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COMPARISON OF STOCK SELECTION METHODS: AN EMPIRICAL 

RESEARCH ON THE BORSA ISTANBUL 

SUMMARY 

Various investment instruments or index-linked financial instruments in various 

markets, made with reference to stock indices, cause negative returns, i.e., loss, for 

investors in periods when the index is declining. In some cases, while the indices 

follow a course in line with the country's inflation, the funds or investment 

instruments linked to the relevant indices may not be at the desired level in terms of 

generating above market returns or above inflation. Investment companies have 

developed stock selection models for various portfolios, by using the literature for 

the funds and investment instruments they have created, to protect themselves from 

the negative movements of indices. Portfolio analysis methods developed to obtain 

positive returns from financial instruments can cause negative returns even in cases 

where the market is stable or stagnated due to adverse economic conditions and 

increased risks. In addition, investments made in financial instruments that reference 

only indices or various indices’ derivatives may cause negative returns as the index is 

negatively affected by the economic effects in the relevant country. The issue of 

stock selection is an important issue not only for large investors but also for 

individual investors. Moreover, some funds (such as pension funds) belonging to the 

indices of different markets depend on the movements of the stocks in the market. 

For this reason, stock selection has been one of the most important issues in finance 

for the last hundred years. 

In the literature, a wide range of stock selection models with diverse theoretical 

underpinnings have been developed, particularly over the past seventy years. 

Moreover, numerous empirical and theoretical studies have been conducted to 

compare the performance of these models. In this thesis, three models that have not 

yet been empirically compared with each other in the literature have been identified, 

and an empirical study has been carried out on the stocks of Borsa Istanbul indices. 

The models compared are as follows: (1) Markowitz model stock selection (detection 

of the percentage distribution of stocks in the portfolio), (2) stock selection model 

with second-order stochastic dominance method, (3) stock selection method with 

artificial neural network method. All models are models that can be considered 

quantitative analysis, while the utilization of financial ratios within the ANN model 

signifies a fundamental approach in the realm of stock selection. 

In first section of this thesis, a review of relevant literature on stock selection is 

presented, with particular emphasis on the rationale behind selecting the Turkish 

stock market, specifically the Borsa Istanbul. The subsequent section of this study 

places emphasis on literature pertaining to the pertinent models. Within the third 

section, the theoretical foundations underpinning Markowitz's model, Second Order 

Stochastic Dominance, and Artificial Neural Networks, all of which are utilized 

within this research, are thoroughly expounded. The fourth section of this thesis 

provides a detailed account of the relevant 18-year dataset, alongside an explication 
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of the technical structure of stock selection models. Specifically, the artificial neural 

network stock selection model was constructed using the MATLAB programming 

language, while Microsoft Excel application was utilized to conduct Markowitz and 

Stochastic Dominance tests. The fifth section of this thesis presents the results of a 

comparative analysis of the aforementioned models. Specifically, return values are 

tabulated and compared across the models. Based on the analysis, it has been 

determined that the stock selection model utilizing artificial neural networks 

demonstrates a relatively higher return potential compared to other models. 

Furthermore, all three models were found to be capable of generating portfolios with 

returns that were between 8 to 20 times higher than the BIST-100 index. 

This thesis aims to achieve several objectives, namely: (1) to conduct a comparative 

analysis of the return performance of three stock selection models whose relative 

performance has not yet been evaluated in the literature, (2) to undertake a 

quantitative analysis of the selected models, (3) to compare the alpha returns (i.e., 

portfolio return – index return) within a market context such as Turkey, where the 

stock market is consistently influenced by political and economic events, and (4) to 

contribute to the literature by introducing models that demonstrate the potential to 

generate portfolios with returns that surpass the market or index return. 
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HİSSE SENEDİ SEÇİMİ MODELLERİNİ KARŞILAŞTIRMA: BORSA 

ISTANBUL HİSSE SENETLERİ ÜZERİNDE AMPİRİK BİR UYGULAMA  

ÖZET 

Finansal piyasalarda yatırım yapmak, potansiyel getirilerin yanı sıra bazı riskler de 

içermektedir. Özellikle hisse senedi endekslerinin referans alındığı yatırım 

enstrümanları veya endekse bağlı diğer finansal araçlar, endeksin düşüşe geçtiği 

dönemlerde yatırımcılar için negatif getiriye yol açabilir. Ayrıca, endekslerin ülke 

enflasyonuna paralel bir şekilde seyretmesi durumunda, ilgili endekslere bağlı fonlar 

veya yatırım araçları enflasyon üstü veya endeks üstü getiri elde etme konusunda 

istenilen seviyede olmayabilir. 

Bu nedenle, yatırım şirketleri tarafından oluşturulan fonlar ve yatırım araçları, 

endeksin negatif hareketinden korunmak için çeşitli portföyler için hisse seçimi 

modelleri geliştirdiler. Ancak, finansal yatırım araçlarından pozitif getiriler elde 

etmek için geliştirilen portföy analizi yöntemleri, olumsuz ekonomik koşullar ve 

risklerin yükselmesi sebebiyle, pazarın stabil gittiği durumlarda bile negatif getirilere 

neden olabilir. 

Bununla birlikte, yalnızca endeksi veya çeşitli endeks türevlerini referans alan 

finansal araçlara yapılan yatırımlar, endeksin ilgili ülkedeki ekonomik etkilerden 

olumsuz etkilenmesi sebebiyle negatif getirilere yol açabilir. Dolayısıyla, hisse 

seçimi konusu, büyük yatırımcılar için olduğu kadar bireysel yatırımcılar için de 

önemli bir husustur. 

Ayrıca, ülkelerin bireylerine ait birtakım fonlar da pazardaki hisse senetlerinin 

hareketlerine bağlıdır ve bu nedenle, hisse seçimi finans alanındaki en önemli 

konulardan biridir. Tüm bu faktörler göz önünde bulundurulduğunda, yatırımcılar, 

doğru portföy analizi yöntemleri kullanarak, hisse senetleri arasından en uygun 

olanları seçmeli ve yatırım risklerini minimize etmek için çeşitli stratejiler 

geliştirmelidirler. 

Bu noktada, hisse senedi seçimi ve performansının değerlendirilmesi de aynı 

derecede önemli hale gelmektedir. Son yetmiş yıl içerisinde finans literatüründe 

birbirinden farklı teorik açılardan ele alınan ve çok geniş bir yelpazede ortaya 

konulan hisse senedi seçim modelleri, bu alanda yapılan ampirik ve teorik çalışmalar 

sayesinde de değerlendirilmektedir. Bu çalışmalar, modellerin performanslarını 

birbiriyle kıyaslayarak, yatırımcılara en iyi getiriyi sağlayacak stratejileri belirlemede 

yol gösterici olmaktadır. Dolayısıyla, hisse senedi yatırımları söz konusu olduğunda, 

literatürdeki hisse senedi seçim modelleri ve performanslarının incelenmesi, 

yatırımcılar için oldukça kritik bir konudur. Bu tez çalışmasında, literatürde 

birbiriyle ampirik olarak henüz karşılaştırma yapılmayan üç model tespit edilmiş, bu 

hususta Borsa İstanbul endekslerine ait hisse senetleri üzerinde ampirik bir çalışma 

yapılmıştır. Karşılaştırılan modeller şöyledir: Bu modeller arasında ilk olarak 

Markowitz modeli yer alır, bu modelde hisselerin portföy içindeki yüzdesel dağılımı 
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tespit edilerek seçim yapılmaktadır. İkinci olarak ise ikinci dereceden stokastik 

baskınlık yöntemi ile hisse seçim modeli kullanılmaktadır. Bu modelde, hisse 

senetleri arasındaki korelasyonları getiri bazında değerlendirilirmiştir. Son olarak ise 

yapay sinir ağları metodu ile hisse seçimi yöntemi kullanılmaktadır. Bu model, 

büyük veri kümelerini analiz etmek için kullanılan bir yapay zekâ teknolojisi olan 

yapay sinir ağlarına dayanmaktadır. Bu üç modelin ampirik bir çalışma ile Borsa 

İstanbul endekslerine ait hisse senetleri üzerinde karşılaştırılması yapılmıştır. Tüm 

modeller nicel analiz olarak kabul edilebilecek modellerdir, fakat finansal oranların 

ANN modeli içerisinde kullanımı, hisse senedi seçimi alanında temel analiz bir 

yaklaşımını da içermektedir. 

Bu tez çalışmasının ilk bölümünde, hisse senedi seçimiyle ilgili mevcut literatürün 

genel bir incelemesini kapsamakta olup, özellikle Borsa İstanbul olarak bilinen 

Türkiye hisse senedi piyasasının seçilmesine özel bir vurgu yapılmaktadır.  

İkinci bölümde, ilgili modellerin kapsamlı bir literatür araştırması sunulmuştur. 

Literatür taramasının ilk bölümünde, yapay sinir ağı yöntemi kullanarak hisse 

seçimine odaklanan araştırmalar özetlenmiştir. İkinci bölümünde, yapay sinir ağı 

yönteminin finans ve ekonomi disiplinlerinde kullanım alanları incelenmiştir. Bu 

alanlar arasında enerji tüketimi tahmin modeli, finansal zaman serisi tahmin modeli, 

semantik model, kredi skoru belirleme, iflas tahmini yer almaktadır. Üçüncü 

bölümünde, ikinci dereceden stokastik baskınlık yöntemi ile hisse seçimi konusunda 

yapılan literatür taraması yer almaktadır. Son bölümde ise hisse seçimi için diğer 

yöntemler veya yardımcı yöntemler hakkında yapılan literatür taramaları 

özetlenmiştir. 

Üçüncü bölümde, hisse senedi seçiminde kullanılan temel modeller olan Markowitz, 

İkinci Dereceden Stokastik Baskınlık ve Yapay Sinir Ağları teorik altyapılarına 

yönelik ayrıntılı bir inceleme sunmaktadır. Bu teorik çerçeveler, tez çalışmasında 

kullanılan temel araçları temsil etmektedir ve detaylı bir şekilde analiz edilmektedir. 

Bu bölümde, her modelin matematiksel çerçevesi ayrıntılı olarak ele alınmaktadır.  

Dördüncü bölümde ise ilgili 18 yıllık veri seti detaylandırılmış ve hisse senedi seçim 

modellerinin teknik yapısı anlatılmıştır. Yapay Sinir Ağı ile hisse seçimi modelinin 

oluşturulması için MATLAB programından yararlanılmıştır. Diğer yandan, 

Markowitz modeli ve İkinci Dereceden Stokastik Baskınlık yöntemi içinse Microsoft 

Excel uygulaması kullanılmıştır. Bu programların kullanımı, ilgili analizlerin 

gerçekleştirilmesinde ve sonuçların doğru bir şekilde çıkarılmasını mümkün 

kılmıştır. MATLAB, Yapay Sinir Ağı modelinin kurulması sırasında kullanılan geniş 

bir fonksiyon yelpazesine sahiptir. Microsoft Excel ise Markowitz ve İkinci 

Dereceden Stokastik Baskınlık yöntemleri için gerekli olan matematiksel işlemlerin 

kolayca yapılabildiği bir araç olarak kullanılmıştır.  

Beşinci bölümde, bu üç modelin performansları birbiriyle karşılaştırılmış ve 

karşılaştırmanın sonuçları gösterilmiştir. Elde edilen sonuçlar, getiri değerleri 

tabloları şeklinde sunulmuştur. Bu karşılaştırma, modellerin ampirik 

performanslarına ve hisse senedi seçimi açısından etkililiklerine ilişkin önemli 

sonuçlar ortaya koymuştur. Şöyle ki, yapılan karşılaştırmalar sonucunda, literatürde 

öne çıkan üç hisse seçim modelinin performansları arasında farklılıklar tespit 

edilmiştir. Bu farklılıkların ana sebepleri, modellerin kullandıkları farklı 

matematiksel yöntemler ve varsayımlardır. Özellikle yapay sinir ağı ile hisse seçim 

modelinin, diğer modellere göre daha yüksek getiri potansiyeline sahip olduğu 

gözlemlenmiştir. Ayrıca, üç model de BIST-100 endeksine göre 8 ila 20 kat arasında 
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daha fazla getiriye sahip olan portföyler oluşturabilmiştir. Bu sonuçlar, hisse senedi 

piyasasında etkili bir yatırım stratejisi geliştirmek isteyen yatırımcılar ve finansal 

kuruluşlar için önemli bir rehber niteliği taşımaktadır.  

Çalışmanın son bölümünde, bu çalışmanın genel bir değerlendirmesi yapıldıktan 

sonra, çalışmanın gelecekte hangi çalışmalara ilham olacağı ve hangi çalışmalarla 

geliştirileceği detaylı bir şekilde vurgulanmıştır. 

Özetle, bu tezin ana motivasyonu, literatürde performansı henüz karşılaştırılmayan 

bu üç modelin getiri performansını karşılaştırmak, bu yolla nicel analiz modellerinin 

karşılaştırması yapmak ve Türkiye gibi, siyasi ve ekonomik gelişmelerden dolayı, 

hisse senedi pazarı sürekli etkilenen bir pazarda, alfa getiri (portföy getirisi – endeks 

getirisi) elde eden portföyler oluşturacak kabiliyete sahip modelleri de literatüre 

kazandırmaktır. 
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1.  INTRODUCTION  

Why is stock selection so crucial? The answer is obvious that stock selection is a 

crucial aspect of investing because investors have a limited amount of funds to 

allocate and seek to minimize risk while maximizing returns. Various criteria are 

utilized for stock picking, ranging from basic to sophisticated techniques. (Shah, 

2015).  

Some of the commonly used stock selection strategies include fundamental analysis, 

qualitative analysis, value investing, growth investing, income investing, and 

technical analysis. (Edwards et al., 2018). 

"Strong fundamentals", a phrase describing a company, and an important expression 

has been used so frequently that it has almost become cliched. Fundamentals of a 

company may be discussed by any expert in the field of stock selection. Therefore, 

experts define fundamentals in detail, explain how and why they are studied, and 

demonstrate why fundamental analysis is often a useful starting point when selecting 

good stocks. 

The field of fundamental analysis is fairly broad. In addition to analyzing data and 

forecasting cash flows, valuing a firm also entails taking a broad, more evaluative 

view of the organization. Here, examining how choosing a stock involves analyzing 

qualitative characteristics such as industry knowledge, what a company does, how it 

makes profit, brand name and management. 

One of the most well-known stocks choosing strategies is value investing. The 

paradigm for value investing was developed in the 1930s by Columbia University 

finance professors Benjamin Graham and David Dodd. The idea is fairly 

straightforward: look for firms that are trading below their true value (Graham et al., 

1934). The value investor looks for businesses that the market appears to have 

undervalued, which has the potential to boost share price when the market corrects 

its valuation error. 
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Comparing growth investing to value investing is the most effective approach to 

characterize it. Value investors just consider what is happening right now; they 

search for stocks that are now trading for less than what they appear to be worth. 

Growth investors, on the other hand, place far less attention on a company's current 

price and instead concentrate on its future potential. 

One of the easiest stock selection tactics is income investing mentioned in the second 

paragraph above, which tries to choose companies that offer a consistent flow of 

income (such as dividends). 

To summarize all these strategies, many methods are being studied, both in practice 

and in theory, to obtain returns above the index return. In the following section, the 

motivational points of this thesis study are highlighted, and quantitative stock 

selection models are discussed. 

1.1 Purpose of Thesis  

1.1.1 Beating the market return with stock selection 

One of the most important aspects of contemporary investment theory is the selection 

or optimization of a portfolio, starting with Markowitz's mean-variance model from 

1952 and progressing to hybrid models like those used by Chen et al. in 2020. Stock 

selection decisions can be made using technical and fundamental analysis while 

adhering to strategic trading principles (Ince, 2014). Investment firms improve 

specific types of models with their instinct to keep their funds as avoiding negative 

effects of bear periods due to the fact that generated portfolios based on stocks 

selected from various types of indices or derivative instruments co-moved with the 

market may cause negative returns during bear periods (Tas et al., 2016). Secondly, 

instinct of investors is stemmed from achieving greater returns than established 

indices or fixed assets having stable, risk-free profits (van der Hart et al., 2005; Lee 

et al., 2009). Portfolio managers also refer to performance of a portfolio that 

produced returns more than indices as positive alpha-performance (Cuthbertson and 

Nitzche, 2013). Additionally, the market's low interest rates encourage investors to 

investigate stock market chances in order to seek out greater profits (Chang and Lee, 

2017). Thus, the first aim of this thesis study, is to design portfolios that generate 
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more returns than market returns.  While making this design, it was ensured that a 

thesis study that contributed to the literature was made. 

1.1.2 Turkey's political and economic situation 

Additionally, this thesis regarding Turkey's stock market (Borsa Istanbul) was 

motivated by significant events that occurred between 1999 and 2018. The Marmara 

region, Turkey's primary industrial area, was ravaged by a catastrophic earthquake in 

1999, which resulted in enormous budget shortfalls for housing, trade, and 

infrastructure. The following year, Turkey signed a 3-year stand-by agreement with 

the IMF. This program, titled "Curbing Inflation Rate," comprised structural changes 

and strict foreign exchange regulations. Although the program improved short-term 

capital inflow, the inflation rate did not decline to the level that was anticipated. 

Second, as imports rose, the international deficit did as well. These occurrences 

raised the liquidity needs of banks, whose primary asset class was treasury bonds. 

Within the final quarter of 2000, this lack of liquidity led to an increase in interest 

rates from 35% to 183%. The so-called "Black Wednesday" of 2001, when political 

tension increased between Turkey's government and presidency over the country's 

economic predicament, saw an average 18% decline in stock prices at Borsa Istanbul 

(BIST, formerly the Istanbul Stock Exchange). In the days that followed, the fixed 

exchange rate system was abandoned in favor of a floating rate system, which saw 

the value of the Turkish Lira fall by 40%. (Bagci, 2014). After winning the election 

in 2002, a center-right party assumed power, which led to an increase in BIST's 

various indices in the year's final quarter. Between 2002 and 2008, structural 

improvements in treasury practices helped stabilize the Turkish economy. The global 

mortgage crisis that started in 2008 led to a 50% decline in the BIST market in just 

one year. Following the global financial crisis of 2007–2009, a large portion of the 

developing world has resumed strong growth. Much of this growth might not be as 

sustainable as it seems. Without sufficient investment and productivity development, 

growth that is driven by consumption, government, and credit spending tends to 

fizzle out more quickly and may even set the stage for future economic collapses 

(Acemoğlu and Üçer, 2020). The first constitutional referendum in Turkey was 

carried out in 2010, and the market fell by 25% the following year as a result. The 

"Gezi Protests," organized by opposition parties, extended to Turkish cities in 2013. 

In the final two quarters of 2013, these protests led the market to decline by an 
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additional 13%. Opposing groups attempted a coup in 2016, which resulted in a more 

than 15% decline in market stocks. The second Turkish constitutional referendum 

was carried out the following year, and a presidential system was approved while the 

parliamentary system was abolished. When the 2018 presidential election took place 

under the new political structure, the BIST-100 index and the value of TRY both 

decreased by 22%. These episodes, which all had a negative effect on the stock 

market, were significant in the decision-making process when choosing stocks. The 

stock market in Turkey serves as a useful example for other markets that face similar 

challenges and require portfolio managers or investors to at least achieve positive 

alpha performance.  

1.1.3 Comparing the stock selection methods 

While making this thesis design, it was ensured that a thesis study that contributed to 

the literature was made. In this thesis, three models that have not been compared in 

the literature were selected. These are Markowitz, second-order stochastic 

dominance and artificial neural networks as stock selection models. In this way, it is 

aimed to carry out a comprehensive study, including the political and economic 

developments of Turkey, which is mentioned in Section 1.1.2 as defined in above. 

1.1.4 Comparison of quantitative analyses  

Markowitz's portfolio theory is a well-known and widely used quantitative analysis 

approach in finance. It uses statistical and mathematical techniques to construct an 

optimal portfolio of assets that offers the maximum expected return for a given level 

of risk. The approach involves analyzing historical market data to determine the 

covariance between different assets and then using optimization techniques to select 

a portfolio that maximizes the expected return while minimizing the risk. 

Markowitz's theory is based on the concept of diversification, which is an important 

principle in risk management. By diversifying a portfolio across different assets, 

investors can reduce their overall risk without sacrificing expected return. 

Second-order stochastic dominance (SSD) is a quantitative analysis approach used in 

finance to compare the performance of two investment portfolios. SSD analysis 

involves evaluating the probability distributions of the returns of two portfolios and 

determining which one has a higher probability of generating a higher return. More 

specifically, in SSD analysis, the probability distribution functions of the returns of 
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two portfolios are compared using a partial ordering technique. If one portfolio 

dominates the other in second-order stochastic dominance, it means that the 

probability of achieving a higher return is greater for that portfolio than the other. 

Therefore, the SSD approach can help investors evaluate the risk-return trade-off 

between two investment portfolios. In finance, SSD analysis is considered to be a 

complementary tool to Markowitz's portfolio theory. While Markowitz's approach is 

based on the mean and variance of the returns of two portfolios, SSD analysis 

focuses on the higher moments of the probability distribution functions. As a result, 

SSD analysis can provide a more complete picture of the risk-return trade-off 

between two investment portfolios.  

The stock selection method that uses artificial neural network (ANN) with financial 

ratios as inputs and one-year later returns as outputs can be considered a quantitative 

analysis approach in finance. In this approach, financial ratios such as earnings per 

share, price-to-earnings ratio, book value per share, and others are used as inputs to 

the ANN model. The ANN model then uses these inputs to predict the one-year later 

return of a particular stock. The ANN approach is based on the use of machine 

learning algorithms that can learn and improve from past data. The model is trained 

on historical data, and its predictions are tested against actual one-year later returns 

to evaluate its performance. In finance, this approach can be considered a 

quantitative analysis technique because it involves using statistical methods and 

mathematical models to analyze financial data and make predictions. By using the 

ANN approach, investors can make more informed decisions about which stocks to 

buy and sell, based on their predicted one-year later returns. Overall, the use of ANN 

models in stock selection can provide investors with a powerful tool to analyze 

financial data and make predictions about future stock returns, making it a valuable 

quantitative analysis technique in finance. 

All three methods, namely Markowitz portfolio theory, second order stochastic 

dominance, and artificial neural networks, are quantitative approaches in the realm of 

stock selection. They all utilize numerical data and statistical techniques to generate 

portfolio recommendations. However, there are differences in the underlying 

assumptions and methodologies of these approaches. Markowitz theory assumes that 

investors are risk-averse and seek to maximize returns for a given level of risk, while 

second order stochastic dominance takes into account higher moments of the 
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distribution of returns to make recommendations. Artificial neural networks utilize 

historical financial data to learn patterns and predict future stock returns. 

Furthermore, Markowitz theory and second order stochastic dominance focus on 

constructing optimal portfolios, while artificial neural networks directly predict 

future returns. Ultimately, the effectiveness of these methods in generating superior 

returns depends on their ability to accurately capture the underlying market dynamics 

and investor behavior. One of principal aims in this thesis is to advance the existing 

literature by means of comparing these three quantitative models. 

1.2 Hypothesis 

By creating annual portfolios with companies chosen from various types of indices 

traded in the Borsa Istanbul, this research examines the performances of stock 

selection algorithms established by artificial neural networks (ANN), second order 

stochastic dominance (SSD), and Markowitz portfolio optimization. 

According to the literature on stock selection, this thesis has special importance 

because it compares these approaches in order to produce portfolios with superior 

returns. Thus, two queries arise:  

(1) Can these methods deliver alpha? 

(2) Can these methods overcome losses during financial crises and bear or bull 

periods?  

In general, it has been seen that stock selection models are successful in providing 

above-index returns, both in the literature and in practice. But whether this success 

can also be achieved in times of economic crisis is the subject of a large literature. In 

addition, these research periods are not limited to periods of economic crisis. These 

periods can also be different periods such as bear and bull markets. The hypothesis of 

this study is that it will be possible to obtain positive returns during financial crisis 

periods. At the very least, there is a hypothesis that an above-market return, ie 

positive alpha, will be achieved.  

However, as will be mentioned in Section 5, ANN-generated portfolios have 

somewhat better average returns than those produced by SSD and Markowitz, and all 

three models outperform indices by producing positive alpha. None of the models, 

however, could offset the low returns experienced during economic downturns. 
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1.3 Structure of the Thesis 

This thesis' remainder is organized as follows: Section 2 examines related works and 

provides an overview of the literature on the stock selection techniques, ANN and 

SSD; The theories underlying ANN, SSD, and the Markowitz portfolio optimization 

are covered in Section 3; the data set and empirical technique are covered in Section 

4; the observed outcomes of the models used are covered in Section 5; and the thesis 

is concluded in Section 6. 
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2.  LITERATURE REVIEW 

2.1 Literature Review of Stock Selection Method with Artificial Neural Network 

Using the back propagation algorithm on ANN, Quah and Srinivasan (1999) 

published a study on choosing stock portfolios that outperform the market return in 

Singapore Stock Market. They used 7 financial ratios as inputs for the ANN, 

including historical P/E ratio, prospective P/E ratio, cash-flow yield as yield factor, 

market capitalization as liquidity factor, earnings per share uncertainty as risk factor, 

return on equity as growth factor, and momentum factor. Their research explores the 

possibility of outperforming market returns with a portfolio built by choosing 

equities using the ANN approach. Stocks that excelled and underperformed the 

market by 5% on a quarterly basis are used as training data to determine the ANN's 

outputs. The ANN is composed of 4, 8, 10, 12, and 14 hidden neurons, which come 

in different numbers. In the first design, the testing data are all quarters from the third 

quarter of 1995 to the final quarter of 1996, and the training data are all quarters from 

the first quarter of 1993 to the second quarter of 1995. The Moving Window Stock 

Selection System is employed in this thesis’ design as the ANN model's training 

approach, which is described in Section 4 of the paper. The ability of this 

methodology to choose stocks that produce excess returns above the market is 

demonstrated by the fact that portfolios created by selecting the top 25 stocks beat 

portfolios created by selecting other stocks. Each design is therefore capable of 

choosing stocks and creating a portfolio with excess returns over the market. Their 

study's main weakness was the very short data period and the lack of testing on 

different markets. Accordingly, Quah and Srinivasan (1999) contended that the 

research scope might be expanded by evaluating this study under various market 

scenarios, such as high- and low-inflation rates, bullish and bearish market 

conditions, and a variety of political contexts. 

Eakins and Stansell (2003), made research to find the ability of ANN on detecting 

stocks which have higher return potential and to compare these findings with 

different methods on forming portfolios. They also emphasized the non-linearity 
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ability of ANN method compared with regression models but in an opposite manner, 

it was underlined that there was a possibility of overfitting problem and the process 

of estimation was generally higher than other models such as regression models and 

discriminant analysis. Additionally, another reason, the functional form advantage, is 

cited from Hill et al. (1994). It is revealed that ANN models have an exclusive ability 

for partitioning the sample space and for performing in simplifying unknown 

functional form when the data is in noisy situation. In this ANN structure of this 

study, back propagation algorithm is expectantly used by underlining that back 

propagation model is a type of feed forward models and it is supervised structure due 

to the fact that the output is known, and inputs are serving as retroactive signals in 

that manner. Similarly, as in Quah and Srinivasan (1999), inputs of this model are 

market capitalization, dividend yield, P/S ratio, P/E ratio, P/B ratio and Price-to-

Cash-flow ratio, and the output is percent total return. For market capitalization, the 

limit is defined as adding stocks whose market capital is more than $150M. On the 

other hand, some firms were removed from their study if values are greater than three 

standard deviations from the mean by referencing all rules from O’Shaughnessy 

(1997). Financial ratios of (T-2)nd year and returns of (T-1)th year were used for 

training to the model, and subsequently, with financial ratios of (T-1)th year, returns 

of Tth year are predicted; therefore, it was provided to be made the ANN structure to 

detect high return potential stocks. This method, which is called Moving Window 

Stock Selection System, was implemented for each year between 1976 and 1996. 

Secondly, by selecting first 50 number of these all-detected stocks which having the 

highest forecasted returns, portfolios were generated for each year, and additionally, 

the results were compared with the S&P 500 Index and the Dow Jones Industrial 

Average. Why 50 number of stocks were used in these portfolios is based on making 

a comparison with O’Shaughnessy (1997) in which the same number of stocks was 

used by emphasizing that this number of size is rational for a portfolio. 

Consequently, 20-year average return of portfolios selected by neural network was 

remarkably higher than S&P and Dow-Jones. In 20 years period, $1 investment on 

ANN selected portfolios reached $19, whereas others did not exceed to $8. Thus, 

findings indicates that ANN is a reasonable tool for selecting/detecting stocks having 

higher return potential, and their study is one of the articles that inspired the this 

thesis especially in terms of financial ratios used in their model and their stock 

selection system. 
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Olson and Mossman (2003) did a research based on an ANN model with back 

propagation algorithm, in which training data includes six-year period and following 

year returns were forecasted in sequential 12 years. Stocks were selected from 

Toronto Stock Exchange located in Canada. The forecasted data interval of this study 

is from 1983 to 1993 with 61 accounting ratios to forecast market-adjusted abnormal 

returns. To provide the alignment of time between investors’ reaching ratio 

information and firms’ releasing ratios’ data, 3-month lag was used; therefore, from 

4th month to 15th month intervals were preferred for their study. Moreover, due to 

the fact that some of small companies had lack of ratio information, the sample area 

was restricted by price, size, trading time and other reasonable rules. Subsequently, 8 

number of portfolios generated by using Logistic Regression (LOGIT), Ordinary 

Least Squares (OLS) and Artificial Neural Network were compared with each other. 

By implementing these tests, whether fundamental approach was a remarkable 

method for high potential stocks was investigated, and whether neural network’s 

capturing ability was higher than other traditional methods. As a consequence, in 

general manner, the returns of portfolios generated on ANN model was higher than 

the returns of other models’ portfolios. In this thesis, however, the data was trained 

on a yearly basis instead of six years, making it different from their study. 

Nevertheless, their study has been useful in terms of inspiration for this thesis. 

Ko and Lin (2008) defined that a financial market's resource allocation issue was 

portfolio selection. The distribution of a set of resources (capital) among a set of 

entities (assets) was necessary for the investor's asset optimization, with a trade-off 

between risk and return. It has been demonstrated that an ANN with nonlinear 

capacity might successfully resolve a large-scale difficult problem. The solution to 

the NP-hard resource allocation problem was appropriate. The traditional ANN 

model, however, cannot ensure that the output layer's total of created investment 

weight always keeps 100%. Ko and Lin’s study (2008) offered a neural network 

model for resource allocation designed to maximize portfolio investment weight. As 

a basis for 100% of adding up the weights of all the assets in the portfolio, this model 

will modify the investment weight in real time. The experimental findings of the 

study showed that buy-and-hold trading strategy ROI was superior to benchmark 

Taiwan Stock Exchange (TSE) and that optimal investment weights were feasible. In 



 

12 

 

this thesis, unlike Ko and Lin's (2008) study, weight optimization was not used for 

ANN, but rather it was used to identify strong stocks. 

Yildiz and Yezegel (2010), in their study based on fundamental analysis, by using 

NYSE, NASDAQ and AMEX stocks with 18 financial ratios as input and following 

year return as output, tested to detect abnormal returns on ANN model which has 

Jacob’s Enhanced Back Propagation learning algorithm and sigmoid transfer 

functions. Between the year of 1962 and 1989, data for training of the ANN model 

was randomly selected as 4000 number of observations, and testing data was also the 

same period, and additionally, validation interval was between the year of 1990 and 

2005. After training the model, validated stocks were grouped into 10 number of 

portfolios which are defined as from 10 most favorable to 1 least favorable. As a 

result, the return of the most favorable portfolio had not an excessive advantage over 

expected returns but on the other hand, the hedging strategy of holding long position 

most favorable portfolio and short position of least favorable portfolio was 

considered as successful with 22% abnormal annual return. In this thesis, similar to 

their study (2010), different portfolio types have been identified from the most 

successful to the lowest predictions. In terms of the portfolio clustering logic, the 

article provides inspiration for this thesis. 

Ma et al. (2021) integrated three deep learning models which are LSTM neural 

network, deep multilayer perceptron (DMLP), and convolutional neural network with 

two machine learning models which are random forest (RF) and support vector 

regression (SVR) to predict return in portfolio construction. To be more precise, 

these prediction models were first used in their paper for stock preselection prior to 

portfolio creation. Then, this research advanced the mean-variance (MV) and omega 

portfolio optimization models using their prediction outcomes. Portfolio models 

using autoregressive integrated moving average's return prediction were used as 

benchmarks to demonstrate the superiority of these models. They made the analysis 

with historical data for the nine years between 2007 and 2015 for the stocks that 

make up the China Securities 100 index. According to experimental findings, the 

MV and omega models with RF return prediction which can be defined as RF+MVF 

and RF+OF performed better than the other models.  

Additionally, RF+MVF is better than RF+OF. Their study evaluated the performance 

of the two models after taking the transaction fee caused by turnover into account 



 

13 

 

due to the significant turnover of these two models. According to experiments, 

RF+MVF continues to outperform MVF models, while the omega model with SVR 

prediction (SVR+OF) outperforms OF models.  

Moreover, RF+OF and RF+MVF perform better than SVR+OF, and excessive 

turnover reduces roughly half of their overall returns. The theoretical studies on 

portfolio optimization with return prediction were enhanced by their study. First off, 

this research used five models to predict stock returns, ensuring that only high-

quality stocks were chosen before creating models for portfolio optimization. For this 

thesis, based on the article by Ma et al. (2021), the following information and 

decisions are presented. These are stated in Section 4.3. 

2.2 Areas of ANN Usage in Other Finance and Economics Disciplines 

2.2.1 Energy consumption forecast model  

As energy consumption forecast model, Akkurt (2005) made research on forecasting 

of Turkey’s energy consumption by using artificial neural networks. In this study, 23 

inputs with various subjects such as gross domestic product, population, sectoral 

growths, and households’ growth are used, and 1 output is defined as electrical 

consumption. Variables were normalized as between 0,1 and 0,9 with normalization 

function, and data between the year of 1970 and 1990 is used for training, and 3-

year-data between the year of 2000 and 2002 was tested on model. Different models, 

having neurons from number of 1 to number of 10 on 1-hidden layer, have compared 

each other. After testing models on MATLAB computing environment, the ANN 

model having 4 neurons in hidden layer gave the best forecast with lowest error 

values. Due to the fact that deviations from the real energy consumption values were 

not more than 1%, it was inferred that this model was able to be used for energy 

consumption forecast of Turkey. In terms of representing negative values as in the 

interval of normalized value, this study is a remarkable example in the ANN field; 

therefore, avoiding effects of negative input-output values to ANN model, 

normalizing process of data is a useful tool. Moreover, this model can be improved 

by increasing the number of variables in the field, but it necessitates making deep 

investigation about detecting other effects such as external macroeconomic data on 

energy consumption. In this thesis, the usage logic of MATLAB for ANN models is 

based on Akkurt's (2005) study. 
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2.2.2 Financial time series prediction model 

As financial time series prediction model, Yasen, Kesra and Akeel (2016), made 

research on WIG20 (Warsaw Stock Exchange) to improve back propagation method 

on ANN model which is used in the subject of stock price forecasting during training 

section of the model. This study was implemented to decide optimum number of 

neurons in hidden layer and 3 model were compared with each other. This 

comparison was implemented to find which model has better ability to forecast than 

other models. As input, daily opening price, daily highest price, daily lowest price, 

daily closing price and daily turnover were used to find daily closing price of the 

following trading day. In the time interval between April of 2011 and February of 

2015, 500 data set was used for training of ANN model and 300 data set was used for 

testing of this ANN model. According to results, using lower neurons in hidden layer 

caused under-fitting problem of the model, whereas using (N+1).(2/3) number of 

neurons in hidden layer causes better forecast results. Consequently, improvable 

point of this study might be defined as testing these three ANN models in different 

indices. Additionally, Yasen et. al.’s (2016) study does not contain the fundamental 

analysis but on the other hand, this study may be used for allocating stocks on a 

portfolio in terms of having detected higher return potential stocks.  

As another financial time series prediction model, Qiu et al. (2016) made a study by 

applying an artificial neural network model to predict the returns of NIKKEI 225 

Index (Japanese Stock Market) on ANN back propagation and to improve this model 

with genetic algorithm (GA) and simulated annealing (SA) respectively in order to 

provide higher prediction accuracy and cope with the local convergence problem of 

back propagation model. Additionally, mapping the nonlinearity of optimization and 

revealing a structure representing the whole market were another main research topic 

of this study. As input, 18 number of variables separated out from 71 variables 

covering financial and economic circumstances of Japanese Stock Market were used 

and those inputs such as financial indicators and macroeconomic data had not been 

tested on another previous studies before. The study covered the period from the last 

quarter of 1993 to second quarter of 2013 as first 170 months were used for training 

and validation, and the remaining 67 months were used for investigating and testing 

the performance of the model. To decrease the number of indicators, fuzzy surface 

method was implemented. It was based on that inputs which were repetitively 
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correlated with the output are eliminated. These 18 inputs were normalized from 0 to 

1. Parameters in ANN model were tested with 900 different combinations. Finally, 

GA and SA hybrid models were used for improvement of the model to overcome 

local minimum problem and defined slow convergence and these 3 models which are 

BPNN, GABPNN and SABPNN had compared each other. Consequently, with the 

lowest mean square, GABPNN model gives the best prediction values but with 

relatively higher time processing. In this thesis, to investigate the use of genetic 

algorithm in portfolio selection, this article has been examined. However, it has been 

decided to use other models for optimization. 

As third time series model, Cicek and Ozturk (2021) proposed a novel hybrid genetic 

algorithm for ANN optimization based on biased random keys. The BRKGA-NN 

algorithm establishes the quantity of hidden neurons, their bias values, and the 

connection weights between nodes. On some of the most well-known time series 

datasets, the performance of the BRKGA-NN algorithm was evaluated in comparison 

to that of genetic algorithm-based ANN, ANN with back-propagation, SVR, and 

ARMA. Forecast findings indicated that the BRKGA-NN algorithm could deliver 

more accurate forecasts than the approaches that were examined.  

2.2.3 Semantic model 

As a semantic model, Adasoglou et al. (2021) made a study including a comparison 

of various neural network embedding algorithms that take into consideration word 

semantics through vector proximity to develop arbitrary dimensional vector 

representations for US business filings (10-Ks) from 1998 to 2018 by arguing that  

both academics and practitioners had recently shown a greater interest in 

automatically assessing the textual portion of financial reports from businesses to 

extract meaning-rich information for future outcomes, and that tracking textual 

changes in company reports could have a big and considerable impact on stock 

prices. According to them, investors only gradually become aware of the 

consequences of the news hinted at by document modifications because this impact 

occurs with a lag. But as these documents have gotten longer and more complicated 

in terms of structure and language, it has become increasingly challenging to carry 

out this process. They also contrasted them with other, more widely applied 

techniques in the literature in terms of their capacity to capture changes related to 

future risk-adjusted anomalous returns. As a consequence of their study, they 
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suggested an unique investing approach that makes use of these neural network 

embeddings called Semantic Similarity Portfolio (SSP), and they demonstrated that 

companies that do not significantly alter their 10-Ks from the prior year typically 

experience high and statistically significant future risk-adjusted anomalous returns. 

Secondly, when a momentum-related condition was included, requiring that the 

chosen companies likewise show good prior-year returns According to their 

technique, a portfolio that purchases "non-changers" can generate yearly risk-

adjusted anomalous returns (alpha) of up to 10%. In addition, this study, due to its 

semantic basis, is not the subject of this thesis. However, in the future, with the aim 

of evaluating the relationship between stocks and news, the use of semantic models 

is expected to increase. 

2.2.4 Credit scoring 

Donel (2012) explained credit scoring techniques used in the literature and calculated 

scorecards using data from a commercial bank. Dataset contained details on the 

borrowers who submitted loan applications in 2008. Ten independent variables and 

one dependent variable made up the dataset. Dependent variable was whether the 

credit would default or not. First, scorecards were computed using the logistic 

regression model for the models' implementation. Receiving operational 

characteristic and the Hosmer-Lemeshow Test (Fagerland and Hosmer, 2012) were 

used to create and test the regression model, respectively. Then, momentum 

coefficient, learning coefficient, two multilayer perceptron artificial network 

systems, input interval result layer with a trial-and-error approach, and multilayer 

perceptron artificial network system formulation were gained. To compare 

formulation with the trial-and-error method, two separate artificial neural networks 

were created. If the formulation of a multi-layer perceptron artificial neural network 

system performed better than the trial-and-error method, it would not take as much 

time to determine the ideal architecture structure. Comparisons between values 

obtained from score cards and Type 1 and Type 2 error values were made. The 

logistic regression approach outperformed other methods when evaluating Type One 

mistake, which involves admitting good credits as poor. The artificial network 

system performed better than expected when Type 2 error—adding bad credits as 

good—was evaluated. A credit scoring model with a lower overall mistake 

percentage was created using an artificial neural network system. This study has been 
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conducted for this thesis to investigate whether there is a relationship between credit 

scoring and portfolio selection models. It may be asserted that credit scoring and 

stock selection are two separate fields in finance, without a direct relationship. Credit 

scoring evaluates the creditworthiness of individuals or companies based on their 

financial history, while stock selection involves choosing stocks based on various 

criteria such as financial metrics and market trends. However, a company's 

creditworthiness could indirectly affect its stock price or performance. Therefore, in 

possible future studies, the topics of credit scoring and stock selection could be 

evaluated together in a joint study. 

2.2.5 Bankruptcy prediction 

Predicting corporate bankruptcy is a crucial step in determining a company's 

solvency, or whether it will be able to pay its debts on time or not. It is extensively 

researched since it significantly affects profitability, management, stockholders, 

employees, and customers. ANN have been extensively explored for bankruptcy 

prediction in recent years. Weight training is a crucial step in learning a network. 

Ansari et al. (2020) argued that ANN was mathematically efficient, but it had a 

complicated weight training procedure that takes a long time to complete when 

working with a lot of training data. Numerous studies and enhanced ANN weight 

training for bankruptcy prediction utilizing metaheuristic algorithms like 

Evolutionary Algorithms (EA) and Swarm Intelligence (SI). Their paper proposed a 

novel approach called MOA-PSO by enhancing two metaheuristic algorithms, 

Magnetic Optimization Algorithm (MOA) and Particle Swarm Optimization (PSO), 

by hybridization. In their study, four current algorithms were compared to the hybrid 

MOA-performance, and PSO's faster and more accurate prediction, the suggested 

hybrid MOA-PSO algorithm shows promising results, with a 99.7% accuracy rate. 

Bankruptcy prediction can be used as a preliminary evaluation in portfolio 

diversification in stock selection. Although it is a different research topic, it is 

possible to determine which companies should be removed from the portfolio. 
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2.3 Literature Review of Stock Selection Method with Second Order Stochastic 

Dominance Method 

The stock selection issue for portfolio refers to the task of choosing which 

investments to include in a portfolio to achieve a desired level of return while 

minimizing risk. Markowitz is an economist who first developed a mathematical 

model for solving this problem. In his model, the investor is trying to find a balance 

between the return they expect to make on their investment and the risk they are 

willing to take on. The problem can be thought of as a "two-objective" optimization 

problem, where the investor must try to achieve a reasonable trade-off between 

maximizing their expected return and minimizing their risk. 

Bicriteria optimization problem refers to a type of mathematical optimization 

problem where the objective is to simultaneously optimize two or more conflicting 

criteria or objectives. In the context of portfolio optimization, the two criteria are 

typically maximizing the expected rate of return and minimizing the risk. Finding the 

optimal balance between these two criteria is often a challenging task, as improving 

one criterion may lead to a worsening of the other. Therefore, a reasonable trade-off 

between the two objectives needs to be sought to achieve an efficient portfolio. 

Second-order stochastic dominance (SSD) is not directly solving a bicriteria 

optimization problem, but rather it is a criterion used for comparing the risk and 

return trade-offs of different portfolios. SSD is a method for ranking portfolios based 

on their risk-return characteristics, and it can be used to identify efficient portfolios 

that dominate others in terms of both return and risk. However, in the context of 

portfolio optimization, SSD can be used as a constraint or as part of the objective 

function to achieve a reasonable trade-off between expected return and risk. In this 

sense, SSD can be considered as a tool to address the bicriteria optimization problem 

in portfolio selection. 

SSD is an alternative approach to portfolio selection that has gained popularity in 

recent years. SSD is a statistical concept that compares the probability distributions 

of two random variables. A portfolio is said to dominate another portfolio in second-

order stochastic dominance if it has a higher expected return for all levels of risk or if 

it has a lower risk for all levels of expected return. Unlike MV optimization, SSD 
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does not require any assumptions about the distribution of returns and is robust to 

outliers. 

One of the main differences between SSD and MV optimization is that SSD 

considers the entire distribution of returns, rather than just the mean and variance. As 

a result, SSD can capture non-linear relationships between risk and return and may 

be more appropriate for investors who are risk averse or who are concerned about tail 

risk. However, SSD optimization can be more computationally intensive than MV 

optimization and may require more data to estimate the underlying return 

distributions accurately. Overall, both MV optimization and SSD optimization have 

their strengths and weaknesses, and the choice of which approach to use may depend 

on the investor's risk preferences, the characteristics of the underlying assets, and the 

availability of data. 

In the thesis, the scientific articles that were occasionally utilized either conceptually 

or technically regarding SSD are listed below: 

Quantiles and the distribution's tail features were used by Ogryczak and Ruszczynski 

(2002) to identify a harmonic relationship with specific models. They proposed using 

Tail VAR (which represents the average amount by which returns might fall short at 

a given confidence level) to model mean-risk portfolios and showed that it was in 

line with the stochastic dominance order. They used duality relations of convex 

analysis to develop the quantile model of stochastic dominance for general 

distributions. SSD stands for Second-Order Stochastic Dominance and is a criterion 

that shows one portfolio is better than another. SSD considers the entire distribution 

of portfolio returns, while Tail VAR only considers the risk below a certain threshold 

level. Therefore, Tail VAR measures downside risk, while SSD considers both 

upside and downside risks. In this thesis, it was decided to continue the analysis of 

risk using the SSD test, which is a measure of portfolio performance that takes into 

account both the upside and downside risks. This decision was made based on the 

inclusiveness of the SSD test, which considers the entire distribution of portfolio 

returns and provides a more comprehensive evaluation of portfolio risk compared to 

other risk measures that only focus on specific moments or percentiles of the 

distribution. Additionally, the SSD test has been widely used in the financial 

literature to compare and rank portfolios based on their risk and return 

characteristics, and it is considered to be a robust and reliable method for portfolio 
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optimization. Therefore, by using the SSD test, this thesis aims to provide a thorough 

analysis of the risk and return profiles of different portfolios and to identify the 

optimal portfolio that balances risk and return in the most efficient manner. 

Abhyankar et al. (2006) compared portfolios of IPO stocks with benchmark indices 

using stochastic dominance. They found that an investment in a portfolio of IPO 

stocks is preferred over a portfolio of non-IPO stocks with similar firm 

characteristics if investors have a preference for more wealth or are risk-averse. In 

this thesis study, a similar approach was taken by testing a newly listed stock using 

the three models. This is similar to Abhyankar et al.'s (2006) study, where companies 

were tested approximately one month after going public. However, in this thesis, a 

newly listed stock entered the market in January or March ends. In contrast to this 

article, the concept of IPO is not the main focus of this thesis. 

By exploiting the link between CVaR and SSD, Kopa and Chovanec (2008) 

discovered a predominating portfolio based on the effectiveness of the SSD test. 

Using SSD and information-gap theory, Berleant et al. (2008) investigated portfolio 

management under epistemic uncertainty. Their findings revealed that dominant 

stocks outperform less-dominant stocks in terms of returns, and that the SSD 

approach to portfolio management attracts risk-averse investors. The authors used 

stochastic dominance and Information-Gap Theory to identify the best portfolio from 

a set of optimal portfolios. The traditional Markowitz theory is not sufficient when 

there are uncertainties regarding the correlations among portfolio segments, return 

distribution shapes, lack of price data, or other fundamental data. The analysis in the 

article addresses the first two of these challenges and demonstrates how rational 

portfolio choice is possible even under severe uncertainty. In this thesis, the 

relationship between Markowitz theory and SSD is investigated, and the existing 

literature on this approach is utilized. 

By contrasting nine Dow Jones Islamic indices with their Dow Jones conventional 

counterparts, including the Asia Pacific, Canadian, Developed Country, Emerging 

Markets, European, Global, Japanese, UK, and US indices, Al Khazali et al. (2014) 

investigated whether Islamic stock indices outperform conventional stock indices. It 

was found that, with the exception of the European market, all conventional indices 

stochastically outperform Islamic indices at the second and third orders for the time 

periods 1996–2012 and 2001–2006. The European, US, and international Islamic 
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stock indices, however, outperformed the traditional ones from 2007 to 2012. The 

findings displayed that throughout the most recent financial crisis, Islamic indices 

outperformed their conventional counterparts. Islamic investing therefore 

outperformed traditional investing during an economic catastrophe. In their study, 

they also emphasized that to compare portfolio performance, most earlier studies 

used parametric approaches and the most popular techniques in the literature were 

the mean-variance (MV) criterion and capital asset pricing model (CAPM) statistics 

by adding the comment from Beedles (1979) and Schwert (1990) that both methods 

test for portfolio performance using parametric statistics that rely on the normalcy 

assumption and only include the first two moments, which leaves out crucial 

information present in higher moments. Additionally, it was emphasized that they 

were inappropriate if return distributions were not normal, or investors' utility 

functions were not quadratic because they depended on them. Thanks to Al Khazali 

et al.’s (2014) study, signals were received on how to create a portfolio by 

researching the market. 

Sharma and Mehra (2016) applied the SSD test on a sectoral basis. These sectors are 

Airlines, Auto (Transport equipment), Capital goods (CG), Finance, Housing, 

Information technology (IT), Metal, Oil and Gas (O&G), Telecom, Petrochemical, 

Agriculture, Consumer Durable (CD), Media, Power, Textiles, FMCG, 

Pharmaceutical, Miscellaneous sectors. They divided the stock pool into sectors and 

compared the portfolio performances within each sector. This allowed them to make 

performance comparisons between cyclic and non-cyclic industries. The conclusion 

they tried to draw from this is to investigate the dominance of non-cyclic sectors over 

cyclic sectors, which are affected by systematic risks. In this thesis, however, sectors 

are evaluated in a single stock pool. Therefore, this thesis differs from Sharma and 

Mehra’s (2016) study in this respect. On the other hand, their study is similar to this 

thesis in that financial ratios were also incorporated in their analysis. 

Comparing the mean-variance performance of BIST and NYSE stocks with that of 

the SSD approach allowed Tas et al. (2015) to undertake empirical research on the 

SSD method of portfolio optimization. The results showed that dominating portfolios 

found using the SSD test outperformed those found using mean-variance methods in 

terms of return performance, while portfolios made up of NYSE market companies 
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outperformed those made from BIST stocks. Tas et al. (2015) used Ogryczak and 

Ruszczynski's distribution-based SSD for this work (2002). 

Both Guran and Tas (2015) and Tas et al. (2016) came to the same conclusion: 

portfolios created by SSD tests outperform the market and the BIST-100 index in 

terms of return performance. Additionally, Tas et al. (2016) demonstrated that during 

the testing time, the BIST-100 index provided a negative return while portfolios 

created by dominant stocks had positive returns. The SSD test methodology used in 

Guran and Tas (2015), Tas et al. (2015), and Tas et al. is likewise used in this thesis 

(2016). 

By using the dominance relationship between the Chinese and US stock markets in 

the entire period as well as the sub-periods before and after the crises, including the 

internet bubble and the most recent sub-prime crisis, Bai et al. (2015) demonstrated 

the applicability of the stochastic dominance statistics for both risk averters and risk 

seekers. They asserted that the results might be utilized to make conclusions about 

risk-seekers' and risk-averse investors' preferences in the Chinese and US stock 

markets. The important point of their study is that their findings also allow to 

investigate whether these markets offer arbitrage opportunities, whether investors are 

rational, and whether these markets are efficient. Additionally, their study provides 

stock selection in both circumstances which are risk aversion and risk seeking. While 

the topic of this thesis does not cover arbitrage advantage, it can be used for future 

studies. 

By including industry diversification, Liesiö et al. (2020) enhanced the SSD strategy 

in order to beat the market portfolio. The performance of SSD-based portfolio 

optimization has been found to be enhanced by industry diversification. Additionally, 

by combining SSD with the Empirical Likelihood (EL) estimate method, Post et al. 

(2018) enhanced the portfolio optimization strategy. 

Moriggia et. al. (2018) proposed an Asset and Liability Management model for 

pension fund managers to ensure sustainability. The model used a multi-stage 

stochastic programming problem with a discrete scenario tree and a multi-objective 

function, including SSD with respect to a benchmark portfolio as one of the 

constraints. The inclusion of hedge financial contracts in the form of put options and 

a new scenario tree contamination technique was tested to protect the pension fund 

from shocks. Numerical results demonstrated that the proposed model could 
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efficiently manage the pension fund while satisfying various targets. Their study also 

explored the instruments provided by the stochastic dominance theory and 

demonstrated the effect of the scenario tree contamination. The proposed model was 

able to beat the benchmark not only in expectation but dominating its whole 

distribution. The similarity of their study to this thesis is the motivation to beat the 

benchmark portfolios with SSD. On the other hand, their study is based on a hedge 

mechanism, so it does not bear resemblance to this thesis. 

Alkhazali and Zoubi (2020) explore the role of gold in the diversification of Islamic 

stock portfolios using stochastic dominance (SD) analysis, which incorporates the 

entire distribution of stock returns instead of just the mean and variance. They 

examine eight Dow Jones Islamic Indices portfolios from 1996 to 2017 and find that 

stock portfolios including gold stochastically dominate those without gold at the first, 

second, and third orders, suggesting that investors should include gold in their 

Islamic stock portfolios to maximize their wealth and expected utilities. Their study 

also shows that these results hold true in unstable or crisis times. The authors suggest 

that international investors may become more interested in constructing a portfolio 

comprising a combination of Islamic stocks and gold, and investment managers may 

use these results to design an optimal portfolio. The findings may also help policy 

makers in managing the supply and demand of gold during turmoil periods. Gold 

was not included in the portfolio diversification created using the SSD model in this 

thesis study. However, given its success during economic crisis periods, future 

research may investigate the inclusion of gold in Borsa Istanbul portfolios, as 

demonstrated by Alkhazali and Zoubi’s (2020) study. 

To sum up all literature above the advantages of SSD over Markowitz defined as 

below: 

• SSD is more robust to model misspecification and parameter estimation 

errors than the Markowitz model. 

• SSD takes into account higher-order moments of the distribution, whereas the 

Markowitz model only considers the first two moments. 

• SSD provides a stronger risk-return tradeoff than the Markowitz model, 

because it explicitly accounts for downside risk in addition to upside 

potential. 
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• SSD is less sensitive to outliers and extreme events than the Markowitz 

model. 

• SSD is more interpretable and easier to communicate to non-experts than the 

Markowitz model, because it directly measures the probability of achieving a 

given level of return with a certain level of risk. 

Secondly, to sum up all literature above, the differences between SSD and 

Markowitz are below: 

• Markowitz uses variance or volatility as a measure of risk, while SSD uses 

the entire distribution of returns to evaluate risk. 

• Markowitz assumes that returns are normally distributed, while SSD can 

handle a wide range of distributions. 

• Markowitz seeks to maximize the expected return for a given level of risk, 

while SSD seeks to maximize the probability of achieving a target level of 

return with a given level of risk. 

• Markowitz assumes that investors are risk-neutral or risk-averse, while SSD 

allows for different types of risk preferences, such as risk-loving or loss-

averse. 

• Markowitz requires an estimate of the expected return and covariance matrix 

of the assets in the portfolio, while SSD only requires knowledge of the 

distribution of returns. 

Thirdly, to sum up all literature defined above, the differences between SSD and 

ANN: 

• SSD is a non-parametric approach that relies on statistical tests to compare 

the performance of different portfolios, while ANN is a machine learning 

method that learns patterns and relationships in the data. 

• SSD focuses on selecting portfolios that dominate others in terms of risk and 

return, while ANN aims to predict the future performance of individual 

stocks based on historical data. 

• SSD is based on fundamental ratios, such as P/E, P/B, and dividend yield, 

which are widely used in finance and accounting, while ANN can incorporate 
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a wide range of variables, including technical indicators, news sentiment, and 

macroeconomic data. 

• SSD is easier to interpret and explain, as it provides statistical evidence of the 

superiority of one portfolio over another, while ANN models can be opaque 

and difficult to understand. 

• SSD is less prone to overfitting or data snooping, as it is based on statistical 

significance tests that account for multiple comparisons, while ANN models 

can suffer from overfitting if the sample size is small or the number of 

variables is large. 

Considering the aforementioned observations, it is important to note that this 

empirical thesis offers a distinct advantage by undertaking a comparative analysis of 

the performances of ANN and SSD. To the best of my research, there is currently no 

study in the literature that has conducted such an evaluation, highlighting the unique 

contribution of this thesis in bridging this research gap. The findings of the thesis are 

therefore anticipated to provide significant insights into the relative strengths and 

limitations of these approaches, which can inform future research endeavors in the 

domain of portfolio selection. 

2.4 Literature Review of Other Stock Selection Methods or Auxiliary Methods 

for Stock Selection  

Methods for picking stocks to create a profitable portfolio differ by category. Table 

2.1 indicates different types of stock selection methods implemented in the literature. 

Additionally, in the rightmost column of this table, the relationship or similarity of 

the relevant article to this thesis is indicated. Since various stock selection models 

different than in this thesis are discussed, the similarity between these articles and 

this thesis is relatively low. On the other hand, it is possible to find similarities 

between these studies and those that employ ANN, SSD, and Markowitz. For 

example, some of the studies listed above also involve developing models or 

algorithms to select stocks based on various factors or criteria, such as liquidity, size, 

momentum, and fundamental measures. Others utilize historical data to estimate 

stock price movements or build portfolios based on abnormal news volume or 

analyst predictions. Additionally, some studies incorporate multiple criteria decision 
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making or machine learning techniques to improve stock selection or trading 

strategies. However, the specific approaches and methodologies used in each study 

may differ significantly from those employed in studies using ANN, SSD, or the 

Markowitz. 

Table 2.1 : Various types of stock selection processes over the last two decades. 

Literature Author Usage in Thesis 

Employing the size or book-to-price ratio as firm-

specific factors to predict risk. 

(Lucas et al., 

2002) 

Partially Used. 

Comparing the performances of earlier stock picking 

techniques based on liquidity, size, mean reversion, 

and momentum. 

(van der Hart et 

al., 2003) 

Not Used. 

Using fuzzy model based on fuzzy ranking (Tiryaki and 

Ahlatcioglu, 

2005) 

Not Used. 

Creating a cherry-picked portfolio using price 

candlestick charts of stocks to forecast future returns 

(Horton, 2009) Not Used. 

Basing on Gordon model improved with multiple 

criteria decision making (MCDM) model 

(Lee et al., 2009) Not Used. 

Examining model choices to be employed in stock 

selection using false discovery rate (FDR) 

(Cuthbertson and 

Nitzche, 2013) 

Not Used. 

Estimating stock price movements by analyzing 

historical trends. 

(Goumatianos et 

al., 2013) 

Not Used. 

Implementing cased-based reasoning (CBR) based on 

fundamental and technical analysis to detect higher-

return stocks around earning announcements by 

comparing classification 

(Ince, 2014) 

 

 

 

 

Not Used. 

Building a worldwide portfolio by utilizing abnormal 

news volume information and the rate of analysts' 

attentions towards targeted stocks to identify golden 

stocks 

(Gillam et al., 

2015) 

Not Used. 

Incorporating firm's fundamental measures, 

momentum data, and analysts’ predictions into a model 

(Guerard et al., 

2015) 

Partially Used. 

Utilizing data from the consensus temporary earnings 

forecast (CTEF) 

(Xia et al., 2015) Not Used. 

Choosing risk-averse actions to allocate stocks while 

utilizing the chaotic bagging indication 

(Suzuki and 

Okhura, 2016) 

Not Used. 

Defining stock trading strategies utilizing genetic 

algorithms and the Markov decision process 

(Chang and Lee, 

2017) 

Not Used. 

Applying learning-to-rank algorithms to compare long-

term and short-term performance in order to 

understand how investors feel about a set of equities. 

(Song et al., 

2017) 

Not Used. 

Examining the stock purchases and sales made by 

mutual fund companies to create its own portfolio 

(Ratanabanchuen 

and Saengchote, 

2020) 

Not Used. 

Examining large shareholders’ behaviors towards 

listed stocks 

(Sun et al., 2020) Not Used. 

The study by Lucas et al. (2002) in Table 2.1 is parallel to this thesis in terms of 

including financial ratios and the study by Guerard et al. (2015) for utilizing the 

fundamental analysis approach. 
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3.  THEORETICAL STRUCTURES OF METHODS 

In this section, the theoretical structures of the ANN, stochastic dominance, and 

Markowitz optimization methods are described in that order. 

3.1 Artificial Neural Network 

Artificial neural network (ANN) studies are inspired by the biological nervous 

system and it based on mathematical modeling. Although there are studies before the 

1940s (Baş, 2006), McCulloch and Pitts’s (1943) research is accepted as the first 

concrete study in this field. On the basis of most of the studies describing artificial 

neural networks in the literature is comparison of biological neural networks and 

artificial neural networks (Jain et al., 1996; Astor and Adami, 2000; Nahar, 2012; 

Gupta, 2013; Eluyode and Akomolafe, 2013; Gunduz et al.,2017; Nakano et al., 

2018; Barrett et al., 2019; Paiva et al., 2019; Adosoglou et al., 2021; Ma et al., 2021). 

In Table 3.1 under section 3.1.1 indicates the differences between artificial neural 

network and biological neural networks. 

3.1.1 Transition from biological neural networks to artificial neural networks 

Table 3.1 : Similarities between ANN and biological neural networks (Patterson, 

1996). 

Biological Neural Networks Artificial Neural Networks 

Impulse Input 

Receptors Input Layer  

Neural Network Transaction Layer 

Neuron Processing Element 

Effectors Output Layer 

Answer Output 

Table 3.1 indicates the similarities and inspirational points between artificial neural 

network and biological neural networks. This table is a summarized logic of all 

literature regarding ANN. To sum up, (1) biological neural networks use impulse and 

receptors, while artificial neural networks use input and input layer; (2) biological 

neural networks have neurons and effectors, while artificial neural networks have 
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processing elements and output layers; (3) biological neural networks generate 

answers, while artificial neural networks generate output. Table 3.2 indicates the 

comparison of nerve cell elements and how they are used in ANNs in an inspirational 

way. 

Table 3.2 : Comparison of biological nerve cells and processing elements (Rajesh, 

2021).  

Neurons Processing Elements 

Synapses (Transmitter) Weights 

Dendrites (Receiver) Aggregation Function 

Body of Cell (Processor) Transfer Function 

Axon (Catalyst) Output 

Threshold Deviation (Bias) 

Synapses are bridges between an axon and other nerve’s dendrites. Dendrites are 

responsible for receiving incoming signals from outside as an input. Somas (cell 

bodies) are the processor of input signals and playing a decision in whether a neuron 

should trigger an output signal or not. Catalysts (axons) are playing a transmitter role 

in processing signals from neuron to dendrites of other neurons (Chavlis and Poirazi, 

2021; Rajesh, 2021; Sunny et al., 2021). As has been demonstrated in the table, 

synapses working like the weight of incoming stimulus are an inspiration to synaptic 

weights in ANN, and dendrites combining weighted stimulus are an inspiration to 

aggregation function, and cell body processing total stimulus and generating a new 

stimulus is an inspiration to transfer function, and the axon that transmits the 

resulting output to other nerve cells is an inspiration to output in ANN, and lastly, 

threshold value that increases stimulus is an inspiration to deviation (bias) (Rajesh, 

2021).  

3.1.2 Historical progress of ANN 

The history of artificial neural networks shows parallelism with the development of 

computers, and both of them begin at similar times, in the 1940s (Yadav et al., 2015). 

ANN can be divided into four historical sections.  

The first section (or it can be called as phase) is the rise phase (Wu and Feng, 2018). 

The M-P model, which is straightforward but important, was proposed in 1943 by 

American psychologist McCulloch and mathematician Pitts. The algorithm is 

implemented in the model by treating each neuron as a separate piece of functional 

logic, which launches the theoretical investigation of the neural network model. The 
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Organization of Behavior, a 1949 publication by the psychologist Hebb, advanced 

the theory that synaptic connections vary in strength. According to this theory, 

learning ultimately takes place at the synaptic junction between neurons, and the 

strength of the synaptic connections’ changes depending on how active the neurons 

are both before and after the synapse. This theory eventually led to the Hebb rule, 

which is widely used in neural networks. This law informs people that learning and 

memory are based on the varying strength of synaptic connections among neurons. 

The Hebb law provides the framework for creating neural network models with 

learning capabilities. Based on the M-P model, Rosenblatt proposed the Perceptron 

model in 1958. The basic idea behind a perceptron network is similar to that of a 

current neural network, and its structure closely resembles that of the nervous 

system. This model of MP neural network has weights that can be changed 

continuously. After training, it may successfully accomplish the task of categorizing 

and identifying a certain input vector mode. It is the first genuine neural network, 

even though it is quite straightforward. Rosenblatt demonstrated the capability of 

two-layer sensors to categorize inputs, and he also suggested a crucial line of inquiry 

for three-layer sensors with buried layer processing components. Some of the 

fundamentals of contemporary neural computing are contained in Rosenblatt's neural 

network model, which represents a significant advancement in neural network 

techniques and technologies. The first artificial neural network to solve real-world 

problems and advance the use and advancement of neural network research was 

created in 1959 by B. Widrow and M. Hoff (Harris et al., 1986). They proposed a 

neural network training method of adaptive linear element (Adaline) and Widrow-

Hoff learning rules (also known as least mean square deviation algorithm or δ-rule), 

and applied it to the actual project. A continuous-valued adaptive linear neuron 

network model that can be applied to adaptive systems is the ADALINE network 

model (Wu and Feng, 2018; Rajesh, 2021). 

The second phase is Ebb phase (Wu and Feng, 2018). One of the pioneers of 

artificial intelligence, Minsky and Papert (1969), performed a mathematical analysis 

of the capabilities and constraints of the perceptron-based network system. He 

pointed out that the role of straightforward linear vision is constrained in his book 

"Perceptrons," which was published in 1969. The classification of two different kinds 

of linearly separate samples remains unsolved by it. For instance, the logical 
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relationship of XOR cannot be realized by a straightforward linear sensor. This 

discovery dealt a severe blow to artificial neural network development at the time. 

beginning with the first ten years of low tide in the neural network's lifetime. 

Kohonen T. proposed the Self-Organizing Feature Map in 1972. (SOM). The work of 

Kohonen T. served as the basic foundation for further neural networks. SOM 

networks are a type of tutor learning network that are mostly utilized for 

categorization, pattern recognition, and speech recognition issues. It uses a 

competitive learning method that emphasizes "winner is king," which is extremely 

dissimilar from the perceptron that was previously proposed. In addition, it uses a 

self-organizing network for training and learning instead of formal instruction. 

Without being aware of the classification system in place, this type of learning and 

training methodology is frequently utilized as training to extract classified 

information. The well-known Adaptive Resonance Theory (ART), which exhibits 

self-organization and self-stability, was put forth by Professor Grossberg in 1976 

(Oztemel, 2012; Wu and Feng, 2018; Rajesh, 2021). 

Third phase is called as revival phase (Wu and Feng, 2018). The discrete Hopfield 

network, which was proposed by American physicist Hopfield (1982), greatly 

advanced the field of neural networks research. The Lyapunov function is first 

introduced in the network. The Lyapunov function was later referred to as the energy 

function. Hopfield's model includes dynamic equations and learning equations in 

addition to performing nonlinear mathematical summarization on the information 

storage and retrieval function of artificial neural networks. Additionally, it offers 

crucial formulae and parameters for the network algorithm, which influences 

Hopfield's model in the development and learning of artificial neural networks. As a 

result, many academics are inspired to investigate neural networks and actively 

engage in this field of study (Wu and Feng, 2018). The renowned Traveling 

Salesman Problem, which was a famous combinatorial optimization problem in 

which the goal was to find the shortest possible route that visits every given city 

exactly once and returns to the starting city, and was known to be NP-hard, was 

solved using the Hopfield neural network in 1985 by Hopfield and Tank by using an 

energy function to iteratively adjust the connections between neurons in the network, 

eventually converging to a solution that represents the optimal tour of the cities, 
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which is indicated in the Table 3.3. One collection of nonlinear differential equations 

is the Hopfield neural network. 

Table 3.3 : Neural network studies between 1985 and 1994 in post revival phase. 

Years Studies Author 

1985 The traveling salesman problem are produced 

reasonable solutions by using Hopfield networks 

(Hopfield and Tank, 

1985) 

1986 Back-propagation algorithm (Rumelhart et al., 

1986) 

1988 Developing probabilistic neural networks (Specht, 1988) 

1988 Using recurrent networks (Werbos, 1988) 

1988 Cellular neural networks (Chua and 

Yang,1988) 

1991 Approximation capabilities of multilayer 

feedforward networks 

(Hornik, 1991) 

1991 Development of general regression neural 

networks 

(Specht, 1991) 

1991  Pattern recognition (Haken, 1991) 

1994 Mathematical theory of cellular neural networks (Liao, 1994) 

To address the issue of multi-layer neural network weight adjustment, D.E. 

Rumelhart et al. devised the back propagation algorithm, sometimes known as the 

BP algorithm (Error Back Propagation), in 1986. The cellular neural network (CNN) 

model, a sizable nonlinear computer simulation system for cellular automata, was 

first suggested by Chua and Yang in 1988. Haken gave neural networks synergy in 

1991. According to Haken's (1991) theoretical framework, pattern recognition is a 

process of pattern generation and that the cognitive process is spontaneous. Liao 

Xiaoxin developed the mathematical theory that serves as the basis for cellular neural 

networks in 1994, advancing the science. More general delayed cellular neural 

networks (DCNN), Hopfield neural networks (HNNs), and bidirectional associative 

memory networks (BAMs) are provided by enlarging the activation function classes 

of neural networks. Hundreds of neural network models have been put forth after 

years of development.  

Fourth phase is called as flourishing stage (Wu and Feng, 2018). Hinton et al. 

introduced Deep Learning (DL), a new area of Machine Learning, in 2006. (ML). In 

essence, deep learning entails building a machine learning architecture model with 

numerous hidden layers, and large-scale data training is used to acquire a significant 

number of more representative characteristic information. The traditional neural 

network limit on the number of layers is broken by the depth learning algorithm, 
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which requires the designer to choose the network layer (Hinton et al., 2006). 

Computational models with numerous processing layers can learn representations of 

data at various levels of abstraction thanks to deep learning. The state-of-the-art in 

many other fields, including drug discovery and genomics, object identification, 

visual object recognition, and speech recognition has been significantly enhanced by 

these techniques. By employing the backpropagation technique to suggest changes to 

a machine's internal parameters that are used to compute the representation in each 

layer from the representation in the previous layer, deep learning can uncover 

detailed structure in massive data sets. Recurrent nets have shed light on sequential 

data types like text and speech, whereas deep convolutional nets have made 

advancements in the processing of pictures, video, speech, and audio (Lecun et al., 

2015). 

3.1.3 Fundamental features of ANN 

Non-linearity, non-limited, non-qualitative and non-convexity are basic 

characteristics of ANN. These are explained below respectively: 

Nature inherently exhibits non-linear relationships. The intelligence of the brain is a 

non-linear process. Artificial neurons in two separate states of activation or inhibition 

exhibit this behavior in a non-linear mathematical connection. A network of 

threshold-equipped neurons performs better and can increase fault tolerance, storage 

capacity, and performance. 

Several neurons are typically wired together to form a neural network. In addition to 

the properties of a single neuron, a system's overall behavior is influenced by how 

the units interact and are connected. The extensive network of connections between 

cells serves as a representation of the nonlimiting brain. A non-limited illustration is 

associative memory. 

ANN capable of self-adaptation, self-organization, and self-learning. In addition to 

processing information that can undergo a range of modifications, neural networks 

also deal with information that is dealt with by a nonlinear dynamical system that is 

continually evolving. The evolution of a dynamical system is frequently described as 

going through an iterative process. 

Under specific circumstances, a specific state function will determine the direction in 

which a system will evolve. For instance, the extreme of the energy function 
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corresponds to a more stable condition for the system. The system has more stable 

equilibrium states due to the function's non-convexity, which results in various 

extrema and the diversity of system evolution (Wu and Feng, 2018). 

3.1.4 ANN structure 

The input layer, the hidden layer, and the output layer are the three different sorts of 

layers that make up the neural structure in terms of flow order. Weight functions 

exist between the input layer and the hidden layer and are optimized by specific 

algorithms, such as backpropagation, which is based on a gradient descent method 

improved by loss function. This activity represents the fundamentals of learning 

principles, such as those used in artificial neural networks. According to Mitchell, in 

hidden nodes, activation functions like tanh, sigmoid, ReLU, or leaky ReLU process 

data from the input side to the output side in an organized manner based on their own 

learning capability (1990). Figure 3.1 depicts a basic example of a neural network 

structure representing swallow network. 

 

Figure 3.1 : A basic example of a swallow neural network structure. 

A supervised neural network teaches a pattern to a network using training dataset 

including inputs and outputs. Furthermore, with this supervised pattern, new inputs 

representing test data is implemented and output results received with an expectation 

of low error. In this thesis, inputs are defined as financial ratios of firms, and outputs 

are defined as stock returns of the following year, and so the neural network is 

trained. By using this supervised pattern, the year’s financial ratios are tested to 
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predict the following year’s stock returns. The details of stock selection method 

using ANN are revealed in Section 4. 

3.1.4.1 Transfer function types 

The three basic components were the start element, the processing element, and the 

ending element. Starting elements take a value from the input matrix and, they were 

starting a current in the ANN. Process elements and ending elements from a transfer 

function by taking the weighted sum of the incoming flows. Transfer function types 

can be listed as (Dorofki et al., 2012):  

• Linear transfer function which is indicated in Figure 3.2 

• Sigmoid transfer function which is indicated in Figure 3.3 

• Hyperbolic Tangent Function which is indicated Figure 3.4 

• Gaussian Function 

• Heaviside (step) Function 

• Ramp Function 

• Rectified Linear Unit (ReLU) 

Linear transfer function formula can be defined in Equation 3.1 with Figure 3.2: 

 

𝑥𝑗 = 𝜑(𝑣𝑗 , 𝑏𝑗) =   𝑣𝑗 +  𝑏𝑗 = ∑ 𝑤𝑖𝑗𝑥𝑖 + 𝑏𝑗

𝑛

𝑖=1

 (3.1) 

 

Figure 3.2 : Linear transfer function graph. 
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Sigmoid transfer function formula can be defined as in Equation 3.2: Xj is defined 

the function of vj and bj as: 

 

𝑥𝑗 = 𝜑(𝑣𝑗 , 𝑏𝑗) =   
1

1 + exp (−𝜃(𝑣𝑗 + 𝑏𝑗))
 (3.2) 

 

Figure 3.3 : Sigmoid transfer function graph. 

Figure 3.3 shows the sigmoid transfer function which is between 0 and 1 in xj. 

Tangent hyperbolic transfer function formula can be defined as in Equation 3.3 and 

Figure 3.4 shows the graph of Equation 3.3, which is between -1 and 1 in xj: 

 
𝑥𝑗 = 𝜑(𝑣𝑗 , 𝑏𝑗) =   tanh(𝑣𝑗 + 𝑏𝑗) (3.3) 

 

Figure 3.4 : Tangent hyperbolic transfer function graph. 

3.1.4.2 Learning types 

In artificial neural networks, knowledge accumulation is carried out with weights in 

the artificial neural network. To increase the knowledge of the artificial neural 
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network and achieve the desired results, algorithms that grasp or adapt modify the 

weights. Algorithms that comprehend or adapt in artificial neural networks are 

divided into the following three types according to their ability to achieve the desired 

results. 

• Supervised learning 

• Unsupervised learning 

• Reinforced learning 

For all examples on the training set, that the weights of the neural network are 

updated once is called epoch (Sinha et al., 2010). During this process, algorithms that 

comprehend/adapt according updating weights for each sample or cumulatively once 

can be examined in two groups. These are online or batch comprehensions.  

Supervised learning is widely used in artificial neural networks. Based on sample 

input-output pairs, supervised learning algorithms aim to learn a function that maps 

feature vectors (inputs) to labels (outputs).  It uses labeled training data, which 

consists of a collection of training samples, to infer a function. Each example in 

supervised learning is a pair that consists of an input item (usually a vector) and an 

intended output value (also called the supervisory signal). An inferred function is 

generated by a supervised learning algorithm from the training data, which may then 

be used to map fresh samples (Kumar et al., 2012). In this type of comprehension, 

the error amount of the artificial neural network is tried to be minimized. In the 

minimization process, it is aimed to reduce the error a little more at each step. When 

the desired error level is reached, the learning algorithm is stopped. 

A method known as unsupervised learning discovers patterns in untagged data. The 

idea is to compel the computer to create a clear representation of its surroundings and 

then produce innovative material from it through imitation, which is a crucial 

learning method. Unsupervised approaches display self-organization that captures 

patterns as probability densities or a combination of neural feature preferences stored 

in the machine's weights and activations, in contrast to supervised learning where 

data is labeled by an expert (Hinton and Sejnowksi, 1999). In this type of learning, 

where clustering analysis, which is a method of multivariate statistical analysis, 

associated patterns are intended to find itself. 



 

37 

 

The field of machine learning known as reinforcement learning (RL) studies how 

intelligent agents should behave in a given environment to maximize the concept of 

cumulative reward. Along with supervised learning and unsupervised learning, 

reinforcement learning is one of the three fundamental machine learning paradigms. 

In contrast to supervised learning, reinforcement learning does not need the 

presentation of labelled input/output pairings or the explicit correction of suboptimal 

actions. Instead, the emphasis is on striking a balance between exploitation and 

exploration (Kaelbling et al., 1996). Table 3.4 shows the comparison of learning 

models in terms of data type. 

Table 3.4 : Comparison of learning models (Chinnamgari, 2019).  

Learning Type Data Type Examples 

Supervised Labeled Classification, 

Regression 

Unsupervised Not labeled Clustering, Dimensional 

reduction 

Reinforced  Trial error Robotic motion, 

Recommender systens  

The usage of ANN in stocks selection is entirely described in Section 4.3. As defined 

in Table 3.4, classification is a supervised model which has the same approach in this 

thesis. 

3.2 First and Second Order Stochastic Dominance 

A key idea in theories of decision-making under uncertainty is stochastic dominance. 

The stochastic dominance relationship between two stocks is investigated based on 

the potential stock returns. According to Guran and Tas, studies based on first or 

second order stochastic dominance offer optimum portfolios for risk-averse investors 

(2015). By first order stochastic dominance (FSD) defining an 𝑥 chance variable with 

instinct value and 𝑓 with its probability distribution, the two conditions as defined in 

Equation 3.4 and Equation 3.5 are thus received: 

 
𝑓(𝑥) = 𝑃(𝑋 ≤ 𝑥)   ∀𝑥 ∈ 𝑅 (3.4) 

 

𝐹(𝑥) = ∫ 𝑓(𝑦)𝑑𝑦
𝑥

−∞

   (3.5) 



 

38 

 

If g(x)≥f(x) is is given for ∀x∈R for any two probability distributions, such as f and 

g, we observe that f dominates g at the FSD level, as shown by Equation 3.6: 

 
𝑓 ≥1 𝑔 (3.6) 

This definition states that f dominates g in the FSD level if its expected utility is not 

less than g's expected utility. 

According to SSD, if G(x)≥F(x) is provided for ∀x∈R, it may be clarified as in 

Equation 3.7: 

 

∫ 𝑓(𝑡)𝑑𝑡
𝜂

−∞

≤ ∫ 𝑔(𝑡)𝑑𝑡
𝜂

−∞

, ∀𝜂 ∈ 𝑅   (3.7) 

"F dominates g in SSD level" may be stated and demonstrated as follows if Equation 

3.8 is given: 

 
𝑓 ≥2 𝑔 (3.8) 

For a chance variable x’s target η, SSD defines the threshold value as in Equation 

3.9:   

 
𝐸([𝜂 − 𝑓]+) ≤ 𝐸([𝜂 − 𝑔]+), ∀𝜂 ∈ 𝑅   (3.9) 

In which, [𝜂 − 𝑓]+ = max (0, 𝜂 − 𝑓)  (Ogryczak and Ruszczynski, 2002).  

SSD is based on a one-to-one comparison of each stock in a stock pool used for 

testing; the overall comparison is determined using Equation 3.10, where N is the 

total number of stocks in the stock pool.  

 

𝑁 =
N!

(2 × (N − 2)!)
 (3.10) 

3.3 The Markowitz Portfolio Optimization Model 

The minimum variance frontier is a graphic representation of the lowest variance that 

could be achieved for any given level of expected return. The global minimum 

variance (GMV) portfolio is a portfolio of risky assets with the lowest variation 

among all risky asset portfolios. The range of all investments that are above the 

global minimum variance portfolio and are inside the minimum variance frontier is 
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known as the efficient frontier. The expected return of a portfolio is calculated as in 

Equation 3.11: 

 

𝐸(𝑟𝑝) = ∑ 𝑤𝑖

𝑛

𝑖=1

× 𝐸(𝑟𝑖)  (3.11) 

A two-asset portfolio such as x and y's variance is computed as follows: in Equation 

3.12. 

 
𝜎𝑝

2 = 𝜔𝑥
2𝜎𝑥

2 + 𝜔𝑦
2𝜎𝑦

2 + 2𝜔𝑥𝜔𝑦𝐶𝑜𝑣(𝑟𝑥, 𝑟𝑦)   (3.12) 

The following equation is the result of generalizing the equation to include more than 

two assets as in Equation 3.13: 

 

𝜎𝑝
2 = ∑ ∑ 𝜔𝑖𝜔𝑗𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝑛

𝑗=1

𝑛

𝑖=1

  (3.13) 

The optimal asset weights in the portfolio must be determined using matrix 

multiplication once we have advanced past a two-asset portfolio. The portfolio's 

expected return is determined as follows in Equation 3.14: 

 

𝐸(𝑟𝑝) = 𝑾𝑻𝑹 = [𝑊1 ⋯ 𝑊2] [

𝐸(𝑟1)
⋮

𝐸(𝑟𝑗

] 
   

(3.14) 

where W is the vector of the weights of the individual assets (1 through j) in the 

portfolio, and where R is the vector of the individual assets (1 through j) in the 

portfolio.The variance of the portfolio is calculated as in Equation 3.15: 

 
𝜎𝑝

2 = 𝑊𝑇𝑆(𝑊) (3.15) 

Whereas, the portfolio's standard deviation is determined as follows in Equation 

3.16: 

 
𝜎𝑝 =  √𝑊𝑇𝑆(𝑊) (3.16) 

where S is referred to as the variance-covariance matrix of the covariances between 

each of the asset’s returns in the portfolio. The covariance of an asset’s returns with 

the returns for the same asset is the variance of the asset’s returns. The definition of 

W remains the same as above. The optimal weights for assets in a portfolio are the 
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ones that maximize the value of Sharpe Ratio for the portfolio defined in Equation 

3.17: 

 

𝑆𝑝 =
𝐸(𝑟𝑝) − 𝑟𝑓

𝜎𝑝
 (3.17) 

The Sharpe ratio is a measure of risk-adjusted return on an investment or portfolio. It 

is named after William F. Sharpe.The Sharpe ratio is calculated by subtracting the 

risk-free rate of return from the expected rate of return on the investment or portfolio, 

and dividing the result by the standard deviation of the investment's or portfolio's 

excess return. The Sharpe ratio provides an indication of the amount of excess return 

earned for each unit of risk taken. It is widely used by investors to evaluate the 

performance of investment managers or investment strategies. 
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4.  DATA AND METHODOLODY 

4.1 Data 

Stocks from the trading BIST-100, BIST-50, and BIST DIVIDEND indices are 

combined to create a stock pool for stock selection. To ensure consistency in 

fundamental ratio types and the timing of annual reports among the selected stocks, 

stocks belonging to the banking, factoring, and insurance sectors were omitted, as 

their ratios differ from those of other industrial companies. Furthermore, sport club 

companies were partially excluded due to differences in the timing of their annual 

report releases compared to other industrial companies.  

Additionally, several company stocks were excluded from the analysis due to the 

absence of fundamental financial data, including critical indicators such as Cash 

Cycle Day, Quick Ratio, Effective Tax Rate, Asset Turnover, and Debt/Equity Ratio, 

which are some of important financial ratios. These metrics play a crucial role in 

assessing a company's financial performance and stability, and the lack of such data 

may impede a comprehensive analysis of the firm's overall financial health. 

The daily returns of firms over a one-year period, which equates to approximately 

250 trading days, were used to perform SSD and Markowitz tests defined in Table 

4.1. Additionally, 19 financial ratios of the firms were trained using one-year returns 

for the ANN model. Consequently, the ANN model may be regarded as a form of 

quantitative analysis including fundamental analysis, while the SSD and Markowitz 

tests can also be characterized as quantitative analysis albeit without a fundamental 

approach. 

Table 4.1 : Tested methods and periods 

Methods Tested Periods Portfolio Periods 
SSD, M Jan 1st, 2000 to Dec-End, 2017 1-to-17 Years 

ANN, SSD, M Mar-End, 2000 to Mar-End, 2018 1-to-17 Years 

SSD, M Mar-End, 2000 to Mar-End, 2018 1-to-17 Years 

Table 4.1 lists the methodologies that were compared, the testing periods, and the 

overall portfolio periods. Since the SSD and Markowitz tests do not compare annual 
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report timings, which are typically made public at the end of a year in March, they 

are applied to the January to December periods in the first row of the table. Since 

annual reports are often released in March, the second row shows that ANN, SSD, 

and Markowitz tests are applied for periods ending in March. Since outlier 

fundamental ratios are disregarded from ANN tests and certain ratio data are missing 

in the dataset acquired from the database, some tested stocks in row 1 are also 

discarded before the tests in row 2. Due to the fact that some stocks were excluded 

after passing from row 1 tests to row 2 tests, SSD and Markowitz tests are used in 

row 3 for the March-end periods. Additionally, the quantity of tested stocks in the 

rows 1 and 3 tests are equal, making for the ideal comparison environment. Row 1 

test results may be found in Section 5.1, while row 2 and row 3 test results can be 

found in Section 5.2. 

4.2 Methodology 

Different approaches to implementation are shown in Figure 4.1. According to the 

definition in Section 4.1, SSD and Markowitz tests are considered quantitative 

analyses without fundamental ratios since they use only daily returns, while ANN is 

considered as a quantitative analysis including fundamental analysis because it uses 

financial ratios as input. 

 

Figure 4.1 : Stock selection strategy with ANN, SSD, and the Markowitz portfolio 

optimization  
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4.3 Stock Selection Methodology in ANN 

For each neural network, there are 19 inputs which are shown in Table 4.2, which 

represent the financial ratios of the companies.  

Table 4.2 : Classification of ratios and formulas. 

Ratio Class Ratio Type as Input Formulas of Ratios 
Profitability EBITDA margin 

(
𝐸𝐵𝐼𝑇𝐷𝐴

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
) 

Profitability Operating margin 
(

𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝐼𝑛𝑐𝑜𝑚𝑒

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
) 

Profitability Pretax margin 
(

𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝐵𝑒𝑓𝑜𝑟𝑒 𝑇𝑎𝑥𝑒𝑠

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
) 

Profitability Net margin 
(

𝑁𝑒𝑡 𝑃𝑟𝑜𝑓𝑖𝑡

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
) 

DuPont/Earning Power Asset turnover 
(

𝑁𝑒𝑡 𝑆𝑎𝑙𝑒𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑙𝑒𝑠
) 

DuPont/Earning Power X pretax margin 
(

𝐸𝐵𝑇

𝑆𝑎𝑙𝑒𝑠
) 

DuPont/Earning Power Pretax ROA 
(

𝑃𝑟𝑒 − 𝑇𝑎𝑥 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝐵𝑒𝑓𝑜𝑟𝑒 𝑇𝑎𝑥

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
) 

DuPont/Earning Power X leverages  
(

𝐴𝑠𝑠𝑒𝑡𝑠

𝐸𝑞𝑢𝑖𝑡𝑦
) 

DuPont/Earning Power Pretax ROE 
(

𝑃𝑟𝑒 − 𝑇𝑎𝑥 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠 𝐵𝑒𝑓𝑜𝑟𝑒 𝑇𝑎𝑥

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠
) 

DuPont/Earning Power ROE 
(

𝑁𝑒𝑡 𝐼𝑛𝑐𝑜𝑚𝑒

𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝑠′𝐸𝑞𝑢𝑖𝑡𝑦
) 

DuPont/Earning Power Reinvesment rate 
(

(𝑁𝑒𝑡 𝐶𝑎𝑝𝑒𝑥 + 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑁𝑊𝐶)

𝑁𝑒𝑡 𝑂𝑝𝑒. 𝑃𝑟𝑜𝑓𝑖𝑡 𝐴𝑓𝑡𝑒𝑟 𝑇𝑎𝑥
) 

Liquidity Quick ratio 
(

(𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠 − 𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦)

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
) 

Liquidity Current ratio 
(

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐴𝑠𝑠𝑒𝑡𝑠

𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
) 

Liquidity Cash cycle (days) (𝐷𝑎𝑦𝑠 𝑜𝑓 𝐼𝑚𝑣𝑒𝑛𝑡𝑜𝑟𝑦 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔
+ 𝐷𝑎𝑦𝑒𝑠 𝑆𝑎𝑙𝑒𝑠 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔
− 𝐷𝑎𝑦𝑠 𝑃𝑎𝑦𝑎𝑏𝑙𝑒𝑠 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔) 

Leverage Assets/Equity ratio 
(

𝑇𝑜𝑡𝑎𝑙 𝐴𝑠𝑠𝑒𝑡𝑠

𝑆𝑡𝑜𝑐𝑘ℎ𝑜𝑙𝑑𝑒𝑟𝑠′𝐸𝑞𝑢𝑖𝑡𝑦
) 

Leverage Dept/Equity ratio 
(

𝑇𝑜𝑡𝑎𝑙 𝐿𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠

𝑆ℎ𝑎𝑟𝑒ℎ𝑜𝑙𝑑𝑒𝑟𝑠′ 𝐸𝑞𝑢𝑖𝑡𝑦
) 

Operating A/R turnover 
(

𝑁𝑒𝑡 𝐶𝑟𝑒𝑑𝑖𝑡 𝑆𝑎𝑙𝑒𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐴𝑐𝑐𝑜𝑢𝑛𝑡𝑠 𝑅𝑒𝑐𝑒𝑖𝑣𝑎𝑏𝑙𝑒
) 

Operating Fixed asset turnover 
(

𝑁𝑒𝑡  𝑆𝑎𝑙𝑒𝑠

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐹𝑖𝑥𝑒𝑑 𝐴𝑠𝑠𝑒𝑡𝑠
) 

Operating ROIC 
(

𝑁𝑒𝑡 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔 𝑃𝑟𝑜𝑓. 𝐴𝑓𝑡𝑒𝑟 𝑇𝑎𝑥

𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑑 𝐶𝑎𝑝𝑖𝑡𝑎𝑙
) 

The factors of profitability, DuPont/Earning Power, liquidity, leverage, and 

operational are used to define as ratios in the model. According to this viewpoint, 

this analysis uses more ratios than the one by Quah and Srinivasan (1999). EBITDA 

margin, operating margin, pretax margin, and net margin are the four ratios used as 
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inputs to embed profitability into the model. Asset turnover, x pretax margin, pretax 

ROA, x Leverages (Assets/Equity), pretax ROE, ROE, and reinvestment rate are 

utilized as ratios for embedding DuPont/Earning Power into the model. Three ratios 

are used to embed liquidity into the model: quick ratio, current ratio, and cash cycle 

(days). Assets to equity and debt to equity are two ratios used to embed leverage into 

the model. A/R turnover, fixed asset turnover, and ROIC are the three ratios utilized 

for operating input. Formulas and types of ratios are shown in Table 4.2 above (Bull, 

2007). 

Stock returns on an annual basis are outputs. The neural network's training data for 

this study begins with ratios from March 2000 and ends with results from March 

2001, one year ahead. The neural network was tested using the 2001-March-End 

ratios as inputs, and the output prediction results were the 2002-March-End returns 

(returns that were one year ahead). These predicted results from March through the 

end of 2001 led to the creation of portfolios including 10, 20, 30, 40, and 50 numbers 

of stocks respectively. From the highest returns to the lowest returns, stocks are 

chosen based on their value. Real returns from March through the end of 2002 can be 

compared to those that were expected. This structure is repeated till the 2018-March-

End for each succeeding year. This offers portfolio generation times ranging from 

one to seventeen years.  

Moreover, this framework above, which is based on the research of Eakins and 

Stansell (2003) and is known as the Moving Window Stock Selection System is used 

in this thesis.  

Moving Window Stock Selection System (revealed in Figure 4.2) is a methodology 

used in finance to select a portfolio of stocks based on the analysis of historical price 

data over a fixed time period. The system involves dividing the entire historical time 

series data into a series of smaller windows, or sub-periods, each of equal length. A 

stock selection model is then applied to each window to identify stocks that are likely 

to outperform the market in that period. This process is repeated for each window, 

creating a rolling portfolio of stocks. The system is designed to adapt to changing 

market conditions and to capture trends over time. It is commonly used by 

investment managers and traders as a means of identifying potential investment 

opportunities and maximizing returns.  
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Figure 4.2 : Moving window stock selection method  

The fundamental strategy for implementing stock selection using ANN methodology 

is shown in Figure 4.2. At (t+1) date, an investor can use (t) date financial ratios to 

train ANN model with (t+1) date returns and test this model with (t+1) date’s 

financial ratios. The outcome of this test determines the investor's approach in the 

(t+1) date. With the result of this test, the investor can expect returns of (t+2) date in 

(t+1) date. This approach might be revised for the upcoming years with fresh ratios 

and returns. 

Moreover, the reason for choosing the Swallow NN model instead of other neural 

network models is summarized as follows. This summary was made, and the main 

headings were identified by utilizing Ma et al. (2021). Swallow Neural Network 

(SNN) and the other machine learning models can be defined in terms of their usage 

area:  

• SNN is a type of neural network that is designed for financial forecasting and 

portfolio optimization. 

• LSTM neural network is a type of recurrent neural network that is commonly 

used for processing sequential data such as time series data. 

• DMLP (Deep Multilayer Perceptron) is a type of neural network that consists 

of multiple layers of perceptrons and is commonly used for supervised 

learning tasks such as classification and regression. 
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• Convolutional Neural Network (CNN) is a type of neural network that is 

commonly used for image processing and classification tasks. 

The reasons why SNN was used in this thesis instead of other neural networks are as 

follows: 

• SNN is specifically designed for financial forecasting and portfolio 

optimization, whereas the other models are more general-purpose and can be 

used for a wide range of machine learning tasks. 

• SNN uses a unique training algorithm that is based on the swallow-inspired 

optimization algorithm, whereas the other models typically use more 

conventional optimization algorithms such as stochastic gradient descent. 

• SNN is a type of feedforward neural network, whereas LSTM and CNN are 

types of recurrent neural networks and convolutional neural networks, 

respectively. 

• SNN is designed to handle high-dimensional financial data such as stock 

prices and financial ratios, whereas LSTM and CNN are designed for 

sequential data and image data, respectively. 

4.4 Stock Selection Methodology in SSD 

The SSD method of stock selection, as described in Guran and Tas (2015), is based 

on selecting the most dominating stocks for the portfolio of the following year after 

testing the daily returns of the previous year with SSD. 

The following framework can be used to implement SSD tests on stocks and choose 

the most dominant ones for a portfolio: 

(1) Create a stock pool, 

(2) Create a column listing all stock returns from the smallest to the highest, for 

example, -20% to +20%,  

(3) Make a new column that displays the difference between the current return and 

the subsequent return. 

(4) Add additional columns for each stock showing possibilities of giving returns in 

current row, 
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(5) The sum of possibilities of the stocks in each column must be given 1, 

(6) Create additional column sets for each stock that display the cumulative sums of 

each row, each of which must equal 1, in accordance with the possibility principle., 

(7) Make additional columns that display dual comparisons of each stock., 

(8) Rows of these columns show the cumulative sums of multiplication of return 

difference and cumulative column value’s differences, 

(9) These latest rows of comparison reveal the dominance in dual stock comparisons, 

i.e., which one is dominant, and which one is weaker, or whether the two stocks 

share a neutral relationship with no dominant stock between them, and 

(10) Choose the dominant or select stocks that dominate at least one other stock and 

are not dominated by any other stock to generate a portfolio. 

In this thesis, after each SSD test, the generated portfolios obtain a certain number of 

stocks according to their SSD level, from 10 stocks of the most dominant to 20 

stocks, 30 stocks, 40 stocks, and 50 stocks accordingly. In addition, portfolios 

consisting of a variable number of stocks that dominate at least one stock and are not 

dominated by any other stock are formed. Two eras are tried for producing 

portfolios, as stated in Section 4.1. The first tested period is January-Firsts to 

December-Ends, and the second tested period is from March-Ends to the next March-

Ends. 

According to Table 5.2, between 2000 and 2018, 84 to 146 stocks were evaluated 

using SSD, which means that Equation 3.10's comparison range for the number of 

stocks tested with SSD ranges from 3,486 comparisons to 10,585 comparisons. 

Due to the huge data set, a formula study was needed. A formula application for SSD 

tests has been developed on Microsoft Excel to make these comparisons. In this 

sense, a contribution has been made to the literature. 

4.5 Stock Selection Methodology in the Markowitz Portfolio Optimization 

The Markowitz approach optimizes stock weights in a portfolio by maximizing 

Sharpe ratio of a given dataset as stock returns, but this means that some stocks may 

end up with 0% weight in a portfolio after calculation. Additionally, a portfolio is set 

up for this study to contain at least 10 stocks. As a result, even if the Markowitz 
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model's recommended number of stocks for a portfolio varies from year to year, it is 

never less than 10. The Markowitz model differs from SSD or ANN in that aspect 

because there is no fixed number of stocks for optimization reasons. 

The Markowitz tests in this study employ the same number of stocks, though. Figure 

4.1 shows how stocks in a Markowitz portfolio are not fixed, in contrast to SSD. 

Consequently, this is a chance to assess how well the mean-variance model and the 

SSD model, as used by Guran and Tas, perform (2015). 

Due to the huge data set, formula research was needed. Formula application for the 

Markowitz tests has been developed on Microsoft Excel to make portfolio 

optimization. In this sense, a contribution has been made to the literature. 

Second, by covering for every year from 2000 to 2018, the Central Bank of Turkey's 

yearly simple minimum interest rates are employed as risk-free rates in the model. 

These daily risk-free rates are revealed in the Table A.1 in Appendix section. 

4.6 Limitations and Assumptions Discussed in the Thesis 

As a limitation of the study, transaction costs at the end and beginning of each 

portfolio period were not included in the analysis. The transaction cost for buying 

and selling stocks usually ranges between 0.1% to 1%, depending on various factors 

such as the volume of the transaction, the stock being traded, and the broker 

involved. Although the transaction cost percentage may be relatively small, it can 

accumulate over time and become a significant expense. Therefore, it may not be 

appropriate to ignore transaction costs, especially when high-frequency trading is 

involved. However, in lower-frequency transactions or long-term investments, the 

impact of transaction costs is typically lower and can be disregarded.  

Another limitation of the study could be the exclusion of dividends from the analysis. 

The proportion of total returns that dividends constitute can vary depending on the 

stock and sector. Some stocks may offer high dividends while others may not pay 

dividends or offer very low dividends. Moreover, some sectors tend to offer higher 

dividend yields compared to others. Excluding dividends from the analysis may limit 

the full evaluation of investment returns. However, it can be considered as a 

limitation of a study. Dividends are generally considered as a factor that reduces the 

impact of the stock's future price. Therefore, in some cases, excluding dividends may 
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lead to clearer results. Nonetheless, dividend income is an important factor to be 

considered when making investment decisions and it can be a significant source of 

return for investors.  

Considering the aforementioned limitations above, it may be assumed that the 

exclusion of dividend income and the non-inclusion of transaction costs at the end of 

each portfolio period offset each other in the study. Secondly, the impact of the 

transaction cost limitation can be mitigated by continuing to hold previously 

purchased stocks in the following period. If a stock is held without being sold, 

transaction costs will not be incurred. 

Furthermore, the exclusion of certain stocks due to missing financial ratio data could 

also be viewed as a limitation of the study. Although the sample size was still 

considered sufficient for the analysis, the absence of these stocks may have impacted 

the overall results and limited the generalizability of the findings. Future studies may 

benefit from a larger and more comprehensive sample size, which includes a wider 

range of companies and industries, to obtain more robust and representative results.  

The use of logarithmic returns in portfolio diversification studies is common due to 

their advantages over simple returns, such as the ability to account for compounding 

effects and the normalization of return distributions. However, using simple returns 

may be more appropriate for certain types of investments, such as fixed-income 

securities. While there may be some differences between the two methods, the choice 

between them ultimately depends on the research question and the type of 

investments being studied. Using simple returns instead of logarithmic returns may 

create limitations in certain cases, such as when studying assets with high volatility 

or large price changes. This thesis employed a normal return approach instead of a 

logarithmic approach. It is worth noting that this approach has been used in various 

studies in the literature. However, it should be acknowledged that this choice could 

be considered a limitation of this thesis study. 

In the portfolios analyzed in this thesis, Turkish Lira was used as the currency. 

However, there are studies in the literature that use EUR or USD for research on the 

Borsa Istanbul. Nevertheless, due to the relatively stable nature of the USD/TRY 

exchange rate between 2001 and 2018, with no significant fluctuations, the use of 

TRY in this study is not considered a major limitation. However, in a broader 

context, it can still be considered a limitation. 
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The approach of investing equal amounts of money in stocks, which involves 

dividing the investment amount equally among the selected securities, is a widely 

used method in portfolio construction. This approach has been adopted based on 

similar practices found in literature. For example, if an investment amount of 1000 

TL is available and a portfolio is to be constructed using 50 different securities, then 

each security is allocated 20 TL based on the calculation of 1000 TL / 50 stock. This 

method ensures an equal weight allocation among the securities and is considered a 

straightforward way to construct a diversified portfolio. The approach provides a 

simple means of managing risk as it ensures that no single security dominates the 

portfolio. However, it may not be suitable for all investment objectives and may 

require adjustments based on the specific goals of the investor. 

The stocks, AKBNK, ALBRK, GARAN, GSDHO, HALKB, ICBCT, ISCTR, ISFIN, 

SKBNK, TSKB, VAKBN, YKBNK belong to banks, and their financial ratio logic 

differs from that of industrial firms. In line with this, ANHYT, AVISA stocks belong 

to insurance companies, and CRDFA belongs to a factoring company; therefore, they 

were excluded from the study. Therefore, they have not been included in the ANN 

tests. This can be considered as a limitation of the thesis. 

Various issues are revealed such as the lack of financial ratio data for stocks, 

delisting from the stock exchange, halting of short selling transactions, and the 

impact of company mergers on stock prices below: 

The trading of IHLAS stocks on the stock market was suspended at various times 

between 2001 and 2002. During this period, methods were not applied. However, 

when the company resumed trading in 2002, its financial ratios were included in the 

ANN learning test model. Due to its poor performance in 2000, no stock was found 

to dominate others in the SSD test, and therefore, it was not included in the portfolio. 

This issue may not be seen as a limitation in this thesis due to this reason. 

AKMGY, BRYAT, ECZYT, FLAP, GOZDE, HDFGS, PAGYO, and SOKM stocks 

were excluded from the ANN tests during certain periods (not for all periods) due to 

various financial data limitations. These limitations included missing or incomplete 

financial ratios, such as cash cycle days, quick ratio, asset turnover, debt/equity ratio, 

and effective tax rate. In addition, one stock (GOZDE) had issues with outliers and 

inconsistencies in the financial data. Therefore, these limitations resulted in the 

exclusion of these stocks from the study. 
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In July 2015, during the process of paid-in-capital increase, the AFYON stock gained 

554% in value. The Capital Markets Board of Turkey decided to suspend gross 

settlement transactions. However, since this study focuses on the formation of annual 

portfolios and the portfolio formation periods are either at the beginning of January 

or at the end of March, this process did not affect the study. Nevertheless, the data 

for the year 2015 has been included in the model testing process. The SSD test 

results for the year 2015 did not lead to the domination of any stock, and thus had no 

impact on the portfolio revenues at the end of 2015. 

The Capital Markets Board of Turkey imposed a ban on short selling and imposed 

fines on KOZAA, KOZAL, and IPEKE companies for various reasons in 2016, 

although their stock market trading was not suspended. During this period, despite 

the regulatory measures, these companies continued to be included in the model tests 

as their trading activities were not suspended. Thus, the data for these companies was 

not excluded from the thesis and should not be considered a limitation. The ban on 

short selling and the fines imposed by the regulatory authorities did not have any 

direct impact on the model tests conducted in this study since the focus was on long-

term investment strategies rather than short-term trading activities. Nevertheless, the 

regulatory interventions in the stock market may have had an indirect impact on the 

market sentiment and investor behavior, which could have influenced the 

performance of the stocks in the sample. 

Towards the end of 2017, a potential merger involving three different holdings, 

including AEFES, ADEL, CCOLA, and MGROS stocks, was anticipated. However, 

this process was prolonged, and no consolidation of the stocks occurred. As such, it 

cannot be said that this event brought any limitations to this thesis study. 
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5.  RESULTS 

The abbreviations used for the columns defined in Sections 5.1 and 5.2 are displayed 

in Table 5.1. 

Table 5.1 : Column definitions for Sections 5.1 and 5.2. 

Type Definition 

M Portfolio returns produced by the Markowitz optimization 

technique with variable stock numbers (Optimized on all 

tested stocks). 

S10–50 Returns of portfolios generated by SSD method. These 

portfolios include 10, 20, 30, 40, and 50 number of stocks 

respectively. 

SDNW Returns of portfolios generated by SSD method. Stocks that 

always dominate according to the SSD test and can never be 

dominated. DNW: Dominants with no weak stocks. 

A10–50 Returns of portfolios generated by ANN method. These 

portfolios include 10, 20, 30, 40, and 50 number of stocks 

respectively. 

A0+ Returns of portfolios generated by ANN method. These 

portfolios include all forecasted positive stocks (not limited 

from 10 to 50 stocks). 

A Portfolio returns that include all tested stocks. 

B Returns of BIST-100 Index. 

NTS Number of tested stocks. 

NTR Number of stocks trained in ANNs. 

20XXE Years representing performances of portfolios in periods of 

January first to December end (E is year-end). 

20XXM Years representing performances of portfolios in periods of 

March end to the upcoming March end (M is March-end). 

5.1 Performance Comparisons of January-to-December Portfolios Generated by 

the Markowitz and SSD Model 

Table 5.2 compares the January-to-December portfolio performances of SSD and 

Markowitz during a 17-year period. Within 17 years, the total return averages of the 

SSD and Markowitz portfolios were higher than the average return of the BIST-100. 

However, the return performances of the SSD and Markowitz portfolios at the ends 

of 2003 and 2012 are less than the returns of the BIST-100. Furthermore, the 2007, 
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2009, and 2016 portfolio returns of these methods fall between the BIST-100’s 

returns. These methods' portfolios had negative returns in 2008, the year when the 

global mortgage crisis broke out (Helleiner, 2011), but they had positive alpha, 

which meant that their losses that year were at least less than those of the BIST-100. 

Furthermore, the best portfolio returnn in 2008 was achieved by stocks that dominate 

according to the SSD test and cannot be dominated. Similarly, in the performances of 

2007 and 2015, this portfolio choice provided the best result compared to other 

portfolios. Notably, some of the portfolios for the years 2006, 2011, 2013, and 2015 

had positive returns whereas the BIST-100 had negative returns in those same years. 

SSD's first 16 years' total average return was higher than Markowitz's first 16 years' 

total average return, despite the Markowitz portfolios' 17-year total average return 

being somewhat higher than SSD's average return.  

Table 5.2 : Returns of the annual portfolios produced by SSD and the Markowitz 

tests structured into January to December periods. 

Years NTS S10 S20 S30 S40 S50 SDNW M A B 

2001E 84 0.50 0.49 0.52 0.52 0.56 0,52 0.70 0.54 0.46 

2002E 97 0.15 0.05 0.04 0.03 0.03 0,03 0.05 -0.04 -0.26 

2003E 97 0.47 0.49 0.53 0.62 0.60 0,38 0.41 0.65 0.76 

2004E 99 0.51 0.49 0.65 0.59 0.56 0,64 0.94 0.53 0.30 

2005E 101 1.39 1.32 1.11 0.99 0.89 0,99 0.96 0.93 0.56 

2006E 106 0.21 0.17 0.14 0.09 0.09 0,05 0.19 0.01 -0.02 

2007E 109 0.55 0.31 0.29 0.26 0.25 0,61 0.50 0.28 0.42 

2008E 112 -0.38 -0.41 -0.44 -0.46 -0.47 -0,33 -0.41 -0.44 -0.51 

2009E 117 0.93 0.99 1.31 1.25 1.23 0,75 0.95 1.38 0.96 

2010E 118 0.26 0.42 0.51 0.52 0.50 0,37 0.52 0.50 0.24 

2011E 119 0.11 0.05 0.03 -0.03 -0.05 0,00 -0.01 -0.12 -0.24 

2012E 128 0.33 0.38 0.43 0.41 0.42 0,32 0.28 0.44 0.52 

2013E 129 0.02 0.03 0.10 0.04 0.03 -0,01 0.08 -0.04 -0.13 

2014E 136 0.50 0.54 0.63 0.55 0.53 0,36 0.32 0.46 0.28 

2015E 143 0.14 0.12 0.06 0.10 0.10 0,17 0.08 0.04 -0.16 

2016E 145 0.10 0.14 0.21 0.20 0.17 0,04 -0.01 0.20 0.11 

2017E 146 0.24 0.35 0.34 0.32 0.49 0,76 1.37 0.61 0.48 

1 Turkish Lira is depicted in Figure 5.1 as walking. With the SSD or Markowitz 

model, updating portfolios at the end of each year, 1 TL can reach between 67 TL 

and 138 TL, however with the BIST-100 model, it can only reach up to 11 TL. As a 

result, Figure 5.1 shows how the two models perform significantly better over the 

long term than BIST-100. 

The investment starting with 1 TL is important for the comprehensibility of the 

subject. One unit is invested in Turkish Liras and a new investment is made with the 
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amount obtained at the end of each year. Figure 5.1 shows the amounts reached by 

this investment each year. 

 

Figure 5.1: Movements of 1 Turkish lira investment on portfolios from 2000 

December end to 2017 December end. 

5.2 March-to-Next-March Portfolios’ Performances Comparisons of ANN, SSD, 

and Markowitz 

Table 5.3 compares the portfolio performance of ANN over a 17-year period from 

March End to the Following March End. The total return averages of ANN portfolios 

over the last 17 years have been significantly greater than the return average of the 

BIST-100. The return performances of the ANN portfolios didn't fall below those of 

the BIST-100 except the end of March 2004. Additionally, ANN's some of portfolio 

returns for 2007 and 2008 are lower than the returns of the BIST-100. In the 2008–

2009 period, when the mortgage crisis hit the globe, all except the 30-stock and 40-

stock portfolio of ANN registered negative returns, however, they did show positive 

alpha, meaning their loss in 2008M-to-2009M portfolio is lower than BIST-100’s 

loss in 2008M-to-2009M. The most successful portfolios in 2008M and 2016M were 
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composed of stocks that are dominants and cannot be dominated according to the 

SSD metric (SDNW) when Table 5.3 and Table 5.4 are compared. Additionally, the 

BIST-100 had negative returns while the ANN portfolios for 2002M-to-2003M had 

positive returns. Furthermore, it can be determined by comparing Tables 5.3 and 5,4 

that, with the exception of the 10-stock ANN portfolio, the total average returns of 

the ANN portfolios over the course of the 17-year period were significantly higher 

than those of SSD and Markowitz. Tested stocks for SSD and Markowitz are same as 

in ANN, which can be shown in Table 5.3 and Table 5.4 as defined below. 

Table 5.3 : Returns of the annual portfolios produced by ANN tests structured within 

march end to next march end periods. 

Years NTR NTS A0+ A10 A20 A30 A40 A50 B 

2002M 68 75 0.75 0.43 0.70 0.69 0.67 0.67 0.46 

2003M 75 77 0.10 0.07 0.16 0.15 0.11 0.08 -0.19 

2004M 77 81 0.86 0.94 1.08 1.01 0.92 0.88 1.13 

2005M 81 84 0.32 0.53 0.31 0.32 0.41 0.40 0.27 

2006M 84 87 1.03 1.85 1.41 1.16 1.08 1.09 0.68 

2007M 87 87 -0.01 0.13 0.09 0.06 0.06 0.06 0.02 

2008M 87 93 0.01 -0.12 -0.05 0.11 0.07 0.00 -0.11 

2009M 93 92 -0.31 -0.33 -0.30 -0.32 -0.34 -0.31 -0.34 

2010M 92 94 1.69 1.49 1.64 1.58 1.59 1.53 1.19 

2011M 94 96 0.39 0.55 0.43 0.40 0.39 0.38 0.14 

2012M 96 104 -0.02 -0.01 -0.02 0.00 0.02 0.03 -0.03 

2013M 104 104 0.50 0.56 0.50 0.47 0.50 0.45 0.38 

2014M 104 113 -0.06 -0.14 -0.09 -0.03 -0.04 -0.03 -0.19 

2015M 113 116 0.45 0.65 0.58 0.61 0.53 0.48 0.16 

2016M 116 117 0.15 0.17 0.17 0.18 0.18 0.18 0.03 

2017M 117 117 0.25 0.39 0.34 0.30 0.29 0.31 0.07 

2018M 117 118 0.52 1.37 0.92 0.67 0.66 0.60 0.29 

Table 5.4 compares the performance of the SSD and Markowitz annual portfolios 

from March-End to Next-March-End over a 17-year timeframe. The NTS column in 

Tables 5.3 and 5.4 shows that the same number of stocks were tested as in ANN's 

tests. The SSD and Markowitz portfolios' total return averages per year over the last 

17 years have been much greater than the total return average per year of the BIST-

100. The SSD and Markowitz portfolios, however, recorded lower return 

performances for the 2004-March-End period than the return of the BIST-100 for the 

same year. Additionally, the portfolio returns of SSD and Markowitz from 2006M-

to-2007M are comparable to the return of the BIST-100 index for that year. The 

portfolios of SSD and Markowitz had negative returns during the 2008–2009 era, 

when the mortgage crisis decimated the economy, but they had positive alpha, 
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indicating that their loss during the 2008–2009 period was less than that of the 

BIST–100 which is acceptable as market. Moreover, the 2002M-to-2003M and 

2011M-to-2012M portfolios of SSD and Markowitz exhibited gains when the 

portfolio of the BIST-100 had losses. Specifically, the 2008 portfolio, consisting of 

both the most dominant and non-dominable stocks (SDNW), demonstrated a strong 

performance relative to the BIST100 index, which is shown in Table 5.4. 

Table 5.4 : Returns of the annual portfolios produced by SSD and the Markowitz 

tests structured within march end to next march end periods with same number 

stocks as in ANN 

Years NTS S10 S20 S30 S40 S50 SDNW A M B 

2002M 75 0.60 0.56 0.61 0.63 0.64 0,64 0.68 0.63 0.46 

2003M 77 0.15 0.15 0.12 0.16 0.15 0,23 0.09 0.17 -0.19 

2004M 81 0.82 0.76 0.93 0.95 0.93 0,79 0.90 0.61 1.13 

2005M 84 0.34 0.40 0.42 0.38 0.33 0,34 0.38 0.46 0.27 

2006M 87 1.22 1.03 0.97 0.92 0.96 1,05 0.88 0.95 0.68 

2007M 87 0.04 0.03 0.00 0.03 0.02 0,06 -0.02 -0.01 0.02 

2008M 93 0.07 0.00 -0.06 -0.07 -0.09 0,25 -0.02 0.06 -0.11 

2009M 92 -0.32 -0.37 -0.35 -0.32 -0.32 -0,42 -0.31 -0.31 -0.34 

2010M 94 1.17 1.32 1.41 1.45 1.37 1,15 1.56 1.31 1.19 

2011M 96 0.38 0.32 0.40 0.39 0.44 0,33 0.38 0.40 0.14 

2012M 104 0.14 0.11 0.11 0.06 0.07 0,04 0.00 0.11 -0.03 

2013M 104 0.40 0.37 0.42 0.43 0.41 0,18 0.30 0.17 0.38 

2014M 113 0.04 -0.01 -0.02 -0.02 -0.04 0,02 -0.11 -0.01 -0.19 

2015M 116 0.76 0.71 0.58 0.56 0.58 0,63 0.43 0.59 0.16 

2016M 117 0.25 0.26 0.18 0.20 0.20 0,55 0.15 0.32 0.03 

2017M 117 0.10 0.17 0.20 0.20 0.21 0,08 0.25 0.07 0.07 

2018M 118 0.53 0.41 0.32 0.39 0.36 0,87 0.49 0.58 0.29 

The 17-year performance annual comparison of the SSD and Markowitz portfolios 

from March-End to Next-March-End is shown in Table 5.5. The NTS column in 

Table 5.3 and Table 5.4 shows that the number of stocks examined is different from 

that in ANN's tests, although Table 5.2 shows that the number of stocks tested is the 

same as in the other SSD and Markowitz tests in Section 5.1. Within 17 years, the 

SSD and Markowitz portfolios' total returns on average were significantly higher 

than those of the BIST-100. At the end of 2004–March, the returns for the SSD and 

Markowitz portfolios were, however, lower than those of the BIST–100. 

Additionally, the Markowitz portfolio's return from 2009M-to-2010M was lower 

than the return of the BIST-100 for the same period. When the mortgage crisis 

rocked the economy in 2008–2009, the portfolios of SSD and Markowitz both saw 

negative returns but still produced positive alpha, indicating that their losses during 

this time period were at least less than those of the BIST–100. In addition, it is worth 
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noting that the superior performance in terms of portfolio returns for March 2008 

was observed in stocks that exhibit dominance according to the SSD test, and as 

such, cannot be dominated by other stocks. Furthermore, in the years 2016 and 2018, 

this particular portfolio choice (SDNW) consistently outperformed other portfolios in 

terms of returns.  Moreover, the 2002M-to-2003M and 2011M-to-2012M portfolios 

of SSD showed positive returns during the same years as BIST-100 showed negative 

returns which is shown in Table 5.5.  

Table 5.5 : Returns of the annual portfolios produced by SSD and the Markowitz 

tests structured within march end to next march end periods. 

Years NTS S10 S20 S30 S40 S50 SDNW A M B 

2002M 84 0.53 0.48 0.56 0.57 0.61 0,64 0.67 1.02 0.46 

2003M 97 0.23 0.15 0.15 0.16 0.15 0,20 0.05 -0.31 -0.19 

2004M 97 0.75 0.85 0.92 1.00 1.03 0,77 0.98 0.82 1.13 

2005M 99 0.33 0.40 0.38 0.40 0.42 0,39 0.44 0.53 0.27 

2006M 101 1.30 1.13 1.02 1.00 0.99 1,10 0.92 0.80 0.68 

2007M 106 0.17 0.12 0.06 0.04 0.03 0,07 -0.02 0.02 0.02 

2008M 109 0.29 0.09 0.02 -0.02 -0.04 0,47 -0.04 -0.07 -0.11 

2009M 112 -0.28 -0.30 -0.35 -0.31 -0.30 -0,23 -0.23 -0.21 -0.34 

2010M 117 1.13 1.34 1.39 1.45 1.49 1,21 1.53 0.82 1.19 

2011M 118 0.34 0.27 0.38 0.34 0.31 0,31 0.37 0.42 0.14 

2012M 119 0.14 0.11 0.11 0.07 0.06 0,02 -0.02 0.04 -0.03 

2013M 128 0.40 0.37 0.43 0.40 0.41 0,17 0.31 0.23 0.38 

2014M 129 0.04 0.01 -0.05 -0.04 -0.05 0,02 -0.12 -0.04 -0.19 

2015M 136 0.80 0.74 0.59 0.53 0.52 0,63 0.41 0.77 0.16 

2016M 143 0.26 0.28 0.22 0.19 0.20 0,50 0.14 0.28 0.03 

2017M 145 0.07 0.11 0.17 0.18 0.18 0,07 0.23 0.05 0.07 

2018M 146 0.49 0.45 0.34 0.34 0.39 0,68 0.49 0.52 0.29 

5.3 Comparison of the Average Returns of All Methods 

The best 1 Turkish lira (1 TRY) walk for each model for the March-End-to-Next-

March-End portfolios is shown in Table 5.6. 1 Turkish Lira can reach between 110 

TRY and 279 TRY with ANN or SSD by updating the portfolios at the end of each 

year, however BIST-100 can only reach 14 TRY. As a result, the table demonstrates 

that over the long term, ANN and SSD models perform significantly better than 

BIST-100. The 10 best stocks accessible are included in the portfolio created by the 

ANN model, and it has the best performance, with returns ranging from 1 TRY to 

279 TRY (except dividends). The second-best performance is displayed by ANN-

generated portfolios that contain the top 20 stocks. The following best performance is 

displayed by SSD portfolio (SDNW) which has been generated from row 3 tests 

shown in Table 4.1. The portfolio created by the ANN model and containing the 
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30 best stocks exhibits the fourth-best performance over the long term, rising from 1 

TRY to 187 TRY. However, in the March-End-to-March-End portfolios, the 

Markowitz model's 1 TRY walk was unable to even reach 100 TRY which is shown 

in Table 5.6. 

Table 5.6 : Best performances of 1 Turkish lira investment movements on portfolios 

from 2001 march end to 2018 march end. 

Years A10 A20 SDNWD A30 SD10 A40 SDNWS S10 SD20 A50 A0+ 

2002M  1     2    2  2     2     2    2  2     1     2     2    

2003M  2     2    2  2     2     2    2  2     2     2     2    

2004M  3     4    3  4     3     4    4  3     3     3     4    

2005M  5     5    5  5     4     5    5  4     4     5     5    

2006M  13     13    10  11     10     10    10  10     9     10     10    

2007M  15     14    11  12     12     11    11  10     11     10     10    

2008M  13     13    16  13     15     12    13  11     11     11     10    

2009M  9     9    12  9     11     8    8  7     8     7     7    

2010M  21     25    27  23     23     20    16  16     19     18     18    

2011M  33     36    36  32     31     28    22  22     24     25     25    

2012M  33     35    36  32     36     28    23  25     26     26     25    

2013M  51     53    42  47     50     43    27  35     36     37     37    

2014M  44     48    43  45     52     41    27  37     37     36     35    

2015M  72     75    70  73     93     63    45  65     64     54     51    

2016M  85     89    106  86     118     74    69  81     82     63     58    

2017M  118     119    113  112     125     96    75  89     92     83     72    

2018M  279     228    189  187     187     159    140  137     133     133     110    

The average returns for the March-End-to-March-End portfolios of all three models 

are shown in Table 5.7 for each year during the course of the 17-year period. 

Table 5.7 : The average returns for all annual portfolios generated by the ANN, 

SSD, and Markowitz tests and organized by march end to the following march end 

periods. 

Years NN-AV SS-AV SS-AVD MS-AV SD-AV SD-AVD MD-AV BIST100 

2002M 0.65 0.61 0,61 0.63 0.55 0,56 1.02 0.46 
2003M 0.11 0.15 0,16 0.17 0.17 0,17 -0.31 -0.19 

2004M 0.95 0.88 0,86 0.61 0.91 0,89 0.82 1.13 

2005M 0.38 0.37 0,37 0.46 0.38 0,39 0.53 0.27 
2006M 1.27 1.02 1,03 0.95 1.09 1,09 0.80 0.68 

2007M 0.06 0.02 0,03 -0.01 0.09 0,08 0.02 0.02 

2008M 0.00 -0.03 0,02 0.06 0.07 0,13 -0.07 -0.11 
2009M -0.32 -0.34 -0,35 -0.31 -0.31 -0,29 -0.21 -0.34 

2010M 1.59 1.34 1,31 1.31 1.36 1,33 0.82 1.19 

2011M 0.42 0.39 0,38 0.40 0.33 0,33 0.42 0.14 

2012M 0.00 0.10 0,09 0.11 0.10 0,08 0.04 -0.03 

2013M 0.50 0.41 0,37 0.17 0.40 0,36 0.23 0.38 

2014M -0.07 -0.01 0,00 -0.01 -0.02 -0,01 -0.04 -0.19 
2015M 0.55 0.64 0,64 0.59 0.64 0,63 0.77 0.16 

2016M 0.17 0.22 0,27 0.32 0.23 0,28 0.28 0.03 

2017M 0.31 0.18 0,16 0.07 0.14 0,13 0.05 0.07 
2018M 0.79 0.40 0,48 0.58 0.40 0,45 0.52 0.29 

Figure 5.2 shows the average March-to-March portfolio walks for 1 Turkish Lira for 

each of the three models. 1 TRY is demonstrated to have a range of 60 TRY to 179 

TRY with the models, but only 14 TRY with BIST-100. As a result, over the long 
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term, the ANN, SSD, and Markowitz models all perform on average far better than 

BIST-100. The ANN model's portfolios' average return, which ranges from 1 TRY to 

179 TRY, exhibits the best performance (except dividends), which is shown in 

Figure 5.2. The second-best performance is displayed by the portfolios' average 

return, which was derived using the SSD model. In fact, it has been observed that the 

return calculated using the SSD metric can be further increased when a portfolio 

comprised of stocks that are both dominant and non-dominable is utilized. With 

regard to average return, the Markowitz model comes in third. As a result, over the 

long term, the ANN model outperforms both the SSD and the Markowitz. Although 

all three methods are quantitative, it has been observed that the fundamental ratios 

used within the ANN are more successful in identifying good stocks and constructing 

portfolios from these stocks. 

 

Figure 5.2 : 1 Turkish lira investment walks from 2001 march end to 2018 march 

end with averages of all types of portfolios. 
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5.4 Performance of Models during Economic Crisis Periods 

Although models performed better against the market during economic crisis periods 

and had positive alpha, their returns were still negative.  It may be evaluated the 

reasons for this based on models as follows:  

ANN: During a crisis, markets tend to become more volatile, and there may be a 

higher degree of uncertainty in terms of economic conditions and future events. It 

may be asserted that some of neural network models are not equipped to handle 

sudden changes in market conditions or to predict extreme events that deviate from 

past patterns. This can cause the model's predictions to be less accurate during times 

of crisis, leading to poor performance in portfolio selection and optimization. 

Furthermore, during crisis periods, the likelihood of unusual and rare events 

occurring is higher compared to normal periods. These events may not have been 

observed in the past and may be outside the range of the model's training data, 

leading to inaccurate predictions. The neural network model may not be able to 

effectively capture the complex interactions and relationships between variables 

during such exceptional events, further reducing its performance. 

SSD: During economic crises, the return distributions of assets tend to display non-

normal and extreme behavior, which is reflected in higher values of skewness and 

kurtosis. This type of distributional asymmetry has been linked to the presence of tail 

events and large losses. As a result, the second-order stochastic dominance criterion, 

which is based on the mean and variance of the distribution, may not be sufficient to 

rank assets correctly based on their risk and return characteristics. Portfolio 

optimization and selection based solely on this criterion may lead to poor 

performance and suboptimal outcomes. Therefore, during crisis periods, it is 

important to consider additional risk measures and techniques that can account for 

the increased uncertainty and volatility in the market. This may include the use of 

downside risk measures, stress testing, scenario analysis, and other techniques that 

explicitly consider the non-normal behavior of asset returns. 

The Markowitz: This model relies on several assumptions that may not hold during 

economic crisis periods. The model assumes that asset returns follow a normal 

distribution, which may not be the case during crisis periods when returns may 

exhibit higher skewness and kurtosis, indicating more extreme and non-normal 
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behavior. This can cause the model to produce suboptimal portfolios as it is not able 

to accurately capture the higher levels of uncertainty and volatility in the market. In 

addition, the Markowitz model assumes that asset returns are stationary, meaning 

that their statistical properties remain constant over time. However, during crisis 

periods, the statistical properties of asset returns can change rapidly and dramatically, 

which can cause the optimization model to produce suboptimal portfolios. 

Furthermore, the Markowitz model assumes that the covariance matrix of asset 

returns can be estimated accurately from historical data. However, during crisis 

periods, correlations between assets can break down and become unpredictable, 

making it difficult to estimate the covariance matrix accurately. Overall, the 

Markowitz optimization model may not perform well during economic crisis periods 

because it relies on several assumptions that may not hold true, making it difficult to 

accurately model the behavior of asset returns and construct optimal portfolios. 
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6.  CONCLUSIONS AND RECOMMENDATIONS 

Four research questions about stock selection strategies are looked at for the BIST 

stock market in this empirical study thesis. 

First, the long-term performances of the portfolios produced by various models are 

compared. According to the findings, the ANN model, which is based on a 

quantitative method including fundamental approach, performs better than the SSD 

and Markowitz models, which are based on a pure quantitative analysis. The result of 

the comparison of these three methods shows that in a dynamic market like Turkey, 

using ANN, which is a model based on fundamental analysis data as input, provides 

more advantages over the other two models. In the ANN model, the 19 ratios used as 

inputs give better clues about the Turkish stock market. Here, investors should 

always make use of stock selection models based on fundamental analysis, whether it 

is the ANN model or any other model. It is also concluded that individual investors 

can shape their investments according to fundamental analysis. 

Guran and Tas (2015) emphasized that the SSD stock selection model is more 

successful than Markowitz and more successful than the classical mean variance. 

This study also shows that in comparison to the Markowitz model, the SSD model 

performs significantly better. On the other hand, over the long term, all three models 

outperform the BIST-100 index and the entire market. 

Second, all three models were unable to avoid experiencing negative returns during 

economic crises like the mortgage crisis of 2008. Nevertheless, these models did 

exhibit positive-alpha performances, which means they at least outperformed the 

BIST-100 index. Therefore, it seems that neither the large financial crises nor the 

short-term financial crises can be overcome by these three models. 

Thirdly, these models may be utilized for both long-term and short-term stock 

picking in bull or bear markets (but not during economic crises). That is, these 

models could be useful for portfolio management if stock selection does not coincide 

with economic crises. 
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Fourthly, this empirical thesis study demonstrates that these models outperform fixed 

assets over the long term. Therefore, instead of considering derivatives, bonds, or 

pension funds, individual investors might employ these models. Such investors can 

appreciate the flexibility of switching equities over time as opposed to adjusting to 

pension fund termination dates. 

The potential areas for improvement of the thesis and possible research topics that 

could be derived from it are as follows:  

(1) Abhyankar et al. (2006) identified newly issued stocks through initial public 

offerings and compared them with benchmark indices. As mentioned in the literature 

review section of this thesis, the inclusion of newly listed stocks in January and 

March in both Markowitz and SSD analyses is similar to Abhyankar's study. 

However, this thesis does not focus on IPOs as the main subject. Therefore, an 

empirical study that constructs a portfolio by applying ANN, Markowitz and SSD 

tests on new IPOs in Borsa Istanbul can be a new research topic. From this 

perspective, this thesis has a potential for further development. 

(2) As mentioned in Section 2.3, Sharma and Mehra's (2016) portfolio study was 

based on sectoral breakdown. Although the use of financial ratios in their study 

makes it similar to this thesis, structuring portfolio analyses based on sectoral 

comparisons and applying it to Borsa Istanbul could expand the scope of the study. 

Comparisons can be made based on whether the sectors are cyclic or non-cyclic, and 

insights can be gained for economic crisis periods. 

(3) The addition of gold to the portfolio was not considered in this thesis while 

creating portfolio diversification using the SSD model. However, due to its success 

during economic crisis periods, the study conducted by Alkhazali and Zoubi (2020) 

on the diversification of Islamic stock portfolios using the SD approach, may be 

worth exploring for future research on portfolios of Borsa Istanbul.  

(4) Third order stochastic dominance may be used in portfolio selection methods. 

The difference between second and third order stochastic dominance in portfolio 

selection lies in the degree of risk aversion of investors. Second order stochastic 

dominance considers the entire distribution of returns and states that an investor who 

is more risk averse will always prefer a portfolio with higher expected returns and 

lower variance. Third order stochastic dominance, on the other hand, takes into 
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account skewness in the return distribution, meaning investors who are more risk 

averse will prefer a portfolio that not only has higher expected returns and lower 

variance, but also has more positive skewness. In summary, the third-degree 

dominance method for stock selection is a research area with potential for 

development in Borsa Istanbul stocks. 

(5) A hedge mechanism can be developed, as applied by Moriggia et al. (2018), and 

its suitability for Borsa Istanbul can be tested, at least for economic crisis periods, 

which can be a research topic. 

(6) In portfolio diversification literature, research has generally been conducted on 

annual portfolios. One of the reasons for this is the investigation of long time periods 

of usually 20-30 years. In this thesis, performance comparison was also made on 

annual portfolios. Comparing with monthly or quarterly portfolios is one of the areas 

of improvement for the thesis. 

(7) The findings of this investigation of the performance of ANN portfolios concur 

with those of Quah and Srinivasan (1999), Olson and Mossman (2003), Eakins and 

Stansell (2003), and Chen et al. (2003) among other studies on stock markets (2020). 

Moreover, a hybrid approach used in conjunction with Yang et al. may enhance this 

empirical study (2019). 

(8) Within the scope of this thesis, the initial NN modeling was conducted with 

Python, but later on, MATLAB was preferred due to its user interface and ease of 

use. As the swallow neural network structure was used in this thesis, MATLAB was 

sufficient. However, for more complex structures, it is recommended to use Python. 

It should be noted that both Python and MATLAB are useful in ANN modeling and 

the choice between them may depend on various factors, such as the complexity of 

the model and the researcher's familiarity with the programming languages. 

MATLAB package program was used in the training process of the neural network. 

Both MATLAB and Python are popular programming languages used in ANN 

research. MATLAB has traditionally been the dominant language in ANN research 

due to its comprehensive set of built-in tools and user-friendly interface, but Python 

has gained popularity in recent years due to its flexibility, large community support, 

and availability of libraries such as TensorFlow and Keras. Ultimately, the choice 

between MATLAB and Python depends on the specific needs and preferences of the 

researcher or practitioner. 
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(9) As mentioned in Section 4.6, stock selection and portfolio optimization studies 

can be conducted on the Istanbul Stock Exchange using global currencies such as 

EUR, USD, or GBP. 

(10) Although models were able to generate alpha (excess returns over the market) 

during economic crisis periods, their returns remained negative. This situation is 

valid for the cases discussed in Section 5.4 and indicates the necessity of 

incorporating new factors into these models or find a new model. 

In summary, this thesis has contributed to the literature by comparing three models 

and providing excess returns over the index. 
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APPENDICES 

APPENDIX A: Table for daily risk-free rates 
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APPENDIX A 

Table A.1 : Daily risk-free rates used in the Markowitz model (from Central Bank of 

the Republic of Turkey) 

Years Daily Risk 

Free Rates 

2000 0,10% 

2001 0,13% 

2002 0,17% 

2003 0,14% 

2004 0,06% 

2005 0,06% 

2006 0,04% 

2007 0,05% 

2008 0,04% 

2009 0,04% 

2010 0,02% 

2011 0,03% 

2012 0,03% 

2013 0,02% 

2014 0,03% 

2015 0,02% 

2016 0,03% 

2017 0,03% 

2018 0,04% 
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