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“One of the first conditions of happiness is that the link between man and nature shall not be 

broken.” 
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ABSTRACT 

 The curiosity of investors regarding Environmental, Social and Governance (ESG) factors has 

seen a growth in the last few years (Alcoforado, 2016), as the world faces some of its biggest problems 

to date, such as Climate Change and Ecological Collapse. As these issues are not to be taken lightly, 

individuals have started to act, in the hopes of creating a ‘greener’ world. As individuals hope to align 

with principles such as Sustainability and Veganism, the proposed project hopes to build a Vegan and 

Sustainable Index Fund, as “An investment is not an investment if it is destroying our planet.” (Shiva, 

2017).  

 The aim of the proposed work is, consequently, to build and optimize an Industry and 

Geographical diversified Index Fund, using a Genetic Algorithm (GA), demonstrating this through the 

incorporation of Vegan and Sustainable companies, in addition to the global top-50 ESG ranked firms. 

Index Funds, which are mutual or Exchange-Traded Funds (ETF), are known to be passively managed 

portfolios, which have been broadly used in hedge trading (Orito, Inoguchi, & Yamamoto, 2008).  

 This study uses historical data from Vegan, Sustainable and ESG-ranked companies as sample 

data, replacing traditional optimization methods using a Genetic Algorithm.  

 The GA method was applied to a sample of 61 assets, regarding vegan and sustainable 

companies, further obtaining a well-diversified and non-centred asset allocation. The obtained results 

confirm the possible efficiency of genetic algorithms, given their high-speed convergence towards a 

better solution. A few functions were presented in the algorithm, for example the penalty function 

method, to perform portfolio optimization which expects to maximize profits and minimize risks. Some 

flaws have been identified in regard to the method applied. 
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1. INTRODUCTION 

1.1. BACKGROUND AND PROBLEM IDENTIFICATION  

 In recent years, several publications have grabbed the attention of the public, concerning 

Climate Change and Animal Cruelty. It is well established that in case our generation does not change 

its erroneous actions, the earth will not be fit for future generations to thrive. In 2019, Amina 

Mohammed, United Nations Deputy Secretary General, penned a post named “Making decisions to 

save our planet now, for future generations” which underlines the urgency to act. Even though the 

above-mentioned topics can be delicate, it is essential to introduce them to the overall humanity and 

specific industries which have been neglecting the health and livelihood of the globe’s inhabitants 

(McMichael, Campbell-Lendrum, Corvalán, Ebi, Githeko, Scheraga & Woodward, 2003). 

 To this day, various worrying statements have been released. One of these, by the well-known 

Kip Andersen, mentions the following: “Cows and other farmed animals produce a substantial amount 

of methane from their digestive processes. Methane gas from livestock is 86 times more destructive 

than CO2 from vehicles.”. Over the years, the beforementioned has been confirmed through different 

organizations, namely the Food and Agriculture Organization of the United Nations which, in 2006, 

claimed “Animal agriculture is responsible for 18 percent of greenhouse gas emissions, more than the 

combined exhaust from all transportation.” (Andersen & Kuhn, 2014). 

 Furthermore, vegan, vegetarian, and plant-based diets are associated with great reductions in 

greenhouse-gas emissions. A shift to a plant-based life is believed to reduce mortality, as well as 

greenhouse gases by 10% and 70%, respectively, by 2050 (Physicians Committee for Responsible 

Medicine, n.d.). Additionally, the global plant-based food market is projected to reach a worth of 

around 74.2 billion dollars by 2027 (Meticulous Research, 2020). The success of such sector stands as 

the reason investors are particularly interested, as they witness the growth of companies within the 

segment.  

 The above stated can be substantiated by several studies. One of these studies is the one 

developed by Research and Markets which, in March 2021, released a report concerning the Vegan 

Food Delivery market, underlining its size, share, the impact Covid-19 represented and, lastly, a 

forecast regarding 2027. This forecast can be shown below (Figure 1), representing the result of a 

comprehensive research, using in-depth data and contemporary analysis. This was accomplished at a 

global, regional, and key country level, further split by different sub-segments of the named industry. 

As seen below, the industry is expected to grow around 1.99 times, considering 7 years, at a Compound 

Annual Growth Rate (CAGR) of 10.3%. 
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As financial markets grow bigger, more investors consistently attempt to build systematic 

approaches intended to predict prices and movements (Vieira, 2020). The development of this project 

will support individuals who wish for an outsider to assume responsibility for screening companies and 

selecting the best investments. Consequently, an Index Fund will be created, considering vegan and 

ESG factors, the latest aligning positive returns with long-term impacts, not only on society but also on 

the environment and the performance of a business. 

 It is worth mentioning that, although one Vegan Climate Index has been developed, the United 

States Vegan Climate Index (VEGAN), it is believed to be crucial for investors to buy from geographically 

diversified stocks, as it lowers the overall level of investment risk (Barclays, n.d.). Figure 2 showcases 

the possibility of portfolio diversification when considering different geographies. It should be once 

again noted the percentages shown are purely illustrative, as these should not be considered as 

guidance to be followed. 

This should not be overlooked as each geographic area can act autonomously, considering the 

impact of external factors. A gap will be filled in the research field by creating additional knowledge 

through the intended universal Vegan and Sustainable Index.  

 

 

 

 

Figure 1. Global Vegan Food Delivery Market. Adapted from a published report entitled 
‘2021 Vegan Food Market’. 



 

3 
 

 

 

 

 

 

 

 

 In addition to the above stated, there is another index which, according to Stoxx, “(…) offers a 

representation of the leading global companies in terms of environmental, social and governance 

criteria, based on ESG indicators provided by Sustainalytics. (…)”. This index, entitled ‘STOXX Global 

ESG Leaders’, is made of the following three ESG sub-indices: (i) the STOXX Global ESG Environmental 

Leaders; (ii) the STOXX Global ESG Social Leaders; and (iii) the STOXX Global ESG Governance Leaders 

indices.  

1.2. RESEARCH OBJECTIVES  

 The thesis, titled ‘A Fresh Green Index in the World: Building and optimizing a Vegan and 

Sustainable Index Fund using a Genetic Algorithm and a Heuristic Local Search’, studies the Vegan Stock 

Market, emphasizing the theme of optimizing a global and sector-diversified index, built around Vegan 

and Sustainable Publicly Traded Stocks, in addition to the Top-50 ESG ranked Publicly Traded Stocks.  

 To achieve the beforementioned fund, stocks were chosen thoroughly. In the data collection 

phase, there was a retrieval of datasets, with subsequent cleaning and treatment processes. Obtaining 

the required data with success lead to the implementation and optimization of the algorithm, 

therefore achieving the proposed index. Prior to this, the N issues included in the index will be selected 

by an HLS. After obtaining the required index, an analysis of results was developed, in addition to a 

conclusion. 

Figure 2. Adapted from image retrieved from Parsec Financial. Data provided by Bloomberg. For illustration purposes 
only. 
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It should be addressed the factor which differentiates the index to be presented is the vast link 

between its vegan nature, as well as its ESG background (Figure 3). 

 

 

 

 

 

 

 

 

Nowadays, companies around the world have been employing Advanced Analytics to sustain 

their decision-making process. On the other hand, conventionally, businesses have used Statistics and 

Business Intelligence for this purpose. However, as technology is advancing, more complex models are 

gaining popularity among its users. The main reason behind the increasing interest in Machine Learning 

(ML) and Deep Learning (DL) models is the fact these achieve superior prediction accuracy 

(Napiórkowska, 2019). For this reason, the proposed portfolio was achieved through the 

implementation of a GA portfolio scheme. 

 Readers should, therefore, expect to be presented with a GA portfolio scheme to optimize the 

established index fund, as Genetic Programming (GP) “(…) has been considered one of the most 

successful existing computational intelligence methods and capable to obtain competitive results on a 

very large set of real-life application against other methods.” (Oliveira, 2016:29). The mentioned 

scheme was expanded and, consequently, delivered an optimal selection of stocks using key variables. 

It is also an objective of this thesis to present information in tables, as well as graphs. 

1.3. STUDY RELEVANCE AND IMPORTANCE 

 Climate Change and Animal Cruelty have been enormous problems for several years. According 

to the European Environment Agency, “Climate change is one of the biggest challenges of our times.”.  

 

Figure 3. Venn diagram resembling the placement of the index to be developed. Source: 
own research. 
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 The option of associating the investment sector with the Vegan industry is due to a substantial 

personal desire, along with a worldwide need for transformation. Moreover, it is worth stating the 

immense importance this practical study brings, not only to sustainability-driven investors, but also to 

the financial sector, given financial agents are able to profit from ML based systems to plan and 

monitor financial investments more accurately and, therefore, achieve higher returns. As mentioned, 

this thesis adds new meaning to existing information, taking into consideration its output will generate 

unseen conclusions in the beforementioned sectors. 

1.4. DISSERTATION DESIGN 

 Taking into consideration the end goal this research conveys, the methodology applied, which 

is data-driven, was divided into 5 stages, being those the following: (i) Identifying the problem; (ii) 

Developing a solution to the identified problem; (iii) Composing a research design; (iv) Collecting, 

treating, and analyzing retrieved data; and (iv) Assembling and improving the report and, 

subsequently, its final presentation. The first stage, (i), identifies the question and highlights its 

reasonings. The ultimate identified research question is “What will be the optimized Index Fund, only 

considering the incorporation of Vegan and Sustainable companies, in addition to the global top-50 

ESG ranked firms?”. The second phase, (ii), saw the development of a ML Genetic Algorithm, used to 

optimize the desired Index Fund. Throughout the development of stage 3, the exploratory study 

commenced, considering the identification of key variables, along with the sample size. This phase 

accounted for the definition of the structure of the equation to be introduced in the model, as well as 

the different variables to be collected from the sample. Phase 4 is the central phase. The data, 

retrieved from Yahoo Finance was pre-processed to be inserted into the algorithms. In the final phase, 

the evaluation of the obtained results of the questions defined was established. The last phase consists 

of a summary of information in a written report, to be presented to the public.  

1.5. EXPECTED CONTRIBUTIONS 

 As the outcome of this research is believed to be successful, there are three main 

contributions. First, the work is expected to contribute to the advancement of human knowledge 

through the addition of a new Green Index. Second, future research should be pinpointed, persuading 

individuals into developing a leading topic. Finally, the biggest contribution would be to globally impact 

the actions of future investors, attaining a healthier planet.  

 The author would like to address that considering Index Funds, mutual or Exchange-Traded 

Funds (ETF), are known to be passively managed portfolios, the concepts will be intertwined solely for 

the purpose of this study. 
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2. LITERATURE REVIEW 

 There is a vast amount of literature regarding the forecasting of stock markets including 

distinct approaches ranging from advanced Machine Learning algorithms to traditional statistical 

models. During the writing of this dissertation different studies were conducted and deeply analysed 

to identify the best approach to be followed, as distinct markets and resources require specific models. 

 To form a portfolio consisting of the highest expected return for a specific level of risk 

tolerance, modern portfolio theory delivers a sophisticated paradigm. Harry Markowitz, the inventor 

of the beforementioned theory, initially formulated the fundamental theorem of Mean–Variance 

portfolio framework. Such framework is known to explain the trade-off between mean and variance, 

each being representative of the expected returns and risk of a specific portfolio, respectively. 

Although Markowitz’s theory only uses the mean and variance to describe the characteristics of return, 

it became one of the foundations of modern portfolio theory (Fama, 1970; Hakansson 1970, 1974; 

Merton, 1990; Mossin, 1969). Following this initial step, great progress in portfolio theory and practice 

was made. 

 The valuable literature on optimization algorithms (utilized to achieve a better optimal 

solution) uses, for the most part, the optimization methods of Markowitz, such as the mean-variance 

model, as well as the factor and neural network models, among others.  

 It was in 1984 that (Perold, 1984) suggested using the mean-variance model for index tracking. 

(Haugen & Baker, 1990) believed beta, volatility and determination coefficients could be used to 

calculate the tracking capability of said model. (Gaivoronski, Krylov, & van der Wijst, 2005) examined 

the difference between tracking a portfolio and a benchmark index with several methods. For their 

part, Yu et al. (2006) improved the Markowitz model for index tracking.  

 Secondly, the factor model can also be used to track indices. In 1989, Rudd proposed a 

portfolio selection method, then creating a portfolio with beta, relevant to an index. Corielli and 

Marcellino (2006) presumed stock prices as being driven by the factor model. Canakgoz and Beasley 

(2009) used a mixed integer programming model.  

 Some scholars, as indicated in the following paragraphs, applied cointegration and other 

optimization methods to track indices. Cointegration was used to optimize the weight of the tracked 

portfolio. The tracking error (TE) measurement was used to assess the difference between the return 

of the tracked portfolio and the return of the target index, further evaluating the performance of index 

tracking. Meade and Salkin (1990) used the quadratic programming to minimize this TE.  
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 Jansen and van Dijk (2002) studied the tracking error minimization by limiting the number of 

constituent stocks in the tracking portfolio. Gaivoronski et al. (2005), for their part, discussed 

numerous measurement methods for tracking this error.  

 Jeurissen & van den Berg (2005) produced an index tracking approach using a hybrid genetic 

algorithm, defining TE as a measure used to evaluate fitness (Mezali, 2013). The weights associated 

with a particular stock in the tracking portfolio were, therefore, decided by using a genetic algorithm. 

The mentioned authors presented an index tracking model, one which was based on the reduction of 

the variance of the difference between the return of the tracking portfolio and index return. This 

model, a quadratic program, did not consider transaction costs, to be mentioned further along in this 

thesis.  

 To sum up, most academics have made use of traditional optimization algorithms, including 

the mean-variance and factor models, previously mentioned, in addition to the cointegration 

optimization method. Only a small number of academics researched other methods, such as the neural 

network algorithm.  

 A drawback was that, as most specialists built the mentioned tracking models based on stock 

prices or returns, they did not, however, i. Compare the tracking model based on stock prices with that 

based on stock returns; and ii. Consider the sample stock selections of the tracked portfolio. Instead, 

researchers leaned on the rank of market value or even random sampling to select sample stocks. The 

results of these models could, therefore, be affected as some valuable information could be 

overlooked. 

 Regardless of the algorithm in use, it is known that ML can be “(…) a respectable instrument 

that can allow the better understanding of all relationships between underlying variables (…).” (Vieira, 

2020:7). 

 As for Genetic Programming, which belongs to the ML domain, it is not a new topic considering 

its origins go back to, at least, the 1950s. Ever since then, there has been a great number of research 

papers on the topic. One of the first descriptions of this optimization algorithm was made by Koza 

(1992) stating that “Genetic Programming is a problem-solving approach in which computer programs 

evolve producing new individuals, based on Darwinian principle, changing the syntax of the parents 

without taking into account the semantics of the individuals, in order to solve a problem.” (Koza, 1992). 

 In Genetic Programming, one of the most important insights was the Genetic Semantic (Koza, 

1992). This assessment provided new insights concerning the relation between program syntax and 

semantics, search operators and fitness landscape. Nevertheless, this methodology held a strong 
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limitation because it produced offspring larger than their parents, hence creating very large-sized 

programs. To overcome this limitation, Vanneschi, Castelli, and Silva (2013) implemented a new 

approach, making it feasible to use such operators in a useful and efficient way. This new approach 

was further explored, seeing its applications presented in real life problems related to the electricity 

and pharmacokinetics fields (Vanneschi, Castelli & Silva, 2014). The most common application of GP is 

the forecast of stock prices, as the excellent results show how much of a powerful instrument for 

forecasting prices it can truly be.  
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3. SUSTAINABILITY, THE FINANCIAL WORLD AND MACHINE LEARNING 

3.1. SUSTAINABILITY IN THE CORPORATE WORLD 

 Organizations are progressively going further beyond volunteering and philanthropy to 

implant sustainability actions into their core business strategies. Prominent transnational corporations 

around the world perceive sustainability as being a business priority, considering the current 

worldwide environmental and social challenges (Mercer, 2014).  

3.2. EVOLUTION OF SUSTAINABLE DEVELOPMENT 

 It is of extreme importance to mention the broad, and dialectical concept of Sustainable 

Development which offsets the necessity for economic growth, with social equity and environmental 

protection. The term, which was popularized in the book entitled ‘Our Common Future’, in 1987, by 

the World Commission for Environment and Development (WCED), described the concept as a 

development that understood the needs of present-day generations, without compromising the 

capability of future generations to fulfill their needs. In the beforementioned book, the WCED 

recognized the success of such concept could not be left to policymakers and government regulators. 

The industry had, as it does to this day, a considerable role to play. The opinions defended by the 

authors were that, even though firms had been the engines for the economic development, they also 

needed to become more initiative-taking in regard to balancing the drive between social equity and 

environmental protection. This was due to the fact organizations had been the source of certain 

unsustainable conditions. In addition, firms had access to the required resources to address the 

problems. The reaction from the industry came in stages as everyone debated the idea of what 

sustainable development in action should consist of. In 2021, Forbes published an article titled ‘Why 

Corporate Strategies Should Be Focused on Sustainability’, urging for an action to be undertaken as 

“Although 90% of executives think sustainability is important, only 60% of companies have a 

sustainability strategy.” (Forbes, 2021). The article defended the need for growth in corporate 

sustainability as this can “(…) add brand value, meet consumer demands, increase efficiency, attract 

valuable talent and create new opportunities.” (Rafi, 2021). 

3.3. INTRODUCTION TO ESG FACTORS 

 Progressively, ESG (an abbreviation for Environmental, Social, and Governance) 

considerations, understood to be non-financial, such as animal harm and exploitation, as well as fossil 

fuel, environmental damage, or human rights, are being applied as part of an analysis process which 

hopes to detect material risks and growth opportunities in global and sector-diversified companies. 
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Although ESG metrics are not usually mandatory in financial reporting, companies increasingly make 

disclosures in annual or sustainability reports (CFA Institute, n.d.). A substantial amount of institutions, 

such as the Sustainability Accounting Standards Board (SASB) and the Task Force on Climate-related 

Financial Disclosures (TCFD), among others, are currently working to define materiality and develop 

standards towards simplifying the future incorporation of the abovementioned factors into an 

investment process.  

3.4. PRELIMINARIES OF A VEGAN COMPANY 

 According to The Vegan Society, veganism is considered “(…) a philosophy and way of living 

which seeks to exclude—as far as is possible and practicable—all forms of exploitation of, and cruelty 

to, animals for food, clothing, or any other purpose; and by extension, promotes the development and 

use of animal-free alternatives for the benefit of animals, humans and the environment.” (Society, 

n.d.). In case a firm wishes to distinguish itself as vegan, it should be well-aware of keeping the 

abovementioned practices excluded from its activities. 

 A vegan company, placed, for example, in the food industry, produces alternatives to fish, 

meat, dairy, and eggs, in addition to ingredients such as sweeteners. These products can derive, for 

example, from plants including vegetables, fruits, whole grains, nuts, seeds and/or legumes. 

Nonetheless, in the textile industry, such companies seek to find vegan fabric alternatives to those 

sourced from animals, ranging from silk, fur, feathers, and cotton to leather. There should be a warning 

regarding the fact that, even though a company is vegan, it does not necessarily mean it is in the top-

50 ESG. Thus, the reason to keep both in the thesis. 

3.5. PRELIMINARIES OF INVESTMENTS 

There are two major currents in the analysis of stock behaviour in the capital market. Not being 

an agreement among the advocates of each, both fundamental and technical currents have their 

strengths and weaknesses, both being fallible. Therefore, the most correct way to interpret the signals 

that the market gives an investor is to reconcile the two analyses before investing. 

3.5.1. Investment profile 

Silva M. (2022) expressed in one of the most successful investment books in Portugal to date 

that, with the ever-growing globalization of investments, it has become necessary to adjust the 

exposure to an equity portfolio to the investor's profile. An investor’s profile may have, among other 

restrictions, religious, environmental, or others. As a result of this occurrence, there is now a need to 

create specific, thematic indices, to provide a dynamic benchmark, therefore selecting companies 



 

13 
 

which pay high dividends or follow certain internal governance criteria. This need has arisen, as well 

as the above stated, to provide a benchmark for investors who do not wish to buy shares in companies 

linked to production of military hardware or those which do not sustain a policy of respect for the 

environment. 

As environmental concerns are currently a daily worry, these guide the investments of many 

managers, who choose to exclude stocks from their portfolios that are opponents to the well-being of 

the environment. 

Among the vast index offering, it is possible to find some which hold an investment politic 

based on specific themes, such as religious beliefs, or ecological background. Below (Table 1) 

showcases 10 different indices, each belonging to a specific topic (Silva M., 2022). 

 

 

 

 

 

 

 

 

Table 1. Thematic indices. Adapted from the 2022 version of ‘Bolsa: Investir nos Mercados Financeiros’. 

3.5.2. Fundamental analysis 

As introduced by (Silva, 2022) in the 2022 version of his proclaimed book, a fundamental 

analysis gathers the so-called real data from the companies, drinking from their financial records the 

elements which permit to achieve a conclusion as to the true value of the company and, consequently, 

the fair value of its shares. This evaluation is based on updating the future cash flows of the company 

to the present moment, i.e., determining the present value of all the money the company can generate 

annually over a certain period, representative of its future life. This model is frequently known as 

discounted cash flows, commonly known as DCF. The sum of these cash flows discounted to the 

present time at an interest rate thought to be what an investor would require assuming the business 

risk of a given company, calculates the supposed market value of the company. By dividing this value 

Theme Index

STOXX Global ESG Environmental Leaders

STOXX Global ESG Social Leaders

STOXX Global ESG Governance Leaders

Private Equity STOXX Europe Private Equity 20

STOXX Europe Football

STOXX Global Grand Prix

Rare earth metals STOXX Global Rare Earth

Exposure to emerging 

markets (EM)
STOXX Global 1800 EM Exposed

STOXX Europe Christian

STOXX Europe Islamic

Sustainability

Sports

Religion
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by the number of shares which make up the Capital Stock, the fair price for each share is obtained. 

Many entities believe fundamental analysis is supported by great quality data as it allows a reliable 

conclusion to be reached about the real value of a stock (CFA Institute, 2022). However, the complex 

calculations and assumptions involved make it more time-consuming to prepare and interpret. At the 

speed at which the market currently trades, it would be unfeasible to base a decision on whether to 

invest in a particular stock solely based on a fundamental analysis of the financial records of a 

company. However, there are other market indicators, also based on assumptions that fit the 

fundamental analysis of the companies and allow a simpler use and a faster and easier calculation to 

work with. This is the case of market multiples, for example. 

3.5.3. Risk measures 

The risk of an investment portfolio deserves constant vigilance. For a private investor, the care 

to be taken is no less than that required for Asset Management companies. These companies, besides 

obeying to a series of legal rules, permanently monitor the investments made. It is important to 

consider volatility as a fundamental concept in risk analysis, as suggested by (Silva, 2022). It gives those 

interested the amplitude of price variations of a security, in case its quotation varies in a very wide 

value range, or if, on the contrary, it trades in a tight price band. Volatility is usually analysed using the 

statistical measure of the standard deviation calculated over a set period, usually 1 or 3 years. The 

higher the standard deviation, the greater the volatility, and therefore the risk, of an asset or 

investment portfolio. The larger the range of price variation, the more the price of a security varies in 

each period, therefore the more volatile it is, the less stable and riskier it is. 

One of the most common ways to assess whether an investment portfolio was managed 

considering not only the performance of assets, but also their risk, is the Sharpe ratio. This indicator 

measures the risk-adjusted performance, and the higher its value, the better the adjustment (thus, the 

better the manager). A value above 1.5 shows some care in the selection of asset risk. Values below 1 

represent that a too high risk was taken for the profitability that the portfolio presents. Besides 

Sharpe’s index, there are other statistics, such as Treynor's Ratio, Jensen's Alpha and M2 as (Scholz & 

Wilkens, 2005) suggest. When faced with the need to evaluate the performance of distinct portfolios, 

the greatest one will be the one that presents the highest values in each of the indicators. It is usual 

for Asset Management companies and Investment Fund Management companies to present these 

statistics for each one of the portfolios and investment funds under commercialization (Silva, 2022). 
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3.5.4. The Alpha and Beta parameters  

Another factor which measures the success of an investor is related to the return generated 

by the management of an investment portfolio against the return provided by the market benchmark, 

usually expressed by an index.  

A market index indicates the movement of a specific market, revealing whether the market 

capitalisation of all companies listed, for example, has increased or decreased. In addition, a market 

index is a series of pure numbers, used for comparing between different index numbers. Index 

numbers are constructed having in mind a fixed base date and base value. Indices are calculated on an 

entire market, as well as being available for a particular sector of a market (Mezali, 2013). Some 

securities vary in a wider range than others and are therefore more volatile, generating a return higher 

or lower than the market average, the benchmark. These deviations from the average provide 

managers and investors with the possibility of obtaining returns higher than the index to which they 

belong. In practice, the profitability of a stock can be measured and explained by two parameters: the 

alpha and beta parameters. 

3.5.4.1. Alpha Parameter 

The Alpha of a stock measures the return generated by this stock, which is 

independent of the market, that is, which is not explained by the performance of the market 

where it is traded. Thus, if faced with a positive Alpha value, it is a sign the stock contributes 

an additional return in the remuneration of the investor who takes the specific risk of investing 

in this security instead of investing in the index of which it is part. 

Figure 4. Sharpe Ratio in graphical format. Source: seekingalpha.com. 
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3.5.4.2. Beta Parameter 

The Beta parameter measures the sensibility of a stock or portfolio to market 

variations, considering the variation of the benchmark, which, as we mentioned before, is 

naturally the reference index. This sensitivity of a security to the variations of the index a 

known by the name of market risk or systematic risk. Three situations may occur, those being 

the following: 

a. The stock has a β equal to 1 (β=1). In this case, the security (or portfolio of securities) 

tends to present a variation equal to the variation of the market. For example, if the 

index varies 5%, the variation of the stock will also be 5%; 

b. The stock has a ß greater than 1 (β>1). This fact translates into a greater sensitivity of 

the stock, which will register variations greater than those of the market. For example, 

if β-1.5, this means that if the market varies 5%, the stock will have a variation of 7.5% 

(5% x 1.5); and, 

c. The stock has a β less than 1 (β<1). Following the same reasoning, in this case the 

stock's variation will be less than the market's variation. If β=0.5, the variation of the 

security will be half of the market variation. In practice, we can say that the more 

conservative stocks, such as energy, retail and pharmaceutical, among others, 

normally have a Beta lower than 1, while the more aggressive stocks, such as 

technology, natural resources, will in principle have a β higher than 1. 

 𝑅𝑒𝑡𝑢𝑟𝑛 𝑜𝑓 𝑎 𝑠𝑡𝑜𝑐𝑘 𝑜𝑟 𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 = 𝛼 + (β ∗ Market Performance) (1) 

The importance of the β parameter is, fundamentally, to know what percentage of the 

variation of a stock or portfolio of securities, is explained by the variation of the market.  

Again, it is usual for Asset Management and Investment Fund Management companies 

to present the Alpha and Beta values of their portfolios and investment funds.  

Another relevant indicator is the R2. It indicates to what extent the performance of a 

certain stock or portfolio depended on the evolution of the benchmark index. This value can 

vary between 0 and 1. If it is 0.5, this means that the performance of a certain stock or portfolio 

is explained in 50% by the evolution of the benchmark index. 
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3.5.5. Diversification 

 It is crucial to introduce the concept of diversification in portfolios, a notion supported by 

Markowitz in 1952. When a portfolio only holds a short amount of assets, it may be subject to a high 

degree of risk, as it is represented by a relatively large variance in return. The variance of the return of 

a certain portfolio can be decreased by adding distinct assets in the portfolio. This process is referred 

to as diversification. For example, as a beginner investor, someone could invest their entire wealth, or 

life savings, in one stock. In case this occurred, the investor would be exposed to a company-specific 

(one specific stock can do better or worse than others operating in the same market) or market risks 

(for example, the Financial Times Stock Exchange (FTSE) 100, based in London, where the stock is 

traded). Nevertheless, in case the portfolio was to be expanded, hence including diverse assets or 

stocks, there would be a reduction to the overall risk, as addressed by (Etchegaray, 2021). 

Consequently, diversification is crucial when investing, both industry and geography-wise. Although an 

investor hopes to reduce the risk of an investment by doing so, it is never certain to happen, as one 

cannot expect the future.  

3.5.6. Transaction Costs 

 When considering investing in stocks, also known as equities and shares, there is a transaction 

cost associated with buying or selling the asset. Transaction costs are usually presented in basis points 

(one basis point (bp) being 1/100 of one percent). A transaction cost can be a commission given to an 

intermediary third party, varying by stock. It typically alters according to the liquidity (easily 

purchased/sold) the stock holds and the amount to trade.  

 The trade-off between getting to a better position and the existence of additional transaction 

costs is a common feature of portfolio construction. The decision should, however, be based on 

whether the gain from trading covers the transaction costs.  

3.5.7. Index Tracking 

 Lately, there has been a certainty stating low-priced passively managed index funds deliver the 

highest risk-adjusted returns in every category of mutual funds (Bogle, 1998). Index fund management 

is a strategy which allocates stock while supplied with critical index tracking skills. In addition, it 

attempts to reproduce the performance of a certain benchmark index. Typically, index funds do not 

contain every stock comprising the index. Nonetheless, these are intended to replicate the benchmark 

index with a relatively small number of stocks, which should be easily managed and controlled in the 

capital market. A TE which is measured by TE volatility, is also involved in this activity. The TE consists 

of the sum of the deviations of returns of the replicating portfolio from the benchmark index. The 
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volatility level of the TE should be minimized to the lowest possible value, since it produces the closest 

possible returns to the benchmark returns (Clarke, Krase, & Statman, 1994; Konno & Yamazaki, 1991).  

 There are distinct types of TE measures available, such as quadratic, linear, and absolute. The 

quadratic measure is commonly favored in comparison to the others, being that it holds several 

desirable statistical properties (Roll, 1992). 

3.6. MACHINE LEARNING  

 Even though Machine Learning does not hold a set description, it can be described as “(…) a 

computational field that strives to create computer programs that repeatedly improve with their own 

experiences on data.” (Vieira, 2020). In 1997, Tom Mitchel described ML in the book entitled ‘Machine 

Learning’, as “A computer program (…) said to learn from an experience E with respect to some task T 

and some performance measure P, if its performance on T, as measured by P, improves with 

experience E.” (Mitchel, 1997:2). 

 The use of ML techniques in financial markets have been successful, in specific when referring 

to the prediction of financial time-series. Nowadays, researchers are seeking to develop intelligent 

algorithms which are able to obtain the hidden patterns inherent to the stock market, for example, 

thus predicting the behaviour of stock prices more efficiently.  

 The main objective of Machine Learning is to distinguish patterns in a set of data, using those 

to predict about unobserved data. The result is the ability to predict accurately when presented with 

new data. When a new model is designed, it is later presented to the training data, hence learning 

crucial guidelines based on the specific data under study.  

 The field of ML includes a distinct amount of several other fields, for example mathematics, 

probability, statistics, among others.  

 The approaches used by academics in this field can be divided into two main classes, being 

those the following: 

a. Econometric models developed centred on statistical approaches such as the Linear 

Regression (LR), Autoregressive Moving Average (ARMA) and Autoregressive Integrated 

Moving Average (ARIMA) models. Even though these models offer an effortless 

implementation, they hold a non-realistic fact, assuming financial time-series data follow 

a linear pattern and is stationary.  

b. Predictive models which forecast market stock prices based on intelligent algorithms 

resembling biological processes, further solving nonlinear and complex problems. A few 



 

19 
 

examples of the beforementioned algorithms are GP, Artificial Neural Networks (ANN) and 

Support Vector Machines (SVM) (Oliveira, 2016). 

 In the following section, the most common machine learning algorithm will be presented, 

often used to predict the stock market, hence giving special emphasis to the Genetic Algorithm model. 

3.6.1. Genetic Algorithm  

 The GA, invented by (Holland, 1975), is a stochastic optimization technique and a 

search algorithm which is established on the survival of the fittest among string structures 

(Goldberg, 1989). The development of such algorithm evolved from biology research so as to 

drive it to a (near) optimal solution.  

 In most GA optimization applications, each chromosome represents the weight of an 

individual stock which is optimized to reach a possible portfolio solution. A fitness value is 

affixed to each chromosome, defining the level of representation (good/bad) of each 

chromosome. As addressed by (Adeli & Hung, 1995) through the implementation of mutation, 

crossover values, and natural selection, there is a convergence to a population only containing 

chromosomes with good fitness (Orito, Yamamoto, & Yamazaki, 2003; Xia, Liu, Wang, & Lai, 

2000).  

 A GA enables the calculus of intensive mathematical problems rapidly, easy to run with 

realistic constraints, further providing reasonable solutions. The implementation of a Genetic 

Algorithm with a selection and cross mutation is used to enrich the feature selection for certain 

classifiers. 

 A genetic algorithm includes evaluation and evolution stages. Throughout the 

evaluation phase, various classifiers of a specific type are trained and tested. The genetic 

algorithm analyses the best configuration to use among said classifiers. The evolution process, 

previously mentioned, includes phases such as selection, combination, mutation, and 

completion. Each step holds a specific chance of succeeding which is based on a random 

number for the specific species. Both selection and combination have a 5 percent chance of 

success, whereas the mutation has a 10 percent chance of success. The completion phase 

stabilizes, at last, the population size. As “Genetic algorithms belong to the larger class of 

evolutionary algorithms (EA), which generate solutions to optimisation problems using 

techniques inspired by natural evolution, such as inheritance, mutation, selection, and 

crossover.” (Bashir, 2015), it is of great importance to introduce the concepts of fitness 
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function, generation of a population, mutation, selection and lastly, crossover. Below a 

flowchart can be found, which resembles the operation of a Genetic Algorithm.  

 

 

 

 

 

 

 

 

 

3.6.2. Fitness Function 

 The fitness of a particular individual is considered a measurement of ‘ability’ of solving 

the set problem. In optimization, as well as looking for a feasible solution, a searcher is also 

attempting to find the best solution in the set search space. A good fitness function ensures 

the GA discovers the best available solution. Regarding portfolio optimization, the fitness 

function must be a measurement of return and risk.  

3.6.3. Generation of a population 

 “Generating an initial population is a challenge in the implementation of the genetic 

algorithm.” (Etchegaray, 2021). The starting point of this stage is determined by the problem 

which said individual is attempting to solve and, consequently, the restrictions which come 

along. It should be noted the generation of an initial population is crucial, as it can establish 

which areas of search space the algorithm will cover. A common practice for this step is to 

generate arbitrary arrays which meet all the constraints inflicted by the initial problem.  

3.6.4. Selection 

 During this step, the GA selects the solutions it wishes to crossover, commonly 

involving the selection of parents considering the probability based on fitness. Nevertheless, 

diverse approaches can be used, such as the tournament or roulette wheel selections, for 

Figure 5. Genetic algorithm flowchart. Adapted from online findings. 
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example. Selection will ultimately eliminate individuals classified as low-quality, whilst 

preserving its diversity. The new selection of individuals is made as seen on the following 

formula equation, where the reproduction probability for each individual is calculated. 

 
𝑝𝑖 =

𝑓𝑖

∑ 𝑓𝑖
𝑛
𝑖=1

 
(2) 

Regarding the above equation, the following can be stated: 𝑓𝑖 is the fitness of the 

individual i (a fitness function is needed to evaluate the quality of each candidate solution with 

regard to the task to be performed, as previously mentioned). n is the size of the population 

under analysis. Each time a single chromosome is selected for the new population. This is 

achieved by generating a random number r from the interval [0, 1]. In case r ≺ 𝑝𝑖 , the first 

chromosome will be selected, otherwise the ith chromosome such as 𝑝𝑖−1 ≺ r ≤ 𝑝𝑖 will be 

(Sefiane & Benbouziane, 2012). 

3.6.5. Crossover 

 The crossover is a function known for bringing two individuals together and combining 

those into two different individuals, resembling the originals. The main logic behind this 

concept is the following: in case two distinct individuals are good solutions to a problem, the 

possible combination of those may discover an even better solution. Many approaches exist, 

as well as different algorithms for combining individuals. The used crossover is reliant on the 

constraints of the encoding. It should be added “(…) different crossovers have a different effect 

on each generation.” (Etchegaray, 2021). 

3.6.6. Mutation 

 Lastly, the mutation stage is applied to an individual. It generates small modifications 

to the individual, in order to generate a new one. As mutations are used to create diversity in 

a certain population, it is, in addition, a complement of the crossover operator. Mutation 

provides fine tuning (in which parameters of a given model are adjusted in a precise way to fit 

with certain observations), thus adding new elements to the current genes in the entire 

population (Sefiane & Benbouziane, 2012). 

The following diagram, contained in Figure 6, can graphically enlighten the phases 

mentioned throughout the past few paragraphs. 
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Figure 6. Genetic selection method using genetic algorithm. Adapted from ‘Vision-Based Structural FE Model Updating Using 
Genetic Algorithm’ by Park, G.; Hong, K.-N.; Yoon, H in 2021. 

 

3.6.7. Evaluation 

In a GA application, evaluation is performed by means of the fitness function which 

depends on the specific problem and the optimization objective of the GA (Petridis et al, 1998). 

In achieving the aim of this work, the objective function (fitness function) is modelled to find 

the solution that scores less on the fitness scale, hence in this application, crossover procedure 

with the least objective function should lead to better solution. The aim is to choose weights 

of the portfolio invested in each asset to maximum return and minimum of risk. 
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4. METHODOLOGY 

4.1. DATA 

 The index obtained hopes to exclude companies engaged in animal exploitation, defense, 

human rights abuses, fossil fuels extraction and energy production, among other environmentally 

damaging activities.  

 For this research, as mentioned, 115 companies were identified as good candidates to be 

included in the optimization process. However, because of the time-consuming element of the GA 

implementation, it was decided to only consider 61 assets of the above-mentioned universe. Note the 

sample size is entirely arbitrary. Therefore, under research were 1) Vegan; and 2) Top-50 ESG ranked 

companies, considered as of August 2021. Some examples of organizations which could be of use for 

this research for 1), from seven distinct industries are the following. This information was collected 

with the help of web searches, in combination with websites such as People for the Ethical Treatment 

of Animals (PETA).  

1. Food and Beverage: Beyond Meat; Tattooed Chef; The Very Good Food Company Inc.; Else 

Nutrition; Maple Leaf Foods; Burcon NutraScience; Laird Superfood; Forum II Merger 

Corporation; Eat Beyond; Ingredion Incorporated; AAK; Modern Meat; Total Produce PLC; 

Archer Daniels Midland; Simris Alg; Mission Produce; Natural Order Acquisiton Units; Plant & 

Co. Brands Ltd; MeaTech; Plantx Life Inc; Oatly; Sol Cuisine; SunOpta; Conagra Brands; B&G 

Foods. 

2. Beauty: Honest Company Inc.; E.L.F. Cosmetics.  

3. Packaging & Supplies: Good Natured Products; Bunge Limited. 

4. Transportation: Tesla. 

5. Wind Power: General Electric; NextEra Energy Partners; Siemens Gamesa Renewable Energy; 

Vestas Wind Systems. 

6. Solar Energy: Enphase Energy; Sunrun; Invesco Solar. 

7. Alternative Proteins: Agronomics Limited. 

 Relating to companies which are part of 2), it was decided to only evaluate a sample out of the 

top 50 ESG-ranked companies, as this project focuses on top performers under an ESG analysis. These 

firms can be found on the ‘Sustainalytics’ website, showing companies from all types of industries and 

all regions of the world (Figure 7).  

It should be addressed the mentioned ‘Sustainalytics’ website is widely known for rating the 

sustainability of listed companies built around their ESG performance. According to its official website, 
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“(…) Risk Ratings measure a company’s exposure to industry-specific material ESG risks and how well 

a company is managing those risks. (…) combines the concepts of management and exposure to arrive 

at an absolute assessment of ESG risk. We identify five categories of ESG risk severity that could impact 

a company’s enterprise value.” (Sustainalytics, n.d.). The mentioned categories can vary from 

‘Negligible’, scoring from 0 to 10, to ‘Severe’, where the score attained is 40+. 

 It should be clarified not one of the Vegan companies mentioned previously are included in 

the Top-50 ESG ranking. Hence, no data will be doubled.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

4.2. RESEARCH DESIGN 

 The goals proposed required 5 years’ worth of historical daily stock market data (sample) and 

the corresponding date and adjusted close price of specific firms within a population. Yahoo Finance, 

an online site, was one of the most used websites throughout the development of this thesis, to attain 

financial information regarding each company under analysis, as suggested in Figure 8.  

Figure 7. Application of filters on the Sustainalytics website: ‘Industry Groups’, ‘Region’ and ‘Show only 
Global 50 Eligible’. Source: https://www.sustainalytics.com/corporate-solutions/sustainability-

solutions/top-rated-companies. 
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Certain columns of each dataset (Open, High, Low, Close, Volume), as indicated below (Figure 

9), were eliminated for the development of the project. There was the intent to overlap the Date (DD-

MM-YYYY) of the stocks, with the purpose the final dataset contained information beginning in the 

same period. This action took place providing every firm went public on distinct dates throughout the 

years. RStudio and Microsoft Excel were the two software’s in use throughout the project. 

 

 The project applied a conclusive research design, as it is expected to help in inferencing. Within 

this broad design, it was chosen to employ descriptive research, with a multiple-cross sectional design. 

Quantitative methods of data cleaning and data analysis were implemented. It should be noted that, 

Figure 8. Financial information regarding Tesla, Inc. (one of the companies under study). Information obtained through 
finance.yahoo.com. 

Figure 9. Historical Data regarding Tesla. Information to be input for the later GA output. Source: 
finance.yahoo.com. 



 

27 
 

when it came to the non-existence of an adjusted close value, the decision made was to replace such 

emptiness with the average of said stock. 

This type of research design used statistical tests, advanced analytical techniques, as well as a 

large sample size.  

4.3. METHODS FOR DATA COLLECTION INSTRUMENTS AND ANALYSIS 

 The necessary data was collected through documents and records, namely datasets in the csv. 

format on Yahoo Finance. Once the data was collected, through the download of csv files, and further 

cleaned and treated, such as the fusion into the same currency (the use of exchange rates of Banco de 

Portugal was crucial) the beginning of the algorithm implementation took place, followed by a 

reoptimization using a Heuristic Local Search (HLS), achieved through RStudio. As it was decided to 

gather 5 years’ worth of historical data, the companies which did not hold such data were removed 

from the project input, as 5 years is believed to be of great length, given that the more information 

available, the better the algorithm will perform. 

 With the intention of using a GA to support the optimization of the portfolio, there will be a 

selection of stocks, from those collected, further indicating the percentage of the overall investment 

to be divided between each stock. 

4.3.1. Portfolio structure 

As the selection of N financial assets has been gathered (either stock, bonds, funds, ETF, among 

others), the composition of an optimized portfolio can be achieved. For the specific case to be 

introduced, only stocks were selected as financial assets to be included in the portfolio. It should be 

noted this methodology was adapted from that introduced by Malato (2018). 

 Each one of the selected assets have several historical returns, which are the price relative 

difference from one period to another. It should be noticed a period is defined in accordance with the 

needs of each analyst (days, weeks, months, among others). For the specific case below, the calculated 

return uses daily information, as previously stated. 

The return of the ith asset between period t and period t-1 is defined as the following equation 

shows: 

 
𝑝𝑖(𝑡) =  

𝑃𝑟𝑖𝑐𝑒𝑖(𝑡) − 𝑃𝑟𝑖𝑐𝑒𝑖(𝑡 − 1)

𝑃𝑟𝑖𝑐𝑒𝑖(𝑡 − 1)
 

(3) 
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When an investment portfolio is to be built, there is the intention to merge several assets 

together allocating a fraction (weight) x of capital to each.  

The portfolio return at time t is then shown as indicated below: 

 
𝑃(𝑡) = ∑ 𝑥𝑖 ∙ 𝑝𝑖(𝑡)

𝑁

𝑖=1

 
(4) 

The main aim of portfolio optimization is to discover the values of the weights which maximize 

certain performance metrics according to the weight constraints, which are the following: 

 ∑ 𝑥𝑖 = 1𝑁
𝑖=1                    0 ≤ 𝑥𝑖  ≤ 1 (5) 

The stated problem can, therefore, be considered of constrained optimization nature.  

4.3.1.1. Objective function 

In the famous paper written by Markowitz, previously cited, a comprehensive theory 

regarding portfolio composition was defended. Further studies have since discovered a 

valuable objective function for portfolio optimization, the Sharpe Ratio, previously introduced, 

which can be defined as the following equation suggests: 

 
𝑃𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜 𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =

𝐸[𝑃]

√𝑉𝑎𝑟[𝑃]
 

 (6) 

As 𝐸[𝑃] is the expected return of the portfolio, Var[P] is the variance related to the 

portfolio. So as to simplify the following problem, the risk-free return which is incorporated in 

the original Sharpe ratio formula will not be included for the example to be presented. 

The Sharpe ratio can sustain many interpretations. However, it will be analysed, for 

this context, as a stability metric. If high, its value should mean the average return is higher 

than the variance, therefore indicating the returns can be quite stable around the mean value. 

It should be noted the end goal as an investor is, first and foremost, to reach the highest 

stability of portfolio, not the highest profit. 

It should be noted several other objective functions could be used for this specific 

optimization problem. The Sharpe Ratio will be the chosen one due to its simple nature.  
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4.3.1.2. Constraints 

Constraints are one of the most difficult components of the problem as these usually 

make it even more difficult to reach a final solution. 

In portfolio optimization, the basic constraints are as shown below (7): 

 ∑ 𝑥𝑖 = 1𝑁
𝑖=1                    0 ≤ 𝑥𝑖  ≤ 1 (7) 

The weights (x) must be positive given this specific problem (no possibility of going 

short) and less than 1. The sum must be equal to 1, in order to cover the entire capital to be 

invested. 

Constrained optimization is an analytical challenge which can be fought in several 

ways. The introduced method is that of the penalty function. 

The penalty function method 

Given the fact constraints are great issues of a constrained problem, it is useful to 

convert this problem to an unconstrained optimization problem. 

As a result of the prospects of optimizing a generic f(x) function subjected to some 

constraints, and to make the constraints disappear explicitly, a new function can be created, 

which penalizes all the points in the function domain which do not satisfy the constraints. 

As the present problem is of optimization nature, a positive penalty was added to the 

original f(x) for all the points outside the constraints. Consequently, the global minimum could 

only be found through the satisfaction of the constraints. 

Constructing the penalty function  

When the constraint is an inequality in the g(x) < 0 form, a penalty function can be 

built in the form max (0, g(x)). Consequently, in case g(x) is negative, the max function returns 

0; otherwise, it returns the value of g(x) itself, increasing the value of the penalty function, 

preventing the optimization of such function. The greater the value of the penalty function, 

the further the global minimum is. 

Conducive to maintain the function differentiable, it is of use to square it. Thereupon, 

the inequality constraints provide the following penalty functions: 
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 𝑥𝑖 ≤ 1 →  [max (0, 𝑥𝑖 − 1)]2 

𝑥𝑖 ≥ 0 →  [max (0, −𝑥𝑖)]2 

(8) 

Regarding the sum constraint, as it is an equality constraint, it is simple to describe as 

a penalty function. 

In case there is a generic constraint in the f(x)-d=0 form, a quadratic form can be built 

as the following equation suggests. It is of crucial importance to underline this function holds 

a very noticeable global minimum when f(x)=d. 

 𝑓(𝑥) − 𝑑 = 0 → [f(x) − d]2 (9) 

Given the above stated, the equality constraint becomes as shown below: 

 

∑ 𝑥𝑖 = 1

𝑁

𝑖=1

→ (∑ 𝑥𝑖 − 1

𝑁

𝑖=1

)

2

 

(10) 

In regard to the final function, there is an intention to emphasize the constraints in the 

optimization procedure. As the undergoing transformation is changing a constrained problem 

into an unconstrained one, it is valuable to impose the global minimum search to multiply the 

penalty function by a factor. This is usually multiplied by 10, however, in order to enhance the 

optimization process, it will be multiplied by 100. 

To conclude, the function to be optimized is the Sharpe ratio, however with a minus 

sign. There is the desire to maximize the Sharpe ratio, nevertheless the penalty function 

formalism seen so far works only for functions to be minimized. The Sharpe ratio can therefore 

be multiplied by -1, to transform a maximization problem in a minimization problem. 

The final function to be minimized is hence, as suggested below: 

−𝑆ℎ𝑎𝑟𝑝𝑒 ({𝑥𝑖}) + 100 [(∑ 𝑥𝑖 − 1

𝑁

𝑖=1

)

2

+ ∑(𝑚𝑎𝑥(0, 𝑥𝑖 − 1))
2

+ ∑(max (0, −𝑥𝑖))2

𝑁

𝑖=1

𝑁

𝑖=1

] 

(11) 

Final remarks regarding GA 

GA follow a natural selection law, according to which only the best individuals survive 

to evolution, as seen above in greater detail. Genetic algorithms are useful tools given the 

arbitrary portion of their process makes them achieve effective results, even with non-

continuous or non-differentiable functions. These algorithms can escape from local minima to 
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the global minimum, which differentiates them from deterministic methods, being the 

Gradient Descent an example, as Malato (2018) expresses. 
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5. EXPERIMENTAL RESULTS AND DISCUSSION 

The results presented in this section were obtained using the described methodology in section 

4, as proposed by several authors, one of those being Malato (2018). 

As previously mentioned, all the data was converted into a single structure, carefully joined by 

the data belonging to each date. As portfolio historical returns are a function of the weights, it 

should be noted historical data does not vary. The final goal is to, therefore, find an optimal 

portfolio changing the weights values, by maximizing the Sharpe ratio, in accordance with the 

constraints, using the data (composed of 61 assets, as mentioned above).  

 

 

5.1. Portfolio Returns  

Portfolio returns time series can be defined in function of the weights by the multiplication of 

each asset return by the weight related to it. By the end of the introduced analysis, the sum of all 

the weighted time series can be done element by element. 

Figure 10. Data converted into a single structure by the Adjusted Closing date. Source: own research. 
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The portfolio returns function was introduced, given its end goal, hence being a function of 

an array x of weights. 

5.2. Objective function with penalty 

First, the calculation of the Sharpe ratio was performed on the historical weighted portfolio 

returns. After that, the penalty function was written, followed by the creation of a constraint 

function which implements all the constraints. At last, the objective function to be optimized was 

also developed. 

 

 

 

 

 

 

 

 

 

Figure 11. Asset returns having deleted date column. Source: own research. 

Figure 12. Sharpe ratio, constraint, and optimization functions. Source: own research. 
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5.3. Optimization Process 

As for the optimization procedure itself, given it was developed with the support of RStudio 

software, its general-purpose library entitled ‘GA’ was of crucial use for the following optimization 

problem. Even though the GA function considered is simple, it is extremely effective in order to 

solve such maximization problem. 

 The configuration of the optimization was set to perform 50000 iterations, only stopping in 

case the maximum fitness did not change for 1500 exact iterations, as these are the stopping 

criterion set for the GA. Below the remaining arguments are drawn, as conceived by Luca Scrucca. 

 

 

 

 

 

 

According to Gotshall S. and Rylander B. (n.d.) “(…) for arbitrarily large population sizes the 

accuracy of the genetic algorithm approaches, but does not reach, 100%. The greater the population 

size the greater the chance that the initial state of the population will contain a chromosome 

representing the optimal solution.”. However, given the need of efficiency from this process, the 

population size cannot be too large as it causes the GA to slow down. Hence, the population size was 

accepted to be 50. As for elitism, this value was of 2, representing “(…) the number of best fitness 

individuals to survive at each generation. (...)” (Scrucca, Package ‘GA’, 2021). Finally, in order to set off 

the GA, the crossover (the chance that two chromosomes exchange some of their parts) and mutation 

probabilities were of 0.8 and 0.1, respectively. These values mean 80% of the offspring are made by 

crossover, while 10% of these will be mutated in one generation. It should be underlined both 

crossover and mutation probabilities must be in the [0, 1] range. Note the purpose of mutation is to 

prevent the GA from converging to local optima. Nevertheless, this phenomenon occurs very often, 

(Scrucca, A quick tour of GA, 2021). 

 

 

Figure 13. Genetic Algorithm parameters. Source: own research. 
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5.3.1. Results of the optimization process 

The results of the optimization process were stored in a vector. This step made it possible to 

associate the values to the names of the assets in question. 

 

 

 

 

 

 

 

As witnessed above, the optimization process took 22412 iterations (above in red) to optimize the 

function. 

The ‘mean’ values show the average fitness value of the current population, while the ‘Best’ values, 

to the right, indicate the fitness value of the current best individual. As the direction of the evolution 

is characterized by the fitness function, i.e., the optimization objective, which is the Sharpe ratio of the 

spread portfolio, allowing measurement of the relationship between expected return and risk. A ‘Best’ 

value of 0.07524287, being >0, underlines the return of the investment is greater than its risk-free rate. 

As the higher the Sharpe ratio, the better, in the present case the risk the portfolio encounters is not 

being offset well enough by its return. The low value observed indicates a poorer performance of the 

ratio if there is significant skewness in the returns of the assets class. This implicates the ratio may not 

be accurately describing “risk-adjusted returns” as the distribution of returns must be normal 

considering the mentioned ratio. 

Figure 14. Output of the optimization process. Source: own research. 
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According to the weights, the allocation should be done as follows, for the first 18 assets (29.5% 

of the overall dimension) of the portfolio: 

Figure 15 shows that, for asset 1, which illustrates the allocated weight for WENDEL (0HZD), the 

percentage to be allocated should be of 1.21%; for asset 2, ICADE SA (3IC.BE), the value should be of 

around 2.32%, and so on (represented in red, above). The weights for the remaining 43 assets can be 

seen in the Annex section of this thesis, through Figure A to B. 

As seen in Figure 15, each asset certainly does not surpass the 5% mark of weighted asset 

allocation. This can be seen as a positive occurrence, as asset differentiation is seen as an advantage 

as previously mentioned in more detail in section 3.5.5. Below (Figure 16), it is possible to identify a 

scatter-plotted weight allocation of assets.  

 

 

 

 

 

 

 

 

Figure 15. Weight allocation stored as a vector for eighteen assets (out of a total of 61). Source: own research.  

Figure 16. Scatter-plotted weight allocation of assets. Source: own research. 
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As an example of implementation of the GA output, and allocating an amount of an individual’s 

investment, in the event an investment of 1.000.000 Euros were to be performed, asset ‘24’, 

‘ThuleGroup_AB’ (information contained in Figure A of the Annex), would hold a weight of around 

4.532% percent of the pie (45.320 Euros), as can be seen in Figure 16, above. The identified average 

for the weight allocation is around 1.640%. Additionally, the minimum weight allocated holds a 

percentage of 0.064%, belonging to asset ‘56’.  

As above seen, each weight is positive and less than 1, as expected. In addition, their sum is of 

1.00055. This sum is standard, as numerical methods have a physiological inaccuracy which can be 

controlled in order to fit the needs of the problem in question. 

 

 

 

 

 

 

 

 

Figure 17 illustrates the behaviour of the fitness value when the number of generations changes, 

showing that when the number of generations is small, the fitness value is significantly lower (~-80000) 

according to the examined cases. From the above analysis, it can be established that, when the number 

of chromosomes per generation is small, it considerably affects the fitness value of the best solution 

found. However, there is almost no change in the fitness value of the best solution does not change 

dramatically any further.  

As the results above shown confirm the great potential in this approach, the validation of the 

results was challenging at times because of the problem adopted, as well as the need for the set 

parameters to suffer a hyperparameter tuning. The decision to adopt the Sharpe ratio as the function 

to be optimized is considered flawed, given the abovementioned reasonings. 

 

Figure 17. Genetic algorithm plot. Source: own research. 
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6. CONCLUSIONS AND FUTURE WORK 

Genetic algorithms were applied to solve the Green optimal portfolio selection. The method was 

applied to a sample of 61 assets, regarding vegan and sustainable companies, further obtaining a well-

diversified and non-centered asset allocation. The obtained results confirm the possible efficiency of 

genetic algorithms, given their high-speed convergence towards a better solution. A few functions 

were presented in the algorithm, for example the penalty function method, to perform portfolio 

optimization which expects to maximize profits and minimize risks. Some flaws have been identified in 

regard to the method applied. 

The considered method is only one of many possible solutions to solve such an undeveloped topic, 

taking into account the used data (of free source). In his 2021 thesis, (Etchegaray, 2021) established 

Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D) has “(…) proven to be 

effective at finding portfolios”. Given the success of his work, this EA is considered a viable solution to 

the problem. 

The method involved in this thesis is flexible enough to be used with other objective functions. As 

previously mentioned, the Sharpe ratio was not fully successful, due to the obtained ‘Best’ value. As 

future reference, it should be noted that, when evaluating individual investments, the Sharpe ratio is 

undeniably more useful. Nevertheless, the Sharpe ratio should be substituted in the future, in this 

specific example, for the Sortino (portfolio's return subtracting the risk-free rate, dividing that amount 

by the asset's downside deviation) or the Calmar (average annual rate of return over the past three 

years divided by the fund's maximum drawdown over that same time period) ratios, in the hopes of a 

better overall performance. 

The possibility of improvement using a deterministic optimization algorithm is to be underlined, 

following the application of the genetic algorithm, to reach a certain precision, as explained by Malato 

(2018). 

As this research underlines the power of genetic algorithms in portfolio optimization, it also 

showcases several of its weaknesses. As a GA is commonly sensitive to the initial conditions, the 

efficiency of such algorithm “(..) relates to the coding of the algorithm, the design of the evolutionary 

operators and the parameter settings for evolution.” (Mosayebi & Sodhi, 2020). As so, the 

performance of this Green Index is very much related to the tuning of such parameters, which is a very 

time-consuming process, as well as considered to be a trial-and-error one. 
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It is of greater importance to underline that the performed optimization was executed having no 

out-of-sample cross validation, given it is only to be considered of illustrative intent, at this moment. 

It should not be executed in case those interested wish to perform live trading. For future reference, 

this should be performed to obtain a usable and real-time functioning optimization of the portfolio.  

As future work, it should be of interest to consider developing a Green portfolio, this time taking 

into consideration several types of financial assets, such as ETF, bonds, and derivatives, among others. 

At last, it is beneficial to those interested to consider developing, in addition to a practical analysis, 

a continual fundamental one, as evolutionary algorithms are not able to hold critical information 

regarding the evolution of daily markets, as external events can change the course of the investment 

world.  

Genetic algorithms have long provided global solutions to optimization problems, and innovative 

developments. However, extensions of such GA (such as the quantum-inspired genetic algorithms, or 

QIGA) are gaining ground. In the future, these are assumed to be refined and explored to improve 

computational feasibility and accuracy, speeding up information processing tasks, therefore hoping to 

solve some of the downsides of GA (Ibarrondo, Gatti, & Sanz, 2022). 
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8. ANNEX 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A. Weight allocation – Assets 19 to 38. 

Figure B. Weight allocation – Assets 39 to 61. 


