
financial market. A more important task is to calculate the probability of a market-moving in
one of two possible directions. It should also predict the depth of this movement. This task is
not a regression task, which determines the price of the next tick. It is a classification task of
identifying the most likely depth and direction of the financial market's movement in the shortterm (until the end of the trading day) movement.
For solving this problem, it is necessary to label the raw data to form a vector of answers for
training the neural network so that this problem continues to be supervised learning.
The purpose of the current sub-chapter is to present an intraday trading method that uses a
CNN, with raw tick data with variable interval transactions that preserve critical information.
This will then predict the probabilities of the directions and depths of the next price movement.
As opposed to the previous chapter, this one does not aim to predict a specific price level in
the future, but only determines the probabilities of the direction and depth of movement, which
is sufficient to open a long or short position in a financial instrument. The approach to
replacing the regression problem with the classification problem is found in some scientific
papers. However, the classification task in this paper means a simple recognition of the
directions of the most probable market movement: up or down (Jiang, 2020), which perhaps
is not a correct practical purpose since most of the time, financial markets are flat. Therefore,
firstly, it is necessary to separate the flat from the trend and then determine the direction of
movement.
As in the first series of experiments, the CNN was chosen due to the search for patterns of
behaviour of financial market participants based on data analysis with a sliding window.
Сlosing a position is carried out by standard methods of money and risk management, such
as trailing stop-profit orders, and it is not the goal of the model. Besides, this model proposes
a method for reducing the number of calculations by pre-processing the data and considering
only patterns ready for significant movement.
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6.2. Additional Dataset with Japanese Candlesticks
The dataset, which is used in the experiments is the same EUR/ESD Forex tick data
from the Dukascopy Bank (Switzerland) that was used in the previous experiments to predict
the next tick rate (Section 4.5.2 and Section 4.8). Additionally, to calculate and estimate
volatility data in the form of Japanese candlesticks with periods of one day, one hour, 30
minutes and 15 minutes is used along with tick data. With the use of integrated data in the
form of Japanese candlesticks for the periods indicated above instead of big tick data, it is
possible to reduce the number of calculations required to estimate the absolute volatility for
the same periods. Table 6.1 demonstrates the size (in kB and the number of rows) of the data
in the form of Japanese candlesticks for the different periods and compares this data with the
size of big tick data.
The main parameters of a typical Japanese candlestick are shown in Figure 6.1, which has
an open price, high and low prices, and a closing price. Each set of these Japanese
candlesticks has a separate array for the bid and ask prices.

tick data
(Big financial tick data)
Japanese candlesticks with periods of
)Bid + Ask arrays( one day
Japanese candlesticks with periods of
)Bid + Ask arrays( one hour
Japanese candlesticks with periods of
)Bid + Ask arrays( 30 minutes
Japanese candlesticks with periods of
(Bid + Ask arrays) of 15 minutes

number of rows
kB
number of rows
kB
number of rows
kB
number of rows
kB
number of rows
kB

2018
26 048 774
1 250 383
520
32
12 408
740
24 816
1 466
49 632

2019
29 186 310
1 405 434
518
32
12 408
738
24 816
1 468
49 632

2020
32 758 627
1 613 168
520
34
12 456
744
24 336
1 450
49 824

2 924

2 920

2 934

Table 6.1: Japanese candlesticks and big financial tick data sizes.
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Figure 6.1: Japanese candlestick types.

6.3. Advanced Data Analysis and Volatility
When using supervised learning, it is necessary to mark up the data. It is necessary to
find and mark up the set of ticks and patterns of market behaviour that are desirable points
for entering the market (for long or short positions). Since this research considers only
intraday trading, it is necessary to assess the daily statistical volatility (Section 2.7). Based
on the volatility, it will be possible to set trading goals; that is, indicating what sizes of future
price movements will be desirable as goals for analyzing and training the neural network.
As a definition of absolute daily volatility, we will use the difference between the maximum
daily ask price and the minimum daily bid price (Equation (6.1)).

𝑉𝑜𝑙𝑎𝑡ⅈ𝑙ⅈ𝑡𝑦𝑑𝑎𝑖𝑙𝑦 = 𝐴𝑠𝑘𝑑𝑎𝑖𝑙𝑦 (𝑚𝑎𝑥 ) − 𝐵ⅈ𝑑𝑑𝑎𝑖𝑙𝑦 (𝑚ⅈ𝑛)

(6.1)

Figure 6.2 demonstrates a distribution of the daily volatility of the Forex EUR/USD for 2018
and 2019. It is interesting to note that the volatility in 2019 was noticeably lower than in 2018.
Thus, 2018 was more potentially profitable for intraday trading then 2019.
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Figure 6.2: Daily volatility of the Forex EUR/USD for 2018 and 2019.

Figure 6.3 added daily volatility for the first six months of 2020, which showed increased
volatility due to the COVID-19 pandemic.

Figure 6.3: Daily volatility of the Forex EUR/USD from 2018 till 2020.

Figure 6.3 also demonstrates that the maximum daily volatility of the Forex EUR/USD varies
between 0.018 and 0.035 delta of the EUR/USD exchange rate, depending on the year. It
defines the upper target limit for intraday trading.
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Due to the margin between the bid and ask prices, as well as the brokerage fees for each
trade, movement goals less than 0.001 delta of the EUR/USD exchange rate are virtually
unprofitable. It is one of the reasons why deals in the FOREX market are often unprofitable
for clients, as it is a ‘negative-sum game’ due to various commissions. The 'negative-sum
game' is meant as the opposite concept of a 'zero-sum game' (or antagonistic game) from
game theory when the total gain of all players is zero (Neumann and Morgenstern, 2020).
This simple reasoning and calculation define the minimum price goal that needs to be tagged
as supervised learning output. Since when entering the market, there are only two possible
movement directions: up and down (buying or short selling). The theoretical probability of
randomly predicting the market movement coincides with the theoretical probability of a coin
toss and is equal to 50%. With this overview, the minimum target for taking profit should be
at least twice as high as the stop loss to cover the possible loss of mispredictions. Thus, the
minimum price goal that should be labelled in the data as supervised learning output is 0.002
of the delta of the EUR/USD exchange rate.
In order to preliminarily estimate the probability of guessing the minimum target of the
movement, it is necessary to analyse the absolute hourly volatility within each trading day,
which can be calculated by Equation (6.2):

𝑉𝑜𝑙𝑎𝑡ⅈ𝑙ⅈ𝑡𝑦ℎ𝑜𝑢𝑟𝑙𝑦 = 𝐴𝑠𝑘ℎ𝑜𝑢𝑟𝑙𝑦 (𝑚𝑎𝑥 ) − 𝐵ⅈ𝑑ℎ𝑜𝑢𝑟𝑙𝑦 (𝑚ⅈ𝑛)

Figure 6.4: Hourly volatility of the Forex EUR/USD for 2018 and 2019.
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(6.2)

Figure 6.5: Hourly volatility of the Forex EUR/USD from 2018 to 2020.
Figure 6.4 and Figure 6.5 show the distribution of the hourly volatility for 2018-2019 and 20182020, respectively. An interesting fact is that hourly volatility (Figure 6.5) is not very high in
2020 (COVID-19 pandemic time), unlike daily volatility (Figure 6.3).

Figure 6.6: Boxplot of the hourly volatility of the Forex EUR/USD from 2018 to 2020.
Figure 6.6 shows the distribution of the same hourly volatilities in the Boxplot. It can be seen
that volatility above 0.002, which is the target of the subsequent neural network training, is
above the upper quartile. Thus, on average for 2018 and 2020, intraday markets are in motion
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no more than 25% of time (above the upper quartile). The rest of the time the price is in flat.
For 2019, the flat periods are even longer. Intraday trading in a flat is likely to result in losses.
Therefore, it is necessary to recognise the flat periods and avoid trading during this time.
Comparison of the maximum values of volatility in Figure 6.6 and Figure 6.7 confirms that
many significant movements (up to 0.012) are achieved for 30 minutes. It also quantitatively
confirms the stepped-pattern model of the market movement, which was qualitatively detailed
in Section 3.4.4.

Figure 6.7: 30-minute volatility of the Forex EUR/USD from 2018 to 2020.

6.4. Fractal Structure of Financial Markets and a Fractal
Comparison of Volatility.
Since the markets have a fractal structure (Ku, et al., 2020), the transition to a shorterterm trade increases the total length of the fractal line.
Figure 6.8 demonstrates a comparison of the lengths of the fractal lines of the volatility for 10minutes and 30-minutes time frames. It is evident that the total length of volatility is longer on
short time frames. Thus, the total volatility and potential profitability of trading increase for
algorithms focused on shorter time frames. For example, for the first half of 2020 in EUR/USD
Forex data, the fractal length (potential profit) for trading based on daily time frames was 29
times less than on one-minute time frames, or 6.6 times less than a five-minute time frame.
Figure 6.9 demonstrates comparisons of total volatilities at different time frames in absolute
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value and percentages. Thus, potential targets in trading on a daily time frame are only 3.4%
of one-minute time frame trading. However, it is impossible to infinitely decrease the time
frame, since the margin between bid and ask, as well as brokerage fees for a massive number
of transactions, will nullify all potential profit. Thus, there is a reasonable frequency of trades
and target volatility.

Figure 6.8: Fractal lines of the volatility.

Figure 6.9: Comparisons of total volatilities at different time frames.
140

The Python language code for analysing volatility and determining future targets for recoilless
movement is given in Appendix XII.

6.5. Probabilities Vector
The target volatility discussed in Section 6.4 is essential for constructing the vector of
probabilities. The detailed description of the process of creating the volatility vector is also
described in detail in (Milke, et al., 2020) and was orally reported in the artificial intelligence
section at the 12th International Conference on Agents and Artificial Intelligence (ICAART2020). The interval (depth) of a possible short-term price movement in both directions was
divided into 16 irregular intervals (Figure 6.10), which are described below.

Figure 6.10: Probabilities vector.
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The division is based on the statistical distribution of the intraday margin (the difference
between ask and bid prices), as well as on the stochastic distribution of flat fluctuations, which
are the most likely cause of stop-losses. Each interval has the probability of price movement
from the current tick, which has aski and bidi prices. The price movements may go up or
down, which correspond to 𝑃+ and to 𝑃− probabilities. Also, for the convenience of Python
programming, the whole probability interval is divided into a vector represented by an indexed
array with a range [0, 16] ( Figure 6.10), which included additional zero level for initial labeling.
This dividing will be used in the graphs and charts below.
Figure 6.11 demonstrates, on a randomly selected set of 10,000 lines, that the margin
(difference between aski and bidi ) has a similar statistical distribution to normal (Gaussian)
distribution. Due to the difference between the bid and ask prices, when buying a financial
instrument at the ask price, it must rise upper the ask level to be able to sell the position
without a loss. Thus, to avoid losses at the time of entering the market, it is necessary to
exclude from the targets all flat movements that are less than 0.00006 of the delta of
EUR/USD tick prices, which approximately corresponds to a margin two standard deviations.
Precisely the same mirror-image situation with short selling. Therefore, the splitting of the
probability vector to 𝑃1+ and 𝑃1− sectors is also associated with standard deviations of these
distributions.

Figure 6.11: Margin distribution.
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The flat fluctuations are the most likely cause of stop-losses. For intraday trading, it is vital to
reduce the number of stop-losses (Alves, Caarls and Lima, 2018). For indicating the minimum
stop-loss (as described in Section 6.3), 𝑃2+ and 𝑃2− boundaries are created, which are also
approximately equal to two standard deviations of the flat movement (fluctuation)
distributions. Thereby, a reduction in losses in actual trading is achieved.
An additional default field is introduced in the middle of the volatility vector. It also fits all ticks,
after which the minimum stop-loss has not been exceeded within ten subsequent ticks. This
means that the financial market is not yet ready to move, and this tick does not need to be
considered. As a consequence of this approach, a reduction in the size of the data for training
and validation is also achieved.
The 𝑃3+ and 𝑃3− boundaries are determined by the minimum target of the expected market
movements that the CNN model will look for, which must be at least twice the stop-loss (as
described in Section 6.3).
The boundaries of 𝑃7+ and 𝑃7− probability intervals are determined from the maximum
average daily volatility (Section 6.3). Since the purpose of this research is intraday trading,
precise separation of greater volatility is not necessary; however, probability intervals 𝑃8+
and 𝑃8− are provided for statistical outliers of volatility.
Splitting of the other parts of the probability vector is implemented as the stop-loss level is
multiplied by 3, 6, and 10. The multipliers have been chosen to ensure a similar probability of
achieving these levels of delta prices. Figure 6.13 demonstrates the initial distribution of the
number of values in the probability vector using the example of the first half of 2020. This
period was chosen for demonstration because there was increased medium-term volatility of
financial markets associated with the COVID-19 pandemic, which is demonstrated by a large
daily number of ticks (settlements) in February and March 2020 (Figure 6.12).
Despite the increased medium-term volatility of financial markets associated with the COVID19 pandemic, the overwhelming majority of the periods the market was flat (zero-level of this
probability vector of short-term movement = 8), confirming the concept of stepped model of
short-term movement of financial markets (Section 3.4.4). Thus, all significant movements
took place quickly and in a short time frame.
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Figure 6.12: Daily number of ticks (settlements) in March 2020 (working days).

Figure 6.13: Initial distribution of the number of values of this probability vector.
The concept of the above-described probability vector is the central novelty in the second
series of experiments. It makes it possible to move from a regression problem to a
classification problem, which will allow using other error metrics and a more comprehensive
set of machine learning tools.
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6.6. Reduction of Calculations
Since GPU processor power and free cloud GPU resources, such as Google Colab,
are limited, and the number of analysed tick data (rows) is tens of millions, it is necessary to
reduce the number of calculations. For achieving this goal, an additional variable (L) was
introduced equal to the number of ticks before the significant movement of the financial
market began. If the price does not go beyond the opposite stop loss during the L-ticks after
the considered time, then the current tick is considered uninteresting, and the algorithm goes
to the next tick. Figure 6.14 shows the distribution of values of this probability vector after
removing all non-significant movements (field N-8 of the probability vector) during the next
ten ticks for the first half of 2020.

Figure 6.14: Distribution of the number of values of this probability vector without the zero
level.
As mentioned above, the stop-loss size was calculated based on the standard deviation of
the flat fluctuation distribution. Consequently, a significant size of the useless flat fluctuation
was excluded from the training dataset for the neural network. Through a preliminary iteration
analysis, the most relevant value L=10 was chosen. On one hand, this allowed the reduction
of the size of training and validation datasets significantly. On the other hand, do not overlook
the most significant number of long recoilless movements in the training dataset.
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Table 6.2 and Figure 6.15 demonstrate this probability vector distribution with only significant
financial market movements that are larger than the size of the double stop loss.

Table 6.2: The probability vector with only significant financial market movements.

Figure 6.15: Distribution of this probability vector with only significant financial market
movements.
Using the example of the most volatile period over the past three years, namely the first half
of 2020, this analysis shows that the applied novelty method of reducing the amount of data
for the subsequent feeding of the convolutional neural network allows the reduction of the
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amount of data by 275 times (from 16.6 million to 60.1 thousand rows). Data with several
thousand or tens of thousands of lines is the most convenient size for training neural
networks. For other intervals during 2018, 2019, and 2020, the above data reduction ratios
are similar. The author understands that entering an additional dropout parameter can also
remove some interesting movement data, especially those that start slowly. However, for
intraday trading, it is not so essential to catch all the movements. It is more important to
recognise the movements with the highest probability of continuation and to not take a stop
loss.

6.7. Prediction of the Start of a Significant Movement in
Forex EUR/USD Rates by the CNNs
6.7.1. Data Used
As a result of the above analysis, labelling and data reduction, as well as the
compilation of the vector of probabilities, tick data was obtained, each line of which preceded
a significant movement of the financial market. Figure 6.16 shows the price chart after one of
these ticks. It is essential that none of these movements contain significant retracements of
the market back, which would lead to the triggering of the stop-loss. Thus, these are the most
valuable entry points into the market, including for trading with using financial leverage. The
second series of experiments, described below, train a convolutional neural network to
recognise similar market entry points using supervised learning.
Most of the time, financial markets are flat but demonstrate an oscillatory (retreating)
movement with a small amplitude. For this reason, stop loss often occurs during intraday
trading. This feature of financial markets is often overlooked when neural networks solve the
regression task of predicting future prices. The probability categorization task described in
this chapter has advantages over the indicated regression task since only recoilless
movements were taken into account when forming the probability vector. Rollbacks were
considered movements which did not exceed half of the main movements.
The data collection for supervised learning was done on a complete three-year dataset. The
supervisory signals of the outputs vector of probabilities were formed based on the recoilless
movement before the end of the trading day when any open position should be closed. More
than 460 hours of net processor time was spent to form this vector of probabilities and reduce
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the data's size on the hardware specified in Section 4.3.5. However, if preparing data for
training neural networks is done regularly at the end of each week, then this will require about
three hours of net processor time, which is acceptable.

Figure 6.16: One of the most valuable points of entry into the market without significant
retracements.
This series of experiments uses the same raw financial big data, which was used in the first
series of experiments (Sections 4.5.2 and 4.8). Similar 3D tensor and sliding window
techniques and procedures, and time format conversions, data cleansing and parameter
normalisations are also used (as described in Sections 4.8.1, 4.8.2, 4.8.3 and 5.1).

6.7.2. CNN Architectures
This series of experiments used two CNN architectures with eleven layers (Algorithm
6.1) and thirteen layers (Algorithm 6.2) which contains two additional convolutional layers.
The first one contains over 1.5 million parameters, and the second one contains over 4.5
million training parameters for each experiment within this series of experiments. These CNNs
use a 15-length one-dimensional convolutional kernel; kernels of length 5 and 9 have also
been experimented with. This convolutional kernel was chosen to be long enough to increase
the correlation with previous ticks.
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Algorithm 6.1: Eleven layer CNN for the probability vector analysis.
These CNNs include both one-dimensional convolutional and fully connected layers for the
output classification. For preventing overfitting, ‘dropout layers’ are used, which are described
in Section 4.6.1. The ‘Flatten layer’ is used to reformat two-dimensional tables after
convolution procedures into a one-dimensional vector for subsequent classification on fully
connected layers. Most of these experiments were calculated on the CNN with eleven layers
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since the deeper architecture of the neural network did not significantly increase the quality
of training but required 2.3 times more time for training: an average of 230 seconds versus
53 seconds for each layer.

Algorithm 6.2: Thirteen layer CNN for the probability vector analysis.
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6.7.3. Dynamic Boundaries and Splitting of the Probability Vector

Figure 6.17: Distribution of the probability vector over on each day for the first half of 2020.
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Using the example of the first half of 2020, Figure 6.17 shows the distribution of the probability
vector over all ticks on each day. Only market trend entry points are shown, without flat ticks.
A concentration of profitable entry points into the market can be seen during the start of the
COVID-19 pandemic. Following this analysis, it is possible to determine the most favourable
days for intraday trading with the most significant number of good entry points into the market
and the depth of the expected movement. Thus, the task of determining the probability vector
using the CNN is to predict the nature of the next bar on this chart.
After reducing the amount of data for analysis, flat ticks are randomly added to training and
testing datasets of good market entries. The number of these added ticks for each field of the
probability vector is calculated as the arithmetic mean of the number of good entry points into
the market. This artificial selection is made to avoid bias in the training of the neural networks
since the number of flat ticks is 275 times more (as explained in Section 6.6), than good entry
points into the market.

Figure 6.18: A typical probability vector with a correct prediction.
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Figure 6.18 demonstrates one of the results of predicting the probability vector at each tick.
However, the first tests of predicting the probability vector showed that this neural network
determines the directions (Buy or Sell) but mixes neighbouring fields of the probability vector.
For example, Figure 6.19 shows a prediction of an uptrend but confuses neighbouring zones
12 and 13, which a summary probability shows is more than 65%. Figure 6.20 and Figure
6.21 demonstrate the same situation with a downtrend and a flat. Thus, the formal distribution
of the categorical entropy, used as a loss-function of the CNN, deteriorates. This happens for
two reasons:
- due to the almost random creation of the boundaries of the probability vector inside the up
( 𝑃5+ , 𝑃6+ , 𝑃7+ , 𝑃8+ ) or down ( 𝑃5− , 𝑃6− , 𝑃7− , 𝑃8− ) trends (Figure 6.10),
- due to the constant change in the value of the probability vector after entering into the
financial market.
The author intends to analyse this problem in future research since the dynamic changes of
the probability vector boundaries will be required for the calculations at every tick after
entering the market. This purpose could only be achieved using a supercomputer.

Figure 6.19: A probability vector, which predicted up-trend but mixes neighbouring fields.
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Figure 6.20: A probability vector, which predicted down-trend but mixes neighbouring fields.

Figure 6.21: A probability vector, which predicted flat but mixes neighbouring fields.
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It is possible to simplify and solve the problem using only available processing power by
splitting the probability vector and combining essential milestones in decision-making in a
sequence, such as determining the start points of a trend and determining the direction of the
trend. In other words, a multi-parameter classification task with dynamic boundaries of the
probability vector could be split into two sequential binary classifications and an optional third
multi-parameter classification with a smaller number of parameters. Figure 6.22 demonstrates
this splitting.

Figure 6.22: Splitting a complex multi-parameter classification task with dynamic bounds of
the probability vector into a sequence of simpler tasks.

•

Firstly, the classification of the current tick through the probability vector as preceding
the trend or located in a flat. If the analysed tick is inside a flat, an ATS has to wait and
not enter the financial market. This task is vital for intraday trading, as it avoids losses
due to stop-losses. If the current tick is classified as a good entry point into the financial
market, the second step should be determining the direction.

•

Secondly, the classification of the most probable direction of the proposed movement.

•

Thirdly, after determining the direction, it is possible to determine the probable depth
of the following movement in that direction, but this is a secondary task for intraday
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trading since it could be replaced with a typical trailing stop-loss, which ATSs widely
use (Dai, et al., 2020).
Researchers often use neural networks to solve a binary 'Buy or Sell' classification problem
(Hilpisch, 2020). This statement of the problem is probably incorrect from a practical view
since it involves entering the market in any case. However, most of the time, the financial
markets are flat, and the ATSs should wait.
Further, the results of experiments on the first two stages of splitting the probability vector will
be presented in detail: using sequential and parallel convolutional neural networks for
classification of the current financial market behaviour into trend and flat (Section 6.7.4), and
classifications to determine buy and sell signals (Section 7.1).

6.7.4. Binary Classification: (Trend or Flat)
The binary classification experiments on Trend or Flat were carried out with data for
2020. The hyperparameters of the one-dimensional convolutional neural network changed
with the size of the convolutional kernel and the addition of two convolutional layers, which
did not give significant improvements in the test error metrics. This convolution kernel ranged
from 9 to 35 elements, representing a one-dimensional vector. The number of epochs was
100, which provided coverage of the beginning of overfitting. Overfitting is determined based
on the analysis of binary cross-entropy as a loss-function and started after 6 to 11 epochs.
The time required for each experiment was also measured, and the average time required for
each epoch was calculated. One of the variables was the batch size in the direction in which
the gradient descent was simultaneously performed. This batch size varied from 50 to 200.
The best accuracy was achieved with batch size equals 200, which unexpectedly coincides
with the sliding window size (Section 5.1). The training time for each layer and the whole
neural network increases with the convolutional kernel size increase. This size is essential for
the CNN property to generalise information. In theory, the longer the convolutional kernel is,
the further back (within a sliding window of 200 ticks) the CNN 'sees' at each iteration.
The results of the binary classification experiments on Trend or Flat are presented in
Appendix II. The summary of these experiments is shown in Table 6.3 and analysed in
Section 6.8.1.
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Table of the results in Appendix II is divided into blocks, each of which indicates both the
synthetic results of training this CNN for 2020 and randomly (using Python random number
generator) selected sets of 10 samples of absolute errors in predicting the behaviour of the
financial market as a trend and flat. Each of these ten samples was randomly selected from
about 20 thousand samples, which are the results of the CNN predictions on the test datasets.
In the future, this CNN model can be retrained each weekend using the data for the previous
week.
One of the 25 Python codes from these experiments is demonstrated in Appendix XIII. These
codes predicting trend or flat periods of Forex EUR/USD are similar to each other but differ
in the hyperparameters, training parameters and the results. Each of these codes
corresponds to sets of error metrics, such as accuracy, precision and recall.
Thus, the results of these experiments is a dataset of 32 million lines, equal to the number of
2020 ticks, each of which corresponds to a prediction of the market behaviour (Trend or Flat),
absolute prediction errors (Figure 6.23) and error metrics.

Figure 6.23: Probability (Trend or Flat) and absolute prediction error for each tick.
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6.8. Evaluation
6.8.1. Statistical Evaluation
The integrated parameters and error metrics results are of binary classification (Trend or
Flat) shown in Table 6.3.

Batch
size

200
150
100
50

Epochs
number

8
15
7
9

Patience

Time per Epoch,
(seconds)
(Average)

Convolution
kernel

30
60
30
30

107
115
56
122

31
31
15
15

Accuracy
(Test), %

Precision
(Test), %

Recall (Test),
%

84.578

96.084

87.304

79.647

96.018

81.946

76.413

96.331

78.116

81.793

96.185

84.148

Table 6.3: Hyperparameters, training parameters and error metrics results.

Figure 6.24: One of the accuracy charts for recognising trend or flat.

For achieving the purpose of predicting market behaviour (Trend or Flat), it is essential to
improve error metrics such as accuracy, precision and recall. The examples of graphs of
these error metrics during the training are shown in Figure 6.24 and Figure 6.25.
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Figure 6.25: One of the recall charts for recognising trend or flat.
Training this CNN model in the second series of experiments is a classification task;
consequently, precision is a second important parameter after accuracy for determining the
trend, as precision determines how valid the results are. It is critically important not to
recognise the flat as a trend, as in this case, there will be a loss from the settlement. Since
the patterns of the financial market that precede a trend or flat are very similar to each other,
the neural network is very susceptible to overfitting. It is necessary to observe the binary
cross-entropy, which is the loss function in the binary classification task. Figure 6.26 shows
this loss function where the overfitting start point is visible (as described in Section 4.6.1).

Figure 6.26: Binary cross-entropy loss-function.
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The number of epochs was 100; however, the "EarlyStopping" function was applied with the
"patience" parameter from 20 to 70. Using the "patience" parameter made it possible to
improve the accuracy of the binary classifier (Trend-Flat). The overfitting is determined based
on the minimum binary cross-entropy loss function, but maximum accuracy was also
analysed. The best accuracy value is achieved when the batch size is 200 on the test sample
but the best precision value is achieved with batch size is 100 (Table 6.3). In such ambiguous
cases, it is better not to enter the financial market if one of these CNN models shows a flat. It
is better to miss one trend than take a stop-loss. The correct solution would be to use an
ensemble of these CNN models. Thus, for further practical applications, an ensemble of
models with batch sizes of 100 and 200 will be used, with higher accuracy (84.578) and
precision (96.331) values on average.

6.8.2. Comparative Evaluation
For a comparative evaluation, as in the first series of experiments, two types of
recurrent neural networks were used, which are most often used in the analysis of financial
markets and are the baseline in existing research (GRU and LSTM). The results of the
experiments are presented in Table 6.4 compared to the results of the main experiments with
CNNs.
Neural network binary classifier (Trend or Flat)
Neural
Network
Architecture

Batch
size

Epochs
number

CNN
LSTM
GRU

200
200
200

8
7
11

Accuracy
(Validation)
,%

Precision
(Validation)
,%

Recall
(Validation),
%

Accuracy
(Test), %

Precision
(Test), %

Recall
(Test),
%

85.59
85.33
79.76

92.89
92,94
92.81

91.47
91.10
84.74

84.578
83.166
72.227

96.084
96.122
96.302

87.304
85.715
73.552

Table 6.4: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU) for binary classifier (Trend or Flat).
The experiments were carried out on the financial tick 2020 dataset. The total number of
analysed market entries was more than 90,000 of both potentially profitable entry points and
ticks from the flat. The experiments were carried out using the binary classifier (Trend or Flat).
For providing a comparative assessment, both recurrent networks used the same batch
size=200, which were most successful for the CNN in the main experiments.
LSTM in the classifier (Trend or Flat) shows similar quality metrics with the CNN: accuracy
83.166 and 84.578, respectively.
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Thus, according to the binary classifiers (Trend or Flat), the accuracy values using the
convolutional neural networks are 84.578, which is slightly better than LSTM, but they are
approximately similar. Figure 6.27 demonstrates these results.

Figure 6.27: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU) for binary classifier (Trend or Flat).

This chapter described the series of experiments used to predict the probability of significant
movement in the Forex EUR/USD rate. The chapter also analysed volatility over different time
frames, which is necessary to create the probabilities vector. The results of the experiments
using the binary classifier (Trend or Flat) are demonstrated and described. This classifier is
necessary to significantly reduce trades on the flat market, which are not potentially profitable
and instead lead to frequent stop-losses and loss of capital. Two types of recurrent neural
networks (GRU and LSTM), which are most often used in existing research on financial
market analysis, were used to evaluate the results.
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7. Prediction of the Directions of a Significant
Movement Based on the Probabilities Vector
This chapter describes two series of key experiments that use big financial tick data to
predict the directions of significant financial market movements (up or down) based on the
probabilities vector.

7.1. Prediction of the Directions of Significant Movements
by the CNNs
These two series of experiments use the same raw financial big data, which was used
in the first and second series of experiments (Sections 4.5.2 and 4.8). Similar 3D tensor and
sliding window techniques and procedures, and time format conversions, data cleansing and
parameter normalisations are also used (as described in Sections 4.8.1, 4.8.2, 4.8.3 and 5.1).
The same CNN architectures are used as in the previous series of experiments (Section
6.7.2).
After determining the market behaviour using the binary classification: (Trend or Flat), the
next stage is necessary to determine the direction of the market in accordance with the
algorithm described above of splitting the probability vector into the parts (Figure 6.22). This
second stage uses two independent CNNs with a binary classification, which determine the
most probable direction of the future movement of the Forex EUR/USD. These two CNNs
determine the following ways: (Sell or Wait) and (Buy or Wait); each of these CNNs trained
separately on financial tick data for 2020. Experiment results of the binary classification (Sell
or Wait) are presented in Appendix III; experiment results of the binary classification (Buy or
Wait) are presented in Appendix IV. The summary of these experiments is shown in Table
7.1 and analysed in Section 7.2.1.
In both experiments, a CNN with eleven layers was used, the same as in the binary
classification (Trend or Flat). The CNN (Sell or Wait) used the convolution kernels with lengths
of 15 and 31 elements. The CNN (Buy or Wait) used the longer convolution kernel with 31
elements since the financial market patterns with an up-trend are weaker than with a downtrend. This is because financial markets fall faster than they rise, and sell patterns are more
distinguishable than buy patterns.
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The number of epochs was 100, with the "patience" parameter from 30 to 70. However, the
training graphs show that the best parameters of the models occur mainly from epochs 7 to
25. In both CNNs, overfitting is determined based on the maximum accuracy, and the
minimum of the binary cross-entropy loss function was also analysed. The time required for
each experiment was also measured, and the average time required for each epoch was
calculated. One of the variables was the batch size which varied from 30 to 200. At the same
time, a larger batch size was used for the classifier (Buy or Wait) for the same reason that
uptrend patterns are difficult to distinguish.
Tables in Appendix III and Appendix IV are divided into blocks, each of which indicates both
the synthetic results of training these CNNs for 2020 and randomly (using the Python random
number generator) selected sets of 10 samples of absolute errors in predicting the most likely
solutions: Sell or Wait and Buy or Wait. Each of these ten samples was randomly selected
from about 20 thousand samples, which are the results of the CNN predictions on the test
datasets. In the future, these CNN models could be retrained each weekend using the data
for the previous week.

Figure 7.1: Probabilities (Sell or Wait), (Buy or Wait) and absolute prediction error for each
tick.
The Python codes used for these experiments are the same as in the classifier (Trend or Flat)
and are demonstrated in Appendix XIII. The differences are only in input data, outputs vectors,
training parameters and results. For each potential market entry, the probability and absolute
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forecast error (Figure 7.1) are calculated, and additional results of these experiments are error
metrics, such as accuracy, precision and recall.

7.2. Evaluation
7.2.1. Statistical Evaluation
The training parameters, hyperparameters and error metrics results for both CNN
classifiers are shown in Table 7.1.

Batch
size
150
100
50
30
200
150
100
50

Epochs
number
23
9
7
16
14
18
13
15

Time per Epoch,
(seconds)
Patience (Average)

Convolution
kernel

Accuracy
(Test), %

Precision
(Test), %

Recall
(Test), %

30
30
30
30

Binary classification: Sell or Wait
55
31
58
31
30
15
33
15

83.039
85.528
84.106
80.721

90.917
91.460
91.504
92.039

89.979
92.413
90.598
85.814

30
30
30
30

Binary classification: Buy or Wait
63
31
58
31
61
31
72
31

82.556
81.935
77.167
75.111

92.532
92.285
92.331
92.505

87.914
87.446
81.676
89.259

Table 7.1: Training parameters, hyperparameters and error metrics for binary
classifications: (Sell or Wait) and (Buy or Wait).

Figure 7.2: One of the accuracy charts for recognising (Sell or Wait) signals.
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Figure 7.3: One of the accuracy charts for recognising (Buy or Wait) signals.

Figure 7.4: Binary cross-entropy loss function for recognising Sell or Wait and Buy or Wait
signals.
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For binary classifiers based on CNNs (Sell or Wait) and (Buy or Wait), the best accuracy
values on the test samples are 85.528 and 82.556 and achieved when the batch sizes are
100 and 200, respectively. Figure 7.2 and Figure 7.3 demonstrate accuracy graphs of (Buy
or Wait) and (Sell or Wait) classifiers.
For avoiding overfitting, the binary cross-entropy loss function was also used in these neural
networks. These CNNs are very susceptible to overfitting since the Buy or Sell signals are
only slightly different from each other, and the instability of accuracy during training also
affects the loss function. Figure 7.4 shows this loss function.
Since the size of the incoming data was significantly reduced (Section 6.6) compared to the
task of determining the price of the next tick in the first series of experiments, the training time
is not very long and is approximately equal to 40…60 minutes per iteration, which allows
experimentation with deeper neural network architectures.
For further practical applications, the CNN (Sell or Wait) and (Buy or Wait) classifiers will be
used with batch sizes 30 and 200 with a convolutional kernel length of 31.

7.2.2. Comparative Evaluation
For a comparative evaluation, as in the previous binary classification, two types of
recurrent neural networks were used (GRU and LSTM). The results of the experiments are
presented in Table 7.2 compared to the results of the main experiments with CNNs.

Neural
Network
Architectur
e

Batch
size

Epochs
number

CNN
LSTM
GRU

100
100
100

9
83
11

CNN
LSTM
GRU

200
150
150

14
79
67

Accuracy
(Validation)
,%

Precision
(Validation)
,%

Recall
(Validation)
,%

Neural network binary classifier (Sell or Wait)
84.96
86.31
98.13
56.80
58.50
20.55
57.13
52.78
18.97
Neural network binary classifier (Buy or Wait)
81.01
87.53
91.21
52.96
53.33
32.06
53.04
57.54
15.97

Accurac
y (Test),
%

Precisio
n (Test),
%

Recall
(Test),
%

85.528
56.499
56.061

91.460
45.996
45.905

92.413
13.411
13.256

82.556
49.213
50.510

92.532
51.510
57.611

87.914
25.855
15.258

Table 7.2: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU) for binary classifiers (Sell or Wait) and (Buy or
Wait).
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The GRU and LSTM architectures of the recurrent neural networks used are shown by
Algorithm 7.1 and Algorithm 7.2, respectively. According to the technique of unrolling
recurrent neural networks in time (as explained in Section 3.4.2), the LSTM used is the
equivalent of a feedforward neural network with 32 consecutive layers, which is about three
times deeper than the CNNs used in this research.

Algorithm 7.1: Gated Recurrent Unit (GRU) neural network architecture for classification.

The experiments were carried out on the financial tick 2020 dataset. The total number of
analysed market entries was more than 90,000 of both potentially profitable entry points and
ticks from the flat. The experiments were carried out using two binary classifiers: (Sell or
Wait), (Buy or Wait). Both recurrent networks used the similar batch size from 50 to 200. The
number of epochs was 100, with the "patience" parameter from 20 to 70. The Python code
for training both neural networks is the same as the classifier code (Trend or Flat)
demonstrated in Appendix XIV. It differs only in outputs vector and results.
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Algorithm 7.2: Long short-term memory (LSTM) neural network architecture for
classification.

Despite the deeper architecture of recurrent neural networks, all error metrics are better in
the CNN. In the binary classifiers (Sell or Wait) and (Buy or Wait), recurrent neural networks
show poor results, not comparable to the results of the CNN. For example, the LSTM network
in the classifier (Sell or Wait) demonstrates accuracy that is slightly more than 56% (Figure
7.5). This is explained by the fact that CNNs look more effectively for poorly recognisable
signals, as it looks at all data (within a 200-tick of sliding window). RNNs, on the other hand,
analyse ticks separately, trying to remember the results of the analysis of the previous data.
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Figure 7.5: Accuracy of the LSTM neural network classifier (Sell or Wait).

Figure 7.6, Figure 7.7 and Figure 7.8 show examples of error metrics, such as accuracy,
precision and recall, during the training of these RNN binary classifiers. These graphs
demonstrate significant instability in training recurrent neural networks with noisy financial
data.

Figure 7.6: Accuracy graph of training the GRU neural network classifier (Sell or Wait).
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Figure 7.7: Precision graph of training the GPU neural network classifier (Sell or Wait).

Figure 7.8: Recall graph of training the LSTM neural network classifier (Buy or Wait).

Thus, according to two binary classifiers (Sell or Wait) and (Buy or Wait), the accuracy values
using the convolutional neural networks are 85.528 and 82.556, respectively, which is the
best value of these experiments. Figure 7.9 and Figure 7.10 demonstrate these results.
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Figure 7.9: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU) for binary classifier (Sell or Wait).

Figure 7.10: Comparative evaluation of the quality of training and validation of the neural
network architectures (CNN, LSTM, GRU) for binary classifier (Buy or Wait).
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This chapter described the two series of experiments in predicting the directions of the
following significant movement in the Forex EUR/USD rate based on the probabilities vector.
The results of these experiments using two binary classifiers (Sell or Wait) and (Buy or Wait)
were demonstrated and described. These classifiers are the final results of this research and
allow entry into positions with probabilities above 80%, which is a good result. Two types of
recurrent neural networks (GRU and LSTM) were used for validation.
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8. Evaluation and Discussions
8.1. Comparison of the Results of Key Experiments
This section summarises all the results of the key experiments (described in Chapters
6 and 7) in achieving the overall intraday trading task, which consists of three binary
classifiers:
- separation of noisy, flat movements from trend ones (Trend or Flat),
- determining the readiness of the EUR/USD currency pair for a significant downward
movement (weakening of EUR and strengthening of USD) (Sell or Wait),
- determining the readiness of the EUR/USD currency pair for a significant upward movement
(strengthening EUR and weakening USD) (Buy or Wait).
The experimental results are shown in Table 8.1. The comparison is based on Accuracy as
the primary error metric, which could then be evaluated against existing research results.
Comparison and evaluation are carried out on three architectures of neural networks (CNN,
LSTM, GRU), which are the state-of-the-art baseline technique in this domain (Section 3.7).

Neural Network
Architecture
CNN
LSTM
GRU

Neural Network Binary Classifiers
Buy or
Trend or Flat
Sell or Wait
Wait
84.578
85.528
82.556
83.166
56.499
49.213
72.227
56.061
50.510

Table 8.1: Comparative evaluation of the Accuracy of training and validation of the neural
network architectures (CNN, LSTM, GRU) for key binary classifiers on the testing datasets.

Figure 8.1 demonstrates the above results of the key experiments of this research.
Thus, according to these three binary classifiers (Trend or Flat), (Sell or Wait) and (Buy or
Wait), the accuracy values using the convolutional neural networks are 84.578, 85.528 and
82.556, respectively, which is the best value of these experiments.
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Figure 8.1: Comparative evaluation of the neural network architectures
(CNN, LSTM, GRU) by the accuracy on testing data.
This result confirms the theory expressed in Section 3.5 that the analysis of short-term
intraday movements using convolutional neural networks is an evolutionary development of
Japanese candlestick charting techniques. The aim of this was to determine the significant
movement and direction of the financial market within short time frames. If the visual analysis
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of Japanese candlestick patterns was mainly limited to five candlesticks, then modern
convolutional networks can successfully operate up to 200 or more tick data simultaneously,
finding bullish or bearish patterns in their combinations.

8.2. Evaluation of the key experiments
When analysing the Forex market, the majority of researchers focus on predicting the
future prices of currency pairs or precious metals. Such an approach is justified if the
considered investment horizons are sufficiently long because, in this case, it is necessary to
assess the ROC compared to alternative returns. However, there are papers that focus on
the needs of short-term intraday trading, the primary task of which is to determine the direction
of the most probable next significant movement, which coincides with the purpose of the key
experiments in this research.
Galeshchuk and Mukherjee (2017) analyse the movements of the EUR/USD currency pair,
focusing on predicting the next movement direction. This paper uses two statistical methods
for the analysis of time series: ARIMA and Exponential Smoothing (ETS), in comparison with
a machine learning method SVM, and deep neural networks ANN(MLP) and CNN. The
authors also trained ANN(MLP) in addition to the currency pair prices on moving averages
MLP(MA). Table 8.2 shows the results of the Accuracy of predicting the direction of the next
movement.

ARIMA ETS
MLP
MLP(MA) SVM
CNN
60.05
52.05
58.33
65.40
65.13
75.28
Table 8.2: Classification accuracy for the EUR/USD currency pair in determining the
direction of the next price movement (Galeshchuk and Mukherjee, 2017).
In this paper, the Accuracy of predicting the next movement is calculated separately from the
following 30 prices, some of which may be in a flat movement. Then, the average Accuracy
is calculated. These results can be compared with the results of this research of both binary
classifiers (Trend or Flat) and the binary classifiers for determining the direction of future
movement (Sell or Wait) and (Buy or Wait).
Moghaddam and Momtazi (2021) analysed and applied a complex model consisting of CNN
and LSTM elements to analyse Japanese candlestick patterns of the EUR/USD Forex
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currency pair. They examined a binary classifier (profitable/non-profitable) and ternary
classifier (buy/sell/non-profitable). The intersection of moving averages is used to confirm the
profit, which can be controversial. The (profitable/non-profitable) classifier is similar to the
classifier (Trend-Flat) of this research.
Table 8.3 shows the results of calculating the Accuracy of these binary and ternary classifiers
in predicting trends and flats in the paper.

LSTM-CNN
(Trend or Flat)
76.09

LSTM-CNN
(Buy-Sell-Wait)
63.95

Table 8.3: Classification Accuracy for the EUR/USD currency pair to determine Trend-Flat
and Buy-Sell-Wait options of the next price movement (Moghaddam and Momtazi, 2021).
Figure 8.2 shows the comparison of the Accuracies obtained by the author in this research,
Galeshchuk and Mukherjee (2017), and Moghaddam and Momtazi (2021).
Based on this summary diagram, the following conclusions could be drawn:
- CNNs are the most accurate in finding the direction of the subsequent significant intraday
price movements, as they analyse short-term market participants' behaviour patterns, similar
to the principles of analysis using Japanese candlesticks. The data preprocessing
technologies proposed in this research contributed significantly to the high accuracy of the
predictions.
- LSTMs also show promising results in determining the market behaviour (Trend or Flat).
This is due to the high importance of the sequence of data within each slice of the 3D tensor
when expected to exit from the flat.
- Binary classifiers perform better than ternary classifiers even when using more complex
neural network architectures.
- Simple ANNs, such as MLP, can produce significantly better results when technical
indicators are used in addition to price data.
- Recurrent neural networks show medium results in determining the directions of future shortterm movements.
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- Baseline techniques such as ARIMA and SVM show weaker results than neural networks in
determining the patterns of subsequent intraday market movements.

Figure 8.2: Predicting the trend and direction of subsequent movements (Accuracy, %).

8.3. Limitations and Discussion
The complex purpose of predicting the probability vector of significant financial market
movement was split into three sub-purposes, two of which are binary classification tasks:
predicting the time of the exit from a flat and the beginning of a trend (Section 6.7) (binary
classifier Trend or Flat) and determining the most probable direction of the future market
movement (Section 7.1) by two binary classifiers (Sell or Wait) and (Buy or Wait). The third
sub-purpose is a multidimensional classification task with dynamic range bounds, which
requires more processing power than is available for free on the Google Colab platform
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(Section 6.7.3). This problem has been solved using standard techniques such as trailing
profit orders.
These two binary classification problems could be successfully solved using the onedimensional architectures of CNNs (Section 5.1). However, this requires advanced
preliminary analysis of big financial tick data. The transition from the regression task to the
classification task using the analysis of the probability vector made it possible to significantly
reduce the amount of analysed data, training neural networks only on potentially profitable
points of entry into the financial market.
Recurrent neural networks commonly used to predict prices of financial markets do not always
give an acceptable result, especially if the patterns determining the direction of the financial
market movement are difficult to distinguish. It happens because, unlike CNNs, RNNs analyse
data sequentially. Another essential advantage of CNNs is the ability to parallelise better
computations than RNNs, allowing the training of neural networks faster on the same
computer hardware. However, further research is needed to improve the stability of these
neural network models.
Recognising the starting of a trend and predicting the direction of significant movement in
financial markets using neural networks is a completely different task from recognising images
or creating winning strategies in games like Go. The main problems are associated with data
that is noisy and non-stationary. However, this research demonstrates that in the short term,
it is possible to recognise the behaviours of market participants, which are reflected in the
patterns of prices and volumes of transactions.
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9. Conclusions and Future Work
The primary motivation behind this thesis is to explore the possibility of analysing big
financial data and identifying patterns of behaviour of significant financial market participants,
such as funds and market-makers, using advanced deep convolutional neural network
models, and bridging the research gap described in Section 1.4.

9.1. Review of the Work
The aim of this research was to improve the state-of-the-art performance of intraday
trading. The research investigated deep learning algorithms and conducted experiments to
achieve increased accuracy in intraday trading predictions, identify market entry points with
the highest probability of significant movements and reduce losses from execution stop-loss
orders. In order to achieve this aim, four research objectives have been formulated (Section
1.3).
The detailed report on the implementation of each of these research objectives is presented
in Section 9.3.
As noted in Section 2.10, any transaction in the financial market consists of three parts:
-

the point of entry into the market,

-

tracking the potential of the opened position,

-

the point of exit from the market.

The tracking and exiting from the open position have been done using standard techniques
such as risk and money management and advanced tools such as trailing profit orders.
As in other similar studies, the main focus of this research was on finding the most promising
market entry points with minimal risk. This task, in turn, was separated into several subtasks:
-

The minimisation of risk was ensured by using short stop-loss orders, which are
mandatory for intraday trading, so as not to receive significant losses in case of a
mistake in predicting the direction of the transaction (buy or sell).

-

In turn, using short stop-loss orders gave rise to another risk - a possible drawdown of
investment capital due to the frequent execution of these orders. To minimise this risk,
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the problem of determining high-quality entry points was solved, which have a low risk
of a reverse movement in the opposite direction of the transaction.
-

Unfortunately, the ‘end-to-end’ concept, where raw data is fed to one big neural
network as inputs, a method that is well-utilised in other domains, does not work for
big financial data due to noise and variability reasons. Therefore, a deeper preliminary
analysis of the raw input data is required, which was carried out in this research.

-

Several convolutional neural networks were trained to determine these quality entry
points, which work sequentially. These CNNs were trained using a supervised learning
algorithm on pre-labelled historical data, marking target ticks followed by recoilless
significant price movements of the EUR/USD currency pair. Thus, the research
objective-3 was achieved in separating the complex task of creating an intraday trading
system into its constituent parts, for each of which standard error metrics and loss
functions were identified, such as Accuracy and MAE.

-

The first CNN (the first binary classifier) determined the behaviour of the market (Trend
or Flat). It blocked the signals to open positions if the market was flat to reduce the
likelihood of stop-loss orders being executed.

-

The following CNNs (binary classifiers) determined the potential direction of the next
significant movement (Up or Down). These CNNs only started analysing the data if the
previous binary classifier showed the 'Trend' signal. In other words, they recognised
tick patterns on each 200-tick slice of the 3D tensor (Sell or Wait) or (Buy or Wait),
similarly to traders who had visually recognised bullish or bearish patterns using
Japanese candlestick charts. In the case of positive recognition, a deal was made for
buy or sale, respectively.

-

The research objective-2 of solving the problem of the constant market-changing was
solved with the help of organisational actions in the form of additional training of all the
above CNNs every week with data for the previous week.

9.2. Summary of Contributions to Knowledge
This thesis created several novelties, among which the most important are:
-

replacement of the typical aim of using a regression task to predict the price of a
financial instrument, with a classification task which enabled improvement in the ability
to evaluate the quality of the results and utilised many advanced machine learning
methods, which are already used in other areas, such as image recognition;
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-

an advanced preliminary analysis of big financial tick data based on intraday volatility
and risk assessments of losses;

-

the introduction of a probability vector of significant future movements based on
searching for patterns in the behaviour of significant market participants, such as funds
or market makers.

For applying these essential novelties, new approaches to advanced preliminary data
analysis have been used, such as:
-

using big financial tick data together with convolutional neural networks without using
typical recurrent neural networks,

-

non-linear unique normalisation of data regarding the price and volume of each tick
(minimum price change during trading);

-

non-linear unique normalisation of time intervals between tick data, which includes
crucial information about the structure and intensity of the market at each moment. It
also allows conversion of irregular time series into regular time series and thus allows
the application of analysis methods designed for typical time series;

-

using a sliding window that creates a three-dimensional data tensor which generates
inputs for feeding into convolutional neural networks;

-

reducing the dimension of data by replacing two-dimensional convolutional neural
networks with one-dimensional while preserving the three-dimensional structure of the
input data tensor;

-

using a new approach to significantly reduce data and remove flat market movements.

As a result, it was possible to avoid the need to predict a specific price of a financial instrument
after a particular time, which cannot be solved due to the instability and volatility of financial
markets. This was replaced with a far more accurate prediction of the direction of recoilless
movement and start predicting its depth. This is a vital task for real-world trading.
From a practical point of view, it does not matter what time the desired price will be reached.
It is more important that the price will be achieved with a greater than 50% probability before
the end of the current trading day. For actual intraday trading, it is also essential to predict
that during the period after entering the market, the price does not go in the opposite direction
and activate the stop-loss. The proposed novelties made it possible to solve these problems
with sufficiently high accuracy at a level around 80%+ for different subtasks.
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These experiments have shown that convolutional neural networks can recognise subtle
patterns that recurrent neural networks cannot always detect. However, more research is
needed to improve the stability of neural network training.

9.3. Results and Discussion
All the research objectives identified in Section 1.3 have been achieved.
Objective-1 has been achieved by undertaking a literature review and analysis of existing
machine learning and data collection software in detail in Chapter 3 and Chapter 4.
Preliminary research has been done on the most appropriate neural network architectures,
such as CNNs, to achieve the following objectives.
Objective-2 of designing and creating an appropriate neural network and target function that
can adapt to dynamically changing data has been achieved by proposing the specific
convolutional neural network architectures used in Section 5.3 and Section 6.7.2. These
minimise stop-loss as the primary target function of training (Section 2.9) using preliminary
preparation and deletion of tick data corresponding to the flat periods of the financial markets.
All financial ticks, after which follow movements in the opposite direction (Section 6.6), were
also removed because they activate stop-loss orders and lead to losses in intraday trading.
Adaptation of these neural networks to the changing financial market is provided by weekly
retraining of these convolutional neural networks on the data from the previous week.
Objective-3 of separating the complex aim of creating and improving an intraday trading
system into its constituent parts by proposing the separation of one large classifier into a
sequence of CNNs (binary classifiers) (Section 6.7.3), for each of which is possible to identify
error metrics and loss functions (Section 3.7), has been achieved. Also, all these neural
networks were independently tested, compared and evaluated to existing state-of-the-art
research (Section 8.2).
Objective-4 of testing and evaluating different models, ML frameworks, tools and data
collection software and analysing publicly-available financial market data has been
completed. This was achieved by processing tests and evaluating models for predicting the
next tick prices (Section 5.4), predicting the nature of the market (Trend or Flat) (Section
7.2.2) and predicting the most probable directions of the following market movements and
identifying entry points into the financial market with minimal risk (Section 7.2.2 and Section
8.2). The model for predicting the depth of the following, most probably market movement,
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requires more processing power than is publicly available using Google Colab or available
GPU hardware. However, this module is temporarily replaced with a regular trailing stop-loss
order for practical trading.
The experiments were conducted to predict the price of the S&P index (Section 4.9.1),
visualise data (Section 4.7) and determine the probability vector for the second series of
experiments (Section 6.5).
In conclusion, it should be noted that today there are many different methods and tools for
analysing the financial market using machine learning methods and ANNs. However, the
challenge lies in the statement of the problem, in the precise definition of the search goals
and understanding and correctly preparing the data from financial markets to obtain stable
results.

9.4. Future Work and Challenges
Many difficulties and additional ideas have emerged during this research that could
form the basis for further research:
-

The task of a fully automatic trading system that adapts to a constantly changing
market looks very attractive. Such a model should be able to collect new data and
retrain and test itself automatically and permanently without the participation of a
human.

-

Another possible direction for developing this research is training an ensemble of
neural networks, each of which is trained on different time frame data. This idea
originated from the three-step decision-making process (described in Section-1) based
on Fundamental and Technical analysis and pattern searching using Japanese
candlesticks. Such a system will decide to enter into the market based on a
combination of factors with certain weighting for each time frame. This system may
consist of neural networks with different architectures.

-

The next important area of research is profit maximisation through neural network
analysis of the levels of take-profit orders. This task could be more complicated than
determining market entry points since, in this case, it will be necessary to calculate and
support the potential of each open position until it is closed.
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-

Expanding the application of the results of this research to the analysis of other liquid
financial instruments in the Futures contracts and Forex markets. It is also possible to
apply this approach to commodities and cryptocurrencies.

-

One of the problems identified during this research is difficulties in evaluating the
results of predicting the depth of future movements. The reason is that standard error
metrics, such as multidimensional cross-entropy, work on the presence of fixed
boundaries of recognised classes. However, classes in financial markets have
dynamic boundaries that need to be redefined for each tick at short intervals using
unsupervised learning methods. This goal возможно потребует more GRU или TPU
processing power.

-

Extension this research by adding limit-orders data from the Order Book as additional
information to big financial tick data. This will significantly increase the size of the
analysed data; however, it will allow neural network training based on both completed
transactions and the potential intentions of the financial market participants.

-

Reinforcement learning technology, which is a logical continuation of this research,
also provides more excellent opportunities. Reinforcement learning agents based on
this research could be created. However, the number of iterations required for training
the neural networks will increase by multiple orders of magnitude.

Machine learning methods are developing quite quickly, and the author is confident that many
of the current limitations in processing power for solving the above problems will be overcome,
which will allow this research to be continued and enhanced.
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Appendix Ι. Results of experiments on Prediction of
Forex EUR/USD Tick Rates
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4.456
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1.389
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1.481
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2.312
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1.755
10.103
2.368
2.844
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3.027
1.172
10.143
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2.085
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5.223
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2.708
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Table 1: Results of the first series of experiments
(Prediction of Forex EUR/USD Tick Rates).
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Appendix II. Results of the binary classification
experiments on Trend or Flat
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Table 1: Results of the second series of experiments
(Binary classification experiments on Trend or Flat).
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Appendix III. Results of the binary classification
experiments on Sell or Wait
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Table 1: Results of the Binary classification experiments (Sell or Wait).
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Appendix IV. Results of the binary classification
experiments on Buy or Wait
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Table 1: Results of the Binary classification experiments (Buy or Wait).
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Appendix V.
Machine Learning and Deep Learning Methods Abbreviations
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Table 1. Deep Learning Models. Part 1. (Jiang, 2020)

Table 1. Deep Learning Models. Part 2. (Jiang, 2020)
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Table 1. Deep Learning Models. Part 3. (Jiang, 2020)

Table 2. Machine Learning Models (Jiang, 2020).
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Table 2. Linear Models (Jiang, 2020).

Table 3. Optimisation Algorithms (Jiang, 2020).
212

Table 4. Preprocessing Techniques (Jiang, 2020).

Jiang, W., 2020. Applications of deep learning in stock market prediction: recent progress. arXiv
preprint arXiv:2003.01859.
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214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

Appendix VII.
t-SNE Algorithm for Raw Data EURO/USD
Visualisation of Multidimensional Data
t-SNE algorithm (t-distributed Stochastic Neighbor Embedding)
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Appendix VIII.
Predicting S & P-500 Index Prices by Multilayer Perceptron
A fully connected (multilayer perceptron) neural network with four hidden layers is used.
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Appendix IX.
Cleaning, Normalisation and Preparation Data for the First Series of the Experiments
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