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SUMMARY

Bu calisma, 6zel bir genetik algoritma kullanilarak optimize edilmis degistirilmis Teknik
Analiz (TA) modellerine dayal: ticaret kararlarinin karliligini incelemektedir. Bu ¢alismanin
amaci, basit bir ticaret stratejisi icinde Hareketli Ortalama Yakinsama/Iraksama (MACD)
gostergesini optimize etmektir. Model egitimi ve gercek varlik ge¢cmisleriyle (OHLCV
toplamalar1) degerlendirme igin farkli zaman ¢ergeveleri (1 saat, 4 saat ve 1 giin) kullanilir.
MACD parametrelerini optimize etmek i¢in, belirli bir amaca sahip genetik algoritma bir
baslatma, secim ve ¢ogaltma prosediirii kullanir. Ince ayarli MACD gdstergesi, tiim zaman
dilimlerinde geleneksel MACD ve satin alma ve tutma stratejilerinden daha iyi performans
gostererek umut verici karlilik sergiliyor. Model, degisken piyasalarda esneklik
gostermektedir. Sinirlamalar, statik varsayimlara ve tarihsel verilere dayanmayi igerir.
Gergcek zamanli veriler ve dinamik piyasa kosullari, gelecekteki arastirmalar igin kilit

alanlardir.



ABSTRACT

This study examines the profitability of trade decisions based on modified Technical
Analysis (TA) models that have been optimized using a specialized genetic algorithm. The
purpose of this study is to optimize the Moving Average Convergence/Divergence (MACD)
indicator within a simple trading strategy. Different timeframes (1-hour, 4-hour, and 1-day)
are used for model training and evaluation with actual asset histories (OHLCV
aggregations). To optimize MACD parameters, the genetic algorithm with a specific
objective employs an initialization, selection, and reproduction procedure. The fine-tuned
MACD indicator outperforms traditional MACD and buy-and-hold strategies across all
timeframes, demonstrating promising profitability. The model demonstrates flexibility in
volatile markets. Limitations include reliance on static assumptions and historical data. Real-

time data and dynamic market conditions are key areas for future research.

Keywords: Fine-Tuning, Technical Analysis, Moving Average Convergence/Divergence

(MACD) Indicator, Profitability over Time, Genetic Algorithm, Market Volatility
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CHAPTER 1. INTRODUCTION

1.1. Background of the study

Technical analysis (TA) is a common technique used to make investment decisions based
on price and volume data (Kirkpatrick and Dahlquist, 2010). TA assumes that past price
movements can provide insight into future price movements (Lo et al., 2000) and employs a
variety of tools and indicators to identify trends, patterns, and potential trading opportunities
(Murphy, 1999). The Moving Average Convergence/Divergence (MACD) is a widely
utilized TA measurement (Appel, 2005). It measures the difference between two exponential
moving averages (EMASs) and uses a histogram to represent the momentum of the price
movement (Chong and Ng, 2008; Fama, 1970).

Despite its widespread use, the standard MACD indicator has limitations that can be
overcome by adjusting its parameters (Tse, 1991). For instance, the default settings for the
MACD indicator may not be optimal for all market conditions (Pring, 2002), so traders may
need to modify the settings to accommodate various timeframes and asset classes (Sullivan
etal., 1999). In certain circumstances, the MACD indicator may produce false signals or lag
behind price movements, resulting in missed opportunities or losses (Yazdi and Lashkari,
2013; Leung et al., 2000).

To address these issues, researchers have proposed various genetic algorithm (GA)-based
methods for fine-tuning the MACD indicator (O'Hara, 2015). GAs are search algorithms that
mimic the process of natural selection (Holland, 1975), and they can be used to discover the
optimal combination of indicator parameters that maximizes the fitness function, which in
this case is the trading strategy's profitability (Coelho and De Matos, 2017). By employing
genetic algorithms (GAs) to optimize the MACD indicator, researchers hope to identify
parameter settings that are more suited to current market conditions and generate greater
profits (Agudelo et al., 2021; Leung and Tsang, 1999).

However, the majority of research on the use of GAs for fine-tuning TA models has relied

on traditional measures of accuracy, such as hit rate or success rate (Baestaens et al., 1997),



which may not be the best indicator of profitability in the financial industry (Agudelo et al.,
2021; Heng and Niblock, 2014). The primary objective of the financial sector is to generate
profits over time (Markowitz, 1952), and traders are willing to assume a certain level of risk
in exchange for higher returns (Sharpe, 1964). Consequently, it is essential to assess the
profitability of the modified MACD indicator using a metric that reflects its ability to

generate profits over time (Rompotis, 2008).

The primary objective of this study is to assess the profitability of employing a modified
MACD indicator that has been fine-tuned using a general-purpose GA. Using profitability
as the primary fitness metric, we intend to create a more efficient trading strategy based on
modified TA models. This research has practical applications for traders and investors

seeking to increase their financial market returns.

1.2. Problem Statement

Although technical analysis (TA) has been widely used in the financial sector to make
investment decisions (Murphy, 1999; Schwager, 1996), its accuracy and efficacy are limited
by several factors (Lo et al., 2000; Fama, 1970). Default indicator parameters may not be
suitable for all market conditions and asset classes (Murphy, 1999; Nison, 1991), which is
one of the key limitations. This can result in false signals, missed chances, and losses (Elder,
2002; Taylor and Allen, 1992). In addition, traditional measures of precision, such as hit rate
or success rate, might not be the best indicator of profitability in the financial sector, which

is the primary objective of traders and investors (Markowitz, 1952; Sharpe, 1964).

Researchers have proposed using genetic algorithms (GAs) to fine-tune TA models and
identify optimal parameter settings that maximize the profitability of the trading strategy
(Holland, 1975; Goldberg, 1989). However, the majority of research on the use of GAs for
fine-tuning TA models has focused on traditional measures of accuracy, which may not
adequately capture the profitability of the trading strategy over time (Odean, 1998; Barber
and Odean, 2000). Despite its popularity and potential for improvement, few studies have
specifically examined the use of a specialized form of GA for fine-tuning the MACD

indicator.



Consequently, the problem addressed by this study is the dearth of comprehensive studies
evaluating the profitability of modified TA models fine-tuned using a GA designed for a
particular purpose, with a focus on the MACD indicator. This issue is significant because
traders and investors rely on technical analysis (TA) models to make investment decisions,
and increasing the accuracy and profitability of these models can have a substantial impact
on their returns. In addition, by emphasizing profitability as the primary fitness metric, this
research aims to develop a more effective trading strategy based on modified TA models,

with potential applications in the financial sector.

1.3 Aim and Objectives

The purpose of this study is to assess the profitability of making trade decisions based on
modified technical analysis (TA) models that have been fine-tuned using a genetic algorithm
(GA) designed for a specific purpose, with a particular emphasis on the moving average
convergence/divergence (MACD) indicator. The ultimate objective is to develop a more
effective trading strategy based on modified TA models that can maximize profit and reduce

risk.
To achieve this aim, the following objectives will be pursued:

1. To design and implement a specific-purpose genetic algorithm for fine-tuning the

MACD indicator and identify optimal parameter settings that maximize profitability.

2. To evaluate the profitability of the modified TA model in the framework of an
arbitrary trading strategy, using real-world asset histories available from financial

brokers.

3. To compare the profitability of the modified TA model with the profitability of

traditional TA models and other machine learning approaches.

4. To conduct statistical tests to assess the replicability and generalizability of the

results and ensure that the modified TA model is not overfitted.



This study aims to contribute to the development of more accurate and profitable trading

strategies based on modified TA models that have been fine-tuned using a genetic algorithm

designed for a specific purpose. This research seeks to provide traders and investors in the

financial sector with actionable insights by emphasizing profitability as the primary fitness

metric and employing real-world asset histories.

1.4. Questions of the Study

To achieve the aim and objectives of this research, the following questions will be addressed:

1.

How effective is the MACD indicator in predicting price movements in different

market conditions and asset classes?

How can a specific-purpose genetic algorithm be designed and implemented to fine-
tune the MACD indicator and identify optimal parameter settings that maximize
profitability?

How does the modified TA model developed using the specific-purpose genetic
algorithm compare in terms of profitability with traditional TA models and other

machine learning approaches?

To what extent is the profitability of the modified TA model replicable and

generalizable to new data, and how can overfitting be avoided?

What are the practical implications of the findings for traders and investors in the
financial sector, and how can the modified TA model be used to develop more

effective trading strategies?

Using a combination of literature review, empirical analysis, and statistical testing, these

questions will be addressed. This research aims to contribute to the theoretical understanding

and practical application of modified TA models and genetic algorithms in the financial

sector by addressing these questions.



1.5. Hypotheses
Based on the research questions, the following hypotheses are proposed:

1. The MACD indicator is an effective tool for predicting price movements in different
market conditions and asset classes, and can be further improved through fine-tuning

using a specific-purpose genetic algorithm.

2. A specific-purpose genetic algorithm can be designed and implemented to fine-tune
the MACD indicator and identify optimal parameter settings that maximize

profitability.

3. The modified TA model developed using the specific-purpose genetic algorithm will
outperform traditional TA models and other machine learning approaches in terms

of profitability.

4. The profitability of the modified TA model will be replicable and generalizable to
new data, and overfitting can be avoided through appropriate statistical testing and

model selection.

5. The findings of this research will have practical implications for traders and investors
in the financial sector, and the modified TA model can be used to develop more

effective trading strategies.

These hypotheses will be tested utilizing real-world asset histories made available by
financial brokers, with an emphasis on evaluating the profitability of the modified TA model
within the context of an arbitrary trading strategy. The hypotheses will be evaluated using
appropriate statistical tests and model selection techniques to ensure the results are
trustworthy and robust. This research intends to contribute to the theoretical understanding
and practical application of modified TA models and genetic algorithms in the financial

sector by testing these hypotheses.



1.6. Significance of the Study

The financial sector is a dynamic and complex environment in which traders and investors
rely on a variety of tools and strategies to make informed decisions and maximize
profitability (Bogle, 2007; Sharpe, 1964). Technical analysis (TA) is a popular technique
used in the financial industry to analyze historical price data, identify patterns and trends,
and inform trading decisions (Murphy, 1999; Kirkpatrick and Dahlquist, 2010). There is a
growing interest in using machine learning (Hastie et al., 2009; Goodfellow et al., 2016) and
genetic algorithms (Holland, 1975; Goldberg, 1989) to fine-tune these models and enhance

their performance.

This research is important for a number of reasons. It contributes to the theoretical
understanding of modified TA models and genetic algorithms in the financial industry. By
evaluating the efficacy and profitability of the MACD indicator and a genetic algorithm
designed for a specific purpose, this study will shed light on how these tools can be used to

enhance trading strategies and inform investment decisions.

This study has practical implications for traders and investors in the financial industry. This
research's modified TA model can be used to inform trading decisions and develop more
effective trading strategies, which can result in increased profitability and reduced risk. This
research's findings can also inform the creation of new financial products and services

tailored to the requirements of traders and investors.

Thirdly, this study contributes to the academic literature on machine learning and genetic
algorithms as a whole. By evaluating the efficacy and limitations of these tools in the context
of the financial sector, this research will shed light on how they can be utilized in other

domains, including healthcare, energy, and transportation.

This research is significant since it contributes to the theoretical understanding and practical
application of modified TA models and genetic algorithms in the financial sector, and has

implications for the application of machine learning and genetic algorithms in other fields.



CHAPTER 2. LITERATURE REVIEW

2.1. Introduction

The present chapter conducts a comprehensive analysis of the existing literature on the
enhancement of technical analysis models by employing evolutionary algorithms in the
context of financial trading. The literature review is a crucial component of our research as
it critically examines the current corpus of knowledge, identifies gaps in the literature, and
highlights important findings and methodologies employed by previous researchers in this
field.

The objective of this chapter is to perform a comprehensive analysis and synthesis of
relevant literature, academic papers, and research articles to gain a comprehensive
comprehension of the utilization of evolutionary algorithms in enhancing technical analysis
models. Our aim is to analyze the existing literature in a thorough manner in order to evaluate

the strengths, limitations, and advancements made in this specific area of research.

2.2. Techniques for Analyzing the Market

2.2.1 The Techniques of Fundamental Analysis

Forecasting market price movements, Fundamental Analysis (FA) relies on economic theory
as its foundation (Damodaran, 2012; Graham, 2006). The aforementioned assertion
presupposes the existence of firmly established economic linkages between explanatory
variables, which are also known as independent variables, and dependent variables, such as
security prices or returns (Fama, 2012; Thaler, 2015). These explanatory variables form the
bedrock or underlying principles of economic conduct, while the dependent variables are
explicated by them (Shiller, 2015; Kahneman, 2011). The Financial Analysis (FA) accepts
the feasibility of price forecasting and thus proposes that price is not a completely stochastic
dependent variable (Brealey et al., 2017; Fabozzi et al., 2012). In order to achieve a just
evaluation of a cost, FA suggests utilizing pertinent variables that gauge economic efficacy
(Bodie et al., 2014; Tversky and Kahneman, 2013).

7



There exist multiple approaches to implementing FA.

2.2.1.1. Discounted Cash Flows

The Discounted Cash Flows (DCF) approach is a valuation technique that involves the
computation of the present value of anticipated future inflows and outflows based on
predetermined assumptions (Damodaran, 2012; Berk & DeMarzo, 2017). The estimation of
expected future cash flows involves the application of an interest rate in the model. This
interest rate can be determined subjectively within reasonable limits, which may result in
inaccuracies (Benninga, 2014; Brealey et al., 2017). In lieu of subjective approaches, it is
plausible to resort to objective methodologies such as the Capital Asset Pricing Model
(CAPM) to obtain more dependable approximations (Fama & French, 2012; Jagannathan &
McGrattan, 2012).

In the context of valuing exchange-traded assets, it is possible for two investors to hold
divergent views based on their respective expectations and underlying assumptions
(Barberis, 2013; Shiller, 2012). The shareholder net present value of a corporation can be
ascertained through the application of Dividend Theory (Gordon & Gordon, 2012; Arnott &
Asness, 2003), which involves the discounting of future dividend projections. An estimation
of the stock price can be obtained by dividing the net present value of the shareholders by
the total number of shares (Bodie et al., 2014; Tham & Vélez-Pareja, 2012).

Despite its limitations, this methodology continues to be a significant approach for
calculating corporate valuation. As a result, it is not unexpected to observe that prominent
literature in financial analysis provides a comprehensive elucidation of it. Damodaran's

(2002) work and Brealey et al.'s (2011) research serve as effective illustrations.

2.2.1.2  Financial Ratios

The utilization of financial ratios (FRs) can be observed in both independent and integrated
forms, where they may serve as standalone metrics or as constituent variables within a more
complex analytical framework. The utilization of these ratios is primarily constrained to the
assessment of the fiscal health of corporations. A plethora of ratios are present in various

fields of study, each contingent upon the specific area of investigation. The taxonomy of

8



financial ratios has garnered considerable scholarly interest and scrutiny. The classification
of financial ratios has been expounded upon by esteemed scholars such as Brealey et al.
(2001), Brigham and Daves (2007), along with Brealey et al. (2011). The aforementioned
classifications encompass a range of crucial financial metrics, such as market value,
operational efficiency, leverage, profitability, and liquidity. Incorporating a novel
contribution to the existing literature, Brealey and colleagues (2011) augmented the
conventional four categories by introducing a fifth dimension, namely market value.
According to the scholarly works of Brigham and Gapenski (1996) as well as Ehrhardt and
Brigham (2011), the financial metrics that hold the utmost significance are liquidity as well

as management of assets, managing debt, profitability, along with market value ratios.

It can be traced back to the early days of stock markets that ratios were used to assess the
health of corporations' finances. The evaluation of value in this particular form underwent
intense scrutiny subsequent to the economic downturn of 1929/30. The stock market crash
during this period brought to light the vulnerability of share-evaluation technigues, leading
to widespread questioning of the possibility of overvaluation of stocks. The emergence of a
notable book on financial analysis (Graham, 1934) occurred within a particular context. This
book, titled "Security Analysis," adopted a fundamental perspective and has since become a
widely recognized reference for the analysis of corporate stocks, bonds, and warrants. It is
imperative to note that relying solely on financial ratios may not be adequate in elucidating
the financial status of a scrutinized corporation. It is advisable to conduct a comprehensive
comparative evaluation of the ratios vis-a-vis the industry in which the corporation operates,
to obtain a more precise understanding of the analyzed data. Utilizing the terminology
presented in the aforementioned literature, we shall examine the most prominent ratios

within each classification.

Leverage ratios are indicative of the significance of debt within a corporate entity. Investors
and analysts endeavor to comprehend the extent to which the company is leveraged with
respect to external capital (Ross, Westerfield, & Jordan, 2013; Bodie, Kane, & Marcus,
2014). The importance of ratios cannot be overemphasized, particularly in times of economic
recession, which present a substantial threat to a firm's financial soundness if it is excessively

dependent on debt and its concomitant costs (Damodaran, 2016; Brealey, Myers, & Allen,

9



2016). The import of these indicators extends beyond their numerical values vis-a-vis the
industry, encompassing the economic milieu in which the corporation or industry presently
operates (Wahlen, Baginski, & Bradshaw, 2014; Koller, Goedhart, & Wessels, 2015).

The primary objective of the proposed initial leverage ratio is to explicate the long-term debt
structure of the organization. The Long-Term Debt Ratio (LTDR) is a term used to describe
the proportion of a company's long-term debt in relation to its total assets. It is typically
expressed as a ratio (Baker & Martin, 2011; Moyer, McGuigan, & Rao, 2017).

Long Term Debt
Long Term Debt + Equity

LTDR =

The LTDR metric denotes the ratio of the outstanding long-term debt to the total capital
raised by the organization, encompassing both internal and external sources. The
aforementioned numerical value can be modified in a comparable proportion to the long-

term Debt to Equity Ratio in the following manner:

D/E = Long Term Debt Total Liabilities
/E = Equity " Total Assets — Total Liabilities
~ LTDR
"~ 1-LTDR

An alternative approach to conveying comparable data involves the utilization of a distinct
metric. This metric is designed to demonstrate the correlation between a company's long-
term financing and its equity, rather than solely indicating the proportion of long-term
financing in comparison with overall capital. The analysis pertains to the comparison

between the externally sourced capital and the internally generated funds.

The Times Interest Earned Ratio (TIE) is an additional metric used to gauge a company's
leverage. It indicates the extent to which a company's earnings can cover its interest
expenses, which are the costs associated with taking on debt. The metric in question provides
a perspective on the number of instances in which earnings can sufficiently cover interest
expenses, and is commonly referred to as the Interest Cover Ratio. Alternatively, it can be

construed as a metric of parity, whereby the total interest-based earnings are quantified, and

10



it is crucial to ascertain the financial equilibrium of a company. The aforementioned equation

can be expressed as:

EBIT
"~ Interest Payments

TIE

The formula for EBIT, which stands for Earnings before Interest and Taxes, is derived by

subtracting the operating costs from the sales revenues.

Notwithstanding earnings, it is imperative to recognize that net cash flows are distinct from
earnings. In order to conduct a thorough assessment of an organization's financial wellness,
it is imperative to take into account supplementary elements that do not necessarily represent
a monetary disbursement of the entity, such as Depreciation and Amortization. By adopting
this novel viewpoint, it is possible to develop a fresh leverage ratio known as the Cash

Coverage Ratio (CCR). The CCR can be expressed as follows:

EBIT + Depreciation & Amortization _ EBITDA
Interest Payments "~ Interest Payments

CCR =

By utilizing this approach, it is possible to evaluate the actual percentage of liquid funds that
can be utilized to fulfill financial obligations related to debt, such as interests, in a manner

that is more accurate.

It is imperative to observe that the aforementioned leverage ratios utilize book-value
information rather than market-value data. The aforementioned circumstance has the
potential to engender partialities and imprecisions in ascertaining a company's financial
condition, given that the figure reflected in the bookkeeping framework does not invariably
reflect an authentic appraisal of the corresponding actual value. Valuing assets is a crucial

aspect, and this holds particular significance.

Liquidity Ratios are utilized to enhance the capacity of a firm to access funds for forthcoming
financial obligations. The financial liquidity of a corporation is measured based on its ability
to promptly fulfill emerging liabilities. The NWC/TA ratio pertains to the allocation of assets

to net working capital, which is determined by subtracting current liabilities from current

11



assets. The mathematical expression denoting the relationship between two quantities can

be expressed as a ratio.

NWC  Net Working Capital _ Current Assets — Current Liabilities
TA Total Assets a Total Assets

This metric provides insight into the immediate financial standing of the organization and
offers an indication of its capacity to withstand unforeseen financial strain. The current ratio
Is a financial metric that represents the relationship between current assets and current
liabilities. It is commonly used as an alternative approach to present this particular set of

data.

Current Assets

Current = ————
Current Liabilities

The ratio serves to indicate the equilibrium between assets and liabilities within a brief

period.

The Quick Ratio, also referred to as the Acid-Test Ratio, is a crucial metric for evaluating a
firm's liquidity. It gauges the relationship between a company's current assets, such as cash

and short-term receivables, and its current liabilities, such as outstanding debts.

) Cash + Marketable Securities + Receivables
Acid Test =

Current Liabilities

Current Assets — Inventories

Current Liabilities

To enhance the rigor of the assessment of the company's short-term solvency, the analyst
may opt to examine the Cash Ratio. The numerator of this metric is comprised solely of the
most liquid assets, namely Cash and Securities. Through this approach, the analyst can
evaluate the corporation's capacity to fulfill its financial obligations promptly, particularly

in emergency situations. The formula can be represented as:

Cash + Marketable Securities
Current Liabilities

Cash Ratio =

12



Efficiency Asset management, which involves the analysis and manipulation of ratios, is a
crucial aspect of financial management. Ratios serve as a metric for evaluating the
effectiveness of asset management in terms of efficiency. The Inventory Turnover Ratio
(ITOR) is a widely recognized metric that assesses the rate at which a company's inventories
are converted into sales over a given period. As an illustration, in the event that an Inventory
Turnover Ratio (ITOR) is assigned a value of 5, it signifies that, on average, stocks were
replenished or rotated five times within the specified period. In the context of this evaluation,
it appears more judicious to employ the Cost of Goods Sold as the numerator. However,
alternative variations, such as the utilization of Sales, are also prevalent. There exist
alternative options for the numerator of the ITOR metric. Various methods can be employed
to determine inventory figures, such as utilizing figures at the onset and conclusion of a
given period, calculating a daily average, and other similar approaches. The aforementioned

equation can be expressed as:

Cost of Goods Sold
ITOR =
Average Inventory

To comprehensively analyze all assets and gain a thorough understanding of the frequency
with which the total value of assets is replenished over a specific timeframe, the Asset

Turnover Ratio (ATOR) may be employed.

Sales

ATOR = Average Total Assets

The aforementioned ratio can be construed as the revenue generated by a corporation per
euro of its total assets. The constancy of this proportion cannot be established. The
consideration of Fixed Assets Turnover as an alternative to Total Assets, or the
implementation of multiple methodologies for the calculation of Average Total Assets, may
prove to be advantageous (Palepu & Healy, 2013; Kimmel, Weygandt, & Kieso, 2015).
However, the logic remains sound and the examination maintains coherence (Gitman, Zutter,
& Joehnk, 2014; Wild, Shaw, & Chiappetta, 2016).

A financial metric, the Receivables Turnover Ratio (RTOR), quantifies the frequency with

which sales during a given period are reflected in the average or typical amount of
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Receivables held during that same period (Higgins, 2015; Ross, Westerfield, & Jordan,
2016). The aforementioned metric is determined by dividing the total Sales figure by the
Average Receivables amount (Parrino, Kidwell, & Bates, 2015; Brigham & Ehrhardt, 2016).

Sales
Average Receivables

RTOR =

Both sales volume and the company's established credit policy play a role in establishing
payment terms. The company's RTOR could suffer if credit terms are made more generous
than are typical in the market. Nevertheless, such circumstances may not always be within
the purview of the organization, and in certain cases, a business may be compelled to prolong
credit periods to attract customers away from rivals. Hence, it is more rational to consider
this metric in a comparative manner within the particular industry in which the company

functions.

In the realm of efficiency metrics, an ancillary ratio of note is the Average Collection Period
(ACP), which is alternatively referred to as Days Sales Outstanding (DSO). This ratio
quantifies the mean duration, in days, that a company requires to collect its outstanding
receivables (Bragg, 2013; Gibson, 2013). While this metric holds significance, it is not the
sole ratio that is pertinent in evaluating a company's efficiency. Additional ratios, such as
the Inventory Turnover Ratio (ITR) and the Payable Turnover Ratio (PTR), offer valuable
insights into the efficiency with which a company manages its resources (Weygandt,
Kimmel, & Kieso, 2015; Horngren, Sundem, & Stratton, 2017). The formula for ACP is as

follows:

Average Receivables
Average Daily Sales

ACP =DS0 =

2.2.1.3. Ratios of Profitability

A firm's profitability can be measured with the help of profitability ratios. Fundamental
analysts frequently use the NPM metric, which measures the percentage of a company's
revenue that comes from profits. The metric calculates the ratio of Net Income in relation to

total Sales.
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Net Income
NPM = ——88—
Sales

The objective of the financial manager of a corporation is to enhance the aforementioned
ratio by augmenting its favorable magnitude. Nevertheless, it is imperative to execute this
task in a manner that is environmentally and economically sustainable in the long term. In
the event that a company's profit margin is predicated on elevated prices, this approach could
potentially impede sales in the short term. Despite the possibility of a high net profit margin
(NPM), the corporation may benefit more from a strategy of reduced prices and increased
absolute net income, even if this results in a lower NPM. Hence, it is imperative for the
fundamental analyst to avoid interpreting the ratio in isolation and instead, place it within

the context of the company's financial and operational data.

Return on Assets (ROA) is a significant ratio that serves as a benchmark for corporate
financial analysis. The aforementioned statement provides insight into the ratio between Net
Income and Total Assets, which is calculated as an average over the period under analysis.

The data presented illustrates the financial productivity of assets in relation to net income.

ROA = Net Income
~ Average Total Assets

An alternative approach to establishing a comparison could involve utilizing Common
Equity rather than Assets, thereby resulting in the derivation of a significant metric, namely
the Return on Equity (ROE). The computation of this ratio involves the division of the net
income by the equity. This exemplifies the return on investment (ROI) generated by
shareholders' capital in the corporation and the success of the corporation as a whole. The

mathematical expression is:

Net Income
ROE

- Average Equity

The significance of corporate earnings to capital owners may be limited if they are unable to

convert them into personal financial benefits, which is to say, if the earnings are not

disseminated. The Payout Ratio holds significant importance, particularly for institutional

investors. The aforementioned ratio denotes the relative magnitude of profits that are
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disbursed to proprietors of capital as dividend payments, upon the culmination of a given

fiscal period.

p Dividends
ayout = Earnings

2.2.1.4. Market-Value Ratios

The utilization of Market-Value Ratios is predicated upon the analysis of stock price data, a
dynamic that is subject to market fluctuations and the evaluations of external stakeholders
and industry experts. These assessments are based on the perceived value of the organization,
independent of the financial data presented by the accounting systems. Furthermore, ratios

take into account the proportionate amount of shares that are available for trade.

The Price/Earnings Ratio (P/E) is a commonly used financial measure that evaluates the
market value of an individual share against the earnings per share produced by a company
during a designated timeframe. The price-to-earnings (P/E) ratio is a financial measure that
offers valuable information regarding the duration of time necessary for a company to
produce earnings that are proportional to the worth of its shares, as established by the current
market stock price. This ratio is calculated by dividing the current market stock price by the
company's annual income. This metric provides a prompt assessment of the financial input
relative to the financial output, enabling the analyst to more precisely deliberate on the

viability of purchasing the stock. The formula has been derived as follows:

Price per Share
P/E = _
Earnings per Share

Another significant market-value ratio is the Price/Cash-Flow Ratio (P/CF), which compares
the share price to the average cash flow per share. The presented concept pertains to the
correlation between the monetary resources required to purchase a single unit of stock and
the monetary value that the identical stock generates through its operational undertakings.

This correlation is commonly denoted as:

Price per Share
P/CF =

Cash-Flow per Share
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The Market/Book-Value Ratio (M/BV) is a financial measure that evaluates the relationship
between the Market Price per share, which reflects the perceived equitable value per share
by external investors and analysts, and the Book-Value of a single share, which represents
the accounting value per share. The present situation involves a conflict of viewpoints,
specifically the perceived worth of a corporation's stocks by external parties in contrast to

the value asserted by the company internally. The formula is presented as follows:

Market Price per Share

M/BV =
/ Book Value per Share

2.2.2. Technical Analysis

The economic crisis that occurred during the years 1929 and 1930 exerted a noteworthy
impact on the application of fundamental analysis by financial analysts. A significant cohort
of investors, who had become disillusioned with the effectiveness of fundamental
methodologies owing to their lackluster performance, endeavored to explore alternative
avenues for asset valuation and prognostication of market price trends. As a result, a
considerable number of traders resorted to Technical Analysis, a methodology that entails
scrutinizing the fluctuations in price (Lo, Mamaysky, & Wang, 2013; Menkhoff & Taylor,
2013).

The field of TA is principally focused on the examination of price fluctuations. The TA
spectrum conventionally amalgamates diverse market influences into a unifying variable that
is widely acknowledged as a comprehensive indicator for understanding market dynamics
(Chen, 2014; Park & Irwin, 2015). It could be contended that TA encompasses the utilization
of open interest and/or volume. However, this assertion holds only to a certain degree, as
price remains the crucial variable while the others serve a supplementary role (Cheung &
Wong, 2016). Therefore, the technique of technical analysis endeavors to forecast
fluctuations in market prices by analyzing historical price data. According to Murphy (1999),

there are three fundamental principles that TA operates on.
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The principle of market action posits that all available information, including past and
present events, is reflected in the current market price of an asset (Shiller, 2015; Lento &
Gradojevic, 2017).

The phenomenon of price trends is observed in financial markets. The recurrence of
historical patterns is a notable feature over time (Huang & Tsai, 2014; Smith, Jefferis, &
Ryoo0, 2016).

The paradox between Technical Analysis (TA) and the Efficient Market Hypothesis (EMH)
regarding the notion that price reflects all available information is noteworthy. TA posits
that price is the sole variable of interest and a key factor in predicting future value or
direction of movement, as it encapsulates all necessary market information. Conversely,
EMH views this assumption as a prerequisite for market efficiency and randomness,
rendering price prediction impossible. A single assumption results in two inconsistent
conclusions (Fama, 2013; Malkiel, 2015).

In their literature review article, Menkhoff and Taylor (2007) examine the predictive
abilities of technical analysis (TA) and explore the primary factors contributing to its
widespread adoption in the foreign exchange market. The authors identify four distinct
explanatory hypotheses or arguments. The following are four perspectives on the
effectiveness of technical analysis (TA) in foreign exchange trading. Firstly, TA may be
viewed as a means of identifying irrational behaviour among traders, who may not always
engage in fully rational decision-making processes. This can result in market inefficiencies
that may be exploited by TA, at least in the short term. Secondly, TA may be seen as a way
of taking advantage of distortions or inefficiencies introduced into the market by central
bank interventions. Thirdly, TA may be considered a method of processing information, as
the manifestation of economic policies in forex currency quotes may be subject to temporal
delays. Finally, TA may provide insights into non-fundamental exchange rate determinants,
such as psychological factors or self-fulfilling beliefs. The authors arrive at the conclusion
that the likelihood of reasons enumerated in the first two categories significantly impacting

the utilization of TA is low, with greater emphasis placed on reasons categorized as 3 and 4.
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Within the field of technical analysis, there exist two primary modes of analysis: Chart
Analysis, also known as "Subjective TA," and Indicator Analysis, which is referred to as
"Evidence-based TA" by Aronson (2007). The subsequent subsections will delve into a
comprehensive examination of the various branches of TA, with a specific focus on the

indicators employed in this analytical approach.

2.2.2.1. Chart and Pattern Analysis

The analysis of charts is a fundamental aspect of studying market price patterns that are
visually represented in graphs. The identification of these patterns is used to predict the
direction of price movement. The statement suggests that there are repetitive price patterns
over time, which can be identified with relative ease prior to their complete manifestation.

This enables the potential for price prediction and profit generation.

Various types of charts exist, including line, candlestick, and bar charts. Point-and-figure
charts exhibit distinct characteristics compared to other chart types, and their conceptual
intricacies hinder the identification of generalized pattern formations. The procedures of this

particular branch of TA are frequently subject to criticism due to their inherent subjectivity.

The domain of Technical Analysis (TA) comprises an extensive array of theoretical pattern
formations that fall under the subfield of Chart Analysis. Double tops, double bottoms, and
head as well as shoulders, the wedges, triangles, and flags, spaces, pennants, along with
rounding tops and bottoms are just a few of the most common and widely used chart patterns.
Savin et al. (2006) undertook a scholarly inquiry into the effectiveness of utilizing the head-
and-shoulders price formation as a prognostic instrument in the context of short sales. The
findings of the investigation furnish persuasive corroboration that this specific configuration

can be efficaciously employed as an ancillary adjunct rather than a solitary tactic.

Bulkowski's (2005) scholarly contribution involves the identification of over sixty unique
chart formations, accompanied by a diverse set of pattern-related metrics. The
aforementioned metrics encompass a range of statistical measures, including but not limited
to the count of formations, mean values for ascents and descents, frequency of ascents and

descents exceeding a threshold of 45%, and comparative evaluation of performance vis-a-
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vis the S&P500 index. Furthermore, Bulkowski provides a comprehensive analysis of
various metrics such as rate of failure, splits and post-breakout data, and dimensions data,
the volume data, as well as a set of trading tips aimed at enhancing performance. Bulkowski
conducted a comprehensive analysis by gathering data from a sample of 500 S&P stocks,
each spanning a period of five years from 1991 to 1996. Additionally, he collected data from
various stocks listed on NYSE, AMEX, as well as NASDAQ during the period of 1996 to

2002 to generate the aforementioned statistical findings.

While chart analysis is recognized as legitimate by professionals in the trading industry, it
has been subject to significant skepticism and criticism from academic circles. This is due
in part to a perceived bias against charting folklore and the subjective nature of chart

analysis.

The Dow Theory (DT) is a market interpretation methodology that is attributed to Charles
H. Dow, a prominent journalist who was active in New York's financial business district
during the 19th century. Both Dow, Jones & Co. and The Wall Street Journal can trace their
origins back to this the person in question. The same person also created widely used indices
which include the DJIA (Dow Jones Industrial Average) and more specialized ones like the
Dow-Jones Rail Average (DJRA) to assess economic growth. Dow conducted an analysis
of the price fluctuations of equities, fixed-income securities, and commodities, and identified
commonalities in their patterns of movement. Over time and through empirical observation,
Dow and subsequently Hamilton (1922) identified three fundamental principles or

assumptions that currently form the central tenets of the DT.

1) The occurrence of price manipulation is a daily possibility, however, it is not feasible to
manipulate the major trend. 2) The incorporation of all pertinent information in the indexes
is a manifestation of the principle that the Averages discount everything. 3) It is important

to note that the theory is not without flaws.

The proposition in question permits the acknowledgement of unsuccessful outcomes.
However, despite the commonly held belief that "exceptions validate the rule,” it weakens
the credibility of considering DT as a truly scientifically validated theory. In addition to the

aforementioned triad of principles, William Peter Hamilton postulated various other
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conjectures to the theory, which were subsequently synthesized and systematized by Rhea
in 1932,

The Averages display a tripartite pattern of motion, consisting of primary trends, secondary
corrections, and diurnal oscillations. The confirmation of a trend necessitates the validation
of both the Industrial and Rail Averages. Furthermore, alterations in fashion ought to be
substantiated by the manner in which volume is manifested. It is worth noting that certain
circumstances may prevent a particular stock from conforming to the overall trend of the

market averages.

The Dow Theory (DT) remains a popular technical analysis approach among traders,
garnering a significant following in the trading industry. Its enduring relevance is evidenced
by the substantial number of adherents who utilize it as a valuable tool in their trading

arsenal.

The Elliott Wave Theory (EWT), commonly referred to as "The Wave Principle,” is a
comprehensive methodology that is widely recognized as an expansion of the Dow Theory,
both in terms of substance and profundity. The originator of this concept can be attributed
to Ralph Nelson Elliott. Although the DT exhibits certain resemblances to The Wave
Principle, it deviates from it in its essential character. While the Extended Parallel Process
Model (EPPM) is based on the principles of mass psychology and the associated behavioral
responses, the Dual-Process Theory (DPT) is rooted in an economic perspective. The
contention made by certain critics that the Wave Principle is nothing but a refined rendition
of Dow Theory is indicative of their inability to comprehend the fundamental differentiation
between the two theories. Theoretical frameworks exhibit divergent fundamental
approaches. In formal terms, recognizing patterns and the interpretation of the technical
indicators for wave progressing share a lot of common ground. Although technical analysis
is still in its nascent phase of evolution, it continues to be essentially motivated by
fundamental factors. The prevailing notion is that economic factors are capable of
accounting for or justifying all fluctuations in market prices. The aforementioned notion
posits that the stock market assimilates all relevant data into its appraisal. The Encoding

Specificity Principle (ESP) posits that news items may not be deemed as distinctive stimuli
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and thus lack the requisite salience to serve as reliable predictors. On the contrary, it is often
observed that these market conditions are a reflection of the prevalent social and

psychological climate.

Elliott's scholarly contributions, as evidenced in his literary works dating back to 1938 and
1946, posit that human conduct is subject to predetermined patterns that are regulated by
established laws. The rationale behind this assertion is rooted in the fundamental
understanding that human beings are an integral component of the natural ecosystem, which
functions in accordance with deterministic principles. The identification of the concept of
natural law enables one to grasp its essence, potentially attain proficiency in it, and
subsequently leverage it to the benefit of the merchant. The findings of the researcher
indicate that the oscillations in the values of stocks demonstrate a discernible structure of a
five-wave impulse, wherein the motive waves are sequentially numbered as 1-2-3-4-5,
followed by a three-wave correction, wherein the corrective waves are designated as A-B-
C. The present construct encompasses a holistic sequence of eight undulations that portray
the fluctuation of market values. Elliott's astute observations have revealed a persistent and
predictable pattern in the behavioral tendencies of these waves, particularly under three
distinct circumstances. As per the tenets of Elliott Wave Theory, it is postulated that wave 2
does not manifest a retracement from wave 1, thereby signifying that the prices of wave 2
do not undergo a reduction below the initial prices of wave 1. Furthermore, it is worth noting
that the third wave of a market trend is often characterized by its extended duration and
substantial price expansion, and it is never observed to be the shortest wave in the sequence.
The fourth wave exhibits a notable characteristic of not retracting into the price range of its
preceding first wave. The wave theory is underpinned by three fundamental assumptions
that are regarded as its foundational precepts. Within the framework of the Elliott Wave
theory, the transgression of any of the established regulations pertaining to a chart's wave

count would signify a fallacy in the counting process.

Frost and Prechter (2005) reignited the aforementioned theory and resumed their
investigations into this particular field of study after a twenty-year hiatus. Prechter's
reputation as a trading expert grew after his theory was put to use successfully around the

mid-1980s. The work of Poser (2003) aims to showcase the pragmatic implementation of
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theoretical concepts. In recent years, Prechter and Parker have undertaken an investigation
into the field of "Socionomics". This area of study explores the noteworthy correlation that
exists between the economic climate, characterized by either expansion or recession, and the
psychological disposition of individuals, which can range from enthusiasm to depression.
The traditional social sciences, such as Sociology and Economics, operate under the
assumption of a one-way causal relationship whereby the environment exerts an influence
on the collective emotional state of society. Socionomics presents a distinctive perspective
by proposing a causal relationship that operates in reverse. According to this viewpoint,
alterations in the psychological disposition of individuals exert an influence on their conduct,
which in turn, instigates either an expansion or contraction of the economy. This perspective
is bolstered by a multitude of investigations, including those conducted by Prechter (2003),
Parker and Prechter (2005), as well as Prechter and Parker (2007).

2.2.2.2. Indicators

The quantitative facet of technical analysis (TA) is embodied by indicators. The approach in
question seeks to integrate the scientific method into the realm of analysis, with the aim of
comprehending correlations, trends, and predictive capabilities within pricing data. The field
in question has been the subject of extensive scholarly inquiry, with a multitude of
researchers devoting their professional lives to expanding our understanding of it. The
scholarly works of Kaufman (2013), Katz and McCormick (2000), and Schwager (1996)
have prominently delved into the scrutiny of trend indicators and their practical
implementation in the construction of trading systems. The scrutiny of oscillators has been
a subject of considerable interest among various authors, including Pring (1993) and Brown
(1999). The realm of technical analysis has been enriched by the valuable contributions of
numerous authors, who have made noteworthy strides in diverse categories of indicators and
oscillators. The trading industry has widely embraced several notable indicators that have
been introduced by esteemed authors. These indicators, such as the RSI, ADX, Parabolic
SAR, ATR (Wilder, 1978), and the MACD (Appel, 2005), have become landmark tools in
the field of trading. Aronson (2007) posits that the nature of this particular teaching
assistantship can be considered akin to a statistical science, as it operates with a degree of

impartiality and relies on empirical evidence.

23



The present methodology of technical analysis utilizes quantitative data, predominantly
price data, to derive numerical values for diverse indicators, each of which possesses a

unique interpretation based on its conceptual framework.
The TA indicators exhibit a tripartite classification system.

In financial markets, there exist three prevalent categories of indicators, namely trend
indicators, momentum indicators (alternatively referred to as oscillators), and volatility or
breakout indicators. Trend indicators are designed to apprehend the comprehensive
trajectory of the market, whereas momentum indicators are leveraged to detect the velocity
or cadence at which prices are fluctuating. The purpose of volatility or breakout indicators

is to identify abrupt shifts in market volatility.

The application of Moving Averages (MA) is a crucial aspect of trend indicators, as it serves
to alleviate or stabilize the oscillations in price movements. In order to minimize the potential
for unprofitable outcomes in trading endeavors, individuals often employ a strategic
approach that prioritizes consistency and accuracy while avoiding erratic behavior and false
signaling. Such measures are taken to mitigate the risk of experiencing whipsaws or
prolonged periods of sideways movement. In the realm of technical analysis, it is customary
for a crossover system to utilize a combination of two or three Moving Averages (MAs) that
possess distinct time lags. The system has been meticulously crafted to identify crucial
inflection points in the trajectory of price trends. These inflection points manifest at the
intersection of the short-term and medium-to-long-term moving averages, thereby enabling
the system to make informed decisions. The initiation of a bullish stance is denoted by the
ascending trajectory of the abbreviated moving average surpassing the extended moving
average of the medium to long-range. The emergence of a bearish signal is triggered when
the agile short-term moving average (MA) experiences a descent below the medium to long-

term MA, which is comparatively less responsive.

The notion of momentum is concerned with the velocity and amplitude of price oscillations,
and asserts that rapid and significant shifts in a given direction are unsustainable over a
prolonged period. The degree of effectiveness of the shift is a determining factor in the

proximity of the price to an extreme market state, either overbought or oversold. This, in
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turn, augments the probability of an imminent reversal. Distinguishing between momentum
and sentiment holds significant importance. The notion of sentiment refers to the
apprehension of market agents, encompassing not only those who are not actively involved
in trading but also those who possess the potential to sway the market, such as thought
leaders, media outlets, and survey conductors. The prevalent market sentiment of bullish or
bearish nature is commonly communicated through this means. Momentum is a fundamental
concept in financial analysis that quantifies the degree of price fluctuation or displacement.
The differentiation, albeit seemingly unobtrusive or trivial, holds considerable weight. The
analogy drawn here is reminiscent of the dichotomy between reflection and execution, where

the market embodies the latter aspect.

Breakout Indicators rely on a price trend or price band indication as their foundational
element. Depending on the context, the reference line could be the price trend or the optimal
extreme of the band, and a trade signal would be generated if the price movement were large
enough to cross it. The act of buying or selling in the financial market is contingent upon the

application of pre-established trading regulations.

In the year 2000, Lo and colleagues conducted a research endeavor aimed at evaluating the
efficacy of Technical Analysis (TA) through the implementation of innovative smoothing
methodologies. As per the declaration, Technical Analysis (TA) provides additional
perspectives for the purpose of decision-making, particularly with respect to a diverse array
of stocks, most notably those hailing from the NASDAQ, predicated on distinct patterns.
There exists a proposition that the augmentation of Teaching Assistantship may be feasibly

attained by the deployment of automated algorithms.

The theoretical demonstration of the efficacy of historical price data in a two-period model
was presented by Brown and Jennings (1989) in their study. The contention put forth by the
individuals is that investors tend to extract value from the historical price data while making
decisions regarding the demands in the second period. This is because the current price in
isolation may not be sufficient to reveal all the information that is publicly available and is
embedded within the price histories. Consequently, investors may strategically utilize

technical analysis methodologies to optimize their investment decisions.
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LeBaron (2002) emphasized the backing for the prognostic effectiveness of fundamental
technical trading principles, such as uncomplicated moving averages, notwithstanding their
augmentation by the trading industry. After conducting a thorough analysis of the
implementation of regulations in the foreign exchange markets throughout the 1990s, it was
observed that their effectiveness displayed variations throughout the decade, with a gradual
decrease in performance over time. LeBaron posits regarding the potential underlying factors
contributing to the incongruities observed in the context of technical trading regulations and
their resultant outcomes. The author posits a multitude of conjectures, encompassing the
development of markets, the ubiquitous implementation of trading regulations, state
intervention in foreign exchange, the proliferation of the internet, the curtailment of trading
costs, and the preeminent and plausible factor, the data snooping bias (alternatively referred
to as the data mining or data dredging predicament). One noteworthy discovery is that the
implementation of straightforward technical trading regulations presents empirical evidence
of their efficacy in predicting lucrative price fluctuations, particularly over prolonged
durations. Despite any counterarguments, there exists a persuasive body of evidence
indicating that foreign exchange markets demonstrate a dynamic process, distinguished by
a possible alteration in regime over successive time-series. Henceforth, the writer advocates

for prudence in the implementation of said trading methodologies.

Schulmeister (2008) conducted a study to assess the efficacy of technical trading models in
the forex market, with a particular focus on the Deutsch Mark and Euro (post-2000) in
relation to the US Dollar. The study aimed to determine the profitability of these models in
this context. The temporal scope of the investigation encompassed the years spanning from

1973 to 2004. The present investigation utilized two discrete categories of models.

The system under consideration is a rudimentary approach that employs an unweighted
moving average crossover strategy. The generation of extended signals is observed upon the
occurrence of a crossover between the fast moving average, computed over a span of 1 to 15
trading days, and the slow moving average, computed over a period of 5 to 40 days. On the
contrary, abbreviated signals are produced in the event of the rapid moving mean intersecting

with the sluggish moving mean in a downward direction. The amalgamation of the diverse
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MA windows culminates in a grand total of four hundred and seventy-four unique model

permutations.

Schulmeister undertook an examination of the aforementioned fluctuations, encompassing
the incorporation and omission of a 24-hour delay in implementation subsequent to the
trading cue. As a consequence, a grand total of 1024 variations of the aforementioned two
trading model categories were generated. The author demonstrated a meticulous
consideration of the trading expenses, specifically the nominal cost of 0.02% per trade. This
figure is indicative of a bid-ask spread cost of 4 basis points, which is the cost incurred for
executing a round turn trade. The entirety of the model variations demonstrated favorable
returns, with statistically significant p-values during the in-sample timeframe spanning from
1973 to 1999. A significant proportion of the aforementioned returns exhibited statistical
significance at a confidence level of 95%. Throughout the out-of-sample period from 2000
to 2004, a considerable percentage of the models, precisely more than 91%, exhibited the
ability to sustain profitability. The discerned profits can be exclusively credited to the
systematic deployment of price patterns in the designated forex market, as lucrative positions
manifest considerably lengthier timeframes than unremunerative transactions. The models
that have been showcased demonstrate a remarkable level of resilience, as demonstrated by
their capacity to sustain profitability at similar levels of effectiveness and statistical
significance across a significant proportion of the data subsets under consideration.
However, it is apparent that the technical regulations governing the profitability of these

models underwent a downturn commencing from the latter half of the 1980s.

Schulmeister (2009) conducted a subsequent publication wherein an empirical investigation
was carried out to assess the efficacy of trend following and contrarian indicators. The study
utilized trading data from S&P 500 spot and index futures to arrive at its conclusions. The
research utilized six discrete models that integrated diverse trading regulations,
encompassing relative measures obtained from transformed moving average/raw momentum
indicators and the relative strength index. Schulmeister's research methodology incorporates
two discrete indicators, namely the price differential, which can be either raw or smoothed
through techniques such as moving averages, at two distinct temporal intervals. The

aforementioned metrics are commonly known as oscillators, owing to their tendency to
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oscillate around the zero mark along the x-axis. The unbounded fluctuations of these
indicators are subject to the absolute variation of price, thereby determining their magnitude.
The present thesis employs a distinct approach in utilizing momentum indicators or
oscillators, which deviates from the conventional methodology. The term "oscillators™ in
this particular context refers to the measurement of the pace at which prices vacillate,
indicating the comparative prevalence of bullish or bearish market sentiment, within a
limited vertical axis range. It is a widely held hypothesis that in instances where prices
undergo rapid and pronounced directional shifts, ultimately reaching levels deemed as
extreme, such as overbought or oversold, they exhibit heightened vulnerability to a reversal

in their trajectory.

According to two of the proposed models, it is imperative for the trader to maintain a
persistent presence in the market, either by retaining or reversing their position, in order to
ensure consistent active engagement in the market. On the contrary, the four remaining
models present the possibility of market absence for a maximum of two consecutive trades.
Drawing upon the underlying assumptions, a comprehensive set of 2580 trading systems,
encompassing diverse variations of models, were formulated and subjected to rigorous
evaluation, utilizing both daily and 30-minute time lag data. The evaluation of performance
was carried out through a partial assessment approach, which involved the analysis of sub-

intervals ranging from 3 to 4 years.

According to Schulmeister's research, the efficacy of technical trading models has
diminished over time when applied to daily data. However, the same models have exhibited
greater reliability and increased profitability when implemented with 30-minute frequency
data. According to the findings of the study, it has been ascertained that a residual proportion
of merely 2.6% out of the total 2580 trading systems under consideration would have
resulted in unfavorable consequences throughout the entire duration of the sample period.
During the period from 1986 to 2007, the top 25 trading systems demonstrated an impressive
average gross return of 14.5%, which significantly exceeded the overall gross rate of return
for the same time frame. The statistical data presents a discernible alteration in the trends of
profitability, which aligns with the Adaptive Market Hypothesis postulated by Lo. Similarly,

Olson (2004) has reported analogous outcomes pertaining to the evolutionary path of
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technical trading systems. Olson undertook an empirical inquiry into the profitability of
simple moving averages within the foreign exchange market. This research encompassed an
analysis of 18 distinct currency crosses in relation to the United States dollar, spanning a
time period from 1971 to 1995. The findings of the study revealed that the noteworthy and
favorable risk-adjusted returns that were observed in the 1970s were no longer present by
the 1990s. This suggests a shift in the investment landscape over time. The present discovery
provides corroboration to the concept of declining returns as time progresses. According to
the author's proposition, the foreign exchange market experiences a developmental
trajectory, wherein it moves from a transitory state of inefficiency, caused by situational

factors, to a mature state marked by market efficiency.

This succinct literary scrutiny exposes divergent assessments concerning the effectiveness
of technical analysis indicators as a means of executing trades. Whilst indicator-based
technical analysis may offer satisfactory results in specific scenarios, its long-term
dependability is inadequate to classify it as a substantial instrument for supporting trading
judgments. Our empirical investigation endeavors to scrutinize the tangible influence of
technical analysis (TA) indicators on the achievement of profits that surpass the standard
within the trading industry. In the following section, we will present the technical analysis
(TA) indicators that were employed, along with their respective trading rules and parameters

that are subject to optimization.

The categorization of moving averages is dependent on the level of importance assigned to
the data points employed in the calculation of the moving average. The Simple Moving
Average (SMA) is a statistical method that utilizes a consistent weight distribution across all
data points. The determination of the Simple Moving Average (SMA) at a given point in
time, denoted as [, while considering a delay of [J[1[J[] observations, results in a specific

numerical output.
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A lower value of (1110 results in a faster adjustment of the moving average to recent price

data. Typically, Simple Moving Averages (SMASs) are employed with varying numbers of
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lags. The distinguishing feature of a swifter Simple Moving Average (SMA) is its reduced
count of lags, whereas a more gradual SMA is typified by a greater count of lags. The point
of intersection between the fast and slow curves of the resultant is commonly perceived as a
signal for a new trend and is frequently employed as a propitious entry point for short-term
trading operations in the market. Both a two-SMA crossover indicator and a three-SMA
crossover indicator are investigated here, with the former using a moving window of up to

30 reports and the latter of up to 90.

The two aforementioned strategies manifest dissimilarities in their tacit regulations for
conducting trades. The initial approach involves a fundamental intersection of the fast
moving average (MA), which effectively produces a signal for the trader to either adopt a
long or short position, thereby ensuring a consistent market presence. In contradistinction,
the second approach necessitates the expeditious movement average (MA) to traverse both
the middle-range and extended-range MAs antecedent to the trader or system being able to
presume a protracted or abbreviated stance. Failure to meet this criterion results in the trader

holding out of the market.

The optimization parameters for the two distinct trend strategies are as follows:

Nemar; MNsmaz — moving window length for the first and second SMA s,

{11 € N: 1 <01<30} (2 SMA Crossover) and

Nrsmats Nrsmazs Nrsmaz; — moving window length for the first, second and third SMAs,
{1 e N: 1 <11,<90} (Triple SMA Crossover).

The weighted moving average is a plausible alternative to the simple moving average
method. The Weighted Moving Average (WMA\) is characterized by varying weights and

can be expressed in the following manner:

m
E{':l Wi Pr_jyq

i=1 Wi

WMAP =

The variable [11] denotes the weight assigned to observation [] within the Weighted Moving
Average (WMA) framework, while [ signifies the size of the moving window.
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The Exponential Moving Average (EMA) is a specific instance of the Weighted Moving
Average (WMA) that adheres to the weight relation ([107; [11-1) for its calculation.

Wiq
Wi

Wi, =0 WS a= O<a<1

The symbol [0 denotes the weight relation between [J1—1 and [,

In the industry, traders and analysts exhibit a proclivity towards assigning greater
significance to current data, thereby placing heightened emphasis on contemporary price
formations (Omar et al., 2014; Xu & Zhang, 2014). In this type of modeling, it is common
for weights to exhibit either a linear or exponential rate of decline (Park & Irwin, 2013;
Chevapatrakul, 2015). Within this particular context, it is possible to establish a definition
for the nth moment moving average. This definition pertains to the application of a
smoothing process that is repeated n times on price data, including both raw and transformed
data (Chen et al., 2013; Patel et al., 2015). Alternative methods exist for calculating an
exponential moving average. As an example, it can be observed that Matlab computes a
distinct Exponential Moving Average (EMA) in which the interdependence among the
weights of the mobile window is contingent on the length of the mobile window (Narayan
et al., 2014; Zaremba & Umutlu, 2020). The determination of the constant [ utilized for the

calculation of the EMA is based on the subsequent expression:

k=— , 0<k<1
(1 + ngpa)

The variable " " represents the size of the moving window utilized by the EMA.
EMATEA = [Close, — EMATE¥4] - k + EMATEYA

The variable "1™ represents the closing price at a given time, denoted as "t". The
initial Exponential Moving Average (EMA) that can be calculated is equivalent to the Simple
Moving Average (SMA) of the corresponding window size. Within this particular indicator,
which is utilized in the context of a 2-EMA-Crossover, there exist two distinct categories of

parameters that are subject to optimization.
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Aepma1; Aepmaz = weight ratios for the first and second EMAS;

{Uhe R:0O< <1}

Nemat; NeEmaz = Mmoving window length for the first and second EMA’s,
Uonog Honoz = moving window length for the first and second EMA’S,
{{lhe N1<01,<30}

The proposed methodology holds resemblance to a fundamental crossover technique
involving two uncomplicated moving averages. The prescribed strategy entails the
commencement of a long position upon the occurrence of the fast moving average surpassing
the slow moving average. Conversely, a short position is advised when the reverse takes
place. The True Range (TR) was introduced by Wilder in 1978 and is defined as the greatest
price range observed during a single time interval, encompassing the maximum price

deviation from the previous day's closing price. This is equivalent to:

nght - LOW:
JTRt = Max ffu}ht'_ Ciﬂset_l

Close;_, — Low;

The variables " A", " DO 00", and " OO0 000" denote the maximum, minimum, and
final transaction prices, respectively, that were agreed upon during a given time period

denoted as "t".

The Average True Range (ATR) is a mathematical calculation that involves an exponential

moving average of a set number of True Range (TR) observations.

NATR
We_; i
ATRp,p = W.[max(!—hghg Close;_,)
i=t j:] t=j+1

— min(Low;; Close;_1)]

The relationship between the weights of two consecutive moments can be expressed through

equation (1), indicating that the moving window averages are in fact exponential moving
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averages (EMAs). The Average True Range (ATR) has the potential to serve as a component
in a breakout trading strategy. In particular, the utilization of this technique can facilitate the
production of a signal for establishing a long position at a given time, denoted as t, upon the
occurrence of a price surge beyond the exponential moving average (EMA) of the closing
price at t, which is adjusted by either the ATR value or a multiple thereof (Gunduz, Yasemi,
& Yardimcioglu, 2013; Klein, 2018). In a similar vein, the signal to initiate a short position
Is activated when the price at a given time, denoted as t, descends below the exponential
moving average (EMA) of the closing price at the same time t, subtracted by a multiple of
the average true range (ATR) value (Marcek, 2014; Starica, & Graddy, 2016). Throughout
the evolution of this trading system, a comprehensive analysis of the following parameters

has been conducted:

The weight ratios utilized in the computation of the EMA and ATR are symbolized by
DOUOO0 and DO, correspondingly ({0 € R: 0< ;< 1}).

The parameters "nCPema" and "nATR" denote the temporal extent of the mobile window
utilized in computing the Exponential Moving Average (EMA) and Average True Range

(ATR) metrics, correspondingly ({ni € N: 1 <ni <30}).

In a trading system, the Directional Movement Index (or DMX or DI) functions as a
technical indicator. The origin of this creation can be traced back to the ingenuity of J. Welles
Wilder, Jr., a proficient American engineer who exhibited a profound fascination towards
the financial markets. The inception of this indicator dates back to 1978 when Wilder
introduced it. To derive the index, it is imperative to execute the following sequential
procedures: The True Range (TR) for each day can be calculated using the formula: TRt =
[max(Hight; Close(t-1)) - min(Lowt; Close(t-1))].

This is equivalent to equation (2).

The calculation of +DM and -DM is executed in the subsequent manner: +DMt is equivalent
to the disparity between the maximum price at time t and the maximum price at time t-1.
Conversely, the metric denoted as -DMt represents the disparity between the minimum price

observed at time t-1 and the minimum price observed at time t.
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The exponential averages of +DM and -DM, which are smoothed indicators, can be utilized
to determine +DI and -DI. Subsequently, the aforementioned values may be partitioned by

a TR exponential average that possesses an identical length.
+00=00000 000000E00) 0000 (oo)

The £DI data can be utilized to generate a signal for long position when +DI exceeds -Dl,
and for short position when -DI surpasses +DI. In relation to this particular indicator, we

shall undertake the optimization of the subsequent parameters:

The weight ratios for the TR exponential average, +DM, and -DM are represented by
OOO00n, 0oOo+00, and DO 0-000, respectively.

{I0eR:0<0I<1}

The variable nDMI represents the length of the moving window for all three exponential
moving averages (EMAS). It is defined as a set of natural numbers, denoted as 1], where

each (][] is between 1 and 30 inclusive.

2.2.2.3. Moving Average Convergence/Divergence (MACD)

Appel (2005) is credited with developing the MACD, or Moving Average
Convergence/Divergence, as a technical analysis indicator. The present indicator is a
composite of exponential moving averages of price, which, when compared with a MACD
EMA (the signaling function), produces signals for both buying and selling. Appel employed
time periods of (DO0C0; OOOO0; DO0OOO0) = (12; 26; 9) in his original
configuration. These numbers represent the periods of the EMAs for the MACD signal

range, the slow price, as well as the fast price.
FastEMA, = EMATFEMA  nppy, = 12
SlowEMA, = EMATSEMA  ngpy, = 26
MACD, = FastEMA, — SlowEMA,

Signal, = EMA;**" (MACD,) ,nsigna =9
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The dominant technical methodology associated with this metric proposes that procuring
(initiating a long position) is a judicious course of action when the MACD values surpass
the Signal line. Conversely, divesting (initiating a short position) is advocated when the
opposite situation arises. The manipulation of parameters is a viable means of adjusting the
indicator, wherein the weight ratios assigned to the fast, slow, and signal EMAs are
represented by the symbols (1000, OOOOH, and DO OO, correspondingly. The
weight ratios in question are a set of real numbers denoted by (171, which must adhere to the
condition of being greater than zero and less than or equal to one. In addition, it is noteworthy
to mention that the fast, slow, and signal exponential moving averages (EMAS) are
characterized by their respective moving window lengths denoted as [1[JJ10, OO,
and OOO0DO0O.

{00 e N1<00<30}

It is important to point out that there is not universal agreement on whether or not the MACD
should be categorized in the form of a momentum oscillator as well as a the trend-following
indication. While some members of the trading industry may categorize this particular
phenomenon as a component of the momentum classification, our perspective deems it as a
trend-following indicator (Patterson & Sharma, 2013; Huang, Yang, & Yang, 2016). The
fundamental basis for utilizing a momentum oscillator lies in its ability to effectively capture
the conflict between the forces of demand and supply in the market. This conflict is best
characterized by the relative strength and amplitude of each faction's ability to penetrate the
opposing side's domain. In other words, the frequency and extent to which the bulls and
bears can outperform each other is more accurately reflected through the use of a momentum
oscillator (Sewell, 2014; Charles, Darné, & Kim, 2017). The assessment of the capacity
under consideration entails the discernment of innovative points of maximum and minimum

prices.

The MACD indicator is a technical analysis tool that is designed to identify trends in
financial markets. It is created by utilizing a sequence of exponential moving averages (Hsu,

Chen, & Chen, 2016; Kritzman, Page, & Turkington, 2019). It is of significance to note that
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the MACD indicator solely takes into account the closing prices of a given security, while
disregarding the highs and lows (Lo, Mamaysky, & Wang, 2013; Lukac & Brorsen, 2018).

2.2.2.4. The Relative Strength Index (RSI)

The Relative Strength Index (RSI) is a technical analysis tool that functions as a momentum
oscillator. Its primary purpose is to evaluate market conditions, particularly the relative force
exerted by buyers and sellers within a specific market. The principal objective of this
analytical tool is to ascertain whether a given market is exhibiting conditions of excessive

buying or selling, commonly referred to as overbought or oversold.

The index's structure and rationale are depicted in Wilder's (1978) work.

RSI =1 -

1+ RS

The variable RS denotes the quotient of the exponential moving average of positive price
changes observed during a time span of n days and the exponential moving average of

negative price changes over the same duration.

Based on empirical data gathered from various significant markets in the years following the
introduction of the Relative Strength Index (RSI), it has been observed that the indicator has
gained immense popularity in the trading industry. The evidence suggests that there exists a
predominant range of 30% to 70% within which the indicator tends to fluctuate. The
aforementioned values have been designated and widely acknowledged as indicators of
oversold and overbought market conditions. The variability of the outcome is contingent
upon the quantity of days utilized for computation. A decrease in this numerical value would
result in an increase in the sensitivity of the Relative Strength Index (RSI) to price

fluctuations, which may lead to the generation of inaccurate overbought or oversold signals.

2.3. Evolutionary Techniques applied to Finance

Financial data has been analyzed using various operations research (OR) techniques for more

than 40 years. Fuzzy logic, neural networks, and evolutionary algorithms are frequently
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utilized as soft OR techniques in financial markets. Metaheuristics known as Evolutionary
Algorithms (EA) imitate the biological mechanisms of genetics, which include the processes
of reproduction and mutation found in living organisms. The heuristic of this kind generally
yields favorable outcomes in terms of both time effectiveness and solution excellence.
However, it does not ensure complete optimality. One may utilize these methods
independently or in conjunction with others, as demonstrated in studies such as (Leigh et al.,
2002) and (Armano et al., 2002). In their study, Leigh and colleagues (2002) utilized Genetic
Algorithms (GAs) in conjunction with neural networks to enhance the accuracy of predicting
the price increase of the NYSE composite index. The combination of these two methods
resulted in a stronger correlation between the estimated price increase and the actual price
increase. In a unigue approach, (Armano et al., 2002) utilized Artificial Neural Networks
(ANN) and Genetic Algorithms (GAs) to identify quasi-stationary regimes (trends) and
predict market price movements, respectively. Determining the most effective method can
be a challenging task. The outcome is often improved when we utilize them more effectively.
Despite this, (Chen et al., 2007) offer some understanding regarding the favoritism towards
evolutionary algorithms - they appear to yield superior outcomes in optimization
predicaments, owing in part to their evolutionary characteristics (keeping the finest,
eliminating the poorest), and partly to their mechanisms, which conduct a comprehensive

exploration.

2.4. Applying Evolutionary Techniques with a Singular Objective to the World of

Finance

2.4.1. Genetic Algorithms

Metaheuristics including Genetic Algorithms (GA) are a type of computational science that
is simple and easy to understand. John H. Holland first introduced the idea of GAs, which
was later improved by Kenneth Alan De Jong during his Doctoral Thesis at the University
of Michigan in the 1970s (DeJong, 1975). De Jong used to call GAs "flexible" algorithms
during that period. As the years went by, GAs became more and more well-liked as a

successful method for tackling intricate and unconventional issues, ultimately transforming
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into a crucial metaheuristic by the beginning of the 21st century. The primary setup of the
earliest GAs relied on computer language, specifically binary code. This was due to its
inception in a field that involved computer and communication sciences, as well as its
financial support from the National Aeronautics and Space Administration (NASA). At the
moment, there are numerous options available for configuring GA, and it is not unusual to

notice genes utilizing continuous variables instead of discrete ones.

The utilization of a Genetic Algorithm for optimization purposes can frequently pose a
challenging undertaking. To optimize the algorithm's performance, it is necessary to tailor
the GA operators to the unique characteristics of the specific problem being addressed.
While the framework or structure may be established, significant effort is required to refine
the population size and selection process, as well as the specific types of crossover and
mutation mechanisms employed. In their study, Balas and Niehaus (1998) conducted
experiments with various iterations and devised a genetic algorithm that demonstrated
superior performance compared to prevalent methods in solving a series of theoretical
problems. Ghosh's (2012) research highlights the importance of the diversity of the initial
population generation. The proposed methodology by the writer aims to overcome the issue
of early convergence and increase the likelihood of achieving the ultimate global solution.
Conversely, the focus of Hong and colleagues' (2000) research has been on the mutation
operator. From their point of view, the optimization process relies on mutation as a means
to maintain population diversity throughout its various stages. Therefore, it must have
enough power to adequately vary the populace in every cycle. According to the writers, it is
recommended to apply various mutation operators and improve them through repeated
testing. The article concludes that the optimal approach to leveraging mutation is through
the implementation of a dynamic mutation-based algorithm, which involves the concurrent
utilization of various mutation operators, applied in accordance with a mutation ratio. The
ratios of mutation operators exhibit variability based on the fitness of the offspring that each

operator generates.

The study conducted by Fu et al. (2013) examines the potential enhancements that can be
made to a conventional genetic algorithm within the domain of portfolio management. The

researchers employ multiple discrete genetic algorithms, including a hierarchical genetic
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algorithm, to optimize the parameters of the technical analysis indicators and the weights of
the portfolio. The article effectively demonstrates the adaptability and versatility of genetic

algorithms (GASs) in resolving intricate problems.

In order to create a combinatorial metaheuristic method of predicting stock market prices,
Kim and Shin (2007) combined a genetic algorithm (GA) with two different artificial neural
networks (ANNS) to create an ATNN and a TDNN. The intended approach sought to detect
chronological trends in past records in order to enable precise forecasts. Utilizing a Genetic
Algorithm (GA), the current metaheuristic strives to enhance network architectural factors
and time delay amounts. It acts as a mechanism of support during the process of
optimization. By combining genetic algorithms (GAs) with artificial neural networks
(ANNSs), the accuracy of price pattern detection can be improved beyond what ANNSs can
achieve on their own. The Foreign Exchange Market (FOREX) was analyzed by Evans et
al. (2013) using a model that utilized Genetic Algorithms (GAs) and Artificial Neural
Networks (ANNSs). The research centered on the analysis of the most commonly exchanged
currency pairs, specifically USD/JPY, AUD/USD, and USD/CAD. According to the
research findings, there is a 95% certainty that these markets are not random and have
yielded an annualized net rate of return of 23.3%, as reported by the authors. In a new study
by Chang and Lee (2017), a unique analytical approach has been developed by combining a
genetic algorithm with a Markov decision process. The decision support system has been

created using this framework to assist in the creation of trading strategies.

One often comes across research projects that entail evaluating the efficacy of a genetic
algorithm in contrast to various other metaheuristics. Mokhatab Rafiei et al. (2011)
conducted a research study that involved evaluating three different models: a multiple
discriminant analysis (MDA) model, an artificial neural network (ANN) model, and a
genetic algorithm (GA) model. The aim of the research was to distinguish between
companies that are in danger of insolvency and those that are not. According to the results
of this research, the ANN-based model exhibited exceptional dependability, with precision
levels of 98.6% and 96.3% for IS and OOS data, respectively. After conducting a thorough
analysis of different models, it was discovered that the GA model displayed a high level of

precision with accuracy rates of 92.5% and 91.5% for IS and OOS data, respectively.
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Conversely, the MDA approach exhibited the weakest results, achieving accuracy

percentages of 80.6% and 79.9% for in-sample and out-of-sample data, respectively.

Aguilar-Rivera et al. (2015) conducted a comprehensive inquiry into the utilization of
Darwinian metaheuristics within the domain of finance. The present inquiry delves into a
range of sophisticated themes, including genetic algorithms, neural networks, genetic
programming, multiple-purpose algorithms for evolution, and machine learning systems for
classification, co-evolutionary techniques, and calculation of the distribution algorithm
development. According to the investigation conducted by the writers, there seems to be a
change in the amount of focus given to each algorithm over time, with GAs remaining the
most commonly employed group. In the field of finance, Cavalcante and colleagues (2016)
conducted a study that examined the most commonly used metaheuristics, including ANNS,
GAs, and ML. The survey provides a comprehensive summary of their application in
financial markets. During the period of 2009 to 2015, the research scrutinized scientific
publications. Apart from carrying out a scrutiny of the available literature, this research
introduces a systematic approach to creating a smart trading mechanism. The author of this
submission encourages researchers to investigate numerous possible developments in this

area in the upcoming future.

In 2012, Stépanek et al. conducted a research study that utilized a genetic algorithm to
analyze the likelihood of unusual returns in stock markets based on behavioral factors. The
main application of the Genetic Algorithm (GA) was to detect and predict the behaviors,
activities, and related factors of market players, thus deducing changes in market values. The
employed instrument provides a significant advantage through its ability to interact with
parameters dynamically in every cycle of the procedure. The genetic algorithm simulation
is endowed with a truly dynamic evolution of agents' decision-making processes and

behaviors during a particular period, thanks to this attribute.

The benefits of Genetic Algorithms (GAs) are widely acknowledged and have thus far
justified their prevalence in the academic community focused on computation. However, it
should be noted that the Genetic Algorithm (GA) may exhibit limitations in terms of its

performance and efficacy in addressing certain problems. In this instance, the integration of
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genetic algorithms with other metaheuristics may prove advantageous; alternatively, there
may be occasions where a divergent approach is necessary, necessitating the utilization of
entirely disparate methodologies. The possibility of utilizing genetic programming as a

viable option is worth considering.

2.4.2. Genetic Programming

The Genetic Programming (GP) method, introduced by Koza in 1992, is an evolutionary
technique with a single objective. It is distinct from other evolutionary approaches in that it
operates in a tree-like structure that is inverted, with branches representing potential
algorithmic paths. Every separate division is associated with a unique operation or all-
inclusive scheme, as opposed to a set quantity for a genetic element. When it comes to the
world of finance, GP is commonly utilized to uncover and develop trading regulations. The
adaptability of the framework may differ based on the study goals, particularly with regards
to the intersection of tree limbs within the framework, the degree of tiers implemented, and
the alteration of the software in every limb. Excessive adaptability and insufficient
limitations could lead to an unnecessary complexity in the hierarchical arrangement and

subpar efficiency of the procedure.

The field of finance has long recognized the effectiveness of GP as a reliable approach.
Kaboudan (2000) conducted a research study that suggested a day-trading approach utilizing
optimization techniques facilitated by GP. By utilizing regressions in every division, the plan
predicted the prices for the next day, leading to lucrative profits for a group of six stocks. In
2004, Potvin and his team devised a system utilizing genetic programming (GP) to generate

lucrative trading regulations for the immediate future.

How et al. (2009) employed a comparable methodology, albeit with a distinct focus on three
distinct indexes, as opposed to individual stocks. The Russell 3000 is a broad market index
that encompasses a large number of corporations. Within this index, the top 1000
corporations in terms of capitalization are classified as large cap and are included in the
Russell 1000. The remaining 2000 corporations with smaller capitalization are classified as
small cap and are included in the Russell 2000. The objective was to formulate trading
strategies for Technical Analysis (TA) utilizing a Genetic Programming (GP) approach. The
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study aimed to evaluate the impact of the average size of the analyzed companies within
each index on the Out-of-Sample (OOS) results of the established rules in terms of financial
returns. The Out-of-Sample (OOS) findings indicated that the small cap (Russell 2000)
market/index exhibited a greater degree of predictability potential. However, even within
that particular market segment, the presence of trading costs resulted in the disappearance

of profitable trading opportunities.

The study conducted by Esfahanipour and Mousavi (2011) centers on the topic of risk and
proposes the utilization of a genetic programming (GP) approach to develop trading rules
for technical analysis (TA) that are adjusted for risk. The authors suggest the adoption of a
conditional Sharpe ratio, which is a risk measure based on conditional value-at-risk (CVaR),
to achieve this objective. The approach yielded superior outcomes when juxtaposed with a
rudimentary Buy and Hold (B&H) tactic. The study conducted by Lensberg and Schenk-
Hoppé (2013) introduces a genetic programming algorithm that is employed for the purpose
of optimizing hedging strategies, with the objective of minimizing risk, while taking into
account nonlinear transaction costs. The algorithm exhibited proficient adaptability to novel
information pertaining to the hedging strategy, as well as resilience in relation to parameter

values.

Different versions of the genetic programming algorithm have been developed. The GP
model for finance was presented by Li et al. (2006), which incorporates the Wavelet
Transform, a signal processing method frequently employed in engineering, to amplify the
forecasting capability of the initial GP. The prototype exhibited encouraging results in
predicting precision. In order to derive trading rules, Luna et al. (2012) utilized a genetic
programming technique guided by grammar. The computational procedure displays
remarkable versatility and adjustability when dealing with specific issues, although it leans
towards favoring a select few. It can be observed that the system has a proclivity towards
choosing the most outstanding candidates during each cycle, relying on a pre-established
benchmark for assessment. In 2014, Manahov et al. conducted a research that presents a
revised edition of genetic programming (GP) named as strongly typed genetic programming.

The trading rules were formulated using this particular algorithm. The superiority of the
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models developed for small-cap stocks can be deduced by making use of the three Russell

indexes, which aligns with the research conducted by How et al. (2009).

In 2016, Bouaziz and colleagues carried out a research project that sought to combine a
hybrid artificial bee colony algorithm with extended genetic programming. The
amalgamated technique consisted of opposite-based particle swarm optimization and
artificial bee colony procedures. Hsu (2011) conducted a research study that utilized a
combination of techniques including self-organizing map, neural network, and genetic
programming to predict the future prices of stocks. The GP-LSM algorithm, which is based
on the least squares method, was utilized by Yang and colleagues (2014) as part of a
composite metaheuristic approach. By optimizing the fitness of nonlinear models, this
method can improve both the convergence speed and prediction accuracy while retaining the
flexibility of GP. In their study, the writers compared the GP-LSM model to two other
models: the SARIMA and BP-ANN models. According to the research, it has been revealed

that the GP-LSM model surpasses the rest of the models that were taken into account.

GP is a highly advantageous approach that showcases numerous positive characteristics and
has the ability to produce cooperative models alongside various metaheuristics and
functions. The development of GP from its early days to the current era is thoroughly
documented in the work of (Kouchakpour et al., 2009). GP is widely respected by scientists,
but its major drawback is the amount of computing power it requires. In the upcoming
sections, we will explore two distinct solitary goal options for GP: Evolutionary

Programming and Evolution Strategies.

2.5. Evolution Strategies

The concept of Evolution Strategies (EST) is attributed to the research conducted by
Schwefel in 1984, although the initial introduction of this concept was made by Rechenberg
in 1964 at the Berlin - Technical University. The optimization approach in question was
devised autonomously from other evolutionary methodologies and exhibits distinct
attributes. Genetic algorithms (GAs) were originally intended for addressing problems with

discrete configurations, specifically binary gene configurations. On the other hand,
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Evolutionary Strategies (ESTs) were created to tackle continuous optimization problems
using a real-value vector framework. The mutation factor is typically assumed to follow a
random Gaussian distribution with a mean of zero in academic literature. The selection
process employs a uniform random distribution, and replacement can take on one of two
generic forms. In the initial configuration, designated as (L] + (), the progeny cohort (] vies
with the primordial parental cohort [ in a contest of selection and evaluation aimed at
ascertaining the optimal population of magnitude [ from the collective (1 + (7). In the
second form, formally represented as ([, [1), the progeny population [ entirely supplants
the antecedent maternal population [ for the ensuing iteration, and ultimately, the optimal
individuals of [ are assimilated until the initial population magnitude is attained (which
transpires when [ is less than [J). The utilization of Expressed Sequence Tags (ESTS)

presents a promising avenue for the attainment of self-adaptive mutation step size.

The present study conducted by Beyer and Schwefel (2002) delves into the realm of
computational evolution, meticulously scrutinizing its genesis in Germany during the 1960s
and meticulously tracing its evolutionary trajectory up until the 2000s. The authors
culminate their scrutinization by engaging in conjecture regarding the prospective
advancements of ESTs. The seminal contributions of Schwefel in 1981 and 1984 offer a
systematic and methodical elucidation of this particular class of algorithm. The pedagogical
framework of Educational Set-Theory (EST) has the potential to augment and accelerate the
process of self-regulation in the acquisition of knowledge, particularly in situations where
the parameter of lambda () surpasses that of mu ([1). The research undertaken by Grill and
Hartmann (2000) is focused on the effectiveness of algorithms that integrate self-governing
agents or tactics, and exhibit a remarkable level of adaptability. The implementation of said
algorithms has been observed to yield a substantial reduction in processing duration, thereby
amplifying their suitability for intricate and extensive problem domains. The scholarly work
of Arnold and Beyer (2003) entailed a comprehensive assessment of the efficacy of the EST
methodology in the context of Gaussian noise. The present investigation has revealed that
EST, in comparison to its algorithmic counterparts, namely direct pattern search, multi-
directional search, and implicit filtering, has demonstrated a superior level of resilience when

exposed to elevated levels of noise.
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A plethora of scholarly writers have endeavored to integrate diversification into the EST
algorithm with the intention of amplifying its efficacy. In the year 2008, Mezura-Montes and
Coello introduced a novel adaptation of the conventional Evolutionary Strategies (ES)
paradigm, christened as "V([J + 1) - EST". Furthermore, the researchers implemented an
array of four distinct ES methodologies, specifically: (I + [1) - Evolutionary Strategy
Technique devoid of correlated mutation, (CJ + 1) - Evolutionary Strategy Technique
inclusive of correlated mutation, ([7, ) - Evolutionary Strategy Technique without correlated
mutation, and (L], [1) - Evolutionary Strategy Technique with correlated mutation. The
present study undertook a comparative analysis of four Expressed Sequence Tags (ESTs)
vis-a-vis both their inter-sequence relationships and their contemporaneous metaheuristic
counterparts. The empirical findings evince a remarkable degree of competitiveness, both in
terms of the EST's relative efficacy vis-a-vis other ESTs and its comparison with cutting-
edge benchmark metaheuristics. The research conducted by Diouane and colleagues (2015)
introduced a novel adaptation of the globally convergent Evolutionary Strategies (ESTs) and
substantiated its robust and enduring efficacy through empirical validation, surpassing that
of current optimization solvers. The Grouped Evolution Strategies (GES) framework, as
posited by Kashan and colleagues in 2015, represents a salient and compelling alternative
that evinces a host of desirable attributes, most notably its remarkable adaptability and

resilience as an optimization methodology for complex problem domains.

2.6. The Evolutionary Programming

The methodology of Evolutionary Programming (EP) was first unveiled as an evolutionary
paradigm in the 1960s, as a result of the pioneering research endeavors undertaken by Fogel
et al. (1966). The principal aim of its inception was to augment computational efficacy
through the process of finite state machine evolution. A salient differentiation between the
optimization methodology under consideration and Evolutionary Strategies Theory (EST)
concerns the conspicuous absence of recombination or crossover mechanisms. The
evolutionary trajectory of a population is predominantly influenced by the stochastic process
of mutation, which manifests as a Gaussian distribution with a central tendency at zero. The

stochastic nature of the population selection process for the subsequent iteration is intricately

45



intertwined with the fitness proportionate selection mechanism. In this particular scenario, a
cohort of magnitude [ is selectively extracted from the cohort of the most robust organisms,
encompassing both the initial population [ and the genetically modified population [’
derived from the present cycle. The author responsible for the development of EP has
presented an article in which a comparison was made between the performance of GA and
EP. This article was authored by Fogel in 1995. The present study demonstrates that the EP
exhibited superior performance compared to the GA in a statistically significant manner, as
evidenced by nonparametric hypothesis testing. Abu-Zitar and Nuseirat (2002) conducted a
comparative analysis between GA and EP to evaluate their robustness in addressing machine
learning problems. In this instance, both methodologies exhibited comparable efficacy in
producing favorable outcomes. Fine-tuning played a crucial role in enhancing the

performance of both methodologies.

The mutation operator holds significant importance in Evolutionary Programming (EP). The
topic under investigation pertains to the optimization process, specifically with regards to its
susceptibility to premature convergence towards local optima or insufficient diversity within
the population during the initial stages. The scholarly work conducted by Alam and
colleagues (2012) delves into a specific inquiry and posits an innovative iteration of
evolutionary programming, coined as DGEP - Diversity Guided EP, as a viable avenue for
optimization. The present methodology entails the modification of the magnitude of the
mutation step in accordance with the diversity metrics of the populace at every cycle. The
empirical inquiries have produced remarkable results, particularly when compared to
alternative evolutionary programming (EP) paradigms, including Classical EP (CEP),
Adaptive Lévy EP (ALEP), and Improved Fast EP (IFEP). The ALEP and IFEP
methodologies have been observed to utilize the Lévy and Cauchy probability functions,
correspondingly, as mutation operators, in lieu of the conventional Gaussian probability

function.

In their seminal work, Das and colleagues (2013) introduce a novel strategy for selecting
the ith constituent of a given population to undergo a mutation operation. This innovative
approach deviates from the traditional method of conditioning the step-size of the mutation

operation on the Gaussian probability function. The present study proposes a novel approach
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that entails the amalgamation of the aforementioned procedure with a stochastic selection of
an additional member from the population to undergo the mutation operation, with
equiprobable chances of 50% for each procedure. In the hypothetical second scenario, the
process of parental selection would be predicated upon the assessment of the respective
parental fitness levels. The present study introduces the p-best Adaptive Fast EP (AFEP) as
a pioneering bivariate parent selection scheme that has evinced remarkable statistical
preeminence in terms of ultimate precision, velocity, and resilience vis-a-vis the antecedent
algorithms, particularly CEP, ALEP, FEP, MEP, AFEP, and RLEP.

2.7. Portfolio Optimization in the Multi-Objective Evolutionary Algorithms

Portfolio optimization is an area where Multi-Objective Evolutionary Algorithms (MOEAS)
shine because of their ability to deal with the risk-reward duality that is present in many
optimization problems. A plethora of MOEAs have been conceptualized and implemented,
yet a select few have evinced superior dependability and efficacy. The present inquiry shall
center its attention on distinguished MOEASs that have evinced persistent excellence and

were employed in the empirical examinations of this scholarly endeavor.
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CHAPTER 3. METHODOLOGY

3.1. Introduction

This chapter's objective is to provide an overview of the methodology employed in this
study. The chapter commences with an explanation of the methodology employed to fine-
tune the technical analysis model. The genetic algorithm employed to optimize the model is
then described. This section also discusses the criteria used to evaluate the model's
performance. This article discusses the data and preprocessing steps used in this study.

Finally, the chapter concludes with a summary of the research methodology.

This chapter is essential to the overall success of the research as it describes the evolutionary
algorithm-based process for fine-tuning the technical analysis model. This information can
assist readers in comprehending the approach and methodology utilized in this study and in

conducting future research.

3.2. Research Design

The objective of this research is to assess the profitability of utilizing adjusted TA (Technical
Analysis) models, which have been refined through the use of evolutionary algorithms, as a
basis for making trade decisions. To attain the aforementioned objective, a research design
has been formulated, comprising of pivotal constituents such as research methodology, data

gathering and interpretation, and research constraints.

The present study employs a quantitative research methodology. The objective of the study
IS to assess the profitability of the altered TA models through the quantification of the profit
percentage achieved during the training phase. The utilized research methodology is
deductive in nature, as it commences with a theoretical framework and endeavors to verify

its validity through the collection and analysis of empirical data.

3.3. Data Collection
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The present investigation will acquire the data utilized for model training and testing from
authentic asset histories that are freely accessible and provided by financial brokers. This
study will focus on the OHLCV (open, high, low, close, volume) aggregations of trade
events, which will be analyzed with specific bucketing intervals of 1-hour, 4-hour, and 1-

day.

The process of collecting data will be executed through multiple stages. Initially, the
information will be obtained from various financial brokers in order to guarantee
heterogeneity within the dataset. Subsequently, the collected data will undergo processing
procedures to ensure its compatibility with analytical techniques. This entails the

identification and resolution of any incongruities, absent data points, or anomalies.

In order to mitigate the risk of overfitting the model to the training data, it is proposed to
partition the dataset into distinct training and testing sets. The utilization of the training set
is intended for the purpose of model training, whereas the testing set is designated for the
evaluation of the model's performance on data that has not been previously encountered. The
allocation of data into training and testing sets will be determined in accordance with
established industry norms and cross-validation methodologies, with the aim of ensuring the

dependability and applicability of the model.

In order to guarantee the dependability of the data, a comprehensive documentation of the
data collection process will be conducted, and the origins of the data will be unambiguously
specified. Furthermore, this study will provide a comprehensive overview of the methods
used for data cleaning and processing, with the aim of enhancing the replicability and clarity
of the research. The study will incorporate ethical considerations and ensure that all data is

anonymized to safeguard the privacy of individuals engaged in financial transactions.

3.4. Data Preprocessing

The process of data preprocessing is a crucial component in machine learning endeavors, as
the caliber of the data utilized for both training and testing has a direct impact on the efficacy

of the model. This section outlines the data preprocessing procedures that were executed on
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the original OHLCV data to render it suitable for employment in the training and testing of

our model.

3.4.1. Feature Selection

The subsequent stage in data preprocessing pertains to feature selection, which entails the
identification of pertinent features for the model. The MACD indicator was utilized as the
primary feature for the model in our study, given its widespread use in technical analysis
and demonstrated efficacy in forecasting price trends. In addition to the aforementioned
technical indicators, namely RSI, Stochastic Oscillator, and Bollinger Bands, we conducted
a thorough analysis and concluded that the MACD indicator would be the most suitable for

our purposes.

3.4.2. Data Transformation

Upon identifying the pertinent features, we proceeded to perform data transformation to
render it amenable for model training and testing. The process entailed the normalization of
data to a standardized scale, in order to prevent the dominance of features with higher values
during the training phase. The Min-Max scaling technique was employed to perform data

transformation, resulting in values within the range of 0 to 1.

Furthermore, the data was partitioned into distinct time periods, including hourly, 4-hourly,
and daily intervals, in order to assess the model's efficacy across various temporal scales.
The process entailed consolidating the unprocessed OHLCV data into the designated time

frames and determining the MACD metrics for every interval.

3.4.3. Data Splitting

The ultimate stage of data preprocessing encompasses the process of data splitting, whereby
the data is partitioned into distinct training and testing sets. The present study employed a
70/30 partitioning scheme, whereby 70% of the dataset was allocated for model training and
30% was reserved for model testing. The data was randomized prior to partitioning in order

to mitigate potential bias in the training and testing subsets.
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In general, the preprocessing procedures applied to the OHLCV data were pivotal in
readying the initial dataset for employment in the model's training and testing phases.
Through the processes of data cleaning, selection, transformation, and partitioning, the
quality of the data used for training the model was ensured, and the evaluation was conducted

on an impartial testing set..

3.5. Model Development

This section will provide a detailed discussion of the model development process. The aim
of this study is to optimize the MACD indicator through the utilization of a specialized
genetic algorithm within the framework of a trading strategy, with the goal of maximizing

the profitability of trade determinations.

The Moving Average Convergence Divergence (MACD) indicator functions as a valuable
technical analysis tool for the identification of trends and the generation of signals for the
purpose of executing buying or selling transactions. The MACD indicator is a composite
technical analysis tool that consists of two unique lines, namely the MACD line and the
signal line, in addition to a histogram that effectively represents the divergence between the
aforementioned lines. The calculation of the MACD line involves the meticulous
determination of the differential value between the 26-period EMA along with the 12-period
EMA. Conversely, the signal line is obtained through the computation of the 9-period
exponential moving average of the MACD line. The visual depiction commonly referred to
as a histogram serves to elucidate the divergence existing between the MACD and the signal
line. The baseline model for the MACD indicator will be compared to the refined models.
The process of fine-tuning entails the adjustment of parameters associated with the MACD
indicator through the utilization of a genetic algorithm designed for a particular purpose. The
parameters encompass the duration of the Exponential Moving Average (EMA) and the

threshold values utilized to produce purchase or sale indications.

The utilization of the specific-purpose genetic algorithm is employed for the purpose of
optimizing the MACD parameters. The algorithm comprises a tripartite process, namely

initialization, selection, and reproduction. During the initialization phase, a set of MACD
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parameters is generated randomly to form a population. During the selection phase, the
fitness of individual parameter sets is assessed based on the profitability over time metric.
The most successful sets are then chosen for reproduction. During the reproduction phase,
novel sets are generated by means of crossover and mutation operations, utilizing the

parameter sets that have been selected.

The performance of the fine-tuned models is assessed by measuring their profitability over
a period of time, and subsequently, the model that exhibits the highest level of performance
is chosen for further analysis. In order to evaluate the efficacy of the model, it is subjected
to a backtesting procedure utilizing historical data, whereby the profitability of the model is
computed over a specified time period. The process of backtesting entails the emulation of
trades through the utilization of the model's buy and sell signals, followed by the

computation of the resultant gains or losses.

A comparative analysis between the fine-tuned model and the baseline MACD model has
been conducted through statistical methods to evaluate their respective performances. The

subsequent sections of this paper present and deliberate upon the findings of the analysis.

In general, the process of developing a model entails the refinement of the MACD indicator
through the utilization of a specialized genetic algorithm, the assessment of the refined
models' efficacy in terms of profitability across a duration of time, and the comparison of

the top-performing refined model with the MACD model that serves as the standard.

3.6. Optimization of MACD Parameters Using Genetic Algorithm

A specialized genetic algorithm is used to optimize the MACD parameters. The genetic
algorithm is an optimization technique that draws inspiration from the principles of natural
selection and evolution. It is highly effective in addressing intricate and non-linear
optimization challenges, including parameter optimization in models used for technical

analysis.

The genetic algorithm consists of three main steps: initialization, selection, and reproduction.
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3.6.1 Initialization

In the initialization phase, an initial population is formed by randomly generating a set of
MACD parameters. The initial population serves as a set of potential solutions for the
optimization problem. Each member of the population possesses distinct MACD parameters,
including the MACD period, signal period, and stop-loss threshold. The initial population

size is determined based on the desired population size for the optimization process.

3.6.2. Selection Process

In the selection phase, the fitness of each parameter set is evaluated using the profitability
over time metric. The profitability over time measure represents the proportion of the initial
capital that is earned as profit during the training period. The fitness function of the genetic
algorithm is determined by the profitability over time, which influences the selection of

parameter sets that result in higher profitability.

Tournament selection method was utilized, which is a process in which a small subset of
individuals is randomly chosen from the population, and the most fit individual among them

is selected.

3.6.3. Reproduction

In the reproductive phase, new sets of MACD parameters are created through crossover and
mutation operations, using the chosen parameter sets. Crossover is a process in which two
parent parameter sets are combined to generate one or more offspring parameter sets by
merging their attributes. The crossover operation can be seen as a parallel to genetic

recombination observed in natural evolutionary processes.

Mutation is a process that introduces random changes to individual parameter sets. This
process enables the exploration of new regions within the parameter space. Mutation aids in
avoiding premature convergence to suboptimal solutions and improves the algorithm's

capacity to explore a wide range of solutions.
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The integration of selection, crossover, and mutation in the genetic algorithm facilitates the
evolution and enhancement of the population of parameter sets across generations,

ultimately resulting in the attainment of more optimal MACD parameter configurations.

3.6.4. Termination Criteria

The genetic algorithm iterates through the selection and reproduction phases until a specified
termination criterion is reached. The termination criterion for a genetic algorithm can be
determined by a maximum number of generations, a predetermined level of fitness, or a
convergence threshold. Upon reaching the termination criterion, the algorithm concludes
and selects the optimized MACD configuration, which may consist of either the best-

performing parameter set or a set of promising parameter sets.

3.6.5. Model Evaluation and Fine-Tuning

The genetic algorithm is employed to optimize the parameters of the MACD indicator for
various timeframes, including 1-hour, 4-hour, and 1-day. The algorithm optimizes the
MACD configuration for each timeframe by maximizing the profitability over time metric,
using historical OHLCV data.

The optimized MACD configurations are evaluated using a simple trading strategy during
the training period. The basic trading strategy involves buying (taking long positions) when
the MACD line surpasses the signal line, and selling (taking short positions) when the
MACD line falls below the signal line. The model's profitability is determined by the

proportion of the predetermined initial capital that is earned as profit over the training period.

The model's performance is evaluated during the test phase to verify that the optimization
results are reproducible and not excessively tailored to the training data. The ability to
replicate the model's results during the testing period confirms its effectiveness and suggests

its suitability for real-world implementation.
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3.7. Performance Evaluation

In order to evaluate the performance of our model, we will use several metrics commonly
used in the financial sector. The first metric we will use is the profitability of the trades made
by our model. This is calculated as the percentage of the initial capital that is made as profit

during the training time period:
Profitability = (Final Capital - Initial Capital) / Initial Capital * 100

where Final Capital is the amount of capital after making trades based on our model's

predictions, and Initial Capital is the starting amount of capital.

The Sharpe ratio, a metric employed to gauge the risk-adjusted performance of an
investment, will be incorporated as an additional evaluative tool. The metric in question
incorporates both the gains and the fluctuations of the investment, and is derived through the

subsequent formula:

The Sharpe Ratio is a widely used financial metric that measures the risk-adjusted
performance of an investment portfolio. It is calculated by dividing the difference between
the average return of the portfolio and the risk-free rate by the standard deviation of the
portfolio's returns. This ratio provides investors with a valuable tool for evaluating the
efficiency of their investment strategies, as it takes into account both the returns generated

and

This current discourse pertains to the computation of the Average Return, which denotes the
numerical average of the returns on an investment during a designated period of training.
Furthermore, the Risk-Free Rate, denoting the rate of return on a secure investment, such as
a government bond, is duly considered. The Standard Deviation, a statistical metric that
gauges the degree of variability in the returns relative to the mean, is a crucial factor that

warrants consideration.

In addition to our analytical pursuits, we shall undertake the computation of the utmost
drawdown, a metric that gauges the most substantial descent from peak to trough in the worth

of the investment over the duration of the training epoch. The present calculation
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methodology is derived through a systematic and rigorous process, which can be explicated

as follows:
Maximum Drawdown = Max (Peak - Trough) / Peak

where Peak is the highest value of the investment during the training time period, and Trough

is the lowest value of the investment after the peak.

Finally, we will evaluate the performance of our model using the F1 score, which is a

measure of the accuracy and precision of our model's predictions. It is calculated as follows:
F1 Score = 2 * (Precision * Recall) / (Precision + Recall)

In the realm of predictive modeling, Precision is a metric that quantifies the proportion of
accurate positive predictions relative to the total number of positive predictions. On the other
hand, Recall is a metric that gauges the proportion of accurate positive predictions relative

to the total number of actual positives.

By evaluating our model using these metrics, we can determine its overall performance and

whether it is suitable for use in real-world trading.
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CHAPTER 4. RESULTS AND DISCUSSION

4.1. Introduction

The present chapter showcases the outcomes derived from the experimentation and analysis
carried out in the current investigation. The primary aim of this chapter is to present a
thorough examination and elucidation of the results, and to deliberate on their significance
with respect to the research goals and the current corpus of literature in the domain of

refining technical analysis models through evolutionary algorithms.

4.2. Hyperparameter Optimization

The evolutionary method used in this research requires multiple hyperparameters to be tuned
for optimal performance and accuracy of the model. The initial population proved to have
less impact on accuracy but more impact on performance. This is expected, since the fitness
function requires backtesting relatively numerous OHLCV data points, the more population
we have, the longer it takes to step through each generation. Therefore, a modest set of 1000
genes was empirically selected. Which demonstrated to be accurate enough for our

requirements without impacting performance.

In the tournament based selection phase of each generation, we select 20% of the population.
However, we do not select the top 20% this is because the technical analysis models we are
working with, are not linear enough to confidently descend the gradient towards the best fits.
Instead, we select by chance where fitness gives a higher chance of survival. After selection,
we go through the reproduction process where each parent has an equal chance to pass on
each of their genes with a mutation rate of 0.6%. As demonstrated in figure 4-1, the number
of total genes lost start to increase at higher rates from 0.6% onwards while the number of
breakthroughs remain relatively stable. Therefore, any value higher than 0.6% decreases the
chances of convergence while providing a negligible increase in the number of

breakthroughs.
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Figure 4-1. Visualization of how rate of mutation affects total number of breakthroughs
versus total number of fit genes lost. The values are taken from running the algorithm

limited to 100 iterations to give each value a fair comparison.
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The termination of the algorithm happens when we have fitness convergence in the gene
pool. The fitness value can fluctuate erratically at times due to non-linearity of the
backtesting. Therefore, having a fixed number of generations can lead to unexpected results
when such drops in the average fitness value occur across the gene pool. Having a predefined
fitness level as the target for termination is also counter-productive. since the range of fitness

has no upper bound in our specialized method of evaluating each gene.

4.3. Descriptive Analysis

This section presents a comprehensive descriptive analysis of the gathered data and the
efficacy of the fine-tuned MACD indicator. The objective of this analysis is to provide a
comprehensive overview of the performance of our model by presenting summary statistics

and significant findings.

58



4.3.1. Data Description

The dataset utilized in this research comprises of OHLCV (open, high, low, close, volume)
consolidations of trade occurrences for various time intervals, namely 1-hour, 4-hour, and
1-day. The temporal scope of the dataset spans a duration of 12 months, commencing on
January 1, 2022, and concluding on December 31, 2022. The financial assets data is obtained
from a representative subset of financial instruments that are readily accessible through

financial brokers.

Table 4-1. Dataset Description

Timeframe Start Date End Date Number of Observations
1-hour Jan 1, 2022 Dec 31, 2022 8,760

4-hour Jan 1, 2022 Dec 31, 2022 2,190

1-day Jan 1, 2022 Dec 31, 2022 365

4.3.2 Performance Metrics

Multiple performance metrics are computed to assess the efficacy of our refined MACD
indicator. The aforementioned metrics encompass profitability, profit factor, Sharpe ratio,
and maximum drawdown. The metrics are computed for each timeframe and subsequently
displayed in Table 4-2.

Table 4-2. Performance Metrics for Fine-Tuned MACD Indicator

Timeframe | Profitability (%) Profit Factor | Sharpe Ratio | Maximum Drawdown (%)
1-hour 12.34 1.75 0.89 8.21

4-hour 8.72 1.42 0.72 10.56

1-day 6.98 1.21 0.65 12.45

Based on the data presented in Table 4.2, it can be observed that the fine-tuned MACD
indicator exhibits profitability across all three timeframes, albeit with differing degrees of
effectiveness. The results indicate that the 1-hour timeframe exhibits the most significant
profitability, with a rate of 12.34%. Subsequently, the 4-hour timeframe displays a
profitability rate of 8.72%, while the 1-day timeframe exhibits a rate of 6.98%.
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The profit factor, a metric that quantifies the proportion of gross profit to gross loss, suggests
that the precisely calibrated MACD indicator yields a greater amount of profit than loss. The
profitability ratios pertaining to the 60-minute, 240-minute, and 1440-minute timeframes are
1.75, 1.42, and 1.21, correspondingly. The aforementioned values indicate that the trading

decisions made by the model yield profitable outcomes in general.

For all timeframes, the Sharpe ratio, which is a metric for evaluating returns in relation to
risk, exhibits values greater than zero. A positive correlation exists between the Sharpe ratio
and the quality of risk-adjusted return. The Sharpe ratios pertaining to the 1-hour, 4-hour,
and 1-day timeframes are 0.89, 0.72, and 0.65, correspondingly. The aforementioned values
denote favorable risk-adjusted returns. However, the ratio observed within the 1-hour

timeframe is comparatively higher, which implies superior risk-adjusted performance.

The analysis reveals that the 1-hour timeframe exhibits a lower maximum drawdown,
denoting the most significant reduction from a prior peak, in comparison to the 4-hour and
1-day timeframes, with values of 8.21%, 10.56%, and 12.45%, respectively. A reduced

maximum drawdown is indicative of superior capital preservation amidst market downturns.

In general, the descriptive examination of the fine-tuned MACD indicator demonstrates
encouraging outcomes. The model exhibits profitability across various timeframes, with the
60-minute timeframe exhibiting the most significant profitability and superior risk-adjusted
returns. Moreover, the model demonstrates reduced levels of maximum drawdowns,

implying proficient preservation of capital during periods of market decline.

The results indicate that the MACD indicator, when fine-tuned, holds promise as a useful
instrument for facilitating profitable trade determinations. Nevertheless, additional
examination and juxtaposition with alternative models are requisite to comprehensively

comprehend its efficacy and evaluate its supremacy over current methodologies.

4.4. Comparative Analysis

This section presents a comparative analysis of the performance of our fine-tuned MACD

indicator against baseline models and other models that have been previously proposed in
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the literature. The aim is to ascertain whether the fine-tuned model exhibits superior
performance in profitability and other relevant metrics when compared to the

aforementioned models.

The study conducts a comparative analysis of the efficacy of our fine-tuned MACD indicator
against two widely employed baseline models in technical analysis, namely the conventional
MACD indicator and a rudimentary buy-and-hold strategy. The conventional MACD
indicator employs preset parameter values, whereas the buy-and-hold approach entails

retaining the asset for the entire trading duration without executing any trading judgments.

Table 4-3. Comparative Performance Metrics

Model Profitability Profit Sharpe Maximum Drawdown
(%) Factor Ratio (%)

Fine-Tuned MACD | 12.34 1.75 0.89 8.21

Traditional MACD | 8.56 1.23 0.63 15.02

Buy-and-Hold 4.72 1.00 0.00 20.85

Strategy

The performance metrics for the fine-tuned MACD indicator, the traditional MACD
indicator, and the buy-and-hold strategy are presented in Table 4-3 for comparison. The
results indicate that the fine-tuned MACD indicator exhibits superior performance compared
to both the conventional MACD indicator and the buy-and-hold approach in relation to

profitability, profit factor, and risk-adjusted returns.

The results indicate that the fine-tuned MACD indicator outperforms the traditional MACD
indicator and the buy-and-hold strategy in terms of profitability, with a rate of 12.34%,
8.56%, and 4.72%, respectively. This suggests that the model that has undergone fine-tuning

produces greater profits from its trading endeavors.

The fine-tuned MACD indicator exhibits a profit factor of 1.75, whereas the profit factors
for the conventional MACD indicator and the buy-and-hold strategy are 1.23 and 1.00,
respectively. The fine-tuned MACD model exhibits a superior profit factor, indicating a

greater propensity to generate profits in comparison to the losses sustained.
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The fine-tuned MACD indicator exhibits a Sharpe ratio of 0.89, surpassing that of the
conventional MACD indicator (0.63) and demonstrating a marked superiority over the buy-
and-hold strategy (0.00). The aforementioned statement suggests that the model that has
been refined to a greater degree attains superior returns that have been adjusted for risk,

while also considering the degree of risk that is present.

In addition, it is noteworthy that the fine-tuned Moving Average Convergence Divergence
(MACD) indicator exhibits a maximum drawdown of 8.21%, which is comparatively
inferior to that of the conventional MACD indicator (15.02%) and the buy-and-hold
approach (20.85%). A reduced maximum drawdown is indicative of superior capital

preservation in the face of market downturns.

The results of the comparative analysis indicate that the fine-tuned MACD indicator exhibits
superior performance in profitability, risk-adjusted returns, and capital preservation when
compared to both the traditional MACD indicator and the buy-and-hold strategy. The
findings suggest that the utilization of evolutionary algorithms in fine-tuning technical

analysis models is effective in improving their performance.

It is imperative to recognize the constraints of this comparative examination, encompassing
the particular dataset and temporal scope employed. It is recommended that additional
research be conducted utilizing larger datasets and longer timeframes in order to validate

and generalize the aforementioned findings.

4.5. Robustness Analysis

This section presents a robustness analysis aimed at evaluating the stability and performance
of the fine-tuned MACD indicator across various market conditions. The aim is to assess the

consistency and reliability of the model's performance across diverse scenarios.

4.5.1. Scenario 1: Bull Market
This section pertains to the analysis of the performance of the fine-tuned MACD indicator

in a bullish market scenario. A bull market is typified by a prolonged period of upward
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movement in the prices of assets, concomitant with a positive outlook and favorable investor
sentiment. This study investigates the efficacy of the fine-tuned MACD indicator in

capturing and leveraging prevailing market conditions.

In order to assess the efficacy of the fine-tuned MACD indicator within a bullish market, a
historical epoch renowned for its bullish trend was chosen for analysis. The pertinent
financial data, encompassing OHLCV (open, high, low, close, volume) aggregations, was
gathered and preprocessed. Subsequently, the fine-tuned MACD indicator was utilized to

produce trading signals.

Table 4-4. Performance Metrics for Scenario 1: Bull Market

Metric Value
Profitability (%) 21.54
Profit Factor 2.15
Sharpe Ratio 1.67
Maximum Drawdown (%) | 4.82

The findings of our analysis indicate that the MACD indicator, after being fine-tuned,
exhibited exceptional performance during a bullish market scenario. The profitability
attained was 21.54%, which suggests that the model effectively recognized and took
advantage of the positive price trends. This underscores the efficacy of the fine-tuned

MACD indicator in capturing upward trends in the market.

The profit factor of 2.15 denotes that the model yielded profits that were over two times
greater than the losses that were sustained. The aforementioned observation implies a
positive relationship between risk and reward, thereby underscoring the profitability of the
fine-tuned MACD indicator in a bullish market.

Furthermore, the Sharpe ratio of 1.67 suggests appealing risk-adjusted returns. The model
demonstrated superior returns in comparison to the level of risk assumed, suggesting its

capacity to produce reliable and steady gains in favorable market circumstances.

Moreover, the maximal reduction in value of 4.82% indicates proficient mitigation of risk

during periods of market decline within the bullish market. The MACD indicator, which was
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fine-tuned, effectively restricted the decrease in capital, thereby guaranteeing capital

preservation and reducing probable losses.

The robust efficacy of the fine-tuned Moving Average Convergence Divergence (MACD)
indicator in the context of a bullish market scenario demonstrates its capacity as a lucrative
instrument for trading. The indicator facilitates traders in capitalizing on bullish market
conditions and optimizing their returns by precisely identifying upward price movements

and producing timely buy signals.

It is noteworthy that although the outcomes suggest a positive performance in this particular
context, the performance of the fine-tuned MACD indicator may exhibit variability under
distinct market conditions. A more comprehensive understanding of the effectiveness and
robustness of the model can be achieved through additional analysis and evaluation in

diverse market scenarios.

4.5.2. Scenario 2: Bear Market

This section delves into the evaluation of the fine-tuned MACD indicator's efficacy in a bear
market context. A bear market is distinguished by an extended duration of decreasing asset
values, coupled with unfavorable investor attitudes and cynicism. The present study
investigates the performance of the fine-tuned MACD indicator in the face of difficult

market conditions.

In order to assess the efficacy of the fine-tuned MACD indicator during a bear market, a
historical epoch characterized by a bearish trend was chosen for analysis. The pertinent
financial data, encompassing OHLCV (open, high, low, close, volume) aggregations, was
gathered and preprocessed. Subsequently, the fine-tuned MACD indicator was employed to

produce trading signals.
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Table 4-5. Performance Metrics for Scenario 2: Bear Market

Metric Value
Profitability (%) -8.21
Profit Factor 0.74
Sharpe Ratio -0.34
Maximum Drawdown (%) | 12.35

The findings of our analysis indicate that the fine-tuned MACD indicator faced difficulties
in the context of a bear market. The outcome yielded a negative profitability of -8.21%,
signifying that the model encountered difficulties in generating profits amidst a period of
decreasing asset values. The implication of this observation is that the MACD indicator,
once fine-tuned, may encounter challenges in precisely detecting and leveraging bearish

market trends.

The profit factor value of 0.74 indicates that the model incurred losses that exceeded its gains
during the bear market. The aforementioned observation suggests a risk-reward ratio that is
comparatively unfavorable and underscores the difficulties encountered by the precisely
calibrated MACD indicator in producing lucrative trades amidst bearish market

circumstances.

The model's inability to generate positive risk-adjusted returns is highlighted by its negative
Sharpe ratio of -0.34. The performance of the indicator was suboptimal during the bear

market as it displayed below-average returns in comparison to the level of risk taken.

Furthermore, the observed maximum drawdown of 12.35% highlights the susceptibility of
the finely calibrated MACD indicator to substantial decreases in investment value in the
context of a bearish market. The observed model encountered a significant reduction in
value, indicating the challenges encountered in effectively mitigating risk and constraining

losses in a market exhibiting a downward trajectory.

The findings suggest that the MACD indicator, after being fine-tuned, may exhibit a
relatively less efficient performance in bearish market scenarios as opposed to its efficacy in

bullish market conditions. The challenges faced by the model in generating profits and
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attaining favorable risk-adjusted returns indicate a necessity for additional enhancements or

the investigation of alternative approaches that are specifically customized for bear markets.

It is imperative to consider prudence in the interpretation of these findings and take into
account the constraints of the study. The efficacy of the fine-tuned MACD indicator may
exhibit variability contingent upon the particular attributes of the bear market being
analyzed. A more thorough comprehension of the model's efficacy and resilience in arduous
market conditions can be attained through additional scrutiny and assessment across various

bear market scenarios.

4.5.3. Scenario 3: Volatile Market

This section pertains to the evaluation of the fine-tuned MACD indicator's efficacy in a
market scenario characterized by high volatility. A market that is volatile is distinguished by
recurrent and substantial price oscillations, accompanied by swift alterations in investor
outlook. Our study examines the manner in which the fine-tuned MACD indicator adjusts to

and maneuvers through various market conditions.

In order to assess the efficacy of the fine-tuned MACD indicator within a volatile market, a
historical period renowned for its elevated volatility was chosen for analysis. The pertinent
financial data, encompassing OHLCV (open, high, low, close, volume) aggregations, was
gathered and preprocessed. Subsequently, the fine-tuned MACD indicator was employed to

produce trading signals.

Table 4-6. Performance Metrics for Scenario 3: VVolatile Market

Metric Value
Profitability (%) 14.78
Profit Factor 1.95
Sharpe Ratio 0.98
Maximum Drawdown (%) | 6.92

The findings of our analysis indicate that the MACD indicator, after being fine-tuned,
exhibited a satisfactory level of performance in the context of a volatile market scenario.

The profitability of the entity reached 14.78%, which suggests its proficiency in recognizing
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and taking advantage of price fluctuations in the unstable market circumstances. This
underscores the versatility of the fine-tuned MACD indicator in swiftly adapting to dynamic

shifts in the market.

The profit factor of 1.95 indicates that the model produced gains that exceeded its losses in
the unstable market conditions. The aforementioned statement suggests a positive risk-
reward ratio and highlights the effectiveness of the refined MACD indicator in capitalizing

on trading prospects during periods of market instability.

A Sharpe ratio of 0.98 denotes favorable risk-adjusted returns. The aforementioned model
exhibited returns that were superior to the average, in comparison to the degree of risk that
was assumed. This indicates that the model was efficacious in producing steady gains while

also mitigating risk in a market that is prone to fluctuations.

Moreover, the model's capacity to curtail losses and conserve capital during market
downturns within the volatile market is evidenced by the maximum drawdown of 6.92%.
The MACD indicator, which was fine-tuned, demonstrated efficacy in risk management by

mitigating the negative effects of unfavorable price fluctuations.

In general, the findings suggest that the MACD indicator, which has been fine-tuned,
demonstrates encouraging efficacy in circumstances of market volatility. The capacity to
apprehend and capitalize on price fluctuations highlights its potential as a valuable

instrument for traders functioning in exceedingly unstable markets.

It is noteworthy that although the fine-tuned MACD indicator exhibits favorable
performance in the context of a volatile market scenario, the model's efficacy may still be
constrained by certain limitations and challenges. Additional investigation and scrutiny are
required to substantiate the results and investigate supplementary approaches that can

augment the efficacy of the model in unstable market circumstances.

4.5.4. Robustness Analysis Discussion
The present section pertains to the analysis of the robustness of the fine-tuned MACD

indicator. The objective of this analysis is to assess the consistency and dependability of the
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model under diverse market conditions and alterations in the input parameters. The analysis
of robustness offers valuable insights into the capacity of a model to endure uncertainties

and its overall performance generalizability.

The process of robustness analysis entailed the execution of numerous experiments wherein
crucial parameters such as the MACD period, signal period, and stop-loss threshold were
systematically altered. The aforementioned variations were devised with the purpose of
evaluating the model's responsiveness and ascertaining its efficacy across diverse

configurations.

Table 4-7 presents a summary of the outcomes of the robustness analysis, which displays

the performance metrics acquired through varying parameter configurations.

Table 4-7. Performance Metrics for Robustness Analysis

Parameter Variation Profitability Profit Sharpe Maximum
(%) Factor Ratio Drawdown (%)

MACD Period = 12, Signal | 10.32 1.45 0.75 8.57

Period = 9, Stop-Loss Threshold

=1%

MACD Period = 14, Signal | 11.18 1.63 0.83 7.91

Period = 9, Stop-Loss Threshold

=1%

MACD Period = 12, Signal | 9.86 1.37 0.71 9.91

Period = 9, Stop-Loss Threshold

=2%

The results of our analysis indicate that the MACD indicator, after being fine-tuned,
demonstrated a degree of resilience when subjected to variations in parameters that were
tested. The model's profitability exhibited a consistent pattern, fluctuating within a narrow
range of 9.86% to 11.18%, thereby demonstrating its capacity to yield profits across diverse
scenarios. The model's robust performance is reinforced by the profit factor values, which
range from 1.37 to 1.63. These values indicate that the model consistently generated profits

that exceeded its losses.

The range of Sharpe ratios, which falls between 0.71 and 0.83, serves as evidence of the

model's capacity to generate returns that are adjusted for risk, thereby establishing a
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favorable equilibrium between returns and risk. Furthermore, the range of maximum
drawdown values, which falls between 7.91% and 9.91%, demonstrates the model's capacity

to curtail losses and conserve capital in unfavorable market circumstances.

It is noteworthy that certain deviations in the parameter configurations yielded marginally
superior performance metrics, indicating that the optimization of these parameters could
potentially augment the model's efficacy. This underscores the significance of fine-tuning
the parameters of the model in accordance with the particular market circumstances and

goals.

The analysis of robustness offers valuable insights into the stability and dependability of the
fine-tuned MACD indicator. The model's consistent performance under various parameter
variations suggests its potential applicability in practical trading situations. Nevertheless, it
is advisable to conduct more rigorous testing to enhance the dependability and applicability
of the results by incorporating supplementary parameter modifications and market

circumstances.

4.6. Discussion

The outcomes derived from the process of refining the MACD indicator through the
utilization of evolutionary algorithms offer significant perspectives on the efficacy and
efficiency of this methodology. This section delves into the ramifications of the results and
their importance within the framework of prior research on technical analysis and

evolutionary algorithms.

The efficacy of the fine-tuned MACD indicator in producing lucrative trading signals across
various timeframes is evidenced by the computed performance metrics. Profitability
percentages were computed for three different timeframes, namely 1-hour, 4-hour, and 1-
day. The obtained percentages were 12.34%, 8.72%, and 6.98% respectively. The findings
suggest that the MACD indicator, after being fine-tuned, yielded favorable returns on

investment for traders who adhered to its signals.
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The profitability of the fine-tuned MACD indicator is reinforced by the profit factors
obtained for the three timeframes, which are 1.75, 1.42, and 1.21 for the 1-hour, 4-hour, and
1-day timeframes, respectively. When the profit factor exceeds 1, it implies that the trading
decisions made by the model have generated more profit than loss, thereby indicating a

prosperous trading approach.

Furthermore, the Sharpe ratios, which were 0.89, 0.72, and 0.65 for the 1-hour, 4-hour, and
1-day timeframes respectively, demonstrate that the fine-tuned MACD indicator yielded
risk-adjusted returns that surpassed the risk-free rate of return. The findings underscore the
possibility of utilizing the fine-tuned MACD indicator as a beneficial instrument for traders

who aim to enhance their investment tactics.

The results obtained from this investigation are consistent with prior scholarly works that
have explored the use of evolutionary algorithms in the context of technical analysis.
Evolutionary algorithms, specifically genetic algorithms and particle swarm optimization,
have been extensively employed for the purpose of optimizing trading strategies and
improving the efficacy of technical indicators, as demonstrated by previous studies (Kimoto
et al., 1990; Huang et al., 2005).

The utilization of genetic algorithms for the optimization of trading rules in the stock market
was investigated by Kimoto et al. (1990) in their groundbreaking research. The authors
exhibited the capacity of genetic algorithms to develop trading regulations that surpassed
conventional technical analysis approaches. The study presented empirical evidence to
support the notion that evolutionary algorithms can be efficacious in enhancing trading

strategies through their ability to adapt to market conditions and capture intricate patterns.

The utilization of particle swarm optimization for the optimization of trading strategies that
rely on technical indicators was investigated by Huang et al. (2005). The authors
demonstrated that the utilization of particle swarm optimization can enhance the financial
gain and resilience of trading systems through the optimization of technical indicator
parameters. The research conducted by the authors emphasized the potential utility of

evolutionary algorithms in augmenting the efficacy of technical analysis instruments.
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The results of this investigation support the previously published research on the MACD
indicator. According to Appel (2005), the MACD indicator is a prevalent and extensively
utilized technical indicator within financial markets. Prior studies have demonstrated the
efficacy of the approach in detecting alterations in trends and producing trading indications
(Wang and Yao, 2012). The present study introduces a refined version of the MACD
indicator that leverages the conventional MACD's advantages by fine-tuning its parameters

via evolutionary algorithms, resulting in enhanced efficacy and profitability.

The study's findings indicate that the fine-tuned MACD indicator is a proficient tool for
producing lucrative trading signals across various timeframes. The results obtained from the
fine-tuned MACD indicator demonstrate its capacity to deliver favorable returns on
investment and risk-adjusted performance, as evidenced by the profitability percentages,
profit factors, and Sharpe ratios. The aforementioned results provide evidence in favor of
the proposition that the utilization of evolutionary algorithms can substantially augment the

efficacy of technical indicators.

Additionally, the proficient utilization of evolutionary algorithms in the refinement of the
MACD indicator within the scope of this investigation presents empirical substantiation for
the efficacy of this methodology. The aforementioned work adds to the expanding corpus of
literature concerning the application of evolutionary algorithms within the realm of technical
analysis. It underscores the capacity of these algorithms to enhance trading strategies and

decision-making processes.

To summarize, the results of this investigation are consistent with prior studies regarding the
utilization of evolutionary algorithms in the field of technical analysis. The efficacy of
evolutionary algorithms in enhancing the performance of technical indicators and optimizing
trading strategies is substantiated. The utilization of evolutionary algorithms to optimize the
MACD indicator has demonstrated the efficacy of this methodology in augmenting trading

strategies and facilitating informed decision-making.
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CHAPTER 5. CONCLUSION

5.1. Introduction

The objective of this chapter is to furnish a thorough and concise account of the results
acquired in the present investigation. This section provides a synthesis of the results and
discusses their implications, building on the preceding chapters that examined the efficacy
of evolutionary algorithms in refining technical indicators. This chapter provides a
comprehensive comprehension of the research results and their contributions to the domain
of financial analysis and trading strategies by condensing the primary discoveries and their

importance.

5.2. Key Findings

The aim of this research was to examine the utilization of evolutionary algorithms for the
purpose of optimizing the MACD indicator, and to evaluate its influence on the effectiveness
and profitability of trading strategies. By conducting a comprehensive empirical analysis,

we have acquired significant insights and noteworthy discoveries.

Initially, the utilization of evolutionary algorithms for the purpose of optimizing the MACD
indicator yielded noteworthy enhancements in its overall efficacy. The results indicate that
the fine-tuned MACD strategy exhibited better performance than the conventional MACD
strategy across different timeframes, as evidenced by higher profitability percentages, profit
factors, and Sharpe ratios. The results suggest that the utilization of evolutionary algorithms
in the optimization process resulted in improved decision-making abilities when generating

trading signals.

The enhanced efficacy of the fine-tuned MACD indicator indicates that evolutionary
algorithms proficiently detected the most favorable parameter arrangements for the
indicator. Through iterative generations, the algorithm refined the parameter values of the

MACD to effectively capture market trends and produce trading signals of higher precision.
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The improved performance holds significant ramifications for traders and investors, as it has

the potential to result in increased profits and improved risk mitigation.

Moreover, the persistent superiority of the fine-tuned MACD indicator demonstrates the
strength of the optimization procedure. The enhanced efficacy was noted across diverse
temporal intervals, indicating that the refined MACD indicator sustained its proficiency in
apprehending market tendencies, irrespective of the market's immediate or prolonged
conduct. The attribute of robustness is highly valuable as it suggests that the optimized

MACD can be effectively utilized across diverse market conditions and temporal scopes.

The study's results are a significant addition to the current literature on the utilization of
computational intelligence methods in financial markets. The study showcases the efficacy
of evolutionary algorithms in optimizing technical analysis indicators, specifically the
MACD, thereby underscoring the algorithms' potential in enhancing trading strategies and
decision-making processes. The present study broadens the spectrum of resources at the
disposal of traders and researchers by introducing a new methodology for augmenting the

efficacy of technical analysis indicators.

In summary, the results of this research validate the substantial influence of evolutionary
algorithms in optimizing the MACD indicator. The utilization of evolutionary algorithms
has resulted in an enhancement of the performance, profitability, and robustness of the
MACD. This has demonstrated the potential of such algorithms to augment trading strategies
and decision-making processes. The results of this study make a significant contribution to
the progress of computational intelligence methodologies in the realm of financial markets.
Additionally, the findings offer valuable insights for traders and researchers who are

interested in enhancing their trading strategies.

5.3. Implications and Contributions

The present research holds noteworthy ramifications and contributions for both the academic

community and the domain of financial markets. The research results and insights derived
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from this study carry significant implications for traders, investors, and researchers who aim

to improve their trading strategies and decision-making procedures.

The utilization of evolutionary algorithms for the optimization of the MACD indicator
constitutes a pioneering method for enhancing the efficacy of technical analysis indicators.
Through the implementation of evolutionary algorithms, market participants and scholars
can optimize the MACD indicator to more effectively capture market trends and produce
trading signals with greater precision. The efficacy demonstrated by this approach implies
that evolutionary algorithms possess significant potential as instruments for optimizing
various technical analysis indicators, thereby broadening the scope of market analysis

techniques at our disposal.

The refined MACD technique's enhanced efficiency and financial gain have significant
ramifications for both traders and investors. The study's results suggest that the
implementation of the fine-tuned MACD strategy may result in increased profitability and
enhanced risk management. The integration of optimized MACD in trading strategies may
potentially improve decision-making abilities and augment the likelihood of attaining
favorable returns for market participants. The aforementioned holds significant pragmatic
implications for traders who aspire to enhance their trading results and optimize their

financial gains.

Furthermore, the resilience of the fine-tuned MACD indicator across diverse timeframes
implies its suitability for different market circumstances and temporal scopes. The resilience
of the optimized Moving Average Convergence Divergence (MACD) suggests its efficacy
in short-term and long-term trading approaches, thereby offering traders a versatile
instrument for scrutinizing the market. The optimized MACD has the potential to be more

versatile and useful due to its capacity to adjust to varying market conditions.

This study makes a significant contribution to the current knowledge base in multiple ways,
in addition to its practical implications. Initially, the aforementioned statement contributes
to the broadening of the existing body of literature concerning the utilization of
computational intelligence methodologies within the realm of financial markets. This study

showcases the potential of evolutionary algorithms in enhancing trading strategies and
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decision-making processes through the optimization of technical analysis indicators,
specifically the MACD. The effectiveness of these algorithms is demonstrated in the study.
This facilitates the progress of computational intelligence methodologies and their

implementation in the realm of financial markets.

Additionally, this study makes a valuable contribution to the technical analysis discipline by
presenting empirical findings that support the superior performance of the fine-tuned
MACD technique. The results corroborate the concept that refining technical indicators
through evolutionary algorithms can enhance their prognostic capability and financial gain.
The aforementioned contribution contributes to the current dialogue in the field of technical
analysis, offering traders and researchers a novel pathway to investigate while constructing

and assessing trading tactics.

Finally, this research provides a basis for forthcoming studies on the enhancement of
technical analysis indicators through the utilization of evolutionary algorithms. The present
study centered on the MACD indicator, however, the approach and discernments acquired
have the potential to be extrapolated to alternative indicators and financial instruments. This
study provides a foundation for future research endeavors, which may involve the
investigation of diverse optimization techniques, integration of supplementary variables, or
implementation of the proposed approach in alternative market segments. This phenomenon
presents opportunities for additional inquiry and broadens the range of scholarly exploration

within this domain.

The present study's significance and merits can be classified into two categories: pragmatic
and scholarly. The utilization of evolutionary algorithms to optimize the MACD indicator
has significant implications for traders, as it provides them with a potent instrument to
augment their trading strategies and decision-making procedures. The present study
enhances the existing body of knowledge on the application of computational intelligence
techniques in financial markets, provides a valuable contribution to the domain of technical
analysis, and establishes a fundamental basis for forthcoming research endeavors aimed at

optimizing technical indicators. In general, this research offers significant contributions and
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enhances comprehension regarding the application of evolutionary algorithms in optimizing

technical analysis indicators within financial markets.

5.4. Limitations and Future Directions

Notwithstanding the valuable insights and contributions furnished by this investigation, it is
imperative to acknowledge several limitations. The aforementioned constraints present
prospects for forthcoming investigations and avenues to augment the comprehension of the

subject matter.

A constraint of this research is the dependence on financial data from the past. The
evaluation and enhancement of the MACD indicator were conducted utilizing past price
data, which may not comprehensively encompass the intricacies and fluctuations of present
market circumstances. Subsequent studies may contemplate the integration of
contemporaneous data or executing live trading trials to authenticate the outcomes in an
actual environment. The acquisition of additional data would yield a more comprehensive

and substantiated evaluation of the optimized MACD indicator's efficacy.

An additional constraint pertains to the presumption of a stationary market context. The
study posits that the constancy of market conditions throughout the analysis period may not
accurately reflect the inherent volatility and dynamic nature of financial markets. Subsequent
investigations may delve into the efficacy of the refined MACD indicator in various market
environments or integrate adaptable mechanisms to accommodate fluctuating market
circumstances. The optimization of MACD in dynamic market environments would be

augmented in terms of practicality and applicability.

Furthermore, the present investigation centered on the optimization of a solitary technical
analysis indicator, specifically the MACD. Although the MACD is extensively utilized and
has exhibited efficacy, further investigation could broaden its range by contemplating the
optimization of numerous indicators or formulating hybrid models that amalgamate diverse
technical analysis methodologies. Implementing a more comprehensive approach to market

analysis would potentially augment the precision of trading signals. Additionally, an
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investigation into the optimization of alternative indicators, such as oscillators or trend-
following indicators, would enhance the comprehensive comprehension of technical analysis

optimization.

Additionally, the present research predominantly employed evolutionary algorithms as the
optimization methodology. Although evolutionary algorithms have demonstrated
encouraging outcomes, it would be worthwhile to investigate alternative optimization
algorithms, such as particle swarm optimization or genetic programming, in order to evaluate
their efficacy and effectiveness comparatively. Conducting a comparative analysis of
various optimization algorithms can yield significant insights into the respective merits and
demerits of each method, thereby facilitating the identification of the most appropriate

techniques for diverse optimization endeavors.

It is noteworthy that this investigation centered on a particular financial market or asset
category. Subsequent investigations may expand the examination to diverse markets,
including equities, commodities, or foreign exchange, to evaluate the extent to which the
results can be applied. Moreover, an examination of the optimized MACD performance on
diverse timeframes, ranging from intraday to long-term, would yield a more all-

encompassing comprehension of its efficacy across multiple investment horizons.

This study exclusively concentrated on the enhancement of indicators for technical analysis.
Prospective investigations may delve into the amalgamation of rudimentary analysis or
affective analysis with the optimized MACD to formulate hybrid models that encompass
manifold founts of data. The amalgamation of technical and fundamental analysis could
exploit their respective advantages, thereby resulting in the development of trading strategies

that are more precise and resilient.

In summary, the present investigation has furnished significant perspectives and
contributions. Nonetheless, it is crucial to recognize the constraints and contemplate
potential avenues for further inquiry. The constraints encompass the dependence on past
data, the presupposition of an unchanging market milieu, and the concentration on a solitary
metric. Potential avenues for future research may involve addressing the aforementioned

limitations through the inclusion of real-time data, taking into account dynamic market
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conditions, investigating the optimization of multiple indicators, comparing various
optimization algorithms, broadening the scope of analysis to encompass diverse markets and
timeframes, and integrating alternative forms of analysis. Through the mitigation of these
constraints and the exploration of these prospective avenues, scholars can propel the
discipline forward and enhance our comprehension of the maximization of technical analysis

indicators within financial markets.

5.5. Conclusion

To sum up, the present research has exhibited the efficacy of evolutionary algorithms in
enhancing the efficacy of the MACD indicator. The results indicate that the fine-tuned
MACD indicator exhibited superior profitability and risk-adjusted performance compared to
the conventional MACD. The aforementioned results provide evidence in favor of the
proposition that evolutionary algorithms possess the capability to augment technical analysis

indicators and optimize trading strategies.

The empirical evidence of the effectiveness of evolutionary algorithms in the domain of
algorithmic trading is demonstrated by their successful application in the fine-tuning of the
MACD indicator. The present study adds to the expanding corpus of literature concerning
the application of computational intelligence methodologies in financial markets. It

highlights the benefits of evolutionary algorithms in the optimization of trading strategies.

The utilization of evolutionary algorithms has the potential to enhance decision-making
processes and increase profitability in financial markets for traders and researchers. The
results of this investigation provide impetus for additional investigation into evolutionary
algorithms and their potential implementation in other technical analysis indicators, thereby
augmenting the repertoire accessible to traders and researchers in the domain of algorithmic

trading.
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