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Département d’Automatique
�
éJ
Ë
�
B@

�
é�Y

	
JêË @ Õæ�

�
¯

Process Control Laboratory

Thesis for the end-of-study project to obtain the State
Engineer’s Degree in Automation

Specialty: Automation

Presented by:
DERDOUR Abdeslem

Title:

Metaheuristics Optimization of Financial Trading Strategies for
Single Asset Trading

Defended on September 21, 2023, before the jury composed of:
Pr. M. TADJINE ENP , Supervisor
Pr. EM. BERKOUK ENP , President
Dr. M. CHAKIR ENP , Examiner

ENP 2023
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Résumé :
L’étude s’est concentrée sur l’optimisation des systèmes de trading techniques en util-

isant des techniques métaheuristiques, telles que l’optimisation par essaim de particules
et les algorithmes évolutifs multi-objectifs. Les résultats indiquent que ces méthodes
améliorent significativement les performances et la robustesse des systèmes de trading.
Il a été constaté que les approches de formation traditionnelles étaient susceptibles de
surajuster, une préoccupation qui a été atténuée grâce à l’optimisation de la marche en
avant. Le choix de la fonction objectif a été mis en avant comme crucial pour améliorer la
robustesse du système. Il est recommandé aux praticiens de sélectionner soigneusement
la fonction objectif et la méthode d’optimisation pour la conception et l’évaluation des
systèmes de trading techniques.

Mots-clés : Systèmes de trading technique à basse fréquence (LFTTS), Optimisation
de la marche en avant (WFO), Crypto-monnaies, Optimiseur de l’essaim de particules
(PSO), Algorithme évolutif multi-objectifs basé sur la décomposition (MOEA/D).

Abstract :
The study focused on optimizing technical trading systems using metaheuristic tech-

niques, such as Particle Swarm Optimization and Multi-Objective Evolutionary Algo-
rithms. The results indicate that these methods significantly enhance the performance
and robustness of the trading systems. Traditional training approaches were found to be
susceptible to overfitting, a concern that was mitigated through WalkForward Optimiza-
tion. The choice of the objective function was highlighted as crucial in improving system
robustness. It is recommended that practitioners carefully select the objective function
and optimization method for designing and evaluating technical trading systems.

Keywords: Low Frequency Technical Trading Systems (LFTTS), Walk Forward Op-
timization (WFO), Crypto-currencies, Particle Swarm Optimizer (PSO), Multi-Objective
Evolutionary Algorithm based on Decomposition (MOEA/D).
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General Introduction

The financial markets are a dynamic and ever-evolving ecosystem, where fortunes are
made and lost in the blink of an eye. Successful trading in these complex environments
demands more than just intuition and expertise; it requires the strategic use of cutting-
edge tools and techniques. In recent years, the application of metaheuristics has emerged
as a game-changing approach in the quest to optimize financial trading strategies.

Metaheuristics represent a class of algorithms inspired by natural processes, such as
evolution, swarm behavior, and collective intelligence. These algorithms offer a fresh per-
spective on addressing the intricate challenges faced by traders and investors in modern
financial markets. By harnessing the computational power and adaptability of meta-
heuristics, financial professionals can enhance their decision-making processes, manage
risk more effectively, and ultimately strive for greater profitability.

In this exploration of the optimization of financial trading strategies using metaheuris-
tics, we embark on a journey to uncover the transformative potential of these innovative
methodologies. Our mission is to shed light on how metaheuristics, such as Genetic
Algorithms, Particle Swarm Optimization, and Simulated Annealing, are reshaping the
landscape of financial trading.

Throughout this journey, we will delve into the fundamental principles that underpin
metaheuristics and discover how they can be applied to design and refine trading strate-
gies. We will explore real-world case studies and empirical evidence showcasing the impact
of metaheuristics on trading performance, risk management, and portfolio optimization.

Moreover, we will discuss the versatility of metaheuristics, highlighting their appli-
cability across various financial instruments, including stocks, commodities, currencies,
and cryptocurrencies. Whether you are a seasoned trader, an institutional investor, or
an aspiring financial professional, this exploration will illuminate the potential benefits of
integrating metaheuristics into your trading toolkit.

As we delve deeper into the world of optimizing financial trading strategies using
metaheuristics, we invite you to join us on this exciting journey of discovery. Together,
we will explore how these computational techniques are redefining the way we approach
financial markets, offering new avenues for innovation, adaptability, and success in the
fast-paced world of trading.



Chapter 1

Introduction



CHAPTER 1. INTRODUCTION 12

1.1 Introduction to Algorithmic Trading

In recent years, there has been significant interest in the use of metaheuristics algorithms in
algorithmic trading (AT) among both finance and soft-computing researchers. There is a
substantial body of published research on this topic, as evidenced by studies such as those
conducted by Ponsich et al. (2013), Hu et al. (2015),. AT refers to computer programs
that automate one or more stages of the trading process. These systems currently handle
a significant portion of all stocks traded in the United States and the European Union and
are a major source of innovation in computing and analytics, particularly with regard to
machine learning and grid/GPU computing (Nuti et al., 2011; Hendershott and Riordan,
2013).

Algorithmic trading systems are designed to capitalize on momentary anomalies in
market prices, take advantage of statistical patterns within or across financial markets,
optimally execute orders, conceal traders’ intentions, or detect and exploit rivals’ strate-
gies. Ultimately, these systems are driven by profits, whether in the form of cost savings,
client commissions, or proprietary trading. The key feature of algorithmic trading systems
is the sophistication of their analysis and decision-making capabilities (Nuti et al., 2011).
They are used in highly liquid markets, including equities, futures, derivatives, bonds,
and foreign exchange. Algorithmic trading can be applied to automate any stage of the
trading process, resulting in a wide range of systems. For instance, in trade-execution
programs, the algorithm may determine aspects such as which market to send the order
to, the timing, price, and even the order’s quantity splits (Nuti et al., 2011).

One of the significant benefits of algorithmic trading is that strategies can be tested
on historical data. The ability to simulate a strategy is a major advantage of algorithmic
trading. Back-testing provides insight into how well a strategy would have performed in
the past. Although back-tested performance does not guarantee future results, it can be
valuable when evaluating potential strategies. Back-tested results can be used to filter out
strategies that do not suit the required investment style or are unlikely to meet risk/return
performance goals.

1.2 Financial Time Series

Financial time series are initially constructed by capturing the details of each transac-
tion, including the price, volume, and a timestamp. This information is asynchronously
recorded at each tick. By resampling this tick data into equal time intervals, we obtain
OHLCV (Open, High, Low, Close, Volume) data, where Open and Close represent the
first and last prices within the time interval, and High and Low denote the highest and
lowest prices recorded during that time. Volume indicates the total number of financial
instruments exchanged between buyers and sellers. We can consider the price series for
a particular market as a collection of vectors, consisting of Open, High, Low, Close, and
Volume, sampled at regular time intervals τ (such as minutes, hours, days, etc.) where
the Timestamp is the candle’s reference.
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Figure 1.1: OHLCV data of BTCUSDT from Investopidia.com

1.3 Algorithmic Trading Components

Algorithmic trading strategies typically involve several components, including pre-trade
analysis, trading signal generation, trade execution, and post-trade analysis.

1.3.1 Pre-Trade Analysis

The pre-trade analysis is a crucial process that encompasses three key components, each
playing a vital role in ensuring informed and strategic decision-making within algorithmic
trading systems. The first component is the alpha model, specifically designed to predict
and gauge the future behavior of the financial instruments that the algorithmic system is
intended to trade. By leveraging various data inputs, market trends, and historical pat-
terns, the alpha model aims to generate insights into potential price movements, market
dynamics, and investment opportunities. This predictive model serves as a foundation for
identifying profitable trades and optimizing trading strategies.

The second component of the pre-trade analysis is the risk model, which serves as a
critical tool for assessing and managing the levels of exposure and risk associated with the
financial instruments being traded. Through sophisticated risk management techniques,
this model evaluates factors such as volatility, liquidity, counterparty risk, and portfolio
diversification to quantify the potential downside and upside risks of a particular trade.
By identifying and understanding these risks, traders can make informed decisions to
protect capital, optimize returns, and align their trading activities with risk tolerance
and investment objectives.

The third component is the transaction cost model, an integral part of the pre-trade
analysis that focuses on calculating the potential costs associated with trading the finan-
cial instruments. This model takes into account various factors that impact trading costs,
including market liquidity, bid-ask spreads, order execution speed, and market impact.
By quantifying these costs, traders can assess the profitability and efficiency of their trad-
ing strategies, optimize trade execution, and minimize the impact of transaction costs on
overall portfolio performance.
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Collectively, these three components of the pre-trade analysis provide a comprehensive
framework for traders and investment professionals to make informed decisions in algo-
rithmic trading. By leveraging the insights derived from the alpha model, managing risk
through the risk model, and considering transaction costs through the transaction cost
model, traders can enhance their trading strategies, mitigate risks, and maximize returns.
This holistic approach to pre-trade analysis empowers market participants to navigate the
complexities of financial markets, adapt to changing market conditions, and ultimately
achieve their investment goals.

1.3.2 Trading Signal Generation

The process of generating trading signals and conducting pre-trade analysis often over-
lap and share similarities, but there are key differences between them. While pre-trade
analysis is focused on analyzing financial data or news to identify potential trading op-
portunities, trading signal generation involves the use of algorithms to generate specific
trade recommendations that include details such as price, quantity, and risk management
strategies like stop-loss values. In contrast, pre-trade analysis recommendations are often
less specific and intentionally vague, as they may be further refined and augmented by
the trading signal generation process in more complex systems.

1.3.3 Trade Execution

During the trade execution phase, the order is sent to the appropriate trading venues. In
cases where the order is excessively large, the system divides it into smaller orders and
submits them over time, aiming to reduce market impact. Additionally, orders can be
sent to various markets, including crossing markets or dark pools, where the current order
book is not publicly displayed.

1.3.4 Post-Trade Analysis

Post-trade analysis involves analyzing the performance of the trading strategy after the
trades have been executed. This can involve analyzing factors such as the total return,
the Sharpe ratio, and the maximum drawdown.
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Figure 1.2: Algorithmic Trading Components

1.4 Pre-Trade Analysis Methodologies

There are several methodologies that can be used for pre-trade analysis, including funda-
mental analysis, quantitative analysis, and technical analysis.

1.4.1 Fundamental Analysis

Fundamental analysis involves analyzing financial and economic data to determine the in-
trinsic value of an asset. This comprehensive approach includes examining financial state-
ments to assess a company’s financial health and stability. It also encompasses analyzing
industry trends to identify opportunities or risks within a specific sector. Additionally,
fundamental analysis takes into account macroeconomic factors such as interest rates,
inflation, and government policies to understand the broader economic environment. By
considering all these factors, investors can make informed decisions aligned with their
long-term financial goals.

1.4.2 Quantitative Analysis

Quantitative analysis involves using statistical and mathematical models to analyze fi-
nancial data. This can involve analyzing asset returns, volatility, and other factors.

Asset Returns

Asset returns, representing the percentage change in an asset’s price over a specific pe-
riod, are essential in quantitative trading models. These models rely on mathematical
algorithms and statistical analysis to analyze historical return data, identify patterns,
and predict future price movements. By incorporating asset returns, these models enable
the development of systematic strategies that can be backtested and validated. Asset
returns are also crucial for calculating risk metrics such as volatility and Sharpe ratio,
aiding in risk assessment and portfolio management. Ultimately, asset returns serve as a
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fundamental input in quantitative trading, shaping strategy development, risk evaluation,
and performance analysis in the dynamic realm of financial markets.

Figure 1.3: Asset Classes Graph from Investopidia.com

Volatility

Volatility, representing the degree of price variation in an asset over time, is a key measure
of risk in trading strategies. It quantifies the potential price fluctuations and uncertainty
associated with an asset, guiding traders and investors in assessing risk-reward profiles.
Higher volatility implies greater risk and potential for both profits and losses. By incor-
porating volatility metrics into trading strategies, investors can adjust position sizes, set
appropriate stop-loss levels, and implement risk management techniques. Volatility also
impacts the pricing and profitability of derivative instruments like options. Understanding
and effectively managing volatility is crucial for making informed decisions, identifying
opportunities, and optimizing trading strategies in dynamic financial markets.

Figure 1.4: Implied Volatility Graph From Investopidia.com
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Capital Asset Pricing Model (CAPM)

The Capital Asset Pricing Model (CAPM) is a widely used financial framework that helps
investors determine the expected return on an investment based on its risk level. CAPM
suggests that the expected return on an asset is a function of the risk-free rate, the asset’s
beta, and the market risk premium. The risk-free rate represents the return on a risk-
free investment, while beta measures an asset’s sensitivity to market movements. The
market risk premium represents the excess return investors demand for holding a risky
asset over the risk-free rate. By using CAPM, investors can estimate the appropriate
expected return for an asset, facilitating investment decision-making and comparison with
required returns. However, CAPM assumes rational and risk-averse investors and efficient
markets, and relies on historical data for estimating betas. Nevertheless, CAPM remains
a valuable tool for asset pricing, portfolio management, and understanding the risk-return
relationship in financial markets.

Expected Return = Risk-Free Rate + β × (Market Risk Premium) (1.1)

1.4.3 Technical Analysis

Simple Moving Averages

Simple Moving Averages (SMA) are widely used trend-following indicators that smooth
out price data over a specified period.Moving averages, as a statistical concept, have
evolved over time with contributions from various individuals in different fields, including
Charles Dow in the realm of financial analysis. The formula for calculating SMA is:

SMA(n) =
1

n

n∑
i=1

Ci (1.2)

Figure 1.5: Simple Moving Average

Exponential Moving Averages

Exponential Moving Averages (EMA) give more weight to recent price data, making them
more responsive to price changes compared to SMAs.The Exponential Moving Average
(EMA) is a mathematical concept developed and refined over time by various mathemati-
cians and researchers, commonly used in finance for its responsiveness to recent data. The
formula for calculating EMA is:
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EMA = (1− α)× Previous EMA+ α× Current Price (1.3)

Such that, α represents the smoothing factor, Previous EMA is the previous EMA value,
and Current Price is the current price value.

Figure 1.6: Exponential Moving Average

Bollinger Bands

Bollinger Bands consist of a middle band (SMA or EMA) and an upper and lower band
that represent volatility levels around the middle band.John Bollinger, a financial analyst
and author, created Bollinger Bands, a widely used technical indicator in the field of
financial analysis, to help traders assess price volatility and potential price reversal points.
The formulas for the upper and lower Bollinger Bands are:

Upper Band = SMA+ (k × σ) (1.4)

Lower Band = SMA− (k × σ) (1.5)

Figure 1.7: Bollinger Bands Indicator
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Moving Average Convergence Divergence (MACD)

MACD is a trend-following momentum indicator that shows the relationship between two
moving averages of an asset’s price.Gerald Appel, a renowned technical analyst and au-
thor, created the Moving Average Convergence Divergence (MACD) indicator, a popular
tool for analyzing price trends and momentum in financial markets. The formula for
calculating MACD is:

MACD = Short-term EMA− Long-term EMA (1.6)

Figure 1.8: MACD Indicator

Relative Strength Index (RSI)

RSI is a momentum oscillator that measures the speed and change of price movements.J.
Welles Wilder Jr., an American mechanical engineer and technical analyst, created the
Relative Strength Index (RSI), a widely used momentum oscillator in financial analysis
for assessing the speed and change of price movements. The formula for calculating RSI
is:

RSI = 100−

(
100

1 + Average Gain
Average Loss

)
(1.7)

Figure 1.9: RSI Indicator
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Commodity Channel Index (CCI)

CCI is a versatile indicator used to identify overbought and oversold levels in an asset’s
price.Donald Lambert, an American commodities trader and author, created the Com-
modity Channel Index (CCI), a popular technical indicator used to assess the cyclical
trends and overbought/oversold conditions in financial markets. The formula for calcu-
lating CCI is:

CCI =
Typical Price− SMA of Typical Price

0.015×Mean Deviation
(1.8)

Figure 1.10: CCI Indicator

Average Directional Index (ADX)

ADX is a technical indicator used to measure the strength of a trend, regardless of its
direction.The Average Directional Index (ADX) was developed by J. Welles Wilder Jr.,
an American mechanical engineer and technical analyst, to measure the strength of price
trends in financial markets. The formula for calculating ADX involves the calculations
of the Positive Directional Indicator (+DI) and the Negative Directional Indicator (-DI),
which are then used to calculate the ADX value.

The Positive Directional Indicator (+DI) is calculated as:

+DI =

(
Smoothed Positive Directional Movement

Average True Range

)
× 100 (1.9)

The Negative Directional Indicator (-DI) is calculated as:

−DI =

(
Smoothed Negative Directional Movement

Average True Range

)
× 100 (1.10)

The Average Directional Index (ADX) is then calculated as a smoothed average of the
Absolute Directional Index (ADI):

ADX =

(
Smoothed ADI

Smoothing Period

)
(1.11)

Note that the calculations involve the use of the True Range, which is a measure of
market volatility. The smoothing periods and methods used may vary depending on the
implementation.
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Figure 1.11: ADX Indicator

1.5 Trading strategy performance

1.5.1 Total Return

The total return measures the overall profit or loss generated by a trading strategy. It is
calculated as the percentage change in the value of the investment over a given period.
The formula for total return is:

Total Return =
Final Value− Initial Value

Initial Value
× 100 (1.12)

1.5.2 Sharpe Ratio

The Sharpe ratio is a measure of risk-adjusted return.The Sharpe Ratio was developed
by William F. Sharpe, a Nobel laureate and economist, as a measure of the risk-adjusted
return of an investment or portfolio in finance. It takes into account both the return and
the volatility of the investment. The formula for the Sharpe ratio is:

Sharpe Ratio =
Average Return− Risk-Free Rate

Standard Deviation of Return
(1.13)

1.5.3 Sortino Ratio

The Sortino Ratio is a risk-adjusted performance measure that focuses on the downside
risk of an investment or portfolio.The Sortino Ratio was created by Dr. Frank A. Sortino,
a finance professor and expert in the field of portfolio management, as a risk-adjusted
performance measure that focuses on downside risk in investment portfolios. It is an
extension of the Sharpe Ratio, but instead of considering the total volatility of returns,
the Sortino Ratio takes into account only the downside volatility – that is, the volatility
of returns below a certain target or minimum acceptable return.

The formula for the Sortino Ratio is:

Sortino Ratio =
R− T

D
(1.14)

Where:
R is the average annualized return of the investment or portfolio.
T is the target or minimum acceptable return (usually 0 or the risk-free rate).



CHAPTER 1. INTRODUCTION 22

D is the downside deviation of the investment or portfolio’s returns.
The Sortino Ratio measures the risk-adjusted return of an investment by considering

only the downside volatility (volatility of returns below the target return) rather than the
total volatility. A higher Sortino Ratio indicates a better risk-adjusted performance.

1.5.4 Calmar Ratio

The Calmar Ratio is a financial metric that assesses the risk-adjusted performance of an
investment strategy or portfolio by comparing its average annualized rate of return (R) to
its maximum drawdown (MDD).The Calmar Ratio, also known as the Drawdown Ratio,
was not created by a single individual but is named after Terry W. Young, a trader and
portfolio manager, who popularized its use in the field of risk management and investing.
The ratio provides insights into how well an investment has performed in relation to the
risks it has taken. It is especially useful for evaluating strategies with a focus on downside
risk and volatility.

R =
Ending Portfolio Value

Starting Portfolio Value
− 1 (1.15)

MDD = max
t∈[T1,T2]

(
1− V (t)

Vpeak

)
(1.16)

1.5.5 R-Square of Logarithmic Returns

In financial markets, the coefficient of determination (R2) plays a pivotal role in evaluating
the effectiveness of regression models employed to analyze and predict the behavior of
financial assets based on their logarithmic returns.The R-Square of Logarithmic Returns
is a statistical measure used in finance, but it doesn’t have a single identifiable creator; it
is derived from statistical techniques and is employed to assess the goodness of fit for a
regression model in financial analysis. Logarithmic returns, which quantify the percentage
change in an asset’s value over time, are central to understanding the dynamic nature of
financial markets. The R2 metric offers a concise measure of how well a regression model
captures the variability in these returns. The formula for R2 elegantly encapsulates this
concept:

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(1.17)

In this formula, yi represents the observed logarithmic returns at various time inter-
vals, ŷi signifies the predicted logarithmic returns derived from the regression model, and ȳ
denotes the mean of the observed logarithmic returns. The numerator of the formula com-
putes the sum of squared differences between observed and predicted returns, while the
denominator captures the total variability by summing squared deviations from the mean
returns. Consequently, R2 quantifies the proportion of variance in the observed logarith-
mic returns that the model can account for. A high R2 value suggests that the regression
model successfully explains a substantial portion of the return variability, indicating its
potential efficacy in predicting asset movements. However, it’s crucial to interpret R2 ju-
diciously, considering its limitations and the broader context of financial analysis. While
R2 offers a quantitative assessment of a model’s fit, its interpretation should be comple-
mented by domain expertise and an understanding of the economic significance of model
outcomes.

In the context of investing, a substantial R-squared value, ranging from 85% to 100%,
signifies a strong alignment between the performance of a stock or fund and the movements
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of the associated index. Conversely, a fund with a lower R-squared value, typically around
70% or less, suggests that its performance isn’t consistently synchronized with the index
fluctuations. A heightened R-squared value tends to yield a more informative beta metric.
For instance, consider a scenario where a stock or fund boasts an R-squared value near
100%, yet its beta remains below 1. This situation implies that the investment is likely
to offer enhanced risk-adjusted returns, despite its deviation from the index’s behavior.

1.5.6 Maximum Drawdown

The Maximum Drawdown (MDD) is a metric used to quantify the largest percentage
decline in the value of an investment portfolio over a certain time horizon. It is calculated
as the maximum relative decrease between the portfolio’s value at its peak Vpeak and its
subsequent minimum value Vtrough during that period, expressed as a percentage:

MDD = max
t∈[T1,T2]

(
1− V (t)

Vpeak

)
(1.18)

where T1 and T2 define the time interval, V (t) represents the value of the portfolio at
time t, and the maximum is taken over all possible time intervals within [T1, T2]. This
abstraction captures the most significant decline experienced by the portfolio and serves
as a valuable measure for assessing its potential downside risk and overall performance
resilience.

Figure 1.12: Maximum Drawdown

1.6 Conclusion

In conclusion, algorithmic trading has revolutionized the world of financial markets.
Through the automation of trading strategies, it has brought efficiency, speed, and pre-
cision to the trading process. Algorithms analyze vast amounts of data and execute
trades with split-second precision, allowing for the exploitation of even the smallest mar-
ket inefficiencies. However, algorithmic trading is not without its challenges. It requires
a deep understanding of financial markets, sophisticated modeling techniques, and con-
tinuous adaptation to changing market conditions. Risk management is paramount, as
automated systems can amplify losses if not carefully monitored.Nonetheless, algorithmic
trading has democratized access to financial markets, enabling a broader range of market
participants to compete on a level playing field. As technology continues to advance,
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we can expect algorithmic trading to evolve further, pushing the boundaries of what is
possible in the world of finance.
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2.1 Particle Swarm Optimizer (PSO)

2.1.1 Introduction

In 1995, Kennedy and Eberhart developed Particle Swarm Optimization (PSO), a method
of stochastic optimization. It involves analyzing the search space of a problem to find the
structure or parameters necessary for optimizing a critical target or defined objective. This
technique draws inspiration from swarm intelligence in nature, specifically the swarming
habits of creatures, animals, or insects. PSO has become increasingly popular in the field
of computational intelligence and has been successfully applied to various optimization
and search problems. As a result, it has gained a reputation as one of the most widely
used and highly regarded algorithms in the literature of computational intelligence, meta-
heuristics, and optimization. PSO has been extensively utilized in several fields such as
science and engineering.

2.1.2 Inspiration

PSO was developed by abstracting the working mechanism of natural phenomena, such as
the navigation pattern and foraging swarms of creatures like birds or fish. The PSO algo-
rithm is described as a group of particles or individuals that interconnect, link together,
and interact using search directions or gradients. These particles fly over a search space
to locate global optima positions, updating their location based on previous knowledge
or experience, as well as information obtained from neighborhood searches. This means
that particles, like birds, bats, or fish, maintain their position and learn from experience
encountered while navigating as a flock or swarm. Effective communication during the
navigational process is crucial, and feedback is received from both local and global best
positions during the global search process.

2.1.3 Mechanism

In order to converge towards the global optimum, the PSO algorithm continuously up-
dates the position and velocity of each particle based on its personal experience, as well as
the collective experience of the swarm. This process of information sharing and commu-
nication among the particles allows them to efficiently explore the search space and avoid
being trapped in local optima. By balancing the exploration and exploitation trade-off,
PSO is able to effectively search for the optimal solution. Through repeated iterations
and updates, the particles move towards the best solution found by the swarm so far,
ultimately converging on the global optimal solution. This iterative process of updating
the position and velocity of particles based on their past experience, combined with the
collective experience of the swarm, allows PSO to find high-quality solutions to complex
optimization problems.

The PSO algorithm can be described as follows:

1. Initialize the swarm of particles randomly in the search space.

2. Evaluate the fitness of each particle based on its position.

3. Update the personal best position and fitness of each particle.

4. Update the global best position and fitness based on the personal best positions of
all particles.



CHAPTER 2. METAHEURISTICS OPTIMIZATION APPROACHES 27

5. Update the velocity and position of each particle according to the equations:

vt+1
i,j = wvti,j + c1r1(pi,j − xt

i,j) + c2r2(gj − xt
i,j) (2.1)

xt+1
i,j = xt

i,j + vt+1
i,j (2.2)

where i is the particle index, j is the dimension index, t is the iteration number,
vti,j is the velocity of particle i in dimension j at iteration t, xt

i,j is the position of
particle i in dimension j at iteration t, pi,j is the personal best position of particle i in
dimension j, gj is the global best position in dimension j, w is the inertia weight, c1
and c2 are the acceleration coefficients, and r1 and r2 are random numbers between
0 and 1.

6. Evaluate the fitness of each particle based on its new position.

7. If the termination criterion is not met, go to step 3; otherwise, return the global
best position as the solution[2].

Figure 2.1: PSO Flow Chart
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2.2 Multiobjective Evolutionary Algorithm Based on

Decomposition (MOEA/D)

2.2.1 Introduction

MOEA/D (Multi-Objective Evolutionary Algorithm based on Decomposition) is a pop-
ular multi-objective optimization algorithm developed by Zhang and Li in 2007. It is a
population-based optimization algorithm that solves multi-objective optimization prob-
lems by decomposing the problem into several scalar sub-problems, which are then opti-
mized simultaneously.The algorithm uses a decomposition strategy to optimize the mul-
tiple objectives, where each sub-problem is solved using a simple single-objective opti-
mization algorithm. The solution sets obtained from the sub-problems are combined
to form the Pareto front, which represents the optimal trade-offs between the multiple
objectives.MOEA/D starts by initializing a population of candidate solutions randomly
within the search space. The algorithm then decomposes the multi-objective problem
into T scalar sub-problems using a weight vector approach. Each sub-problem is solved
independently by optimizing a weighted sum of the objectives, where the weight vector
represents the relative importance of each objective.During the optimization process, each
sub-problem maintains a separate population of solutions, which are evolved using a vari-
ation operator (e.g., crossover and mutation). The offspring solutions are then evaluated
and added to the population of the corresponding sub-problem. To balance exploration
and exploitation, the algorithm also employs a neighborhood search mechanism, where
solutions from neighboring sub-problems are used to improve the diversity of the popu-
lation.The algorithm terminates when a stopping criterion is met, typically after a fixed
number of iterations or when the improvement in the Pareto front is below a certain
threshold. At the end of the optimization process, the solutions from all sub-problems are
combined to form the final Pareto front, which represents the set of trade-offs between the
objectives that cannot be improved without compromising another objective. MOEA/D
has been shown to be highly effective in solving multi-objective optimization problems in
various fields, such as engineering, finance, and environmental management. It has been
widely used and has inspired several variants and extensions, including MOEA/D-PCA,
MOEA/D-DE, MOEA/D-DRA, and MOEA/D-STM.

2.2.2 Mechanism

This is an outline of the mechanism of a multi-objective optimization algorithm. The goal
of such algorithms is to find a set of solutions that are optimal with respect to multiple
objectives, rather than just a single objective. The algorithm proceeds through several
steps:

1. Initialization: Generate an initial population of N individuals randomly.

2. Decomposition: Decompose the multi-objective problem into T single-objective
subproblems using a scalarization method. Each subproblem aims to optimize a par-
ticular objective, and the scalarization method converts the multi-objective problem
into a single-objective problem by assigning weights to each objective. Specifically,
the scalarized subproblem for objective m can be formulated as:

min gm(x) = fm(x)− θm

M∑
l=1

λlfl(x), (2.3)
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where x represents the decision variables, fm(x) is the objective function to be
minimized for the m-th subproblem, λl is a weight for the l-th objective, and θm is
a normalization factor that ensures

∑M
l=1 λl = 1 and λl ≥ 0 for all l.

3. Reproduction: For each subproblem, generate a mating pool by selecting parents
from the population using a selection method (e.g., tournament selection, roulette
wheel selection). Perform crossover and mutation operations on the parents to create
offspring.

4. Improvement: Apply an improvement method to improve the quality of the off-
spring solutions. This step may involve local search or other optimization tech-
niques.

5. Updating: Replace the solutions in the current population with the offspring so-
lutions generated in step 3 and improved in step 4.

6. Environmental Selection: Select the best solutions from the current population
and the offspring solutions to form the next generation. The selection process is
based on the subproblem contributions, which reflect the quality of the solutions
with respect to the corresponding subproblems. Specifically, the contribution of
solution x to subproblem m can be calculated as:

Tm(x) =
1

d(x, zm) + ϵ
, (2.4)

where d(x, zm) is the Euclidean distance between x and the reference point zm,
which represents the ideal point and the nadir point for each objective. The value
of ϵ is a small positive constant added to the denominator to avoid division by zero.
The subproblem contribution Cm(x) of solution x is then computed as:

Cm(x) =
Tm(x)∑

i = 1TTi(x)
. (2.5)

Finally, the new population is selected by maximizing the subproblem contributions
of the solutions.

7. Termination: Check if the termination condition is satisfied (e.g., maximum num-
ber of generations reached, convergence criteria met). If not, go to step 2[2].

Overall, the algorithm attempts to balance the optimization of multiple objectives by
decomposing the problem into several single-objective subproblems and selecting solutions
based on their contributions to these subproblems. This can lead to a set of solutions that
represents a trade-off between the different objectives, rather than just a single optimal
solution.
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Figure 2.2: Flow chart of the MOEA/D algorithm.
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2.3 Conclusion

In conclusion, metaheuristics, including techniques like Particle Swarm Optimization
(PSO) and Multi-Objective Evolutionary Algorithms based on Decomposition (MOEA/D),
stand as innovative and powerful approaches to optimization challenges. Particle Swarm
Optimization, inspired by the collective behavior of birds or fish, offers an elegant way
to navigate complex solution spaces. Its ability to balance exploration and exploitation
makes it effective in finding high-quality solutions in various domains. On the other hand,
MOEA/D, with its focus on solving multi-objective optimization problems, addresses the
growing need for decision-making in scenarios with conflicting objectives. By decomposing
multi-objective problems into simpler subproblems, MOEA/D provides valuable insights
into trade-offs among objectives. Both PSO and MOEA/D exemplify the adaptability
and versatility of metaheuristics. They have shown remarkable success in diverse fields,
including engineering, finance, and artificial intelligence. As we continue to face com-
plex, multi-dimensional challenges, these metaheuristic techniques offer valuable tools for
finding solutions that balance conflicting goals and navigate intricate solution spaces effi-
ciently. The future holds exciting opportunities for further advancements and applications
of these powerful algorithms.
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3.1 Introduction

LFTTS or Low-Frequency Technical Trading Systems are trading strategies that do not
involve high-frequency, rapid-fire trading. Instead, they typically focus on longer time-
frames, such as daily, weekly, or even monthly data. These systems often use technical
analysis techniques to make trading decisions based on historical price data and patterns.
Low-frequency trading is characterized by a slower pace compared to high-frequency trad-
ing, which involves rapid trading within milliseconds or microseconds. LFTTS strategies
are more suitable for traders and investors who take a longer-term view of the market and
do not engage in the frequent buying and selling of assets. Cryptocurrency markets are
highly volatile and require effective trading strategies to maximize returns and manage
risks. Technical trading systems that employ various technical indicators and trading
rules are commonly used by traders and investors to analyze market trends and make
trading decisions. However, designing and optimizing technical trading systems for cryp-
tocurrency markets can be challenging due to the complexity and unpredictability of these
markets. In recent years, metaheuristic algorithms have gained popularity for designing
and optimizing trading systems due to their ability to handle complex and nonlinear op-
timization problems. In this study, we employ two different metaheuristic algorithms,
particle swarm optimization (PSO) and multiobjective evolutionary algorithm based on
decomposition (MOEAD), to design and optimize a technical trading system for three
major cryptocurrencies, namely Bitcoin, Ethereum, and NEO. Two different approaches
for training and optimization were adopted in this study. The first approach involved
classical training, where 80% of the data was used for training and 20% for testing. This
approach was used for both single and multiobjective optimization, with the objective of
maximizing five different metrics: Sharpe ratio, Sortino ratio, Calmar ratio, R2 square
of log returns, and log square of annual returns. The second approach utilized walk for-
ward optimization (WFO) for single objective optimization only, using PSO to maximize
the Sortino ratio. We aim to maximize various performance metrics to evaluate the ef-
fectiveness of the proposed trading strategy. The results of the study demonstrate the
effectiveness of metaheuristic algorithms in designing and optimizing technical trading
systems, suggesting potential applicability in real-world trading scenarios. Nonetheless,
the issue of overfitting is a potential concern with the optimized trading strategy, and
further research is needed to validate its performance on future data. The findings of this
study could be of significant interest to investors, traders, and researchers interested in
developing and optimizing technical trading systems for cryptocurrency markets.

3.2 Data Collection

We conducted a comprehensive data collection effort to gather historical OHLCV (Open,
High, Low, Close, Volume) data for three of the most prominent cryptocurrencies in the
market: BTCUSDT (Bitcoin/USDT), ETHUSDT (Ethereum/USDT), and NEOUSDT
(NEO/USDT). This data, crucial for our research, was meticulously acquired from the
Binance exchange utilizing their API. The dataset covers a substantial timeframe, span-
ning from August 7, 2017, to March 19, 2023, with an hourly resolution.

The resulting dataset comprised a substantial 48,831 candlesticks, each representing
a snapshot of price and volume information during an hour of trading. However, our
commitment to data quality did not stop at mere collection. To ensure the accuracy and
reliability of the information we would base our analysis and optimization efforts upon,
we rigorously performed a series of data preprocessing steps.

These preprocessing steps were essential in enhancing the integrity of our dataset.
They involved tasks such as identifying and removing missing values, rectifying anomalies
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or inconsistencies that may have arisen during data collection, and meticulously filtering
out any outliers. These meticulous efforts were not only a testament to our dedication
to rigorous research but also a means of guaranteeing that our subsequent analysis would
be grounded in high-quality, representative data. This representative dataset was pivotal
in ensuring that our optimization and analysis efforts accurately reflected the real market
conditions and trends that prevailed throughout the selected time period. In essence, the
quality and reliability of our data formed the cornerstone of our research, enabling us to
draw meaningful conclusions and make informed decisions in the realm of cryptocurrency
trading strategies. In our data preprocessing efforts, we diligently addressed anomalies
within the dataset. These anomalies primarily consisted of candles that were the outcome
of ”pump and dump” activities. ”Pump and dump” refers to orchestrated efforts to inflate
the price of a cryptocurrency (the ”pump”) followed by a swift and deliberate sell-off
(the ”dump”). Such irregularities in the data could potentially skew our analysis and
optimization processes, making it imperative to rectify them. Our commitment to data
integrity led us to identify and appropriately address these anomalous candles, ensuring
that our subsequent analysis and optimization were grounded in a more accurate and
representative dataset, free from artificially induced distortions.

3.3 Proposed Architecture of LFTTS

The technical trading system we use involves 19 parameters that must be optimized for
maximum effectiveness. These parameters take into account changes in trading volume,
price, and volatility to identify accurate and profitable entry points. The system is com-
prised of four stages:

3.3.1 Calculating Technical Indicators for Trading Analysis

In this section we will present the technical indicators and their corresponding parameters
that are utilized in our trading strategy. These indicators are used to analyze different as-
pects of the market such as price movements, volume, volatility, and momentum, among
others. By combining multiple indicators and sub-strategies, we aim to generate more
accurate trade signals and improve our overall trading performance.

• Bollinger Bands Indicator:

This indicator includes the Mid line of BB, Upper line of BB, and Lower line of BB
with the following parameters:

– Middle Bollinger Band:

MABB = SMA(Close,BBperiod) (3.1)

– Upper Bollinger Band:

BBup = MABB + nbdevup×MABB (3.2)

– Lower Bollinger Band:

BBlow = MABB − nbdevdn×MABB (3.3)
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where MA(Close,BBperiod) represents the Simple moving average of the closing
prices with a period of BBperiod, MABB is the middle Bollinger Band, BBup is
the upper Bollinger Band, and BBlow is the lower Bollinger Band. nbdevup and
nbdevdn are the deviation factors used to calculate the upper and lower Bollinger
Bands, respectively.

• Volume’s EMAs

The crossover of fast and slow exponential moving averages (EMAs) of volume is a
tool used by traders to identify potential shifts in volume trends.

– FastEMAVolume:
EMAFV = EMA(Volume,Fastvol) (3.4)

– SlowEMAVolume:
EMASV = EMA(Volume, Slowvol) (3.5)

where EMA(x, n) represents the EMA of a given data series x with a period of n.

• Close Price EMAs
Using multiple exponential moving averages (EMA) in a technical trading system
can improve trend identification across different time frames, confirm trading sig-
nals, smooth out noise, and provide flexibility to adjust the strategy to different
market conditions.

This includes five parameters for very fast, fast, mid, slow, and very slow EMA of
close price: price

– VeryFastEMAClose:
EMAVF = EMA(Close,VF) (3.6)

– FastEMAClose:
EMAF = EMA(Close,F) (3.7)

– MidEMAClose:
EMAM = EMA(Close,M) (3.8)

– SlowEMAClose:
EMAS = EMA(Close, S) (3.9)

– VerySlowEMAClose:
EMAVS = EMA(Close,VS) (3.10)

where EMA(x, n) represents the EMA of a given data series x with a period of n.

• Bollinger Bands Width (BBW)
The Bollinger Bands width can be a useful tool for identifying periods of high and
low volatility, as well as potential trading opportunities.

When the BBW is narrow, it suggests that the market is experiencing low volatility
and may be preparing for a breakout or a new trend. This can be a signal to watch
for price movements that may indicate a change in the market’s direction.
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Conversely, when the BBW is wide, it suggests that the market is experiencing high
volatility and that prices may be trending strongly in one direction or another. We
use this information to identify potential entry or exit points for their trades.

BBW =
Upper Band− Lower Band

Middle Band
(3.11)

This includes the following lines:

FastEMABBW = EMA(BBW,BbwFastperiod) (3.12)

SlowEMABBW = EMA(BBW,BbwSlowperiod) (3.13)

V lfast = EMA(BBW,VlFastperiod) (3.14)

V lSlow = EMA(BBW,VlSlowperiod) (3.15)

V lTop = EMA(BBW,VlTopperiod) + 2× σ(BBW,VlTopperiod) (3.16)

Here, EMA(x, n) represents the EMA of a given data series x with a period of n,
and standardDeviation(x, n) represents the standard deviation of the data series x
with a period of n.

Figure 3.1: Technical Indicators (SMA200, EMA400, Volume, Bollinger BandsR)

The figure includes the four technical indicators that were mentioned earlier, namely
the 200-MA, 400-EMA, upper band, lower band, and mid band of Bollinger Bands,
along with the volume.
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3.3.2 Establishing Effective Trading Conditions

Bollingers Bands Crossover conditions The Bollinger Bands crossover strat-
egy utility involves using the Bollinger Bands to identify potential buying and sell-
ing opportunities. The strategy is based on the principle of buying when the price
crosses above the upper band and selling when the price crosses below the lower
band. A stop loss order should be used to limit potential losses, and a take profit
order can be used to lock in gains. The parameters used in the strategy should be
adjusted based on the asset’s behavior and market conditions. It’s important to note
that the strategy is not a guarantee of profits and should be used with discretion
and proper risk management techniques.

Algorithm 1 Bollinger Bands CrossOver Conditions Algorithm
INPUTS:
BBup (BB up), BBlow (BB lw), Closeprice (Close p)
OUTPUTS:
CrossBBup (CrossBBup condition), CrossBBdn (CrossBBdn condition)

if Close p[i− 1] > BB up[i− 1] and Close p[i] < BB up[i] then
CrossBBup condition← True

else if Close p[i− 1] < BB up[i− 1] and Close p[i] > BB up[i] then
CrossBBup condition← True

else if Close p[i− 1] > BB dn[i− 1] and Close p[i] < BB dn[i] then
CrossBBdn condition← True

else if Close p[i− 1] < BB dn[i− 1] and Close p[i] > BB dn[i] then
CrossBBdn condition← True

else
CrossBBup condition← False,
CrossBBdn condition← False

Figure 3.2: Flow Chart for BollingerBands CrossOver Conditions
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The following figure shows how the Bollinger Bands condition is established:

Figure 3.3: BollingerBands CrossOver Conditions

Volume Condition When the fast EMA of volume is above the slow EMA, it
suggests that there has been an increase in trading volume in the recent past com-
pared to the longer-term average. This can indicate increased market interest and
potential trading opportunities. Conversely, if the fast EMA of volume is below the
slow EMA, it suggests a decrease in trading volume compared to the longer-term
average, which can indicate a lack of market interest and potential price decline.

Algorithm 2 Volume Condition Algorithm
INPUTS:
FastEMAVolume (EMA FV ), SlowEMAVolume (EMA SV )
OUTPUTS:
Volume Condition (volume condition)

if EMA FV [i] > EMA SV [i] then
volume condition← True

else
volume condition← False
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Figure 3.4: Flow Chart for Volume Condition

The following figure illustrates the establishment of the volume condition based on
the relative positions of fast and slow exponential moving averages of volume:

Figure 3.5: Volume Condition

Volatility Conditions To minimize the potential risks associated with volatility,
a trading strategy can be designed to initiate trades during periods of low volatil-
ity, specifically when combined with Bollinger Bands crossover. By incorporating
this approach, trades are opened when the market exhibits lower volatility levels.
This strategy aims to avoid sudden price swings and unexpected market fluctua-
tions that may result in increased risk. The Bollinger Bands crossover acts as a
confirmation signal, providing additional validation for trade entry within the low
volatility conditions.
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Figure 3.6: Volatility Condition

Algorithm 3 Volatility Conditions Algorithm
INPUTS:
BBW(BBW ),
FastEMABBW (BBWF ),
SlowEMABBW (BBWS),
Vlfast (V lf ),
Vlslow (V ls),
VlTop (V lT )

OUTPUTS:
BBW condition (bbwcondition),
LowVolatility condition (Lowvolatility),
HighVolatility condition (Highvolatility),
ExtremeVolatility condition (Extremevolatility)

if BBW F [i] > BBW S[i] then
bbw condition← True

end
else

bbw condition← False
end
if V l f [i] < V l s[i] then

Low volatility ← True
end
else if V l f [i] > V l s[i] then

High volatility ← True
end
else if BBW [i] > V l T [i] then

Extreme volatility ← True
end
else

Low volatility ← False,
High volatility ← False,
Extreme volatility ← False,

end
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Figure 3.7: Flow Chart for Volatility Conditions

3.3.3 Establishing Rules for the Technical Trading System
(TTS)

To elaborate further, we will utilize the Bollinger bands crossover to identify poten-
tial buy or sell signals. We will also consider the level of volatility and volume in
the market to confirm the strength of the signal. By combining all of these factors,
we aim to generate more reliable and accurate trade signals, allowing us to make
informed trading decisions. Ultimately, the goal is to increase our profitability and
minimize risks associated with trading in financial markets.
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Algorithm 4 Trading Algorithm for Long & Short Signals

for each data point in the time series do
if no position is open then

if for long position: CrossBBupcondition is True and volumecondition is True then
if dataClose > FastEMAClose then

if BBW < VLtop then
if lowvolatility is True then

if MidEMAClose > VerySlowEMAClose then
Generate LONG/BUY Limit Order at : dataClose

end

end

end

end

end
if for short position: CrossBBdncondition is True and volumecondition is True then

if dataClose < fastEMAClose then
if BBW < VLtop then

if lowvolatility is True then
if fastEMAClose < slowEMAClose then

Generate SELL/Short Limit Order at : dataClose

end

end

end

end

end

end

end
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Figure 3.8: Flow Chart for LONG/BUY Signal
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Figure 3.9: Flow Chart for SELL/SHORT Signal

3.3.4 Dynamic StopLoss/TakeProfit for the Technical Trad-
ing System(TTS)

The strategy we developed incorporates a dynamic stop-loss/take-profit algorithm
aimed at optimizing trade exit levels based on current market conditions. The
algorithm is designed to adjust the stop-loss and take-profit levels of a trade based
on the current market conditions.

The algorithm starts by iterating through each data point in the time series. It
checks whether there is an open position, and if not, it sets the maximum and
minimum prices reached to 0.

For long positions, if the data close price is greater than or equal to the very slow
exponential moving average (EMA), the algorithm updates the maximum price
reached to the highest data high price seen so far. If the dynamic stop-loss (SL)
level multiplied by the maximum price reached is greater than or equal to the data
low, the algorithm closes the long position with a market order.
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For short positions, if the data close price is less than or equal to the very slow
EMA, the algorithm updates the minimum price reached to the lowest data low
price seen so far. If the dynamic SL level multiplied by the minimum price reached
is less than or equal to the data high, the algorithm closes the short position with
a market order.

The algorithm continues to iterate through the time series and adjusts the stop-
loss and take-profit levels for each new data point based on the current market
conditions. Overall, this algorithm is designed to minimize losses and maximize
profits by dynamically adjusting the exit levels of trades.

There are four parameters that require optimization in the last stage of the system.
These parameters include:

– dynamicSLLongBull : the dynamic stop-loss multiplier for a long position when the
close price is above VerySlowEMAClose.

– dynamicSLLongBear : the dynamic stop-loss multiplier for a long position when the
close price is below VerySlowEMAClose.

– dynamicSLShortBear : the dynamic stop-loss multiplier for a short position when the
close price is below VerySlowEMAClose.

– dynamicSLShortBull : the dynamic stop-loss multiplier for a short position when the
close price is above VerySlowEMAClose.

Figure 3.10: Illustration of the proposed Dynamic SL for LONG/BUY POSITION
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Algorithm 5 Dynamic StopLoss/TakeProfit for Long and short Positions

for each data point in the time series do
if no position is open then

Set Max = 0;
Set Min = 0;

end
if Long position is True then

if dataclose >= VerySlowEMA then
if Max <= dataHigh then

Set Max = datahigh;
end
if dynamicSLLongBull

∗ Max >= datalow then
Close long position by dynamic SL/TP with Market Order;

end

end
else if dataclose <= VerySlowEMA then

if Max <= dataHigh then
Set Max = datahigh;

end
if dynamicSLLongBear

∗ Max >= datalow then
Close long position by dynamic SL/TP with Market Order;

end

end

end
if short position is True then

if dataclose <= VerySlowEMA then
if Min >= datalow then

Set Min = datalow;
end
if dynamicSLShortBear

* Min <= datahigh then
Close short position by dynamic SL/TP with Market Order;

end

end
else if dataClose >= VerySlowSMA then

if Min >= dataLow then
Set Min = datalow;

end
if dynamicSLShortBull

* Min <= datahigh then
Close short position by dynamic SL/TP with Market Order;

end

end

end

end
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3.4 Optimization Problem Formulation

Let x = [x0, x1, x2, ..., x18] represent a vector of the 19 parameters to be optimized
for the technical trading system, where:



x0 = BBperiod x1 = nbdevup x2 = nbdevdn

x3 = Fastvol x4 = Slowvol x5 = VF

x6 = F x7 = M x8 = S

x9 = VS x10 = BbwFastperiod x11 = BbwSlowperiod

x12 = VlFastperiod x13 = Vlslowperiod x14 = VlTopperiod

x15 = dynamicSLLongBull
x16 = dynamicSLLongBear

x17 = dynamicSLShortBear

x18 = dynamicSLShortBull

(3.17)

3.4.1 Single Objective Optimization Problem Formulation

Therefore, the optimization problem can be mathematically formulated as:


max

x
f(x) subject to



5 ≤ x0 ≤ 30 1.5 ≤ x1 ≤ 3 1.5 ≤ x2 ≤ 3

5 ≤ x3 ≤ 25 25 ≤ x4 ≤ 70 5 ≤ x5 ≤ 20

20 ≤ x6 ≤ 30 30 ≤ x7 ≤ 70 70 ≤ x8 ≤ 100

150 ≤ x9 ≤ 250 5 ≤ x10 ≤ 20 20 ≤ x11 ≤ 70

100 ≤ x12 ≤ 300 800 ≤ x13 ≤ 1200 800 ≤ x14 ≤ 1200

0.75 ≤ x15 ≤ 0.98 0.85 ≤ x16 ≤ 0.99 1.05 ≤ x17 ≤ 1.30

1.05 ≤ x18 ≤ 1.20 x15 > x16 x17 > x18

(3.18)

where x = [x0, x1, x2, ..., x18] represents the 19 parameters of the technical trading
system, and f(x) is one of the objective functions to be maximized: Sharpe ratio,
Sortino ratio, Calmar ratio, or R2 of log returns. The optimization problem is sub-
ject to 19 constraints on the parameter values, where x0, x3, x4, x5, x6, x7, x8, x9, x10,
x11, x12, x13, x14 are integers, and x1, x2, x15, x16, x17, x18 are real numbers (floats).

The choice of bounds is intended to balance the need to explore a wide range of
possible values to find the global maximum of the objective function with the need
to avoid searching in regions that are unlikely to yield good results. The bounds are
also constrained by the specific requirements of the technical trading system being
optimized, such as the need for certain parameters to be within a specific range to
produce desired trading signals.

Note that we will need to run four separate optimization experiments, one for each
objective function.

In this project, we consider four different metrics as objective functions for our
optimization problem. These metrics are commonly used in finance to evaluate the
performance of investment portfolios.

The first metric is the Sharpe Ratio , which measures the excess return earned
per unit of risk. It is defined as:
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SharpeRatio =
Rp −Rf

σp

(3.19)

where Rp is the portfolio return, Rf is the risk-free rate, and σp is the portfolio
standard deviation[6].

The second metric is the Sortino Ratio , which is similar to the Sharpe Ratio, but
it only considers the downside risk. It is defined as:

SortinoRatio =
Rp −Rf

σd

(3.20)

where Rp is the portfolio return, Rf is the risk-free rate, and σd is the downside
risk[6].

The third metric is the Calmar Ratio, which measures the ratio of the average
annual rate of return over a certain period to the maximum drawdown over that
period. It is defined as:

CalmarRatio =
Ravg

DD
(3.21)

where Ravg is the average annual rate of return and DD is the maximum draw-
down[6].

The fourth metric is the R-squared of log returns , which measures the propor-
tion of the variance in the portfolio returns that can be explained by the variance
in the benchmark returns. It is defined as:

R2 = 1−
∑n

i=1(rp,i − r̂p)(rb,i − r̂b)√∑n
i=1(rp,i − r̂p)2

√∑n
i=1(rb,i − r̂b)2

(3.22)

where rp,i and rb,i are the portfolio and benchmark log returns, respectively, at time
i, and r̂p and r̂b are their respective mean values[6].

Each of these metrics represents a single objective function for our optimization
problem. In the next step, we will run four separate optimization experiments, each
time maximizing one of these objective functions.

3.4.2 Multi-Objective Optimization Problem Formulation

max
x

[
f1(x) f2(x)

]
subject to C19(x) (3.23)

where x = [x0, x1, x2, ..., x18] represents the 19 parameters of the technical trading
system, C19(x) is the set of 19 constraints mentioned previously, and f1(x) and
f2(x) are the Sortino and Calmar ratios, respectively.
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3.5 Results and Analysis

3.5.1 Classical Training Approach

We utilized the Particle Swarm Optimization (PSO) algorithm to optimize the strat-
egy parameters of five different trading strategies for each of the three cryptocur-
rencies (BTCUSDT, ETHUSDT, and NEOUSDT). The dataset was divided into
training and testing data, with 80% of the data used for training from 17/08/2017
to 04/02/2022, and 20% used for testing from 04/02/2022 to 19/03/2023. Each
strategy was optimized using a specific metric, such as the Sharpe ratio, Sortino
ratio, Calmar ratio, or R-squared of log returns, while the fifth strategy was opti-
mized using a multi-objective optimization algorithm (MAEOD) to maximize both
the Sortino and Calmar ratios simultaneously.

After optimizing each strategy, we traded the testing data and calculated the met-
rics for both in-sample and out-of-sample data. Tables were created to evaluate
the performance of each strategy and compare them across different cryptocurren-
cies.The backtesting was conducted using the backtrader professional framework
with a commission of 0.1% per trade and starting capital of 100,000 USD to sim-
ulate a realistic trading environment that accounted for trading costs and initial
capital requirements. We assess our results by concentrating on the right side of
our graphs, which signifies the conclusion of our simulations. Here, we conduct a
comparative analysis, evaluating the effectiveness and profitability of our trading
strategies in comparison to the default buy-and-hold approach. The blue line in our
subsequent graphical representations represents our trading strategy’s performance,
while the red line depicts the buy-and-hold strategy. This visual distinction facil-
itates a clear and immediate comparison, allowing us to gauge the strengths and
weaknesses of each strategy throughout the simulation.
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3.5.2 Simulation Results Of The Classical Training Approach

SharpeRatio-Optimized Strategy

(a) BTCUSDT Capital Curve for Training Set (b) BTCUSDT Capital Curve for Testing Set

(c) ETHUSDT Capital Curve for Training Set (d) ETHUSDT Capital Curve for Testing Set

(e) NEOUSDT Capital Curve for Training Set (f) NEOUSDT Capital Curve for Testing Set

Figure 3.11: Capital Curves for SharpeRation-Optimized Strategy vs Buy & Hold

we can see that our strategy performed better than ’buy and hold’ for both in and
out of sample
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SortinoRation-Optimized Strategy

(a) BTCUSDT Capital Curve for Training Set (b) BTCUSDT Capital Curve for Testing Set

(c) ETHUSDT Capital Curve for Training Set (d) ETHUSDT Capital Curve for Testing Set

(e) NEOUSDT Capital Curve for Training Set (f) NEOUSDT Capital Curve for Testing Set

Figure 3.12: Capital Curves for SortinoRatio-Optimized Strategy vs Buy & Hold

We observed that our strategy outperformed the ’buy and hold’ approach in both
in-sample and out-of-sample scenarios, exept for the ETHUSDT pair when out of
sample.
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CalmarRatio-Optimized Strategy

(a) BTCUSDT Capital Curve for Training Set (b) BTCUSDT Capital Curve for Testing Set

(c) ETHUSDT Capital Curve for Training Set (d) ETHUSDT Capital Curve for Testing Set

(e) NEOUSDT Capital Curve for Training Set (f) NEOUSDT Capital Curve for Testing Set

Figure 3.13: Capital Curves for CalmarRatio-Optimized Strategy vs Buy & Hold

Our strategy demonstrated superior performance compared to the ’buy and hold’
approach in both in-sample and out-of-sample scenarios, with the exception being
the BTCUSDT pair during testing.
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R2LogReturns-Optimized Strategy

(a) BTCUSDT Capital Curve for Training Set (b) BTCUSDT Capital Curve for Testing Set

(c) ETHUSDT Capital Curve for Training Set (d) ETHUSDT Capital Curve for Testing Set

(e) NEOUSDT Capital Curve for Training Set (f) NEOUSDT Capital Curve for Testing Set

Figure 3.14: Capital Curves for R2LogReturns-Optimized Strategy vs Buy & Hold

Our strategy exhibited superior performance when compared to the ’buy and hold’
approach in both in-sample and out-of-sample scenarios. However, it’s worth noting
that this outperformance did not extend to the BTCUSDT pair during our testing,
resulting in a more even set of results.
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MultiObjective-Optimized Strategy

(a) BTCUSDT Capital Curve for Training Set (b) BTCUSDT Capital Curve for Testing Set

(c) ETHUSDT Capital Curve for Training Set (d) ETHUSDT Capital Curve for Testing Set

(e) NEOUSDT Capital Curve for Training Set (f) NEOUSDT Capital Curve for Testing Set

Figure 3.15: Capital Curves for MultiObjective-Optimized Strategy vs Buy & Hold

Our strategy displayed superior performance in both in-sample and out-of-sample
scenarios when contrasted with the ’buy and hold’ approach.
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In-Sample Analysis

Performance Metrics of the Optimized Trading Strategies

Based on the in-sample results, the Sharpe Ratio-Optimized and Sortino Ratio-
Optimized strategies performed well for all three assets, with Sharpe Ratio-Optimized
outperforming Sortino Ratio-Optimized for BTCUSDT and NEOUSDT. The Cal-
mar Ratio-Optimized strategy performed well for BTCUSDT and NEOUSDT, while
R2LogReturns-Optimized strategy performed well for BTCUSDT and ETHUSDT.
The MultiObjective-Optimized strategy had mixed performance across the three
assets.

Strategy Asset SharpeRatio SortinoRatio CalmarRatio R2LogReturns

SharpeRatio-Optimized BTCUSDT 1.50 1.56 1.61 0.94
ETHUSDT 1.61 1.43 1.63 0.82
NEOUSDT 1.51 1.17 1.78 0.71

SortinoRatio-Optimized BTCUSDT 1.57 1.57 2.31 0.95
ETHUSDT 1.78 1.69 1.82 0.68
NEOUSDT 1.55 1.20 1.74 0.70

CalmarRatio-Optimized BTCUSDT 1.71 1.79 2.09 0.95
ETHUSDT 1.77 1.56 1.95 0.8
NEOUSDT 1.43 1.00 1.84 0.77

R2LogReturns-Optimized BTCUSDT 1.50 1.56 1.70 0.91
ETHUSDT 1.47 1.25 1.84 0.90
NEOUSDT 1.38 0.96 1.68 0.75

MultiObjective-Optimized BTCUSDT 1.56 1.63 1.91 0.94
ETHUSDT 1.65 1.36 1.78 0.76
NEOUSDT 1.77 1.36 2.26 0.79

Table 3.1: Performance Metrics of the Optimized Trading Strategies on BTCUSDT,
ETHUSDT, and NEOUSDT

Comparaison with Buy and Hold Strategy

It can be observed that all optimized trading strategies outperformed the buy
and hold strategy for all three assets. Among the optimized strategies, the Cal-
mar Ratio-Optimized strategy had the highest total returns for BTCUSDT and
NEOUSDT, while the Sortino Ratio-Optimized strategy had the highest annual re-
turns for ETHUSDT. On the other hand, the Multi-Objective-Optimized strategy
had the lowest total returns for NEOUSDT, indicating that this strategy might not
be the best option for this particular asset. Overall, these results suggest that the
optimized trading strategies can potentially provide better returns than a simple
buy and hold strategy for cryptocurrency trading. However, it is important to note
that these results are based on historical data and may not necessarily reflect future
performance.

Out-Of-Sample Analysis

Performance Metrics of the Optimized Trading Strategies
Overall, the performance of the strategies for out-of-sample data is worse compared
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Asset Sharpeoptimized Sortinooptimized Calmaroptimized Multi-Objective R2optimized Buy and Hold

BTCUSDT 2024.42% 2181.92% 3630.74% 2170.34% 2405.17% 731.66%
ETHUSDT 2550.2% 4574.45% 2106.5% 1900% 2169.22% 267.94%
NEOUSDT 1347.10% 1478.11% 1007.56% 2333.75% 891.3% -18.65%

Table 3.2: Total Cumulative Returns of the BTCUSDT, ETHUSDT, and NEOUSDT
Trading Strategies Compared to Buy and Hold

to the in-sample data. The Sharpe Ratio-Optimized and Sortino Ratio-Optimized
strategies had negative Sharpe and Sortino ratios for most assets, indicating that
they did not perform well in generating returns relative to their risk. The Calmar
Ratio-Optimized strategy had negative Sharpe ratios for BTCUSDT and ETHUSDT
but performed relatively well for NEOUSDT. The R2LogReturns-Optimized strat-
egy also had negative Sharpe ratios for BTCUSDT and ETHUSDT but performed
well for NEOUSDT. The MultiObjective-Optimized strategy had mixed perfor-
mance across the three assets, with positive Sharpe ratios for NEOUSDT and
ETHUSDT but negative Sharpe ratios for BTCUSDT.

Overall, it can be concluded that the optimized trading strategies did not perform
well in generating returns for out-of-sample data.

Strategy Asset SharpeRatio SortinoRatio CalmarRatio R2LogReturns

SharpeRatio-Optimized BTCUSDT -0.30 -0.32 -0.21 -0.54
ETHUSDT -0.57 -0.37 -0.38 -0.57
NEOUSDT 0.14 0.11 0.20 0.24

SortinoRatio-Optimized BTCUSDT -0.18 -0.18 -0.13 -0.51
ETHUSDT -0.75 -0.77 -0.68 -0.70
NEOUSDT 0.11 0.08 0.17 -0.24

CalmarRatio-Optimized BTCUSDT -1.47 -1.43 -0.84 -0.84
ETHUSDT -0.36 -0.37 -0.38 -0.57
NEOUSDT 0.39 0.30 0.58 0.02

R2LogReturns-Optimized BTCUSDT -0.61 -0.66 -0.42 -0.66
ETHUSDT -0.40 -0.40 -0.35 0.52
NEOUSDT 0.26 0.20 0.38 0.11

MultiObjective-Optimized BTCUSDT -0.47 -0.48 -0.32 -0.61
ETHUSDT 0.18 0.18 0.22 -0.01
NEOUSDT 0.75 0.55 1.18 0.25

Table 3.3: Performance Metrics of the Optimized Trading Strategies on BTCUSDT,
ETHUSDT, and NEOUSDT

Comparaison with Buy and Hold Strategy The table shows the total returns
of trading strategies for three assets, BTCUSDT, ETHUSDT, and NEOUSDT, com-
pared to a buy and hold strategy. The trading strategies are optimized using dif-
ferent metrics, including Sharpe ratio, Sortino ratio, Calmar ratio, Multi-Objective,
and R2 score.

For BTCUSDT, all optimized strategies except for NEOUSDT underperformed com-
pared to buy and hold, with total returns ranging from -17.84% to -47.58%. The
Calmar-optimized strategy had the worst performance, while the Multi-Objective
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and R2-optimized strategies had relatively better but still negative returns. For
ETHUSDT, the Sharpe, Sortino, and Multi-Objective optimized strategies all had
negative total returns ranging from -21.19% to -42.91%. However, the Calmar and
R2-optimized strategies had slightly better but still negative returns compared to
buy and hold, with returns of -29.29% and -1.88% respectively.

For NEOUSDT, the Calmar, Multi-Objective, and R2-optimized strategies outper-
formed buy and hold, with total returns of 10.03%, 4.93%, and 25.32%, respectively.
The Sharpe and Sortino-optimized strategies had negative returns.

Overall, the table shows that optimized strategies did not always outperform buy
and hold, and in some cases, they had significantly worse performance. It is also
important to note that past performance is not necessarily indicative of future re-
sults,

Asset Sharpeoptimized Sortinooptimized Calmaroptimized Multi-Objective R2optimized Buy and Hold

BTCUSDT -17.84% -12.70% -47.58% -27.58% -23.08% -46.12%
ETHUSDT -21.19% -42.91% -29.29% -32.09% -1.88% -42.93%
NEOUSDT 0.35% -0.80% 10.03% 4.93% 25.32% -18.65%

Table 3.4: Total Cumulative Returns of the BTCUSDT, ETHUSDT, and NEOUSDT
Trading Strategies Compared to Buy and Hold

3.5.3 Walk Forward Optimization (WFO)

In this section, we have divided the data into in-sample and out-of-sample sub-
samples using the walk-forward optimization approach. The starting date of the
walk-forward optimization is August 17th, 2017, and the end date is February 17th,
2023. We used a rolling period of 6 months, with each in-sample period consisting of
1 year of data and each out-of-sample period consisting of 6 months of data.During
the walk-forward optimization, we used the Sortino ratio as an objective function.

Figure 3.16: Walk Forward Optimization
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3.5.4 Simulation Results Of The WFO

BTCUSDT

(a) Capital Curve for In-Sample period 1
(b) Capital Curve for Out-Of-Sample pe-
riod 1

(c) Capital Curve for In-Sample period 2
(d) Capital Curve for Out-Of-Sample pe-
riod 2

(e) Capital Curve for In-Sample period 3
(f) Capital Curve for Out-Of-Sample pe-
riod 3



CHAPTER 3. METAHEURISTICS-BASED OPTIMIZATION OF LFTTS 59

(g) Capital Curve for In-Sample period 4
(h) Capital Curve for Out-Of-Sample pe-
riod 4

(i) Capital Curve for In-Sample period 5
(j) Capital Curve for Out-Of-Sample pe-
riod 5

(k) Capital Curve for In-Sample period 6
(l) Capital Curve for Out-Of-Sample pe-
riod 6
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(m) Capital Curve for In-Sample period 7
(n) Capital Curve for Out-Of-Sample pe-
riod 7

(o) Capital Curve for In-Sample period 8
(p) Capital Curve for Out-Of-Sample pe-
riod 8

(q) Capital Curve for In-Sample period 9
(r) Capital Curve for Out-Of-Sample pe-
riod 9

Figure 3.19: WFO for SortinoRatio-Optimized Strategy for BTCUSDT vs Buy & Hold
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In seven out of nine cases, our algorithm outperformed the ”buy and hold” strategy
in the in-sample scenario. However, it’s important to note that our strategy sur-
passed the ”buy and hold” strategy only five out of nine times. Additionally, it’s
worth mentioning that losses were amortized in the cases where they occurred.

WFO Analysis for BTCUSDT

The table shows that the strategy performed well in some in-sample periods, but
poorly in some out-of-sample periods. This indicates that the strategy was incon-
sistent in generating profits. In terms of in-sample results, the Sortino-optimized
strategy outperformed the Buy and Hold strategy in all but one period. However,
the out-of-sample results were mixed, with the Sortino-optimized strategy some-
times outperforming Buy and Hold and sometimes underperforming. For example,
in the first out-of-sample period, the Sortino-optimized strategy underperformed the
Buy and Hold strategy. While the Sortino-optimized strategy can generate higher
returns in certain market conditions, it may not always outperform the Buy and
Hold strategy in out-of-sample periods.

Dataset Period Sharpe Sortino Calmar R2
In-Sample Aug 17, 2017 - Aug 17, 2018 2.57 2.31 8.77 0.96
Out-of-Sample Aug 17, 2018 - Feb 17, 2019 -0.92 -0.69 -0.84 -0.01
In-Sample Feb 17, 2018 - Feb 17, 2019 0.67 0.65 0.88 0.5
Out-of-Sample Feb 17, 2019 - Aug 17, 2019 3.72 3.36 7.91 0.93
In-Sample Aug 17, 2018 - Aug 17, 2019 2.41 2.34 3.54 0.71
Out-of-Sample Aug 17, 2019 - Feb 17, 2020 0.71 0.72 0.99 0.04
In-Sample Feb 17, 2019 - Feb 17, 2020 2.86 3.03 5.56 0.79
Out-of-Sample Feb 17, 2020 - Aug 17, 2020 1.03 0.95 1.43 0.01
In-Sample Aug 17, 2019 - Aug 17, 2020 1.86 1.58 3.40 0.87
Out-of-Sample Aug 17, 2020 - Feb 17, 2021 2.05 1.64 4.75 0.76
In-Sample Feb 17, 2020 - Feb 17, 2021 3.31 3.41 6.52 0.81
Out-of-Sample Feb 17, 2021 - Aug 17, 2021 0.03 0.03 0.07 -0.54
In-Sample Aug 17, 2020 - Aug 17, 2021 2.83 2.94 3.75 0.74
Out-of-Sample Aug 17, 2021 - Feb 17, 2022 -0.55 -0.51 -0.70 -0.19
In-Sample Feb 17, 2021 - Feb 17, 2022 1.07 1.16 1.87 0.86
Out-of-Sample Feb 17, 2022 - Aug 17, 2022 0.19 0.20 0.31 0.14
In-Sample Aug 17, 2021 - Aug 17, 2022 0.22 0.22 0.34 0.64
Out-of-Sample Aug 17, 2022 - Feb 17, 2023 -1.07 -0.86 -1.51 -0.61

Table 3.5: WFO Performance Metrics for BTCUSDT
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Dataset Period SortinoOptimized Buy and Hold
In-Sample Aug 17, 2017 - Aug 17, 2018 290.43% 50.1%
Out-of-Sample Aug 17, 2018 - Feb 17, 2019 -15.40% -47.64%
In-Sample Feb 17, 2018 - Feb 17, 2019 23.79% -64.14%
Out-of-Sample Feb 17, 2019 - Aug 17, 2019 142.74% 171.15%
In-Sample Aug 17, 2018 - Aug 17, 2019 193.48% 53.91%
Out-of-Sample Aug 17, 2019 - Feb 17, 2020 10.88% -5.84%
In-Sample Feb 17, 2019 - Feb 17, 2020 250.14% 181.74%
Out-of-Sample Feb 17, 2020 - Aug 17, 2020 20.19% 19.17%
In-Sample Aug 17, 2019 - Aug 17, 2020 72.41% 18.21%
Out-of-Sample Aug 17, 2020 - Feb 17, 2021 35.90% 20.11%
In-Sample Feb 17, 2020 - Feb 17, 2021 348.55% 352.47%
Out-of-Sample Feb 17, 2021 - Aug 17, 2021 -3.49% -6.74%
In-Sample Aug 17, 2020 - Aug 17, 2021 274.51% 269.12%
Out-of-Sample Aug 17, 2021 - Feb 17, 2022 -10.35% -4.55%
In-Sample Feb 17, 2021 - Feb 17, 2022 43.52% -10.11 %
Out-of-Sample Feb 17, 2022 - Aug 17, 2022 0.31% -48.22%
In-Sample Aug 17, 2021 - Aug 17, 2022 3.17% -47.13%
Out-of-Sample Aug 17, 2022 - Feb 17, 2023 -11.37% -7.34%

Table 3.6: Performance Comparison of Buy and Hold and Optimized Strategy for BT-
CUSDT
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ETHUSDT

(a) Capital Curve for In-Sample period 1
(b) Capital Curve for Out-Of-Sample pe-
riod 1

(c) Capital Curve for In-Sample period 2
(d) Capital Curve for Out-Of-Sample pe-
riod 2

(e) Capital Curve for In-Sample period 3
(f) Capital Curve for Out-Of-Sample pe-
riod 3
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(g) Capital Curve for In-Sample period 4
(h) Capital Curve for Out-Of-Sample pe-
riod 4

(i) Capital Curve for In-Sample period 5
(j) Capital Curve for Out-Of-Sample pe-
riod 5

(k) Capital Curve for In-Sample period 6
(l) Capital Curve for Out-Of-Sample pe-
riod 6
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(m) Capital Curve for In-Sample period 7
(n) Capital Curve for Out-Of-Sample pe-
riod 7

(o) Capital Curve for In-Sample period 8
(p) Capital Curve for Out-Of-Sample pe-
riod 8

(q) Capital Curve for In-Sample period 9
(r) Capital Curve for Out-Of-Sample pe-
riod 9

Figure 3.22: WFO for SortinoRatio-Optimized Strategy for ETHUSDT vs Buy & Hold
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In seven out of nine cases, our algorithm outperformed the ”buy and hold” strat-
egy in the in-sample scenario. It’s important to note, however, that our strategy
surpassed the ”buy and hold” strategy only five out of nine times. Additionally,
it’s worth mentioning that in most of the cases, there were no capital losses, but
rather underperformance in terms of gains. Furthermore, losses were amortized in
the cases where they occurred.

WFO Analysis for ETHUSDT

Looking at the first table, we can see that the performance metrics for the in-sample
periods are generally better than those for the out-of-sample periods. This suggests
that the algorithm may have overfit to the in-sample data and may not perform as
well on new, unseen data.

However, there are some exceptions to this general trend. For example, the per-
formance metrics for the out-of-sample period from Aug 17, 2020 to Feb 17, 2021
are better than those for the in-sample period immediately preceding it. Similarly,
the performance metrics for the out-of-sample period from Aug 17, 2021 to Feb 17,
2022 are worse than those for the in-sample period immediately preceding it.

Looking at the second table, we can see that the Sortino-optimized performance
metrics generally outperform the Buy and Hold performance metrics for the same
periods. This suggests that the algorithm is able to identify and exploit market
inefficiencies to generate excess returns compared to a simple Buy and Hold strategy.
However, there are some periods where the Buy and Hold strategy outperforms the
Sortino-optimized strategy, particularly in the out-of-sample periods from Feb 17,
2019 to Aug 17, 2019 and from Aug 17, 2022 to Feb 17, 2023.

Overall, the performance of the algorithmic trading system appears to be mixed.
While it is able to generate excess returns compared to a simple Buy and Hold strat-
egy in many periods, there are also periods where it underperforms. Additionally,
the out-of-sample performance is generally worse than the in-sample performance,
which suggests that the algorithm may be overfitting to the data.
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Dataset Period Sharpe Sortino Calmar R2
In-Sample Aug 17, 2017 - Aug 17, 2018 3.43 3.24 10.56 0.94
Out-of-Sample Aug 17, 2018 - Feb 17, 2019 0.94 0.71 2.48 0.65
In-Sample Feb 17, 2018 - Feb 17, 2019 2.18 1.88 5.03 0.92
Out-of-Sample Feb 17, 2019 - Aug 17, 2019 1.71 1.42 3.32 0.37
In-Sample Aug 17, 2018 - Aug 17, 2019 2.16 1.55 5.26 0.82
Out-of-Sample Aug 17, 2019 - Feb 17, 2020 0.49 0.38 0.70 0.13
In-Sample Feb 17, 2019 - Feb 17, 2020 2.08 2.05 3.36 0.82
Out-of-Sample Feb 17, 2020 - Aug 17, 2020 -0.08 -0.07 -0.07 -0.38
In-Sample Aug 17, 2019 - Aug 17, 2020 2.61 2.53 4.83 0.75
Out-of-Sample Aug 17, 2020 - Feb 17, 2021 3.06 2.87 9.57 0.90
In-Sample Feb 17, 2020 - Feb 17, 2021 2.56 2.66 4.68 0.90
Out-of-Sample Feb 17, 2021 - Aug 17, 2021 2.39 1.99 4.44 0.57
In-Sample Aug 17, 2020 - Aug 17, 2021 3.12 3.30 9.56 0.96
Out-of-Sample Aug 17, 2021 - Feb 17, 2022 -0.73 -0.63 -0.68 -0.04
In-Sample Feb 17, 2021 - Feb 17, 2022 1.81 1.81 3.51 0.85
Out-of-Sample Feb 17, 2022 - Aug 17, 2023 0.84 0.86 2.03 0.27
In-Sample Aug 17, 2021 - Aug 17, 2022 1.55 1.74 2.67 0.82
Out-of-Sample Aug 17, 2022 - Feb 17, 2023 0.26 0.27 0.62 0.36

Table 3.7: WFO Performance Metrics for ETHUSDT

Dataset Period SortinoOptimized Buy and Hold
In-Sample Aug 17, 2017 - Aug 17, 2018 645.18% 0.18%
Out-of-Sample Aug 17, 2018 - Feb 17, 2019 19.09% -58.11%
In-Sample Feb 17, 2018 - Feb 17, 2019 164.51% -80.74%
Out-of-Sample Feb 17, 2019 - Aug 17, 2019 39.57% 49.11%
In-Sample Aug 17, 2018 - Aug 17, 2019 113.75% -40.22%
Out-of-Sample Aug 17, 2019 - Feb 17, 2020 6.03% 33.08%
In-Sample Feb 17, 2019 - Feb 17, 2020 131.62% 101.1%
Out-of-Sample Feb 17, 2020 - Aug 17, 2020 -6.87% 65.11%
In-Sample Aug 17, 2019 - Aug 17, 2020 238.41% 137.22%
Out-of-Sample Aug 17, 2020 - Feb 17, 2021 117.12% 306.49%
In-Sample Feb 17, 2020 - Feb 17, 2021 294.17% 611.12%
Out-of-Sample Feb 17, 2021 - Aug 17, 2021 88.91% 77.2%
In-Sample Aug 17, 2020 - Aug 17, 2021 526.94% 654.55%
Out-of-Sample Aug 17, 2021 - Feb 17, 2022 -17.16% -1.46%
In-Sample Feb 17, 2021 - Feb 17, 2022 146.67% 74.19%
Out-of-Sample Feb 17, 2022 - Aug 17, 2022 17.07% -40.09%
In-Sample Aug 17, 2021 - Aug 17, 2022 103.94% -45.22%
Out-of-Sample Aug 17, 2022 - Feb 17, 2023 1.64% -11.33%

Table 3.8: Performance Comparison of Buy and Hold and Optimized Strategy for
ETHUSDT
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NEOUSDT

(a) Capital Curve for In-Sample period 1
(b) Capital Curve for Out-Of-Sample pe-
riod 1

(c) Capital Curve for In-Sample period 2
(d) Capital Curve for Out-Of-Sample pe-
riod 2

(e) Capital Curve for In-Sample period 3
(f) Capital Curve for Out-Of-Sample pe-
riod 3
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(g) Capital Curve for In-Sample period 4
(h) Capital Curve for Out-Of-Sample pe-
riod 4

(i) Capital Curve for In-Sample period 5
(j) Capital Curve for Out-Of-Sample pe-
riod 5

(k) Capital Curve for In-Sample period 6
(l) Capital Curve for Out-Of-Sample pe-
riod 6
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(m) Capital Curve for In-Sample period 7
(n) Capital Curve for Out-Of-Sample pe-
riod 7

(o) Capital Curve for In-Sample period 8
(p) Capital Curve for Out-Of-Sample pe-
riod 8

(q) Capital Curve for In-Sample period 9
(r) Capital Curve for Out-Of-Sample pe-
riod 9

Figure 3.25: WFO for SortinoRatio-Optimized Strategy for NEOUSDT vs Buy & Hold
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In five out of nine instances, our algorithm demonstrated better performance than
the ”buy and hold” strategy during the in-sample evaluation, without any capital
losses. It’s essential to emphasize that our strategy outperformed the ”buy and
hold” approach only five times out of nine, and capital losses were encountered in
just two of those scenarios

WFO Analysis for NEOUSDT

Looking at the first table, it is apparent that the in-sample performance of the
trading strategy was better than the out-of-sample performance. The Sharpe Ratio,
Sortino Ratio, and Calmar Ratio are significantly higher in the in-sample period
compared to the out-of-sample period. The Returns also show a similar trend, with
higher returns achieved during the in-sample period.

The second table provides further insights into the performance of the trading strat-
egy by comparing its Sortino-optimized returns to a buy and hold approach. In
general, the Sortino-optimized returns are much higher than the buy and hold re-
turns, which indicates that the trading strategy is successful in generating positive
returns. However, the trading strategy’s performance was inconsistent, with some
out-of-sample periods showing negative returns.

In conclusion, the tables suggest that the trading strategy performed well in the in-
sample periods but struggled to maintain the same level of performance in the out-of-
sample periods. Additionally, the trading strategy’s performance was inconsistent,
with some out-of-sample periods showing negative returns.

Dataset Period Sharpe Sortino Calmar R2
In-Sample Aug 17, 2017 - Aug 17, 2018 4.27 3.32 15.22 0.95
Out-of-Sample Aug 17, 2018 - Feb 17, 2019 0.79 0.50 0.88 0.35
In-Sample Feb 17, 2018 - Feb 17, 2019 1.86 1.44 3.04 0.86
Out-of-Sample Feb 17, 2019 - Aug 17, 2019 0.92 0.59 2.02 0.03
In-Sample Aug 17, 2018 - Aug 17, 2019 1.16 0.71 1.15 0.01
Out-of-Sample Aug 17, 2019 - Feb 17, 2020 -0.28 -0.16 -0.45 -0.02
In-Sample Feb 17, 2019 - Feb 17, 2020 1.16 0.64 2.04 0.73
Out-of-Sample Feb 17, 2020 - Aug 17, 2020 -1.17 -0.5 -1.89 -0.86
In-Sample Aug 17, 2019 - Aug 17, 2020 0.91 0.60 1.31 0.54
Out-of-Sample Aug 17, 2020 - Feb 17, 2021 1.45 0.93 3.61 0.83
In-Sample Feb 17, 2020 - Feb 17, 2021 0.77 0.41 1.50 0.27
Out-of-Sample Feb 17, 2021 - Aug 17, 2021 2.23 1.48 9.40 0.83
In-Sample Aug 17, 2020 - Aug 17, 2021 1.76 1.35 2.79 0.50
Out-of-Sample Aug 17, 2021 - Feb 17, 2022 0.38 0.34 0.75 0.6
In-Sample Feb 17, 2021 - Feb 17, 2022 2.59 2.61 5.78 0.87
Out-of-Sample Feb 17, 2022 - Aug 17, 2022 -0.16 -0.1 -0.17 -0.002
In-Sample Aug 17, 2021 - Aug 17, 2022 2.32 1.27 3.94 0.89
Out-of-Sample Aug 17, 2022 - Feb 17, 2023 1.11 0.58 2.03 0.42

Table 3.9: WFO Performance Metrics for NEOUSDT



Dataset Period SortinoOptimized Buy and Hold
In-Sample Aug 17, 2017 - Aug 17, 2018 566.05% -15.4%
Out-of-Sample Aug 17, 2018 - Feb 17, 2019 12.41% -50.1%
In-Sample Feb 17, 2018 - Feb 17, 2019 120.92% -98.1%
Out-of-Sample Feb 17, 2019 - Aug 17, 2019 15.81% 15.91%
In-Sample Aug 17, 2018 - Aug 17, 2019 44.43% -40.77%
Out-of-Sample Aug 17, 2019 - Feb 17, 2020 -5.47% 40.06%
In-Sample Feb 17, 2019 - Feb 17, 2020 37.59% 72.47%
Out-of-Sample Feb 17, 2020 - Aug 17, 2020 -14.22% 11.1%
In-Sample Aug 17, 2019 - Aug 17, 2020 29.91% 61.47%
Out-of-Sample Aug 17, 2020 - Feb 17, 2021 27.00% 124.64%
In-Sample Feb 17, 2020 - Feb 17, 2021 22.24% 174.44%
Out-of-Sample Feb 17, 2021 - Aug 17, 2021 71.35% 47.43%
In-Sample Aug 17, 2020 - Aug 17, 2021 113.77% 291.11%
Out-of-Sample Aug 17, 2021 - Feb 17, 2022 4.18% -55.14%
In-Sample Feb 17, 2021 - Feb 17, 2022 267.51% -52.91%
Out-of-Sample Feb 17, 2022 - Aug 17, 2022 -5.06% -57.27%
In-Sample Aug 17, 2021 - Aug 17, 2022 76.00% -77.12%
Out-of-Sample Aug 17, 2022 - Feb 17, 2023 26.05% -64.11%

Table 3.10: Performance Comparison of Buy and Hold and Optimized Strategy for
NEOUSDT

3.6 Conclusion

Our study has shown that the optimization of technical trading systems using
metaheuristic techniques such as Particle Swarm Optimization and Multi-Objective
Evolutionary Algorithms can significantly improve their performance and robust-
ness.The results demonstrate that traditional training approaches are prone to over-
fitting, which can be mitigated through the use of WalkForward Optimization. In
addition, the choice of the suitable objective function can play a critical role in in-
creasing the robustness of the trading system. Therefore, we recommend that prac-
titioners carefully consider the choice of the objective function and the optimization
method to be used when designing and evaluating technical trading systems.



General Conclusion
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To further enhance the performance and effectiveness of our low-frequency technical
trading systems, we propose the following strategies:

– Exploration of Diverse Training Approaches: In our pursuit of refin-
ing trading strategies, we recommend an exploration of alternative training
approaches that can augment the robustness and adaptability of our models.
One promising approach we advocate for is the utilization of the Combinatorial
Purged Cross-Validation method. By adopting this method, we can alleviate
issues related to data leakage and create a more realistic evaluation environ-
ment for our trading systems. This enhancement ensures that our models are
well-equipped to perform effectively in real-world scenarios, accounting for the
inherent complexities of financial markets.

– Incorporation of Uncorrelated Asset Data: To amplify the versatility
and resilience of our trading systems, we advocate the inclusion of data from
multiple uncorrelated assets during the training process. By encompassing a
broader array of assets that exhibit minimal interdependence, our models can
gain insights from diverse market behaviors. This strategy aids in risk diver-
sification and provides a more comprehensive perspective on potential market
trends, ultimately enhancing the decision-making capacity of our trading sys-
tems.

– Variation in Objective Functions: A critical aspect of refining trading
strategies lies in the choice of objective functions. We recommend exploring
different objective functions to assess their impact on trading system perfor-
mance. By considering a spectrum of metrics that go beyond conventional
ones, such as Sharpe ratio, Sortino ratio, and Calmar ratio, we can tailor our
models to specific risk and return preferences. This diversification in objective
functions allows us to fine-tune our trading strategies according to different
investment goals and market conditions.

These suggested improvements form a cohesive strategy to elevate the capabilities
of our low-frequency technical trading systems. By delving into novel training ap-
proaches, expanding the scope of data sources, and adapting objective functions,
we aim to create trading models that exhibit heightened adaptability, robustness,
and potential for real-world applicability. Through the implementation of these ad-
vancements, we endeavor to contribute to the development of innovative trading
strategies that effectively navigate the intricate landscape of financial markets.
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Appendix A

TradingView and Technical
Analysis

A.1 Introduction

In today’s financial landscape, the fusion of technology and finance has ushered
in transformative tools and platforms that play an instrumental role in financial
analysis and trading strategies. This appendix delves deeper into the scientific and
practical aspects of TradingView, elucidating its profound influence on the realm of
technical analysis and trading in financial markets.

A.2 Overview of TradingView

A.2.1 Platform Architecture

TradingView, a web-based charting platform, serves as a comprehensive ecosystem
for traders and investors alike. Its architecture seamlessly integrates various features,
each with a scientific underpinning:

Chart Representation and Data Feeds

TradingView’s capability to represent financial data through various chart types,
including candlestick charts, OHLC (Open, High, Low, Close), and Heikin-Ashi
charts, is rooted in the principles of visual representation. The platform offers di-
verse time frames, from intraday to long-term, facilitating in-depth temporal anal-
ysis.

Technical Indicators

The pre-built technical indicators available within TradingView, such as Moving
Averages, Relative Strength Index (RSI), and Moving Average Convergence Diver-
gence (MACD), rely on mathematical and statistical calculations. These indicators
serve as quantitative tools for traders to assess market trends and potential entry
or exit points.
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Customization and Pine Script

The capacity to create custom indicators through Pine Script introduces a scientific
dimension to TradingView. Users employ algorithmic modeling and scripting, ap-
plying mathematical logic to formulate unique technical analysis tools tailored to
their strategies.

News Integration

TradingView’s integration of real-time news feeds and economic calendars involves
the application of natural language processing (NLP) and sentiment analysis tech-
niques. This enables traders to gauge market sentiment and plan their strategies
around significant events.

A.3 Scientific Aspects of Technical Analysis in

TradingView

A.3.1 Chart Representation and Time Frames

TradingView’s diverse chart representation, including candlestick patterns, equips
traders with visual insights into price movements. Various time frames empower
traders to analyze data from multiple temporal perspectives, allowing for detailed
scientific scrutiny of market behavior.

A.3.2 Technical Indicators

The pre-built technical indicators in TradingView are not just tools; they are sci-
entific instruments grounded in mathematical and statistical principles. Traders
employ these indicators to quantify market dynamics and derive actionable insights.

A.3.3 Custom Indicator Creation

Creating custom indicators through Pine Script demands a structured approach.
Traders engage in algorithm design, employing mathematical modeling techniques
to bring their unique analysis tools to life. Scientific validation via backtesting and
optimization ensures these indicators are robust.

A.3.4 News Analysis

The integration of news feeds and economic calendars introduces sentiment anal-
ysis into the trading process. Traders and researchers employ scientific methods
to extract sentiment from news articles, enhancing their understanding of market
dynamics.
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A.4 Conclusion

TradingView, as elucidated in this appendix, epitomizes the fusion of technology
and scientific analysis in the domain of financial markets. Its architecture, technical
indicators, customizability, and news integration collectively contribute to a more
sophisticated approach to technical analysis and trading.

By integrating TradingView into the discourse of your thesis, you not only under-
score its practical utility but also its substantial role within the broader scientific
context of financial analysis. This approach showcases a comprehensive under-
standing of TradingView’s influence on trading strategies and technical analysis,
highlighting its significance in contemporary financial markets. “‘

You can incorporate this elaboration into your LaTeX thesis appendix to provide
a detailed and comprehensive overview of the scientific and practical aspects of
TradingView’s impact on technical analysis and trading in financial markets.



Appendix B

Backtrader Framework

B.1 Introduction

In the realm of algorithmic trading, technology plays a pivotal role in automating
trading strategies and optimizing financial decision-making. This appendix explores
the scientific and technological aspects of the Backtrader framework, highlighting
its significant contributions to the field of algorithmic trading and financial analysis.

B.2 Overview of Backtrader

B.2.1 Framework Architecture

Backtrader is a versatile and powerful framework designed for the development,
testing, and deployment of algorithmic trading strategies. Its architecture is rooted
in robust scientific principles:

Data Feeds and Time Series

Backtrader allows traders to work with diverse data feeds, including historical price
data, real-time market data, and custom data sources. The framework’s handling
of time series data is critical for scientific analysis.

Strategy Development

Scientifically defining trading strategies is at the heart of Backtrader’s architecture.
Traders systematically define the rules, conditions, and logic that govern trading
decisions within the framework. This phase involves rigorous analysis of historical
data and statistical evidence to identify actionable patterns.

Optimization and Testing

Backtrader supports optimization and backtesting of trading strategies. This in-
volves a scientific approach to validate strategy performance through historical sim-
ulations, accounting for transaction costs, and slippage.
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B.3 Strategy Development in Backtrader

B.3.1 Defining Trading Rules

Scientifically defining trading rules is a fundamental step in strategy development
within Backtrader. Traders must specify the conditions that trigger buy or sell
signals. These conditions can be based on technical indicators, price patterns, or
other market signals. The process often involves rigorous analysis of historical data
and statistical evidence to identify actionable patterns.

B.3.2 Technical Indicator Integration

Backtrader supports a wide range of built-in technical indicators, each grounded in
mathematical and statistical principles. Strategy development may involve selecting
and integrating these indicators into the trading strategy. This integration is carried
out scientifically, considering the mathematical underpinnings of each indicator and
their relevance to the chosen strategy.

B.3.3 Position Management

Effective position management is essential for risk control and capital preservation.
In the context of strategy development, traders must scientifically determine how
positions will be sized, how stop-loss and take-profit levels will be set, and how
risk-reward ratios will be calculated. This often involves mathematical modeling to
ensure that position sizing aligns with risk tolerance and market conditions.

B.3.4 Backtesting and Historical Analysis

Before deploying a strategy in live markets, it is crucial to scientifically validate its
performance through backtesting. Backtrader allows traders to conduct historical
simulations to assess how the strategy would have performed in past market condi-
tions. This phase involves meticulous data preprocessing, including accounting for
transaction costs and slippage, to ensure the accuracy of results.

B.3.5 Parameter Optimization

Optimizing strategy parameters is a scientific process that seeks to identify the
optimal values for key variables within the strategy. This often involves conducting
parameter sweeps, sensitivity analyses, or even employing optimization algorithms.
The goal is to scientifically fine-tune the strategy for improved risk-adjusted returns.

B.3.6 Walk-Forward Analysis

Walk-forward analysis is a scientific technique used to evaluate the robustness of a
trading strategy over different market conditions. It involves dividing the historical
data into segments and iteratively testing the strategy on each segment, allowing for
adaptive parameter adjustments. This approach ensures that the strategy remains
effective in evolving markets.



B.3.7 Risk Management

Effective risk management is an integral part of strategy development. Traders
must scientifically determine how much capital to allocate to a particular strategy,
set stop-loss levels to limit losses, and diversify their portfolios to mitigate risk.
This phase often involves statistical analysis to model potential drawdowns and
worst-case scenarios.

In summary, strategy development in the context of the Backtrader framework is
a meticulous and scientifically rigorous process. It encompasses the definition of
trading rules, integration of technical indicators, position management, backtest-
ing, parameter optimization, walk-forward analysis, and risk management. The
scientific approach ensures that trading strategies are well-founded, evidence-based,
and robust in various market conditions, ultimately contributing to more informed
and disciplined trading decisions.

B.4 Conclusion

The Backtrader framework, as explored in this appendix, exemplifies the intersection
of advanced technology and scientific rigor in the domain of algorithmic trading.
This framework equips traders and developers with a versatile toolkit to design,
test, and deploy trading strategies with precision and confidence. In this conclusion,
we reflect on the scientific and practical contributions of Backtrader to the world of
algorithmic trading.

Backtrader’s framework architecture, characterized by its flexible data feed han-
dling, systematic strategy development, and comprehensive optimization and testing
features, underscores the importance of a solid foundation in algorithmic trading.
By providing the tools for rigorous historical analysis and testing, Backtrader en-
ables traders to develop strategies that are rooted in empirical evidence.

The scientific aspects of strategy development within Backtrader emphasize the need
for well-defined trading rules, technically sound indicator integration, and systematic
position management. These elements collectively contribute to strategies that are
not merely based on intuition but are empirically tested and refined.

The framework’s support for parameter optimization and walk-forward analysis adds
a layer of scientific robustness to strategy development. It allows traders to adapt
their strategies to changing market conditions, ensuring that they remain effective
and relevant over time.

Furthermore, Backtrader encourages traders to adopt a disciplined approach to
risk management, emphasizing the scientific determination of position sizing, stop-
loss levels, and portfolio diversification. This approach mitigates the potential for
catastrophic losses and aligns trading strategies with risk tolerance.

In conclusion, Backtrader serves as a testament to the power of technology-driven
scientific analysis in algorithmic trading. Through its architecture and features, it
empowers traders and researchers to develop and evaluate trading strategies with
rigor and precision. The framework’s scientific approach to strategy development,
optimization, and risk management fosters more informed and disciplined trading
decisions, ultimately contributing to the advancement of algorithmic trading in the
financial markets.
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By incorporating Backtrader into the discussion of algorithmic trading within your
thesis, you not only showcase its practical utility but also its vital role within the
broader scientific context of financial analysis and decision-making. This approach
demonstrates a comprehensive understanding of the framework’s impact on trading
strategies and technical analysis, underscoring its significance in modern financial
markets.
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