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Chapter 1 INTRODUCTION

With the emerging global economy, stock market investment has piqued
investors' attention as it offers a flexible and transparent means to disperse risk while
increasing the potential for profit. In the stock market, decision making entails
building and overseeing a selection of investments that meets the financial goals and
risk tolerance of an investor. It is a place where investors and traders can legally
gamble on the values of stocks to gain some benefit or sometimes lose to the
plummeting wave of the highly volatile market. The stock market goes up and down,
and securities, commodities, currencies, and bond prices behave likewise. It gives
investors the chance to make money if they know how to play smart in the game of
stock market analysis. The performance of a stock is defined by a multitude of
elements based on risk-return measures. The main target of the stock market investor
is to make such decisions that end up gaining maximum profit while taking minimum
risk during investment. To achieve an investor's goal following objectives should be

considered to make reliable decisions:
i.  How to tackle the uncertainty of the stock market?

ii.  How to handle the different conflicting factors of stock market while making

decisions?
iii.  How to maximize profit restraining the level of the risk?

The complexity and dynamism of the stock market with noise, ambiguity, and
chaos are the main challenge in modelling the financial decision making procedures.
Soft computing techniques are progressively gaining presence in the financial world.
These are fledging approaches providing imprecise but usable solutions to complex
computational problems parallel the remarkable ability of the human mind to reason
and learn in an environment of uncertainty and opacity. Soft computing is a set of
algorithms, including neural networks, fuzzy logic, and evolutionary algorithms.

These algorithms are tolerant of imprecision, uncertainty, partial truth, and
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approximation. Compared to traditional techniques for applying to the financial

market, soft computing gains the advantage of accuracy and speed.
1.1 Deep learning

Deep learning (DL) is a specialized form of machine learning in artificial
intelligence, motivated by the structure of human brain. DL algorithms attempt to
draw conclusions similar to humans that analyze data with a continuous logical
structure. To carry out this, DL algorithms use a multi-layer structure called neural
network. A neural network is a machine designed to model how the brain performs a
particular task. A neural network takes data samples instead of entire data sets to
arrive at solutions, which saves time. It changes its structure based on external or
internal information that passes through the network during the learning phase. The

neural network consists of three layers, as shown in Figure 1.1.
» Input layer: It carries initial data for the neural network.

» Hidden layer: It is the intermediate layer between the input layer and the

output layer. This is the place where all kinds of computations are performed.

» Output layer: In this layer, the result is produced for the given input.

Hidden layers
h, h,

Input layer O v D) Output layer
‘0/4@}}&;/{{@}\\"/

V;“" VAAVAY, “"
ST N7 = NAN
ERX i IO e K5

X, .\ /“y Vs
5 V’v\ A'u"‘v.' 5

m
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A neural network is built up by a network of computing units known as
neurons. These computing units are represented as nodes in the network. A neuron
receives inputs, performs some calculations with the inputs, and generates output.
Each neuron is connected to another neuron through a connection link. Each
connection link is connected to a weight that contains information about the input.

The processing of the network is as follows:
» Each input is multiplied by a weight.

» All weighted inputs are sum up together with a bias b (unique to each neuron

layer).
» The sum is passed through an activation function.

» Finally, output signals are received that are generated after combining the

input signal and the activation rule.

. (Bias)
\f}
@W\‘
(Inputs)—| @(4“’3/‘»

(Summation function)

pred

(Activation function)

y=f(x1*wy+x,xwy + -+ D)
Figure 1.2: Working of neural network

An activation function is a mathematical formula combined into an artificial
neural network (ANN) to help learn complex patterns in the network. Various
activation functions (given in Table 1.1) are available according to the input values. A
bias value permits the activation function to be shifted to the left or right, and it helps
to be a better fit for the data. The working of a neural network is depicted in Figure
1.2. After a network is structured for a particular application, that network is ready to

be trained. The initial weights are chosen randomly to initiate this process. Then, the
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training or learning process begins. This training or learning can be classified into

three classes:

» Supervised learning: In supervised learning, both the input and output are
provided to the network. The network then performs computation with the

input and compares its resulting output against the required output.

» Unsupervised learning: In this type of learning, only input is provided to the
network. The network has to decide for itself which feature it will use to

group the input data. This is also called an adaptive learning.

» Reinforcement learning: It is a reward based learning. It is about taking
suitable action by an agent to maximize reward in a particular situation.
Reinforcement agent decides what to do to perform the given task. In the

absence of training dataset, it is bound to learn from its experience.

Table 1.1: Activation functions

0, z<0
Unit step (Heaviside) f(z) =40.5, z=
1, z>0
-1, z<0
Signum f(z)=40, z=
1, z>0
Linear f(z)=2z
1
( 1, Z = E
Piece-wise linear = ! 1 1 1
f@ z+ =, —-<z<z
L 2 2
0, z>0
Sigmoid (2) = 1
fz) = 1+e2
. e?+e’?
Hyperbolic tangent R —
yp g f(Z) ez + e—Z
Rectified linear unit (ReLU) f(z) = max(0, z)
Softplus f(z) =In(1+ e%)
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The working system of DL is based on a set of algorithms that attempt to
create high-level abstraction models in data using a deep graph with multiple
processing layers, consisting of multiple linear and non-linear transformations. The
term "deep" often defines the number of hidden layers in a neural network.
Conventional neural networks have only 2-3 hidden layers, whereas deep networks
can have up to 150 hidden layers. DL models are like rocket engines and massive

amounts of data are like fuel that we can feed to these algorithms.

Financial data is computationally intensive, extremely nonlinear, and could
appear completely random at times. Deep neural networks (DNN) are adept at dealing
with this type of data. However, the main issue arises in implementing these models
in a live trading system, as there is no guarantee of stationarity on adding new data.
This issue is also combated by using DNNs, which do not require stationarity. The
supervised and unsupervised models are the widely used models in finance. State-
based models, econometric models, or even stochastic models are marred by the
problems of over fitting, heuristics, and poor out-of-sample results because the
financial domain is hugely complex and nonlinear with a plethora of factors
influencing each other. DL models are proven capable of learning from large-scaled
unlabelled data, forming nonlinear relationships, forming recurrent structures, and can
be easily tweaked to avoid over-fitting. These models are widely used in price
forecasting, portfolio designing, portfolio optimization, fraud management, policy

formulation, risk management, algorithm trading, and many other applications.
1.2 Fuzzy sets

Fuzzy set theory was firstly proposed by Zadeh (1965) as an extension of
classic set theory. In classical set theory, the membership degree of an element in a set
is evaluated based on the binary terms determining whether it belongs to the set or
not. Human language is not easily transformed into the absolute terms O and 1.
A fuzzy set is a mapping of a set of real numbers onto membership values that lie in
the range [0, 1].

Definition (Fuzzy set): A fuzzy set A on a finite reference set X is characterised by a
membership function p,: X — [0,1] and is defined as the following mathematical

object:
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A={(x,pa(x))|x € 4}

Fuzzy mention the things which are obscure. Working system of fuzzy sets is
retraced uncertainty due to the imprecise and vague information but the centre of
attention of the fuzzy sets is only the membership degree of vague events. Fuzzy set
can’t deal with falsity degree and indeterminacy degree of vague events as
independent components. Several generalizations of fuzzy sets have developed such
as intuitionistic fuzzy set (IFS), neutrosophic fuzzy set (NFS), type-2 fuzzy set, fuzzy
multiset, pythagorean fuzzy set (PFS) and hesitant fuzzy set (HFS). IFS have three
main parts: membership degree, non-membership degree and hesitancy degree. IFS
can only deal with imperfect data but not with indeterminate and inconsistent data

which exists very often in real world problems.

In NFS, the amount of indeterminacy is revealed and truth-membership,
indeterminacy-membership, and falsity-membership are independent. Type-2 fuzzy
set permits the membership of a given element as a fuzzy set. In fuzzy multiset, the
elements could be encore more than once. PFS improves IFS by expanding the range
of conditions to be modeled. When people make a decision, they usually hesitate for
one thing or another, making it difficult to reach a final agreement. HFS is very
powerful tool to get the optimal alternative in a decision making problem with
multiple attributes and multiple persons. HFS permits the membership having a set of
possible values. HFS has a unique characteristic that its basic element could manifest
the assessment values of different decision makers on the same option under a certain

criterion.

Different fuzzy sets have been successfully applied in the field of finance due
to their ability to address imprecise, incomplete and vague data. Fuzzy logic based
methodologies has also been used in the field of banking, although to a lesser extent,
with particular relevance to areas such as risk management and credit scoring.
However, with regard to the specific field of banking crises, the footprint of fuzzy
logic has been almost non-existent. This absence could be seen as a contradiction,

given the properties of fuzzy logic, which seem to fit particularly well in complex and
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uncertain environments. Some applications of fuzzy logic in finance are fuzzy
averaging for forecasting stock prices, financial decision making in fuzzy

environment, fuzzy logic control for business and so on.
1.3 Evolutionary algorithms

Evolutionary algorithms are simple problem-solving techniques, inspired by
biological evolution. These algorithms are based on an artificially simulated process
of natural selection, or survival of the fittest, known as Darwinian evolution.
Evolutionary algorithms have proven to be a versatile general purpose search and
optimization tool with applications in a variety of fields. On its way to identifying
optimal solutions, a typical evolutionary algorithm takes a number of steps. Different
researches describe different number of steps, but they all include the characteristic
procedures that an evolutionary algorithm runs through. These will be covered in the

following:

i. Initialization: The first step is to create an initial population of solutions, or
chromosomes. Typically, the chromosomal population is chosen at random,

such as by tossing a coin or letting a machine to generate random numbers.

ii.  Fitness evaluation: The fitness function (also known as the objective function
or evaluation function) is used to map an individual's chromosomes or bit
strings into a positive integer, which represents that individual's fitness. The
fitness function simulates the natural environment by assigning a fitness rating

to solutions.

iii.  Selection: In the third step, the evolutionary algorithm begins to reproduce.
The individuals that are going to become parents of the next generation are
selected from the initial population of chromosomes. Selection determines
which individuals of the population will have all or some of their genetic
material passed on to the next generation of individuals. The purpose of the
selection procedure is to offer the most suited chromosomes a better chance of

replicating.
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Evolutionary algorithms appear to be particularly well-suited for financial

modelling applications because of three reasons:

I.  They are payoff-driven. Payoffs can mean improvements in predictive power
or returns over a benchmark. There is an excellent match between the

problem-solving tool and the issues to be addressed.

ii.  Evolutionary algorithms are inherently quantitative. They are well-suited to

parameter optimization.

iii.  Evolutionary algorithms allow a wide variety of extensions and constraints
those traditional methods unable to provide. They are robust, revealing a

remarkable balance between efficiency and efficacy.
1.4 Stock price forecasting

Stock price forecasting is a prevalent and significant aspect of financial and
academic studies since it assists investors in making better financial decisions.
Financial time series forecasting is the most common and fundamental method used
to perform this task. Stock prices reflect all unknown information, and the price
movement responds to news or events. Even though some variations exist, the main
focus is on predicting the next movement of the underlying asset. Due to the stock
market’s dynamics and ambiguity, the prediction of financial time series is described
as one of the most challenging tasks of time series prediction. Many soft computing
tools like neural networks, fuzzy systems, and wavelets have been popular over the
decades to manipulate the data. But it has been challenging to handle big data and
heterogeneous data for researchers and scientists. To overcome this problem deep
learning, introduced in 2009-2010, becoming popular now a days. Figure 1.3 presents
the flowchart of two widely used techniques for financial time series forecasting in

recent years.
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Figure 1.3: Flow chart of financial time series forecasting
1.4.1 Fuzzy time series forecasting

Fuzzy time series forecasting (FTSF) methods are non-parametric and very
popular among researchers for predicting future values as they are not based on the
strict assumptions of traditional forecasting methods. Non-stochastic methods of
fuzzy time series forecasting have been preferred by researchers over the years
because these methods are capable of dealing with real-life uncertainties and provide
a significant forecast. There are generally four factors that determine the accuracy of
the FTSF method (i) number of intervals (NOIs) and length of intervals to partition
universe of discourse (UOD), (ii) fuzzification rules or feature representation of crisp

time series, (iii) method of establishing fuzzy logic relations (FLRs), and (iv)
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defuzzification rule to get crisp forecasted value. Definitions of some terminologies

used in FTSF are given below:

Definition (Universe of discourse): The universe of discourse (UOD) is a set defined
as X containing all the elements of a time series. It could be discrete or continuous. If
X is continuous, it can be defined as X = [a, b] here, a be the lower bound and b be

the upper bound of the time series.

Definition (Fuzzy set): Let X be a discrete and finite set such that X = {x4, x5, ... x,,}.

A fuzzy set A of X is expressed as:

A=ps(x) /%1 + pa(x2) /%2 + oo + ua(xn)/xn (1.1)

here, u, is the membership function of fuzzy set A, f;: X = [0,1] and f,(x;) denote

the degree of belongingness of element x; in the fuzzy set A.

For continuous X fuzzy set A of X is expressed as:

A= [ps(x)/x ((i=12..n) 1.2)

Definition (Fuzzy time series): Fuzzy time series (FTS) F(t) is a series of fuzzy sets
fi(®) (i = 1,2,3...n) defined on universe of discourse Y (¢)(t = 0,1,2,3 ...).

Definition (Fuzzy logic relation): Suppose F(t) is caused by F(t —1) then the
relation R(t,t — 1) between F(t) and F(t — 1) called fuzzy logic relation (FLR)
which is defined as F(t) = F(t — 1)°R(t,t — 1) here, ° is an arithmetic operator.
This type of FLR can be represented as F(t — 1) — F(t) and FTS with such relation

called first order fuzzy time series.

Definition (High order fuzzy time series): If F(t) is determined by F(t — 1), F(t —
2),..F(t —n),then FLR is defined as F(t — n) ... F(t — 2) F(t — 1) - F(t) and the

FTS is called n*" order fuzzy time series.

Hybridization of ANN with FTS is a significant development in the domain of
forecasting. It is an ensemble of the advantages of ANN and FTS, with the
shortcomings of one technique being replaced by the strengths of the other. ANN can
be used in different steps of the FTS modelling approach (such as defining FLRs,

partitioning UOD and defuzzification).This incorporates ANN's significant benefits,
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such as parallel processing, big data set handling, and quick learning capabilities,
among others. Fuzzy sets are used to handle imprecise/uncertain variables as well as
linguistic variables. Aside from these benefits, the FTS-ANN hybridization aids in the

development of sophisticated decision-making systems.
1.4.2 Time series forecasting using deep learning

The recent advent of DL models for financial prediction has strengthened the
financial community. New deep learning methods have been developed using
additional financial time series data and other deep architectures. Even though there
are several subtopics of this general problem, such as stock price forecasting, index
prediction, forex price prediction, commodity (oil, gold, etc.) price prediction, bond
price forecasting, volatility forecasting, and crypto currency price forecasting, the
inherent dynamics are the same in all of these applications. Some definition related to

DL models for time series forecasting are given below:

Definition (Forecasting problem): Given a historic time series data S =
{(X1,v1), X5, v,5) ... (X;, v:)} here, y, is the response variable to the forecast at time
t,and X; = (X1, X¢2, --- Xem) represents the value of relevant factors. We assume that
a function dependency f:S — y,,, exists, here, y;,, denotes the response variable n
times later than time t. Then the forecasting problem is to find a proper f’
approximating f, and use f' to forecast the values of the response variable in the

future.

Definition (Feature selection): Given a historical time series dataset S =
{(X1,v1), X5, v5) ... (X, v:)} and denote X = (x4, x5, ... X,,,) as the original feature
set. Feature selection is the process of generating an optimal feature subset X' € X =
(x4, x5, .. Xm), based on which f’ will have the optimal forecast accuracy on the

future dataset.

Definition (Lag length): Lag is the time length of the input vector in DL models
(e.g., 30 d means the input vector has a 30 day window), and it shows how far into

the future the model predicts.
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Different kinds of DL models such as deep multilayer perceptron (DMLP),
recurrent neural network (RNN), long-short term memory (LSTM), convolution
neural network (CNN), restricted boltzmann machines (RBMs), support vector
machine (SVM), deep belief network (DBN), autoencoder (AE) and their

combinations are used for financial time series forecasting.
1.5 Decision making in stock market

In the stock market, there are different trading strategies (such as intraday
trading, scalping trading, swing trading, position trading or long term investment). In
terms of the decision-making process, these trading strategies can be divided into two
categories: (short term trading and long term investment). The decision making

process in both categories is given in Figure 1.4.

Decision making process in stock market

Short term trading (Intraday trading) Long term investment (Portfolio investment)

|, Stock selection — Stock selection

Mathematical modelling for multi- N Formulating multi-objective mathematical
objective short-term trading decisions structure for portfolio construction
Analysis of the decisions for —» Portfolio optimization

Ly future trading

Analysis of portfolio
for future investment

Figure 1.4: Flow chart of decision making in stock market
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1.5.1 Stock selection

Stock selection is the first and foremost step in the stock market investment
process. Numerous stocks are listed in the stock market and finding an appropriate
stock that meets investment goals of an investor is a challenging task. The selection of
stocks depends upon the type of trading strategy and the investor's goal. Stock
selection is made by analyzing the stock’s performance under different trading
strategies. There are two widely popular ways of assessing the performance of the
stock (i) Stock price forecasting, (ii) Fundamental analysis and/or technical analysis
of the stock.

Fundamental analysis or technical analysis shifts the key ratio of a market to
shape its financial health and takes several fundamental indicators (such as price to
earnings ratio (P/E), price to book value (P/B), debt to equity ratio (D/E), return on
equity (ROE), long term beta (LTB), earning per share (EPS) and many more) or
technical indicators (such as simple moving average (SMA), relative strength index
(RSI), moving average convergence divergence (MACD), stochastic oscillator, rate of
change (ROC), commodity channel index (CCI), bollinger bands etc.) into account
that determine the performance of a stock in future. It is possible to predict changes
through a fundamental approach before they play on charts. The fundamental analysis
(or performance) of a stock depends on several criteria based on the risk-return
measure. It is a multi-faceted problem as there are many stocks to invest in and more
than one criterion. So, a multi-criteria decision-making model is used to solve the

underlying multi-criteria nature of this problem.
1.5.2 Multi-criteria decision making

Multi-criteria decision making (MCDM) is a significant part of operation
research. When we make decisions, we go through different stages such as discerning
the problem, identifying potential solutions, selecting criteria, determining the results
of each solution, enumerating the solutions, and selecting the best solution,
respectively. MCDM methods have been gaining phenomenal popularity and
widespread applications. MCDM problems could be classified into two classes:

Multiple-objective decision making (MODM) for designing the best solution and
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multiple-attribute decision making (MADM) for choosing the best alternative. The
MODM method is preferably used for continuous optimization problems where the
number of alternatives is infinite, i.e., the decision space is continuous. In general, it is
suitable for designing the best alternative planning decision problems in which
alternatives are not predetermined. However, instead, a set of objective functions is
optimized subject to constraints. According to computational time and solution type,
the MODM methods are solved utilizing mathematical programming and heuristic

algorithms.

On the other hand, MADM methods refer to discrete representations of a
problem with many conflicting criteria and a limited number of alternatives. MCDM
is commonly used to describe the discrete MADM. There are two main goals for
solving practical problems by MCDM methods: (i) calculating the optimum weight of
the criterion; (ii) setting the rank of the alternatives. Scientists and researchers gave
new insight into how to mend decision-making quality over the past decades. They
cited several methods for weight processing of criteria and alternatives, and for
ranking alternatives. Better decisions can be made by well-structuring complex
problems and considering various rules. The inherent quality of MCDM makes it
attractive and useful for real life. MCDM format is a controlled decision tool for
calculating the weight of the evaluation criterion and ranking the alternatives present
in problems with quantitative and qualitative criteria. When more than one decision
makers are involved in MCDM, the problem is called as group MCDM or GMCDM.

The terminologies which are used in MCDM can be described as follows:

» Alternative: One of the things, propositions, or courses of action that can be
chosen. MCDM consists of a number of predefined, independent and limited
options, and each of them contains the level of desired characteristics of the

decision makers.

» Criterion: Criterion means “a standard of judging” based on which the
effectiveness of a particular alternative can be measured. The application of
MCDM depends on the calculation of the criterion weight, which is important for

selection and sorting. It is divided into objective and attribute.
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Attribute: This is the quality that must be in an alternative. Based on the
information of the decision makers, each alternative is associated with some

related attributes.
Objective: An objective is a goal that is pursued until it is achieved.

Decision matrix: An MCDM problem with m alternatives and n criteria is
described by a matrix A = [dij] of orderm X n in which d;; represents the

performance of alternative i corresponding criterion j.

a;1 Qi Qg3 A1n

_ Q21 Q22 Q3 arn
A= :

dml amZ dm3 e amn

Beneficial-criteria (profit-criteria): Criteria with positive desirability from the
decision maker's point of view; i.e., their higher amount is more favorable to the

decision maker. For instance, income.

Non-beneficial criteria (cost-criteria): Criteria with negative desirability from
the decision maker's point of view; i.e., their lower amount is more favorable to

the decision maker. For instance, cost.

Dependent criteria: Criteria which are correlated to at least one of the other

criteria.
Independent criteria: Criteria that are absolutely not correlated to each other.

Qualitative criteria: These are criteria that have no unit of measure and cannot

be represented numerically.

Quantitative criteria: These are criteria that have a unit of measure and can be

displayed numerically.

Weight: Weight defines the importance of the criteria. The more the weight, the
more will be its importance. Methods of finding weights are classified into two

parts: subjective and objective.

Subjective weight: The determination of criteria weights is dependent on the

preferences of decision-makers.
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» Objective weigh: Objective weights are determined based on the initial data or
decision matrix and removes the impact of direct judgments on the significance

of criteria expressed by decision-makers.
1.5.2.1 Different methods of finding relative weights of criteria

The foremost important thing is obtaining the optimal criterion weights, which
have been the foundation for introducing many MCDM methods. DEMETAL
(Decision-Making Trial and Evaluation Laboratory), AHP (Analytic Hierarchy
Process), ANP (Analytic Network Process), CRITIC (Criteria Importance Through
Intercriteria Correlation), SWARA (Stepwise Weight Assessment Ratio Analysis),
BWM (Best-Worst Method) and BCM (Base-Criterion Method) are some methods

for criteria weight assignment.

The DEMATEL method was developed by Gabus and Fontela (1972) as a
compensatory method and used in MCDM to detect complex relationships and
construct interrelations between various criteria. The AHP method was proposed by
Saaty (1970) which is a powerful but simple method for managing and analyzing
complex decisions using mathematics and psychology. In AHP, the relative
importance of criteria and alternatives are executed by decision-makers using pairwise
comparison based on a 1-9 scale. Despite the simplicity and prominence of AHP, due
to inconsistencies in the pairwise comparison matrix, it is incapable of adequately

handling the ambiguity of expert preferences.

The ANP method proposed by Saaty (2005) is a more common form of AHP
based on the analysis operated by the human brain for complex issues with non-
hierarchical structures. In this method, independence of criteria is not necessary.
CRITIC method is developed by Diakoulaki et al. (1995) as a compensatory method.
This method is introduced to calculate the criteria weights using a decision matrix.
The procedure of achieving objective weight involves the standard deviation of
criteria and the correlation among decision criteria. The SWARA method is
introduced by Kersuliené et al. (2010), in which attributes are independent of each
other and attributes are compensatory. In this method, the initial priority of the
independent criteria is determined based on the opinion of the decision-makers. Then

the relative weight of each decision criteria is calculated.
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BWM has been developed by Rezaei (2015) to reform the consistency of
pairwise comparisons by slackening the number of pairwise comparisons. This
method calculates the weight of criteria based on the best and worst criteria. BWM
outcomes are more real than AHP. However, there is an inconsistency in BWM that
may affect decisions. BCM proposed by Haseli et al. (2020) is a preferable walkway
to determine the weights of the criteria. Firstly, the decision-maker selects the base
criterion (preferential), and after that, pairwise comparisons between base criteria and
other criteria are attained based on a 1/9 to 9 scale. It can derive criteria weights with
fewer pairwise comparisons than the existing MCDM methods. The final weights
determined through BCM are authentic as the comparisons are fully consistent,
whereas other traditional MCDM techniques such as BWM and AHP have a low

inconsistency ratio.
1.5.2.2 Different methods for ranking the alternatives

The most widely applied methods developed by the researchers for ranking the
alternatives are ELECTRE (ELimination Et Choice Translating REality), MAUT (The
Multi-Attribute Utility Theory), TOPSIS (Technique for Preference by Similarity to
the Ideal Solution), PROMETHEE (The Preference Ranking Organization METHod
for Enrichment of Evaluations), COPRAS (Complex Proportional Assessment),
VIKOR (VlseKriterijumskaOptimizacija | KompromisnoResenje), MOORA (The
Multi-Objective Optimization Ratio Analysis), WASPAS (The Weighted Aggregates
Some Product Assessment), MABAC (The Multi-Attributive Border Approximation

area Comparison) and CoCoSo (Combined Compromise Solution).

The ELECTRE method was proposed by Benayoun et al. (1965) and was first
applied to select the best option from a given set of options, but it was soon applied to
three main problems: selecting, ranking and sorting. This method is famous for its
cognate relationship to rank a set of options. MAUT method was developed by
Keeney and Raiffa (1976). This technique is very simple in solving multi-criteria
decision making problems. TOPSIS method was first developed by Hwang and Yoon
(1981) to select the best alternative from a set of alternatives. The underlying theory

of the TOPSIS methodology is that the selected alternatives must have the minimum
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distance from the positive ideal solution (PIS) and the maximum distance from the
negative ideal solution (NIS). PROMETHEE methods were first proposed by Brans
et al. (1984) and have been widely employed. It is an efficient and outranking
method. PROMETHEE | examine the positive and negative flows. PROMETHEE 11
determines the net flow as the final value and ranks the alternatives. In PROMETHEE

I11, the final ranking is done based on intervals.

The COPRAS method was developed by Zavadskas et al. (1994) which arises
from the correlation of complicated relationships among elements of a decision
matrix. It is a compensatory method. This method is used to estimate the maximum
and minimum index values, and the effect of maximizing and minimizing indices of
attributes on outcome evaluation is considered separately. The implementation of the
COPRAS method needs less time and effort for calculation than other methods. A
compromise method, VIKOR, proposed by Opricovic (1998), is based on decrepit
ideas of compromise programming and centered on choosing from a set of options
with conflicting criteria. VIKOR ranks the options and determines a solution called
compromise nearest to the ideal solution. In this method, the criteria are independent

and qualitative criteria could be converted into quantitative criteria.

The MOORA method was proposed by Brewers (2004), which is considered a
non-subjective method. In addition, the desirable and undesirable criteria for ranking
are used cumulatively to choose one of the preferable or supreme alternatives from
different alternatives. In this procedure, the criteria are independent. The WASPAS
method was introduced by Zavadskas et al. (2012). This method combines the
weighted sum model (WSM) and the weighted product model (WPM). In this, the
relative preference of each criterion is determined, and then options are enumerated
and prioritized. Also, the criteria are independent in this method. MABAC approach
was introduced by Pamuéar and Cirovi¢ (2015). In this approach, the distance of the
alternatives defines from the border approximation area, and each alternative is
ranked by specifying the difference between the distances. The Combined
Compromise Solution (CoCoSo) method developed by Yazdani et al. (2019) is new
and has a unique structure among several MCDM methods. This method is defined by

a unified simple additive weighting and exponentially weighted product model. The
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weight of the alternatives is established in the decision-making procedure by three
equations. At the final stage, an aggregated multiplication rule is applied to determine

the ranking of the alternatives.

In addition to traditional methods, the Dempster-Shafer (D-S) theory, based on
the Bayesian theory of subjective probability, is used to rank options in MCDM. It
was proposed by Dempster (1967) and later extended by Shafer (1976). It provides a
mathematical foundation for modelling uncertainty and a robust approach for
combining the degree of evidence collected from several sources. The criteria
employed in the MCDM problem are considered sources of evidence for various

hypotheses that are integrated to rank the alternatives.
1.5.2.3 Different methods for solving MODM problems

The MODM methods can be classified into mathematical programming
models and heuristic algorithms based on computational time and solution. For
example, mathematical methods include linear programming (LP), non-linear
programming (NLP), mixed-integer linear programming (MILP), goal programming
(GP), compromise programming (CP), and dynamic programming. Heuristic methods
include ones such as simulated annealing (SA), genetic algorithm (GA), non-

dominated sorting genetic algorithm (NSGA), and tabu search (TS).

Fuzzy sets and their extensions have been incorporated with the MCDM
methods to deal with real-world problems’ uncertain characteristics and the fuzziness
of human minds. Therefore, applying fuzzy information to unfold the decision
information can be reliable in many practical MCDM problems. Many fuzzy-based
MCDM techniques have been developed, such as fuzzy TOPSIS, fuzzy VIKOR,
fuzzy ELECTRE and fuzzy BWM, which have been used in many practical problems,
such as situation assessments, weapon selection for defense systems, stock portfolio

selection, and supplier selection under sustainability.
1.5.4 Linguistic variables

In the MCDM method, experts can express their opinions using crisp values.

Imprecise information and subjective opinions of decision-makers, which often

Introduction ............... rd



20

appear in the decision process of stock portfolio selection, crisp values are insufficient
to solve such problems. A more realistic approach may be to use linguistic
assessments instead of numerical values to model the decision-maker's decisions. A
linguistic variable's values are words or sentences in a natural or artificial language.
For instance, speed is a linguistic variable which can take the values “slow”, “fast”,
“very fast”, and so on. The linguistic variable can be expressed by triangular fuzzy
numbers (TFNs), trapezoidal fuzzy numbers (TrFNSs), intuitionistic fuzzy numbers

(IFN), hesitant fuzzy numbers (HFN), etc.
1.5.5 Preference relation

In MCDM problems, the decision maker feels comfortable expressing his
choice by comparing each pair of given items and then making a preference relation.
Roughly, there are two types of preference relations: fuzzy preference relation; and
multiplicative preference relation. The key difference between these two types of
preference relations is that the fuzzy preference relation conveys the decision maker's
preference information about criteria or alternatives based on a 0.1-0.9 scale, which is
asymmetric distribution around 0.5, whereas the multiplicative preference relation

based on 1-9 scale of Saaty with non-symmetric distribution around 1.
Definition (Fuzzy preference relation): Let A ={A4,,A,,..,A,} be a set of n
alternatives, then R = (r;;) _is called a fuzzy preference relation on A x A, whose

element r;; estimates the preference of the alternative A; over A; and called fuzzy

preference value. r;; unfolds the maximum degree of preference for A; over A;.
r;; €[0.5,1] implies definite preference for A; over A;. r;; = % indicates indifference
between 4; and 4;.

Definition (Multiplicative preference relation): Let A = {4,,4,,..,4,} be a set of
n alternatives, then B = (bij)nxn is called a multiplicative preference relation on
A X A, whose element b;; estimates the preference of the alternative A; over 4;, and is
characterized by a ratio scale (such as Saaty’s ratio scale) such that b;; € [%,9],

and b;; * bj; = 1,i,j = 1,2,..,n; here, b;; = 1 implies indifference between A; and
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A;; bjj > 1 unfolds that A; is preferred to A;, especially, b;; = 9 indicates that 4; is

absolutely preferred to A;; b;; <1 unfolds that A; is preferred to A; , especially,

1

b;; = 5 reflects that 4; is absolutely preferred to A;.

In today’s real-world decision making problems, the grades of preference are
not symmetric but distributed asymmetrically around some value. Therefore, Saaty's
1/9-9 scale is a useful tool to deal with such a situation given in Table 1.2. So far,
several extensions of multiplicative preference relations have been proposed, such as
intuitionistic multivariate preference relations, interval neutrosophic multiplicative

preference relation, hesitant multiplicative preference relation.

Table 1.2 Comparison of 0.1-0.9 scale with the Saaty’s Scale.

Saaty’s Scale 0.1-0.9 Scale Linguistic terms
1/9 0.1 Extremely not preferred
1/7 0.2 Very strongly not preferred
1/5 0.3 Strongly not preferred
1/3 0.4 Moderately not preferred
1 0.5 Equally preferred
3 0.6 Moderately preferred
5 0.7 Strongly preferred
7 0.8 Very strongly preferred
9 0.9 Extremely preferred
Values between 1/9 - 9 Values between 0.1 t0 0.9 Intermediate values

1.5.6 Aggregation operator

The aggregation of information provided by decision makers is a fundamental
need of an information processing system such as decision making. The purpose of

aggregation operators is to convert a group of numbers into a unique representative
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value. Aggregation functions play a key role in MCDM s to slacken the dimensions of
the criterion. According to the conventional aggregation operators, criteria are
independent, and the efficacy of the criteria is additive (for instance, weighted
averaging). Whereas, in real-world decision-making problems there are always
different types of interrelationships between decision criteria, so this independent

hypothesis cannot ordinarily be satisfied.

The most fundamental and plausible aggregation operators are the Choquet
Integral (Cl) & Sugeno Integral (SI), Power Average (PA), Bonferroni Mean (BM),
and Heronian Mean (HM). Choquet and sugeno integral are two such fuzzy integrals
that could be define on any type of fuzzy measure. Cl is able to influence the
importance of individual criteria and the importance of interrelationships among
criteria. PA enables the criterion to reinforce each other between the two criteria,
depending on the degree of support. The operators based on BM describes the
interrelationships  between different variables but does not explain the
interrelationship between a decision criterion and itself and also does not differ the

interrelationship between C; and C; from the interrelationship between criteria C; and
C;. The HM operator has the peculiarity of catching the correlations of the aggregated

arguments. Although the structure of the HM operator is similar to that of the BM, but

it can effectively solve the two problems stated in the BM.
1.6 Portfolio optimization

In the portfolio construction process, a percentage of the total investment is
obtained for each share using weighting schemes or optimization techniques.
Weighting schemes are reckoned as an integral part of the portfolio selection process.
The weightage assigned to some selected stocks in a portfolio selection process
contributes to returns and is as important as stock selection and timing of investment
decisions. Each return has an associated risk - as the weights vary, the risk and return
also vary. The two main objectives of investors are- to maximize the return and
minimize the risk. An optimization method produces a more appropriate portfolio

concerning the portfolio's risk and return.
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There are several weighting schemes to get asset weights, for instance, rank
asset algorithm, equal ratio, Sharpe ratio, Sortino ratio, Treynor ratio, return-based,
optimization techniques etc. The rank asset algorithm assigns weight to the shares
according to their ranking. In equal ratio scheme, an equal value is distributed to each
stock. Treynor, Sharpe and Sortino ratios measure an investment portfolio's risk-
adjusted returns. The Treynor ratio evaluates the performance of a portfolio based on
the systematic risk in its computation, while the Sharpe ratio measures total risk
(symmetric and asymmetric). The Sortino ratio is the generalization of the Sharpe
ratio. The Sortino ratio penalizes only negative volatility or downside deviation from
the mean return as the upside deviation benefits the investor while the Sharpe ratio
penalizes both upside and downside volatility equally. The high value of the Sortino
ratio is considered a good investment. The Sortino ratio is used more to evaluate high-
volatility portfolios, while the Sharpe ratio is applied to evaluate low-volatility
portfolios. The return-based scheme establishes the weight of the asset based on its

average return.

Many optimization techniques have been proposed, such as Markowitz
optimization, genetic algorithm (GA), ant colony optimization (ACO), and particle
swarm optimization (PSO) for portfolio optimization. The theory of modern
portfolios was given by Markowitz (1952), a mathematical framework for
assembling a portfolio of assets that maximizes the expected return for a certain
level of risk. GAs developed by Holland (1975), are commonly used to generate
high-quality solutions to optimization problems. ACO is a very popular meta-
heuristic optimization technique first introduced by Dorigo (1992), which can be
used to find approximate solutions to difficult optimization problems and is inspired
by the biological behavior of ants. ACO is particularly suitable for discrete
optimization problems. Kennedy and Eberhart (1995) have invented a heuristic
global optimization technique called PSO, based on the simulation of the social
behavior of schooling birds, bees, or fish. Recently, deep learning approaches have
also been used by researchers for portfolio optimization, ensuring robust and better

results as compared to traditional approaches.
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1.7 Objectives and plan of work

The objective of this research work is to develop such systems that yield high
returns as well as provide the security of money for investment professionals and
common investors. This study aims to understand the challenges of various
investment strategies and propose comprehensive solutions that cover all stages of the
investment process, including stock selection, portfolio optimization, and future
investment analysis. Another goal of this research work is to build knowledge-based
forecasting systems that ensure financial stability for future investments. To achieve
our goals, this study focuses on designing hybrid models utilizing soft computing
approaches (deep learning, fuzzy sets, and evolutionary algorithms) to handle the
randomness and uncertainty of the stock market. Specific objectives of the present

work are summarized as follows:

i.  Developing comprehensive models that include all stages of the investing
process (i.e., stock selection, portfolio construction, portfolio optimization,

and future analysis).

ii.  Designing multi-objective decision-making systems for both short-term

trading and portfolio investment.

iii.  Developing stock price forecasting models for stock portfolio selection in the

fuzzy environment using deep architectures.

iv.  Developing MCDM-based strategies for stock selection using fuzzy
extensions that integrate multiple fundamental and technical financial

indicators.

v.  Construction and optimization of the portfolio using deep learning and
evolutionary algorithms.

vi.  Analyzing Indian economic sectors, investor sentiments, and developing

investment models for the Indian stock market (NSE and BSE).

vii.  Incorporating professional stock market expertise and neophyte investor

concerns into decision making.

viii.  Risk-return analysis and future investment evaluation of proposed models.
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1.8 Structure of the thesis
This thesis is organized as follows.

Chapter 2 - Review of literature presents a contextual background of soft computing

techniques used in financial decision making.

Chapter 3 - Materials and methods introduce the detailed methodology of different
financial decision making models developed in this thesis. This chapter also presents
the definitions and methods of other researches required for the development of the

models.

Chapter 4 - Results and discussion present the simulation results of developed models
when they were applied on the real data of Indian stock market (NSE and BSE). This
chapter also include the comparative study that confirms the outperformance of the

developed methods.

Chapter 5 - Conclusion summarizes the findings and gives the overall conclusions as

well as the contribution and future scope of this research work.
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Chapter 2 REVIEW OF LITERATURE

Finance’s status as a decision science only dates back to the 1950s with the
publication of the paper on portfolio selection by Markowitz (1952). This paper
totally transformed the field of finance. In his work, he incorporated means, variance,
and covariance into the newly emerging field of mathematical programming. Prior to
1952, there was essentially no theory of risk. Diversification was another area of
frustration. Although people were aware about the dangers of putting “all of one’s
eggs in the same basket”, there was no agreement about what exactly constituted
diversification or ways to measure it. Moreover, the terms efficient portfolio and

optimal portfolio had not become common terms yet.

Despite the massive success of the Markowitz model, it has endured many
criticisms, one of which has possibly been the most persistent. It is because the
fundamental model does not support additional criteria. While the criticism dates back
at least to Lee and Lerro (1973), the need for portfolio selection to include
characteristics other than mean and variance has only grown, as attested to in this
work. To facilitate the many new criterion ideas that have been introduced since 1973,
it is now helpful to view this growing area of portfolio selection, which we will call
multi-criteria portfolio selection, where “multiple” means more than two. After that,
many studies have been done using various MCDM techniques for decision making in

finance.

To serve the main objective of portfolio construction i.e. determination the
optimal investment ratios for the stocks such that the expected returns is maximized
under a bearable risk for a given period of investment is termed as portfolio
optimization. For academics, evolutionary algorithms such as GA, ACO, PSO, and
their hybrid approaches are highly popular heuristics. However, the current
application of DL models has been observed to be quite promising for optimization

proposals.
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For financial time series forecasting many conventional statistical models have
been developed using weighted moving average (WMA), moving average (MA),
autoregressive integrated moving average (ARIMA), autoregressive moving average
(ARMA) and exponential smoothing. But use of soft computing incorporating fuzzy
set, neural network (ML and DL), evolutionary and nature based optimization
techniques found very adequate and effective in handling big and heterogeneous stock

market data.

This chapter presents literature related to applications of soft computing
techniques for forecasting and decision making in stock market. Review of literature
associated in this study is organized in three sections. Literature related to financial
time series forecasting is presented in section 2.1. Section 2.2 discusses review of
literature related to multi-criteria decision making techniques in stock market.

Literature associated to portfolio optimization techniques is reviewed in section 2.3.
2.1 Financial time series forecasting

Atiya et al. (1997) developed a neural network forecasting model using
fundamental information of companies such as earnings per share, price earnings
ratio, dividends, sales, profit margin, and so on. These indicators and their ratios,
particularly those relating to earnings, are considered the primary drivers of a stock's
price. The simulation is performed on the Standard & Poor 500 (S&P 500) stocks
using data from the 1993 calendar year, and the findings verified the practicality of

the proposed model.

Corchado et al. (1998) presented an unsupervised neural network based
technique using finite impulse response (FIR) to forecast financial time series. The
proposed method is used to forecast the Dow Jones Index. When compared to
multilayer perceptrons, radial basis function networks, and a regular ARIMA model,

the results of the forecasts show that it has the lowest average error.

Chan et al. (2000) introduced the conjugate gradient learning algorithm to
overcome the problem of slow convergence of the steepest descent in back
propagation for time series forecasting. The technical analysis by neural network has

been done on the daily trade data of the listed companies on the Shanghai Stock
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Exchange. The results found that neural networks can model the time series
satisfactorily, whatever the learning algorithm and weight initialization are adopted.
However, the proposed conjugate gradient with multiple linear regression weight
initialization has required a lower computation cost and learned better than the

steepest descent with random initialization.

Walczak (2001) examined the effects of different sizes of training sample sets
and suggested that those neural networks given an appropriate amount of historical
knowledge can forecast future currency exchange rates with 60% accuracy while
those neural networks which are trained on a larger training set have a worse

forecasting performance.

Kodogiannis and Lolis (2002) presented improved neural network and fuzzy
models used for exchange rate prediction. Several approaches, including multi-layer
perceptions, radial basis functions, dynamic neural networks and neuro-fuzzy
systems, had been discussed. A study has also been done using real daily exchange
rate data of the US dollar vs. British pound to evaluate performance of all approaches

for one-step and multiple-steps ahead predictions.

Wang et al. (2003) reinforced the significant bidirectional nonlinear causality
between stock return and trading volume, and investigated whether trading volume
can significantly improve neural network forecasting performance, or whether neural
networks can adequately model such nonlinearity. The data of stock returns and
trading volumes for the S&P 500 composite indices, as well as the Dow Jones
Industry index, are used to train neural networks. Trading volume is used to train
neural networks in order to see if it may aid in short-term predictions. According to
empirical findings it concluded that trading volume leads to sporadic gains in

predicting accuracy.

Zhora (2004) employed random subspace classifier for normalizing input data
and to generate a sensitive classifier structure and variance structure selection. IBM
stock data from 1998 to 2000 is used to test the proposed model. The best average
success percentage in predicting stock price change direction is recorded at 58.1

percent.
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Armano et al. (2005) presented a hybrid genetic-neural architecture for
forecasting market indices. The activation of a feed forward artificial neural network
for performing locally scoped forecasting has been controlled by a genetic classifier.
Different types of information are fed to genetic and neural components: the former
deals with inputs encoding information gleaned from technical analysis, and the latter
processes other pertinent inputs, particularly past stock prices. The proposed method
is tested on the COMIT index and the S&P 500 index, allowing realistic trading
commissions to be considered. The results demonstrated the approach's superior

predicting ability, as it consistently outperformed the buy and hold strategy.

Huarng and Yu (2006a) proposed a hybrid model using fuzzy time series and
neural networks for forecasting known patterns, as well as a simple method for
forecasting new patterns. They employed a back propagation neural network to solve
the non-linearity problem. The Taiwanese Stock Index has been chosen as the
forecasting goal for the years 1991-2003. The hybrid model outperformed both the

basic and conventional fuzzy time series models, according to the empirical results.

Araudjo et al. (2007) proposed a hybrid differential evolutionary system
(HDES) for financial time series forecasting, which performs a differential
evolutionary search for the minimum dimension to determine the characteristic phase
space that generates the time series phenomenon. The ANN is combined with
improved differential evolution (IDE) to create an intelligent hybrid model. IDE has
searched for relevant time lags for proper time series characterization, as well as the
number of processing units in the ANN hidden layer, the ANN training technique, and
ANN modelling. It is observed that the proposed HDES model obtained better
performance than a random walk model for the analyzed financial time series,

overcoming the random walk dilemma.

Hussain et al. (2008) proposed a novel type of higher-order pipelined neural
network: the polynomial pipelined neural network. Based on the engineering idea of
divide and conquer, they built the network by concatenating a series of higher-order
neural networks to forecast extremely nonlinear and non stationary inputs. The

exchange rate between the US dollar and three other currencies is predicted using
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proposed neural network. Over a number of benchmarked neural networks, the

network has shown better predictions and a higher signal-to-noise ratio.

Yu et al. (2009) discussed supervised neural networks as a meta-learning
technique to design a financial time series forecasting system. They applied some data
sampling approaches to produce distinct training subsets from the original datasets.
Then, different neural networks and training procedures are used to create multiple
prediction models or base models. The principal component analysis (PCA) technique
is applied to enhance the accuracy of meta modelling predictions. The S&P 500
index, the New York Stock Exchange Index, US dollars vs. Euros, and US dollars vs.
Japanese yen are all checked. The collected empirical findings show that the proposed

strategy is effective.

Tarsauliya et al. (2010) investigated the utility of artificial neural networks
for forecasting financial data series using various methods like as back propagation,
radial basis function, and so on. Because of the x input variables, an x-y-1 network
topology is chosen, with variable y defined by the number of hidden neurons during
network selection with single output. Based on ANN architectures used to forecast
daily S&P 500 and IBM indices, they stated that the number of hidden neurons
initially drops and then raises the (root mean square error) RSME, while the number

of input neurons first decreases and then increases the RSME.

Tarsauliya et al. (2011) ensembled of four neural networks: back propogation
neural network (BPNN), radial basis neural network (RBNN), recurrent neural
network (RNN), and elman neural network (EANN) to improve financial time series
forecasting accuracy. To obtain the final output, the results of all four networks are
combined using a gating integrator. The model has been used to forecast daily IBM

and S&P prices, and it outperformed single neural networks.

Hamed et al. (2012) demonstrated an intelligent model for stock market signal
prediction using multi-layer perceptron artificial neural network (MLP-ANN). The
difficulties of prediction accuracy and lack of generalization are tackled by blind
source separation technique from signal processing is incorporated with the learning

phase of the generated baseline MLP-ANN. Because it converges quickly and allows
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generality in the learning mechanism, Kullback Leibler Divergence (KLD) is adopted
as a learning method. The suggested model's accuracy and efficiency are confirmed
using Microsoft stock from the Wall Street market, as well as several data sets from

various sectors of the Egyptian stock market.

Aznarte et al. (2012) suggested fuzzy model evolved using a bio-inspired
algorithm that produces accurate models for time series prediction. This model's
performance is compared to that of a group of cutting-edge statistical models. To
evaluate the proposal's merits, a detailed experimental research is carried out.
Forecasting consistently of proposed model outperformed the other evaluated

strategies in an experiment conducted on the Dow Jones Industrial Average Index.

Bhat and Kamath (2013) analyzed historical data to train the neural network
that predicts movement for intraday nifty. The system has made prediction for every
trading day with these methods to forecast if next day will be a positive day or
negative. Buying and sell calls are also decided by the system, thus achieving full

automation in stock trading.

Jodo et al. (2014) investigated a possible ensemble organization, composed by
neural networks (NNs) trained with the cascade correlation (CoNN) algorithm.
Results obtained with data stream related with different stocks are analyzed and
compared with those obtained with the traditional MLP-NNs, trained with back
propagation. The proposed ensemble is proved an effective approach to non-
stationary learning as it provided pre-defined rules that enable new learners with new

knowledge to take part of the ensemble along data stream processing.

Adhikari and Agrawal (2014) developed a framework for asset price
forecasting that included random walk (RW) and ANN models. They used the RW
model to process the linear component of a financial dataset, and an ensemble of feed
forward ANN (FANN) and EANN models to process the remaining nonlinear
residuals. The suggested scheme's predicting ability has been tested using three
prominent error statistics on four real-world financial time series. For all four

financial time series, the obtained results clearly show that the proposed combined
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technique provided reasonably greater forecasting accuracies than each of the RW,
FANN, and EANN models separately.

Ding et al. (2015) proposed a DL strategy for event-driven stock market
prediction. First, using a novel neural tensor network, events are retrieved from news
content and represented as dense vectors. Second, both short-term and long-term
effects of events on stock price fluctuations are modeled using a deep convolution
neural network. Experiments indicated that the model can enhance S&P 500 index

prediction by almost 6% and individual stock prediction by nearly 6%, respectively.

Mustaffa et al. (2015) proposed a hybridization of the grey wolf optimizer
(GWO) with the least squares support vector machines (LSSVM) algorithm for
financial time series forecasting with the goal of better parameter tuning of LSSVM
hyper parameters. The effectiveness of the suggested technique is confirmed using
three statistical measures, namely mean absolute percentage error (MAPE), prediction
accuracy, and root mean squared percentage error (RMSPE), on daily data of natural

gas prices obtained from the barchart website.

Moghaddam et al. (2016) investigated the ability of ANN in forecasting the
daily NASDAQ stock exchange rate. Several feed forward ANNs that are trained by
the back propagation algorithm. The methodology considered the short-term historical
stock prices as well as the day of week as inputs. Daily stock exchange rates from
January 28, 2015 to June 18, 2015 are used to develop a robust model. Networks for
NASDAQ index prediction for two type of input dataset (four prior days and nine

prior days) are developed and validated.

Nayak et al. (2016) presented a virtual adaptive neuro-fuzzy inference system
(VANFIS) for efficient forecasting of stock market indices. This model does not take
any real-world data as input at any point in time, instead operating entirely in a virtual
environment. 15 years of data from ten stock markets are used to validate the
proposed model's performance, and five distinct performance indicators are analyzed.
In compared to adaptive neuro-fuzzy inference system (ANFIS), simulation findings

reveal that VANFIS greatly increases forecasting performance.
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Rubio et al. (2017) introduced a novel weighting fuzzy time series technique
for creating reliable ex-post forecasts and developed a fuzzy pattern operator. Under a
fuzzy time series framework, a decision support system is developed for controlling
the weights of the information provided by historical financial data. Several
experiments are done to examine the historical performance of the time series, and it
classified the properties of the series using a fuzzy operator, resulting in a trapezoidal

fuzzy number as a one-step ahead forecast.

Korczak and Hemes (2017) discussed features of creating DL approaches for
financial time series forecasting in reference to the A-Trader multi-agent stock trading
system. The authors briefly examined the problem of financial time series on the
FOREX market in the first half of the study. The advantages and disadvantages of
traditional neural networks and DL models and their performance are discussed. This
model reported better performance than MLP model. Conducted experiments have
shown a significant drop in the error rate of time series forecasting with CNN

compared to other models.

Bisht and Kumar (2018) proposed IFS-based fuzzy time series forecasting
method using a simple computational algorithm to forecast using intuitionistic fuzzy
logical relations. They forecasted the SBI share price, TAIEX, and the Dow Jones
Industrial Average using the proposed method and discovered that it outperformed a

number of existing methods.

Bas et al. (2018) introduced Pi-Sigma neural network for determining the
fuzzy relationships for high order fuzzy time series forecasting. To train the Pi-Sigma
network, they used a modified PSO algorithm. The model has been put to the test on
two real datasets and compared to other methodologies, with the model coming out on

top.

Panigrahi and Behera (2018) proposed a computationally efficient high
order FTSF method. For expressing the FLR, they employed a generalized regression
neural network (GRNN), which is a fast learning one-pass neural network. The model
has been simulated fifty times on different time series independently, and the results

are subjected to a thorough statistical examination. When compared to current
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alternatives, the results confirmed the suggested model's resilience and statistical

superiority.

Selvamuthu et al. (2019) examined the outcomes of three different neural
networks based on three different learning algorithms, namely Levenberg-Marquardt
(LM), scaled conjugate gradient (SCG), and Bayesian regularization (BR), for stock
market prediction based on tick data and 15-minutes data of an Indian firm. They
discovered that using tick data, all three algorithms have a 99.9% accuracy rate. In
comparison to results produced using tick data, the accuracy over a 15-minute dataset
lowers to 96.2 percent, 97.0 percent, and 98.9 percent for LM, SCG, and BR,

respectively.

Vlasenko et al. (2019) proposed a novel ensemble neuro-fuzzy model for
financial time series forecasting to overcome limitations and improve the previously
successfully applied a five-layer multidimensional Gaussian neuro-fuzzy model and
its learning. The proposed solution avoided the error-prone hyper parameter selection
process, resulting in higher accuracy in stock price predictions for Cisco, Alcoa,

American Express, and Disney stocks.

Panigrahi and Behera (2020) tackled two major issues of FTSF: modelling
FLRs and determining the effective length of intervals. They used three popular
machine learning (ML) techniques: DBN, LSTM, and SVM for modelling FLRs. The

proposed FTSF approaches outperform their crisp TSF equivalents statistically.

Niu et al. (2020) proposed a new forecasting framework based on a two-stage
feature selection model: a DL model and an error correction model, with the goal of
effectively capturing the nonlinearity inherent in multivariate financial time series.
Case studies and associated sensitivity analyses are conducted on the Shangzheng
composite index, Shangzheng fund index, and Dow Jones Industrial Average index to
validate the performance of the forecasting framework, confirming its superiority over

16 benchmarks.

Mukherjee et al. (2021) employed deep feed-forward neural network (DFNN)
and CNN to predict NSE stock prices. The DFNN model had a precision of 97.66
percent, while the CNN model had a precision of 98.92 percent, according to the
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study. The CNN model made predictions based on 2-D histograms created from a
quantized dataset within a specific time frame. The model is tested on the recent
COVID-19 epidemic data. The results found satisfactory, as it yielded a 91 percent

accuracy rate.

Mehta et al. (2021) considered public sentiment, opinions, news and historical
stock prices to forecast future stock prices. SVM, MNB classifier, linear regression,
nave bayes, and LSTM among the machine-learning and deep-learning approaches
are used in the research. The results show that the recommended methodology for

applying BSE data is effective.

Syamala Rao et al. (2022) presented a financial time series forecasting model
using multistage wavelet transform (WT). They processed the time series data through
WT with different mother wavelet functions to extract high frequency and low
frequency coefficients then used standard particle swarm optimization (PSO)

algorithm to find optimal regression models in order to predict future samples.

Dawei et al. (2022) proposed a multi-modality graph neural network
(MAGNN) to learn the multimodal inputs for financial time series prediction. The
heterogeneous graph network is constructed by the sources as nodes and relations in
the financial knowledge graph as edges. To ensure the model interpretability, a two-
phase attention mechanism is utilized for joint optimization, allowing end-users to

investigate the importance of inner-modality and inter-modality sources.
2.2 MCDM techniques in stock market

Lee and Lerro (1973) suggested more conditions beyond mean and variance
for optimal portfolio selection. The goal programming model presented in this study
allows various conditions to be simulated with relative ease and speed. The model is
devised to recommend portfolios for a variety of conditions on entering the potential

data once and doing simple changes in the priority levels of the certain goals.

Kumar et al. (1978) addressed the problem of goal conflicts in the portfolio
selection of dual-purpose funds, and proposed an extension of standard methodology,
in terms of the development of a goal programming model in conceptual form, which

can be applied for the resolution of inherent clash of interests.
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Lee and Chesser (1980) proposed a goal programming model to help
investors in selecting efficient portfolio satisfying spectrum of investment desires.
The mathematical formulation of the model include six investment goals that are
capital budget, desired return from investment, establishment of accepted beta,
maximum investment in a given security, investment preference for certain beta
security and maximize the return of the portfolio. The model is applied for a
hypothetical situation and the results indicate the achievement of objective of the

study.

Alexander and Resnick (1985) expanded the model of immunizing a
portfolio of default-free government bonds including default-grade corporate bonds.
The immunizing equation is found to be slightly different. Both linear and goal
programming are claimed the alternative techniques for identifying an investor's

optimal immunizing portfolio.

Colson and Bruyn (1989) presented the first global computerized system for
managing, in an integrated way, the three phases involved in all portfolio
management: the information phase, the decision phase, and the control phase. They
applied a single decision model (SDM) that used the Bayesian approach to process the
information and to combine the forecasts supplied by internal analysts with the
messages issued from external correspondents. The SDM output eight criteria for
evaluating each security which is fed into simultaneous management model (SMM)
and the decisional parameters are revised for the current portfolio based on a multiple

criteria evaluation.

Khoury et al. (1993) suggested a multi-criterion approach of portfolio
comparison and apply it to the selection of a global index fund portfolio using sixteen
national stock market indices. The first algorithm used in the study (ELECTRE II)
solves for the subset of portfolios among which the investor must limit his choice (the
Kernel). The second algorithm (ELECTRE IlI) ranks all the portfolios considered
from best to worst, on the basis of investor's preferences revealed through the various

parameters used in the calculations.
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Pardalos et al. (1994) provided an overview of various portfolio models,
focusing on the corresponding optimization issues. They reported computational
results for the standard Markowitz mean-variance model, using a dual algorithm for

constrained optimization.

Konno and Suzuki (1995) proposed a mean-variance-skewness portfolio
optimization model, a direct extension of the classical mean-variance model to the
situation where the skewness of asset rate of return and the third order derivative of a
utility function play significant roles in choosing an optimal portfolio, as well as three
computational schemes for solving an associated non concave optimization model.
The presented model is used to compute an estimated mean-variance-skewness
efficient surface, which computed a portfolio with the highest predicted utility for any

decreasingly risk-averse utility function.

Cooper et al. (1997) presented a portfolio planning model in which closeness
to risk and return objectives has been measured in sums of absolute deviations. An
appendix has shown how such use of dual variables may be applied to evaluate least
absolute value (LAV) regressions relative to their sensitivity to data variations.
Simple numerical examples are used to illustrate the potential uses of these dual
variable values for evaluation in more complex situations, including determining

whether an efficiency frontier is attained.

Jog et al. (1999) used trade-off information to create effective stock portfolio
characterized by desired values of selected stock attributes. Basic notions behind such
portfolio creation processes are discussed and also related the multi attribute analysis
performed by evaluating compensations among the attributes’ values. A framework to
construct a portfolio using only compensatory information is presented and applied to

the analysis of the stocks traded in the Toronto Stock Exchange.

Doumpos et al. (2000) briefly reviewed the main MCDA sorting techniques,
and presented the multi group hierarchical discrimination method. The proposed
sorting method is used to solve the portfolio selection problem. The proposed model
is applied for stock selection among the 98 stocks traded in the Athens Stock
Exchange. In a multiprocessing environment, this study provided good efficiency for

solving large-scale problems.
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Bouri et al. (2002) found PROMETHEE Il method appropriate for
evaluations according to each of the criteria for attractive portfolio selection. Five
criteria are selected for stock analysis and applied the proposed methodology to the
Tunisian Stock Market. The results are interpreted in perfect coherence with the

Markowitz model.

Samaras et al. (2003) described multi-criteria decision support system
presenting a complete and spherical evaluation of the stocks of Athens Stock
Exchange. The system evaluates the stocks on the basis of three approaches:
fundamental analysis, technical analysis and stock-exchange analysis utilizing multi-
criteria analysis methods. The system is intended to support investment decisions
while addressing both institutional and private investors with either a long-term or a

short-term investment horizon.

Ehrgott et al. (2004) proposed a model for portfolio optimization based on
multi attribute utility theory and the classical mean—variance model of Markowitz.
The Markowitz model is extended formulating a hierarchy of objectives, which
decomposes risk and return into five sub-objectives. Interpolation methods are used
allowing individual investors preferences. Consequently, a non-convex mixed-integer
programming model is formulated and solved by several Meta heuristics approaches.
Numerical results showed that good solutions can be obtained for problem sizes

relevant in practical applications in just a few seconds of CPU time.

Tiryaki and Ahlatcioglu (2005) suggested new method regarding fuzzy
MCDM and applied it to the stocks selection on Istanbul Stock Exchange. The
proposed approach used linguistic decision process considering the fuzzy relation on
alternatives given by the decision makers. The model provided both ranking and
weighting information to the investors and also found to be applied for other selection

problems easily.

Huang et al. (2006) revised the conventional mean-variance method to
determine the optimal portfolio selection under the uncertain situation. Possibilistic
regression model and Mellin transformation are employed to obtain the mean and the
risk by considering the uncertainty. Based on the results of the numerical example, the
proposed method is found more flexible and accurate than the conventional method.
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Albadvi et al. (2006) structured the stock selection model around two pillars:
industry evaluation and company evaluation. PROMETHEE method has been used
for solving the problem. The model is applied at Tehran Stock Exchange as a real
case. The proposed model is found helpful for investor improving the structure of

industry evaluation and company evaluation.

Gupta et al. (2008) presented fuzzy mathematical programming to develop
comprehensive models of asset portfolio optimization for the investors’ pursuing
either of the aggressive or conservative strategies. An empirical study is done on a
data set of daily closing prices in respect of 20 assets listed in NSE. The proposed
model has provided satisfying portfolio selection strategies according to investors’
vague aspiration levels, varying degrees of satisfaction, and varying importance of

various objectives.

Cheung and Liao (2009) presented a decision framework based on the AHP
to evaluate and select equity portfolios under a given investment horizon for Hong
Kong stock market. The model offers a flexible and readily applicable addition to the
financial practitioner’s menu of equity selection techniques, and suggests fruitful
extensions to optimize the use of knowledge under bounded rationality and to other

areas of asset investment.

Ho et al. (2011) proposed a novel MCDM model, including DEMATEL,
ANP, and VIKOR for exploring portfolio selection based on capital asset pricing
model. This paper examined leading semiconductor companies spanning the hottest
sectors of integrated circuit (IC) design, wafer foundry, and IC packaging. They

determine that investing in a portfolio of wafer foundries is the best option.

Varma and Kumar (2012) identified and evaluated various criteria relevant
for securities, which can aid in developing a framework for portfolio analysis. The
companies listed in NSE are taken as the basis for the identification of relevant
criteria to formulate a portfolio in an Indian context. DEMATEL method is applied to
identify the importance and causal relationship among the identified criteria. The
findings arrive expected to facilitate choice under multiple conflicting criteria

scenario for portfolio selection.
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Zopounidis and Doumpos (2013) analyzed the relevance of multi-criteria
decision systems for financial decisions. A detailed discussion and up-to-date review
on two important areas of financial decision support, namely portfolio selection and
corporate performance evaluation, are given to highlight. The study also reported that
the different multi-criteria modelling approaches can complement and enhance exiting

techniques from the areas of finance and operations research.

Abdelaziz and Masmoudi (2014) modeled the portfolio's beta as a random
variable and proposed a multiple objective stochastic portfolio selection model with
random beta. A stochastic goal programming approach is applied to solve the model.

A numerical example from the US stock exchange market is illustrated.

Aazam et al. (2015) applied ELECTRE 11l method for ranking the companies
listed in Tehran Stock Exchange. Research results indicate ELECTRE Il technique
useful and efficient to select a portfolio. Moreover, value-based criteria as well as

accounting criteria are found suitable to select a portfolio.

Yodmun and Witayakiattilerd (2016) presented a stock selection approach
assisted by fuzzy procedures. Stocks are classified into groups according to business
types. Within each group, the stocks are screened and then ranked according to their
investment weight obtained from fuzzy quantitative analysis. Groups are also ranked
according to their group weight obtained from fuzzy AHP and TOPSIS. As a

demonstration, procedures are applied to a test set of data.

Mehlawat (2016) presented fuzzy multi-objective multi-period portfolio
selection problems. A fuzzy credibility programming approach is used with multi-
choice goal programming embedded in it. A real-world empirical application with
data-set from an Indian stock market is presented to demonstrate usefulness of the
proposed models and the solution approach for multi-period portfolio selection

problem in fuzzy environment.

Masri (2017) developed a shariah-compliant optimization model for portfolio
selection in an Islamic security market. The security return is considered stochastic
and estimated based on the stochastic market return. The proposed model followed

shariah principles by avoiding excessive risk and providing an ethical and socially
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responsible approach for portfolio selection. An empirical study from Bahrain Islamic

Market is reported.

Si et al. (2018) proposed a multi-objective deep reinforcement learning model
for intraday financial signal representation and trading that balanced profit and risk.
They used deep neural networks to automatically extract dynamic market variables,
and then used a reinforcement learning method to make continuous trading decisions
using RNN. Experiments are carried out on three index-based future contracts traded

in China, demonstrating it as a simple and reliable approach of profiting.

Thakur et al. (2018) used the fuzzy delphi method to identify the critical
factors initially and applied Dempster—Shafer evidence theory to rank the stocks. A
portfolio selection model that prefers stocks with higher rank is proposed. Illustration
is done using stocks under BSE. Simulation is done by ACO. The performance of the

outcome is found satisfactory when compared with recent performance of the assets.

Wang et al. (2018) introduced the Sharpe ratio (SR) in fuzzy and proposed
fuzzy Value-At-Risk ratio (VR). On the basis of the two ratios (SR and VR), they
built a multi-objective model to evaluate their joint impact on portfolio selection and
used fuzzy simulation based multi-objective PSO algorithm to solve the model. The
model effectiveness has been exemplified by three case studies using securities of

New York Stock Exchange and Shanghai Stock Exchange for portfolio selection.

Li et al. (2019) constructed a new portfolio selection framework inspired by
Maslow’s need hierarchy theory using the bi-level optimization technique in which
the lower-level need related to safety (low risk) while the upper-level need is
concerned with self-actualization (high payoff). Empirical study is done on the
American stock market and U. K. stock market which proved model applicability in

determining optimal portfolios with moderate diversification.

Chen et al. (2020) proposed a multi-objective portfolio selection model
using trapezoidal fuzzy numbers that includes a mean-semi variance model and a data
envelopment analysis cross-efficiency model. They devised a cross-efficiency model

based on the Sharpe ratio, as well as holdings bounds and cardinality constraints. A
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case study of 52 companies from lIran Stock Exchange is done to validate the

suggested model.

Rahiminezhad et al. (2020) developed fuzzy ANP to assess and select
portfolios on the Tehran Stock Exchange. The results indicate that profitability,

growth, market, and risk are the most important criteria for portfolio selection.

Jiang and Wang (2021) investigated an uncertain multi-period multi-
objective portfolio selection problem. They proposed that the multi-objective
optimization issue be transformed using an ellipsoidal uncertainty set, and that a
weighted-sum approach be used to find the problem's Pareto front. To illustrate the
proposed strategy and validate the effectiveness and efficiency of the model

established, numerical examples on ten distinct portfolios are presented.

Narang et al. (2021) presented an MCDM approach based on the combination
of fuzzy set theory and COPRAS method to rank the alternatives in uncertain and
ambiguous environment. A practical implementation of proposed method in stock
selection is presented in the study. Portfolio is constructed by using the ranking
obtained by proposed model. The weight allocation of the stocks is calculated using
the ranked assets algorithm. Execution of the proposed model on NSE stocks is found

to be dominant when compared with the previous studies.

Narang et al. (2022) developed two stage MCDM framework for stock
portfolio selection. First, heronian mean operator is combined with the traditional
CoCoSo method to present a new decision-making model for dealing with stock
selection problems. Second, the base-criterion method is used to calculate the relative
optimal weights of the specified decision criteria. A case study of stock selection for
the portfolio under the National stock exchange (NSE) is discussed to validate the
applicability of the proposed model. Different portfolios have been constructed using

Particle swarm optimization (PSO).

Baydas and Pamucar (2022) applied seven MCDM methods with different
methodologies to evaluate companies’ financial performance. Then, compared the
obtained MCDM scores using two different objective verification mechanisms. The

first validation criterion is the relationship of a MCDM method to real-life rankings

Review of Literature ............... rd



43

(share price). The second criterion is the standard deviation (SD) technique used to
discover the objective information content of MCDM final scores. According to the
results of the study, PROMETHEE and FUCA (Faire Un Choix Adéquat) outperform
other methods in terms of both SD values and strength of correlation with reference

real-life rankings.
2.3 Portfolio optimization techniques

Shoaf and Foster (1998) were the first to use a GA to optimize a portfolio
based on Markowitz model. In order to avoid infeasible solutions and penalty
functions, the efficient set GA is adopted as an indirect representation method.
Empirical studies proved the efficient set GA scales effectively for portfolios with up
to n = 100 stocks with time complexity O(n log n). This method is found more

efficient than the classic quadratic programming method.

Chang et al. (2000) presented three heuristic algorithms based upon GAs,
tabu search and simulated annealing for finding the cardinality constrained efficient
frontier in order give optimal ratio to portfolio assets. The presented algorithms are
applied on 225 assets of five different capital market indices (Hang Seng (Hong
Kong), DAX 100 (Germany), FTSE 100 (UK), S&P 100 (USA) and Nikkei 225

(Japan)) and results are compared.

Karunamurthy (2003) demonstrated that a genetic programming approach to
dynamic portfolio rebalancing under transaction costs and integral trade amounts is
able to produce statistically significant beneficial trading strategies. These trading
strategies are represented as paired S-expressions, with one S-expression devoted to
rebalancing decisions and another devoted to individual trading decisions. They
claimed that the computational complexity of achieving these results is not excessive
in the 30-asset model, and it can be feasibly extended to 2000 asset or greater

markets.

Oh et al. (2005) proposed a portfolio optimization scheme for index fund
management using GA which is demonstrated for index fund designed to track Korea

Stock Price Index 200 under various settings. GA process has outstanding advantages
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over the conventional portfolio mechanism. GA portfolio has reported the dominating

performances in addition to more desirable properties during flat market.

Aranha and Hitoshi (2008) used a tree structure to represent a portfolio for
the GA. They presented weights by intermediate nodes and assets by the leaves. They
argued the tree approach for the preservation of building blocks, and accelerating the
evolution of a good solution in portfolio optimization process. The initial

experimental results supported presented new genome representation.

Cura (2009) presented used PSO for portfolio optimization problem using
cardinality constrained mean-variance model. They used the weekly prices from
March 1992 to September 1997 from Hang Seng (Hong Kong), DAX 100 (Germany),
FTSE 100 (UK), S&P 100 (USA) and Nikkei (Japan) indices as test data. The results
are compared with GA, simulated annealing and tabu search approaches. The results

showed the successful applicability of proposed approach in portfolio optimization.

Anagnostopoulos and Mamanis (2010) used non-dominated sorting genetic
algorithm 11 (NSGA-II), pareto envelope-based selection algorithm (PESA) and
strength pareto evolutionary algorithm 2 (SPEAZ2), for solving the mixed-integer
multi-objective portfolio optimization problem. SPEA2 is found to be the best
algorithm for both the restricted and unconstrained optimization problems in the
computational comparison, with PESA coming in second while being the fastest

technique.

Chen et al. (2012) employed artificial bee colony algorithm for hybrid
encoding of mixes integer and real variables to fulfill the characteristic of the
portfolio optimization problem. The study is tested on four global stock market
indices provided by the OR-Library and compared with simulated annealing, tabu
search, and variable neighborhood search methods in the literature. ABC has
performed better in terms of diversity, convergence, and effectiveness among all three

algorithms; therefore, ABC has demonstrated its potential on portfolio optimization.

Sefiane and Benbouzian (2013) proposed a meta-heuristic ACO method to
solve the portfolio optimization problem. They constructed a total cost function to

optimize portfolio return while minimizing portfolio risk at the same time. A case
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study of five stock portfolios is presented, and the method is found to be capable and
effective in determining the best portfolio return with the least amount of risk, as well
as providing better solutions than other meta-heuristics based on GAs in terms of

convergence time and efficiency.

Kamali (2014) employed the Markowitz mean—variance model for portfolio
selection problem. They used two heuristic approach PSO and GA algorithm for
portfolio optimization. The results claimed PSO approach more suitable for portfolio

optimization.

Lei and Li (2015) proposed a Quantum-inspired Evolutionary Algorithm with
Neighborhood Search (QEANS) to solve the project portfolios optimization problem
with limited multiple resources and bounded risks for each project portfolio. They
formulated the problem by a 0-1 linear programming model. Each problem solution is
encoded by a Q-bits matrix, which has been updated by quantum-rotation gate.

Randomly generated instances proved the effectiveness of the proposed QEANS.

Rezaei et al. (2016) investigate the application of invasive weed optimization
(IWO) for portfolio optimization. The proposed model is compared with PSO and the
reduced gradient method (RGM) using data envelopment analysis. They concluded
that the IWO and PSO algorithms perform similarly in most significant criteria,
although the IWO algorithm had a faster solving time and performs better in
dominating inefficient solutions, whereas the PSO strategy performed better in total

violation of restrictions.

Tzanetos et al. (2017) comprised ACO for detecting optimal combination of
assets and a gravitational search algorithm (GSA), for optimal capital allocation in the
portfolio. Experimental findings indicate that the proposed hybrid scheme yields a

promising distribution of fitness values from independent simulation runs.

Zhao et al. (2018) proposed novel dynamic asymmetric copula model to
capture the dependence structure across exchange-traded funds (ETFs) returns for
obtaining weekly re-balanced portfolios. The proposed optimization is compared with

the traditional mean—variance and the mean—CVaR portfolio optimization approach.
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The proposed model is found providing significant improvements in the portfolio

optimization process.

Costa et al. (2019) described a new adaptive meta-heuristic based on a vector
evaluated approach for solving multi-objective problems. Tests have shown that the
adaptive meta-heuristic reaches the best hyper-volumes in three of Z- directional
tensile (ZDT) benchmarks functions and, also in two portfolios of a real-world
problem called portfolio investment optimization. The proposed algorithm improved

the Pareto curve when compared to the hyper volumes of each heuristic separately.

Aboussalah and Lee (2020) introduced the Stacked Deep Dynamic Recurrent
Reinforcement Learning (SDDRRL) architecture to build a real-time optimal portfolio
that addresses the difficulty of continuous action and multi-dimensional state spaces.
SDDRRL is equipped with an automated Gaussian process (GP) with expected
improvement for hyper parameter tuning. The algorithm is trained and tested on 10
equities from various sectors of the S&P 500. The suggested model outperformed
three benchmarks: the rolling horizon mean-variance optimization (MVVO) model, the

rolling horizon risk parity model, and the uniform buy-and-hold (UBAH) index.

Zhang et al. (2020) used DL models to directly optimize the Sharpe ratio of
the portfolio. They formed a portfolio by trading exchange-traded funds (ETFs) of
market indices. Different asset class indices exhibited strong relationships, and trading
them significantly narrows the scope of possible assets. They evaluated the model to a
variety of algorithms, with the findings indicating that the suggested model performed
the best over the testing period, which lasted from 2011 to the end of April 2020,
including the financial instability of the first quarter of 2020.

Khan et al. 2021) formulated quantum beetle antennae search (QBAS), a
meta-heuristic optimization algorithm, and a variant of beetle antennae search (BAS)
for portfolio optimization. They applied QBAS on real-world stock market data and
compared the results with other meta-heuristic optimization algorithms. The obtained
results showed the outperformance of QBAS than swarm algorithms such as the PSO
and the GA.
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Ma et al. (2021) combined two machine learning models, i.e., random forest
(RF) and support vector regression (SVR), and three DL models, i.e., LSTM neural
network, deep multilayer perceptron (DMLP) and CNN for optimizing portfolio. Then
incorporated their predictive results in advancing mean—variance and omega portfolio
optimization models. Evaluation is done on historical data of 9 years from 2007 to
2015 of component stocks of China securities 100 index. MV and omega models with

RF outperformed the other models.

Du (2022) presented a new mean variance portfolio optimization model using
stationary portfolios composed of cointegrated stocks. SVM, RF, and attention-based
LSTM network are used to predict expected returns. The proposed model is evaluated
using data on stocks in the CSI 300 and the S&P 500, with 42 features over 8 years.
The empirical results show that the portfolio constructed based on the stationary

portfolios in both the Chinese and the US stock markets delivers significant profits.
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This chapter has been classified into seven sections which contain the

complete methodology and procedure of the following models:

Model [1]: Deep reinforcement learning based multi-objective systems for financial

trading.

Model [2]: Stock portfolio selection based on fuzzy time series forecasting using

fuzzy c-means clustering and deep learning techniques.

Model [3]: An effective hybrid MCDM approach of portfolio construction using

modern portfolio theory.

Model [4]: A portfolio construction model based on sector analysis using Dempster-

Shafer evidence theory and Granger causal network.

Model [5]: Stock portfolio selection hybridizing fuzzy base-criterion method and

evidence theory in triangular fuzzy environment.

Model [6]: A method of intraday stock selection integrating fuzzy TOPSIS and

belief divergence measure in evidence theory.

Model [7]: Single valued triangular neutrosophic MEREC-CoCoSo method for multi-

criteria decision making and its application in portfolio construction.

3.1  Model [1]: Deep reinforcement learning based multi-objective systems for
financial trading

The primary objective of live trading systems (i.e., intraday trading systems) is
to maximize overall return; however, the return is influenced by risk. Accepting a
higher risk can increase total return, but it can also result in a significant loss, whereas
accepting a lesser risk means compromising total return. Risk plays a crucial role in
the trading environment, so there is need to develop trading systems that make the
maximum possible profit while restraining the risk. Therefore, making the most
precise decision is important under dynamic market conditions. Reinforcement

learning (RL) algorithms have attracted researchers to train trading systems as RL
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agent explore unknown environmental states and choose the most favorable action by
past experiences. The learning agent takes input as different price patterns and outputs
discrete trading action signals that optimize the profit and control the risk. In order to
achieve the goal of varied kinds of learning problems, mainly two sorts of RL

algorithms are getting used: critic-based algorithms and actor-based algorithms.

Critic based algorithms are the value-function based methods, e.g., Temporal
Difference-learning (TD- learning) (Sutton and Barto, 1998), Quality-learning (Q-
learning) (Tesauro, 1994) and State-Action-Reward-State-Action (SARSA) (Singh et
al., 2000, Corazza and Sangalli, 2015). These are dynamic programming methods
used for solving the optimization problem in discrete space. Many researchers often
use Q-learning for financial trading. However, critic-based methods are not ideal for
online trading problems because of the complexity of trading problems and the online
manner of trading (Gao et al., 2000). Such situations are difficult to handle in discrete

space.

Recently, researchers work with another algorithm, i.e., the actor-based
method (Deng et al., 2017), which directly learns to make policy and take continuous
actions. There is no need to describe discrete market conditions in actor-based
methods, which makes optimization easier. Moody and Saffell (2001) introduced an
actor-based learning algorithm and proposed an RL model for optimizing portfolios
and risk control. Since then, many researchers have used the RL model with different
objectives (Deng et al., 2017, Si et al., 2018).

Training the RL agent over large datasets helps the agent inspect broader
market situations. The hierarchical functioning of DL enables the agent to process the
vast amount of unstructured datasets (Goodfellow et al., 2016). The blend of DL and
RL, i.e., deep reinforcement learning (DRL) has blown the mind of researchers with
its remarkable success in Alpha Go (Silver et al., 2016), playing Atari games (Mnih
et al., 2013), natural language processing (Sharma and Kaushik, 2017), healthcare
(Liu et al., 2019) and many more. Using DRL for training the trading systems can

improve their performance to make better decisions during trading.
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The problem of dealing with large datasets is overcome with DL, but the other
challenges are the noise and uncertainty present in the data received online. Deep
feature learning techniques are promising for discovering intricate structures and
extracting relevant features. However, raw features could adversely affect the trading
system's performance and give absurd results. Initially, a sparse coding model was
introduced for feature representation (Jianchao Yang et al., 2010), but it was not
considered for big data. Deep feature learning not only extracts features but also
improves accuracy, reduces overfitting, speeds up training, and improves data
visualization, as we can see in the field of image classification (Ma et al., 2016) and
speech recognition (Graves et al., 2013). Deng et al. (2017) proposed a DL
framework for robust feature learning and combined it with the recurrent
reinforcement learning (RRL) model for real-time financial signal processing.
Therefore, deep feature learning ensures robust key feature summarization and
extraction directly from the data, and then DRL ensures the robustness of the

decision-making process.

There are different types of stocks in the financial market with different
leverages, market patterns, and investment policies which require different parameters
to analyze them. Therefore, in the context of dealing with different stocks and
achieving the investor’s ultimate goal, in this study, we proposed two multi-objective
systems based on DRL for stock trading in the live market. The target of the RL agent
is to give {buy, hold and sell} signals in order to optimize the total reward term as
multi-objective functions. The whole structure of systems is designed combining two
deep neural networks. The first is the LSTM autoencoder for robust feature extraction,

and the second is DRL with LSTM recurrent neural network for decision making.
3.1.1 Preliminaries

This section comprises brief introductions about deep reinforcement learning

and long short-term memory.
3.1.1.1 Deep Reinforcement Learning (DRL)

DRL is a combination of RL and DL. RL is a process in which an agent learns

to make decisions through trial and error. This problem is often modelled as Markov
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decision process (MDP), where at each time step, an agent is in a state s, take
actions a, receives a scalar reward r and transitions to the next state s’ according to
environment dynamics p(s’|s,a). The agent attempt to learn the policy m(al|s) or
map the observations to actions, in order to maximize its return (expected sum of
rewards). In RL the algorithm only has access to the dynamics p(s’|s,a) through

sampling.

In many practical decision making problem the state (s) of the MDP are high
dimensional and cannot be solved by traditional RL algorithms. DRL algorithms
incorporate DL to solve such MDPs, often representing the policy m(a|s) or other
learned functions as a neural network, and developing specialized algorithms that
perform well in this setting. DRL is learning from existing knowledge and applying it

to a new data set.
3.1.1.2 Long short-term memory (LSTM)

LSTM is a special kind of recurrent neural network capable of learning long
time dependencies. It is designed to remember information for long period of time.
An LSTM cell is composed of a memory unit c, a hidden state h and three types of
gates - input gate i, output gate o and forget gate f. These gates regulate the flow of
information through the cell. At each time-step t input x; and previous hidden state
h._, activates all three gates. Forget gate removes less important information from
cell, input gate feed some additional information to the cell and output gate selected
some important information and show it. Then, memory cell ¢, and hidden state h,

get updated. The involved computations are given as follows:
It = 0(WyiXe + wpihe_q + by)
fi = J(foxt + wprhe_q + bf)
0; = 0(WyoX; + Wpohi—q1 + b,)
Ct = fi * Ct—q + g * tanh(wyexe + wyche_q + b.)

h; = o; * tanh ¢;
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here, o(x) = 3 is logistic sigmoid function and w and b are the weights and

(1+exp(—x
biases respectively, h, is the final output of LSTM cell. Figure 3.1.1 displays the
LSTM cell.

Figure 3.1.1: Long short-term memory (LSTM) cell

3.1.2 Proposed model

This model is developed in two sections. Section 3.1.2.1 presents proposed
multi-objective structures and section 3.1.2.2 details the deep neural network setup for

implementing proposed structures.
3.1.2.1 Multi-objective structures

Considering the basic framework of DRL proposed by Moody and Saffell
(2001), which is essentially a single layer recurrent neural network. The historical
price data of an asset can be taken as close price sequence z,, z,, ... z;_and return at
time + asp; = z; — z;_,. The trading system has to train to make a decision (policy)
0, = {—1,0,1} i.e. {long, neural, short} or {sell, hold, buy} position at the end of each

time interval(t — 1, t). The decision (policy) making function 6, is defined as
9t = tanh((W,ft> + b + v * Ht—l) (311)

In equation (3.1.1), f, represents feature vector containing recent k return

values at time t i.e. f; = [Zi—k41, - Z:] € Ri. W = {w, b, v} is the set of learning
parameters of DRL trading system. The profit P, made by trading system at time ¢t is
defined by

Py =641t — c|0; — 0, 4] (3.1.2)
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In equation (3.1.2), the first term denotes the profit or loss obtained in the
trading position 6,_; at time t — 1 and ¢ denotes the transaction cost which has to be
paid on changing the trading position at time t. Transaction cost also discourages
frequently changing trading positions. Some researchers used risk-adjustment ratios
such as Sharpe ratio and Sterling ratio to consider risk factors in maximizing total
profit (Deng et al. (2017), Moody and Saffell (2001)). Sharpe ratio is the ratio of

average return to standard deviation over the period 1, ..., T.

__ mean (Py,..,PT)
ST = otd PoPr) (3.1.3)

Moving averages of returns are considered to get the value of the Sharpe ratio
at each timestamp. The basic DRL objective is to optimize the moving Sharpe ratio

that can accumulate maximum total profit over the period T defined as
U=maxYr_oP: (3.1.4)

Our goal is to maximize profit while taking minimum risk throughout the

trading period T. So, the first multi-objective structure is described as follows:
Uy = max Si_q[a{mean (Peyy, ..., P)} — B{std(Pryi, ..., P)}] (3.1.5)

It is a risk-adjustable return function. The first term under the summation
measures the average of recent k returns, and the second term measures the volatility
of recent k returns. In order to maximize the function in equation (3.1.5), the second
term has to minimize i.e. minimum risk is taken during the trading. @ and g are
adjustable parameters, here we take @« = 1 and f = 0.01. The DRL trading system

tends to maximize the function by refining the learning parameters = {w, b, v}.

In the function in equation (3.1.5), the total volatility of the investment is
considered, but some investments are more concerned with downside risk. So
considering downside or negative volatility, here we describe another multi-objective

structure as follows:
U, = max Y{_,[a{mean (P, ..., P)} — P{std(Ney, ..., Np)}] (3.1.6)
Nl-=min(Pi,0) l:t,,t+k

Other symbols in this function are taken same as in the equation (3.1.5).
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3.1.2.2 Deep neural network for multi-objective trading systems

The whole neural network comprises two fully connected deep neural
networks, first for robust feature learning and second for reinforcement learning.
LSTM architecture is used in both networks because of its significance in handling
sequential data. This section explains the deep feature learning (LSTM autoencoder)

and deep reinforcement learning (LSTM recurrent neural network).
A. Deep feature learning (LSTM autoencoder)

LSTM autoencoder is a sequential data autoencoder system based on the LSTM
architecture. We feed the raw dataset in sequences to LSTM autoencoder, it is configured
to read the input data, encode it, decode it, compress it and extract robust features. It
contains three main layers, input layers (I** layer) to input raw features i.e. f; , encoding
LSTM layer ((I + 1) layer) to encode input features into less dimensional feature
vector (say h¢™¢) i.e. hé™ = encoder(f.) then decoding LSTM layer ((I + 2)*" layer)
read h¢™¢ and predicts a feature vector h%¢¢ie. h#¢¢ = decoder(h™). LSTM

autoencoder try to minimize the difference between £, and h :
loss = min||hgec — £, |*
Computation in encoder part:
(£ = o(Wpixe + wphi1 + b;)
fEne = U(Wpfxt + wneh{Z] + bf)
0" = 0(WroX¢ + Whoh(Zi + bo)
cf™C = fEC * ¢ + if™C * tanh(Wpex, + wy hiTS + b,)
h§™ = 0f™¢  tanh(cf™¢)
Computation in decoder part:
ife¢ = o(wy;hE™ + wph¥€ + b;)

ftdec = O'(WHfhgnC + thhgfi + bf)

Materials and Methods ............... rd



55

dec
Ot - U(WHoxt + Whoht—l + bo)
cdec = faec x cflef + i@ x tanh(wyche™ + wichf®S + b,)

hec = o@e¢ x tanh(cd¢¢)

X, | Xy | e X, TARGET SEQUENCE

LSTM [— LSTM [...... »f LSTM | DECODING LSTM LAYER

[ ENCODED FEATURES }

LSTM —» LSTM }----- » LSTM | ENCODING LSTM LAYER

X, G, [ X, INPUT SEQUENCE

Figure 3.1.2: Overview of LSTM autoencoder
B. Deep reinforcement learning (LSTM recurrent neural network)

After learning robust features, we implemented LSTM recurrent neural
network for decision making. Here, the LSTM network memories the previous trading
decisions while taking successive decisions. It also helps in reducing transaction cost.
The encoded features h#¢¢ are taken as input in the LSTM, the whole procedure is

govern by the following equations:
i = o (Wiihf™ + waihiS + by)
7% = o(wyrh™ + wyh[S + by)
0% = o(Wyoh{™ + wpohifS + by)

L9 = f7 x PS5 + i1  tanh(wyech§™ + wnchES + be)

7€¢ = 0{®¢ x tanh(c[®°)
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The final output h7®¢ used to make trading decision (policy) 6, attime t:
0; = tanh({(w, h{®) + b+ v *0;_;)

w, b and v are the learning parameters. At t = 0, 8, = 0 i.e. initial trading decision is

to be in holding position.

The values of 6, are ranged between -1 to 1, so here, parameter A is defined to
distinguish three decisions (—1,0,1). We take 2 = 0.3 and consider final decisions

according to the function given in equation (3.1.7).

—1, Ht S _A
0; ={0, —1<6, <2 (3.1.7)
1, 6,=2

The obtained discrete value of 6; is further processed in the network to

calculated U; and U, as given in equation (3.1.4) and equation (3.1.4), respectively.
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3.2  Model [2]: Stock portfolio selection based on fuzzy time series forecasting
using fuzzy c-means clustering and deep learning techniques

Forecasting of financial time series (majorly stock prices forecasting) is very
helpful in selecting appropriate stocks for investing. Forecasting methods with better
accuracy are always in high demand. Both stochastic and non-stochastic methods
have been employed by researchers for financial time series forecasting in past years.
Stochastic methods like moving average (MA), autoregressive integrated moving
average (ARIMA), vector regression (VR) and exponential moving average (EMA)
based models have limitations in handling complex and highly uncertain real-world
forecasting problems. Due to these limitations, non-stochastic methods are preferred
over stochastic methods. Fuzzy time series forecasting (FTSF) models are highly
prevalent in the research field because of linguistic representation; these methods
more closely illustrate real-world scenarios and generally give better results than
traditional methods. Song and Chissom (1993, 1994) were the first to introduce time
series forecasting models based on fuzzy sets. The whole process of FTSF has four

major steps as follows:

1. Determining universe of discourse (UOD), number of intervals (NOIs) and

length of intervals to divide UOD.
2. Obtaining fuzzy sets and fuzzifying the time series.
3. Establishing fuzzy logic relationships (FLRs) on fuzzifed time series.
4. Defuzzifying fuzzifed forecasted value to get crisp output.

Real time series are usually non-uniformly distributed, which encouraged
researchers to develop methods that partition UOD into unequal intervals. Many
researchers suggested different algorithms (such as ratio-based (Huarng and Yu,
2006b), genetic algorithm based (Chen and Chung, 2006), probability distribution
methods (Bisht and Kumar, 2016, Gupta and Kumar, 2019), clustering methods
(Cheng et al., 2008, Egrioglu et al., 2011, Li et al., 2008) to partition UOD into

unequal intervals.

Materials and Methods ............... &



58

For the second step of the forecasting algorithm, most researchers develop
models by using linguistic values to fuzzify the crisp time series according to the
index of intervals obtained by UOD partitioning (Cheng et al., 2006, Rubio et al.,
2016, 2017). After fuzzification of crisp time series next step is to establish fuzzy
logic relationships (FLRs). Distinct methods such as fuzzy relation matrix (Wong et
al., 2010), fuzzy logic relation groups (FLRGs) (Cheng et al., 2016, Singh and
Borah, 2013a, Ye et al., 2016), artificial neural network (ANN) (Bas et al., 2018, Gu
et al., 2017, Singh and Borah, 2013b) and recently machine learning techniques have
been employed by the researchers for formulating the rules of fuzzy logic relation
(Panigrahi and Behera, 2018, 2020). Among theses, artificial neural network are
computationally convenient and also state-of-the-art methods. Recently, Panigrahi
and Behera (2020) implemented machine learning techniques for establishing FLRs.
They suggested a modified average based method to find the length of intervals and
used some popular machine learning techniques such as DBN, LSTM and SVM for
modelling FLRs. Pattanayak et al. (2020) developed a new method of FTSF. They
used membership values with the data and used a support vector machine to establish
FLRs.

The findings of Pattanayak et al. (2020) inspired us to develop this model
using fuzzy clustering and deep learning techniques to achieve better accuracy in
forecasting financial time series. Considering the first two steps of FTSF, the
proposed model uses interval index number and membership value as input features to
predict future value. We suggested a rounding-of range and large step-size method to
find the optimal NOIs and used fuzzy c-means clustering process to divide UOD into
intervals of unequal length. Two deep learning techniqgues SVM and MLP are
implemented to establish FLRs. The forecasted financial time series are obtained by
defuzzification. This method is employed to forecast the stock prices of different
stocks. Then, the stocks are ranked based on the return and risk ratio estimated by
forecasted stock prices. A portfolio is constructed with top-ranked stock, and portfolio

optimization is done using ant colony optimization (ACO).
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3.2.1 Preliminaries

This section provides short notes on the fuzzy c-means clustering, support

vector machine and multilayer perceptron.
3.2.1.1 Fuzzy c-Means Clustering (FCM)

Fuzzy c-means (FCM) clustering algorithm was developed by Bezdek (1981).
Suppose X = {x;,x,,...x,} is the set of data points which have to partition into
2 < ¢ < n clusters. In FCM process, dataset is partitioned into ¢ clusters, the degree
of belongingness (u;;) of each data point (x;) to each cluster (j = 1,2, ...c¢) and center
of the clusters (v;) are calculated by equation (3.2.1) and (3.2.2) respectively:

1
d(x;)" )Pt
u;j = (/aein) ) 1 (3.2.1)

zi=1(1/d(xi'vk)2)ﬁ

N D
p; = BT (3.2.2)

J Yo, wij?
here, d(xl-, vj) denotes euclidean distance between data point x; and cluster center v;

and p € [1, oo[ parameter of fuzziness.
u;;'s and v;'s are calculated iteratively in order to minimize sum squared error (SSE)
SSE = X1ty Xig uf;d? (x;,v7) (3.2.3)
subject to the following constraints:
u;; € [0,1]; fmuy =1, Yisauj <n

Minimization of SSE ensures the each data point belongs to cluster whose
center is nearest to it and it also makes well separated clusters.
3.2.1.2 Support Vector Machine (SVM)

The use support vector machine for regression task was first documented by
Vapnik (1995). This regression technique is known as support vector regression
(SVR). Let X = {(X1,y1), X3, ¥2), .. Xy, ¥)}; X; € R™,y; € R be the training set.
In SVR, we try to find the best fit function say f(X)which predict y for given X with

following two assumptions: (i) the error between predicted y;’s and actual values
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must be less than e, and (ii) f(X) must be as flat as possible. The function f(X) is

defined as follows:
fX)=W.oX)+B (3.2.4)

here, W is weight vector, B is bias and ¢(X) is a non-linear function. For linear

regression we take X in place of ¢(X) in equation (3.2.4).

To ensure the flatness of the function in equation (3.2.4), we consider an

optimization problem given below:
minimize %Wz (3.2.5)

yi—W.p(X;)) —B<e€

' he constrain :{
subject to the constraints W.o(X;) + B—y, <€

Usually it may difficult to find such regression function that completely fits
the training set, may be some training data points fall outside the e margin. In this
case, we can reconsider optimization problem defined in equation (3.2.5) which find
the best fit function f(X) allowing some errors outside the ¢ margin. Two slack

variables &; and &; are introduced and the optimization problem became:
minimize %Wz +CYL(E+ED (3.2.6)

yi—-W.oX)) —B<e+§
subject to the constraints: { W.@(X;) + B—y; < e+ ¢/
Ei' fl* = 0
The parameter € > 0 maintains the flatness of the function f(X) and the

allowed e error and also prevents over fitting. Lagrange dual form of the above

optimization problem is easier to compute which is defined as follows:

maximize (—% =1 Xj=1(a; — az‘)(aj — a}‘)K(xi,xj) —eyit(a;—ai) +
Sy yila; — a)) (3.2.7)

Yici(ai—ai) =0

subject to the constraints: { .
J 0<a,a;<C
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here, a@; and «; are non-negative Lagrange multipliers and K(xi,xj) is kernel
function. We can define different types of kernel such as linear, polynomial as per the

regression problem.
3.2.1.3 Multilayer perceptron neural network (MLP)

Multilayer perceptron neural networks are the feed forward neural networks
basically consisting of three or more sequential layers: input layer, one or more
hidden layers and output layer. The nodes in the input layer receive the data which
processed and forwarded to the hidden layers. Hidden layers further process the
received information and send it to the output layer. Layers are fully connected,
different weights are assigned to every connection and activation functions are
employed to hidden layers and output layer which activate the nodes. There can be
different number of hidden layers required for different datasets according to the

complexity of the task.

Input signal x; which is impinging on the j* node of hidden layer is
multiplied to the connection weight and summed up. The sum passes through the
activation function to activate the node. Similar procedure is followed to process the
data from all hidden layers to the final output layer. The output of j* node is defined

as follows:

Yi = f(Z Wijxi) (3.2.8)

here, f is an activation function and w;; is the weight of the connection of i*" node of

preceding layer. The neural network is trained to minimize the sum squared error

between the actual output and obtained output.
3.2.2 Proposed model

Model [2] is developed in three sections, and its overview is shown in Figure
3.2.1. In section 3.2.2.1, a FTSF method is developed for forecasting prices of
different stocks. Section 3.2.2.2 discusses portfolio construction using forecasted

results. Simulation of ACO for portfolio optimization is described in section 3.2.2.3.
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Financial time series forecasting

A FTSF method is developed using fuzzy c-means clustering and deep learning techniques for

forecating stock prices
- L.

RV

Portfolio construction

Ranking of stocks based on the return-risk ratio evaluated by forecasted data and portfolio is
construtction based on ranking

4 L

Portfolio optimization

Portfolio optimization is done using ACO

Figure 3.2.1: Overview of Model [2].

3.2.2.1 FTSF using fuzzy c-means clustering and deep learning techniques
This section presents developed FTSF method which includes following steps:
Step 1. Defining universe of discourse (UOD) for time series data:

Define universe of discourse (UOD) as U = [Vmin — 4, Ymax + d1, here yin
and y,,q, are the maximum and minimum values of the real time series and d is a

positive integer.

Step 2. Determining NOIs, clustering the time series data by FCM and generating

cluster centers:

To apply FCM, first the optimal number of clusters (c) to partition the data
into groups must be specified. For this, first we take round-off range of the time series
and a large step-size according to the variation of the data. Then divide the range into
equal intervals. And finally, the no. of clusters (c) is considered equal to the no. of

intervals.

For example, time series data varies from y,,,in 10 Vimax. The round-off range
taken as the nearest values of y,,;, and y,,q, in multiple of 10, suppose [Vins Ymaxl
is the round-off range. Taking a as step size, partition range into n equal intervals,
1.8 mins Ymin + @l Wmin + @ Ymin + 2al, imin + 20, Yimin + 3al, ... [Ymin +
(n—1)a, ymin + Na@ = Ymax]. Hence, take ¢ = n and divide the time series data
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into n clusters by FCM. Taking large step-size means less number of clusters which

avoid over lapping in time series data and cluster them into well separated groups.
Step 3. Dividing UOD in unequal intervals:

For dividing UOD in unequal intervals midpoints of cluster centers are taken
as boundaries of intervals. This method of determining intervals helps to find the
appropriate NOIs according to the range and variation of the time series. Refining the
size of intervals with the help of cluster centers ensure the density of the data in the

particular interval.

Suppose (¢q,c, ...c,) are cluster centers obtained in previous step, UOD is

divided into n unequal intervals as: [ymm—d,(ClJ:Z)], [(51252), (02263)], [(CZZCE‘),
(c3+c4) (cn—1+cn)
32 4],"'[ :; ’ymax+d]'

Step 4. Fuzzifying of the crisp data and obtaining their membership value:

This step fuzzify each data point to the interval index i which it belongs then
find the membership value of the data point in that particular interval by min-max
normalization operation. Let, y be the data point lie in the interval [a, b] then its

membership value in interval is expressed as:
m =22 (3.2.9)

The interval number i and membership value m are taken as features of the

data point.
Step 5. Normalizing the time series and setting an input output pattern for forecasting:

The crisp time series is normalized by min-max normalization and obtain the

normalized time series. Suppose y be an element of crisp time series its normalized
Y~Ymin

max~Ymin

value ||y|| is given as ||y|| = here, Ymin and ymq, are the minimum and

maximum observations of crisp time series. Then, we compose an input-output
pattern between the features of crisp time series and normalized time series. The
features of the previous (t — 1) time step are set as input to get the normalized value

of t time step as output.
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Step 6. Using SVM and MLP to establish relation between input and target values:

In this step, two deep learning techniques; SVM and MLP are applied to find
the fuzzy logic relation between the input features and target values. Both techniques
are trained using 80% of data and remaining 20% is used to test their performances.
SVM s trained over the training dataset to find the best-fitted function f(X) here,
X € R, is feature vector to predict the target valuey. MLP is trained by
backpropogation algorithm to minimize the sum squared error between actual and

predicted output.
Step 7. Obtaining the test results and de-normalizing them:

After training, test features are fed to the trained SVM and MLP models and
obtain the forecasted values. As the SVM and MLP models are trained over
normalized target values so we get normalized predicted values for the test data as
well. To obtain the actual values, the forecasted values are denormalized using min-
max denormalization. Let, |yl be the normalized forecasted value the actual value y is

obtained as follows:
y=|lyll(b—a)+a (3.2.10)
3.2.2.2 Stock portfolio construction by ranking forecasted time series

In this section, the stocks are selected based on their forecasted stock prices
obtained by aforementioned method. The return and risk of stocks are estimated using

forecasted stock prices with the help of the given formulae:

Final stock price — Initial stock price
Return = — - * 100
Initial stock price

Risk = Standard deviation (r,,75,73 ...7;,) */n
here, n is the number observations and r; are the daily returns.

The return-risk (RR) ratio is calculated, and stocks are ranked in increasing
order of the RR ratio. Stocks with a higher RR ratio from a benchmark value are

chosen as an asset of the portfolio.
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3.2.2.3 Portfolio optimization using ACO

The main objective of portfolio construction is to find the best investment
ratios for the assets so that the overall return is maximized while taking a reasonable
risk for a given investment period. Sharpe ratio (SR) with some constraints is
considered an objective function to find optimal investment ratios of the stocks in the
portfolio constructed in the previous section. The objective function is defined as:

E Xz, (rixx) =1y
op

SR = max

subjected to the following conditions:

Tp>a,vp>p,x =x; fori>] (3.2.11)

Yiixi=landm<x; <M Vi

here, index i indicates the i*" rank stock,
r; = expected return of the i** stock,

x; = fraction of the total investment to the it" stock,

T = risk free rate,

op = \/Z?=1xi2 *of + X7 X, x; * x;Cov;; = the standard deviation of portfolio
return,

rp = Portfolio return

vp= portfolio risk or volatility

a = Minimum portfolio return

B = Maximum tolerable risk

The values of a, B, m and M are given as per the investor’s choice. The
constraint x; > x; for i > j is added to give high investment ratio to high rank asset.
The objective function in equation (3.2.11) is a risk adjusted return ratio of the
difference of portfolio return and risk free rate to the portfolio standard deviation.

Higher value of the objective function is considered as better investment. ACO is
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applied to optimize the objective function. The pseudo code of ACO algorithm for

portfolio optimization is given below:

Algorithm 1: Pseudo code of ACO algorithm for portfolio optimization
1. Procedure ACO-Portfolio

2. Generate N random solution nodes based on equation (3.2.11);

3. Initialize the ACO;
4. for ITERATION=1to I do
5. for ANT=1to C do
6. Select the start node randomly;
1. for LIFETIME = 2to L do
8. Select next node based on the heuristic information and pheromone
concentration in the path. Move to the next node only if it is better than
the current node.
9. Update pheromone on the selected path;
10. End for
11. Store the objective value and the path details of the final node reached by
each ant;
12.  End for
13.  Identify the solution node where maximum number of ants have reached and
consider that to be the optimum solution for the current iteration;
14. Update the pheromone on the path of each ants who have reached this
optimum solution;
15.  Evaporate the pheromone from all paths.
16. End for

17. End procedure
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3.3  Model [3]: An effective hybrid MCDM approach of portfolio construction
using modern portfolio theory

Markowitz's (1952) modern portfolio theory (MPT) was based on the two
main concepts: (i) Investors are risk-averse i.e. investors always prefer owning a
portfolio with less risk. (ii) Risk can reduce by diversifying a portfolio through
individual and unrelated assets. MPT quantifies the benefits of diversification. By
selecting less and inversely correlated securities of the same category or different
categories investors can own a diversified portfolio and reduce the risk of loss. Beside
diversification or risk control, ultimately the goal of an investor is to gain maximum
return. Hence, at the same time investor attempts to assemble the portfolio with the
stocks having good possibility of growing in the future. Many researchers have
proposed various MCDM based methodologies of building portfolio over the years
(Aouni et al., 2018, Thakur et al., 2018, Narang et al., 2021, Xidonas et al., 2011,
Xidonas and Psarras, 2009). Some of the researchers include diversification as an
objective or constraint while formulating multi-objective portfolio optimization
functions (Ehrgott et al., 2004, Garcia et al., 2013, Huang and Jiang, 2021). While
MCDM ranking methods are adopted only for ranking-based selection of stocks,
without concerning about the diversification in the selection. Table 3.3.1 shows some
of the MCDM ranking-based portfolio construction models developed so far.
Avoiding diversification at the stage of stock selection could be harmful for an
investor. Addressing the two essential aspects of portfolio construction i.e.
diversification and profit-oriented, in this paper we proposed a new hybrid MCDM

approach that incorporates MPT assumptions.

There are two main objectives while solving MCDM problems first is the
assignment of weights to different criteria and second is the evaluation of preference
order of the alternatives (Rezaei, 2015). So as in stock selection also, firstly
determining the optimal relative weights of criteria is a crucial step. BCM method is
employed for this study to get the leverage of its advantages in computing the criteria
weights. In BCM, one of the criteria is chosen by the experts as a base-criterion. The
pairwise comparisons (ai, j) of other criteria depend on the base comparisons aggse ; *
a;j = Apggse,; ON the numerical scale of 1/9 to 9. Afterward, min-max problem is

defined to obtain the optimal weights of the criteria. BCM method provides fully
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consistent solution with minimum consistency ratio & = 0, it require less pair-wise
comparison hence it is less computational. But there are probable chances of having
inconsistency and vagueness in the collected information. To deal with this, we
extended BCM in neutrosophic environment and discussed the incorporation of
single-valued triangular neutrosophic number with BCM for the first time. Under
neutrosophic environment the relative importance of attributes recommended by the
decision maker are characterized in three degrees (truthness, indeterminacy and
falsity) and it unfolds the inconsistent, indeterminate and hesitant nature of the real

information of a particular problem in stronger manner.

After calculating the weights of the criteria, another task is to rank alternatives
or stocks. Researchers also used various MCDM ranking methods in the field of
financial management and portfolio construction. Different from other ranking
methods, the comparison of alternatives in PROMETHEE partial ranking method is
seem to be more realistic and reliable for stock selection. This method is based on the
pairwise comparisons between finite alternatives under finite criteria. Complete
ranking methods reduce the multi-criteria problem into single criterion by a utility
function for which every alternative gets a unique rank and preference order. The
preference order could be unrealistic as it is completely relies on strong assumptions
considered in the form of utility function. It may change the structure of MCDM
problem. In PROMETHEE | method, the pairwise comparisons between the
alternatives suggest whether “a is preferred over b” or “a and b are indifferent” or “a
and b are incomparable”. Decision makers try to reduce incomparabilities in terms of
making an optimal solution but withdrawing all the incomparabilities can make a
disputable solution. PROMETHEE | provide a fair insight about the relationship
between the alternatives, decision maker can make a useful and realistic decision aid
according the demand of the particular MCDM problem. Fundamental indicators are
commonly used as stock selection criteria. However, these criteria have very fragile
definition in the dynamic market. Furthermore, PROMETHEE offers a number of
preference functions to define different criteria. PROMETHEE method's comparison
of alternatives helps to identify similar or dissimilar stocks, which can aid in
diversification. Motivated by abovementioned facts, this model introduces a stock
selection method that combines the PROMETHEE comparison relation with the
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concept of correlation between pairs of alternatives. Using the comparison relation

and partial ranking obtained by PROMETHEE method, in this study we merge the

concept of correlation between the pairs of alternatives to select the diverse stock for

portfolio. The amalgamation of partial ranking system with correlation benefitted to

make rank wise as well as diversified selection.

After selection of stocks, the main concern is to find the optimal investment

portion of each asset out of total investment which satisfies the investor’s target. In

this study, we formulated an optimization function for determining the rank-wise ratio

allocation to the securities and simulate it by PSO technique. Preference wise weight

allocation to the diverse stocks achieved the desired gain ensuring the limit of risk.

Table 3.3.1: MCDM based methods for portfolio construction or stock selection

. Portfolio construction Used MCDM D|ve_r5|f|cat|on Real
Article : during stock Source
approach ranking methods -
selection Data
Marasovié TW(.)_StED MCD'.V! based .mOdeI: Modified MCDM Zagreb
.. | choice the securities of different
and Babi¢ industries and choice the based on Not Addressed Stock
(2011) portfolio for each industry PROMETHEE I Exchange
DEMATEL to build
Fazli and a relations-structure Iran
Jafari _Hybrld MCDM model for among crlter.|a a}nd Not Addressed Stock
investment stock exchange AHP for criteria
(2012) . exchange
weight assessment,
VIKOR for ranking
. . . COPRAS, linear
Poklepovié¢ ':ZE{:SI;/:S?S?; g/l Sgrl\n/lazz tlﬂg(s assignment, Croatian
and Babi¢ . P PROMETHEE, SAW | Not addressed capital
correlation coefficient to evaluate .
(2014) and TOPSIS; AHP market
best and worst stock £ o .
or criteria weight
Criteria having low correlation
obtained by fuzzy Delphi method
Thakur et | considered stock analysis and ant Dfampster— Shafer Bombay
S evidence theory for Not addressed Stock
al. (2018) | colony optimization are used for .
L ranking Exchange
maximizing return and
minimizing risk.
. . Integrating AHP and Shanghai
Mills et al. Hybrld_grey MCDM based DEMATEL in grey Not addressed stock
(2020) ranking based method .
environment exchange
. National
Narang et Hybrid MCDM rank based Integrating BCM and stock
; COPRAS in fuzzy Not addressed
al. (2021) selection of stock . exchange
environment of India
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3.3.1 Preliminaries

Single valued triangular neutrosophic numbers (SVTNSs) and their properties

are discussed in this section.
3.3.1.1 Single valued triangular neutrosophic numbers (SVTNSs)

Let X be universe of discourse and a generic element u € X. A single-valued

neutrosophic set A in X is defined as follows:
A ={u,<TA(U),IA(U),FA(U) >} VuelX
Ty(w), Iy (uw), Fy(w) € (0,1) and ~0 < Ty(w) + Iy(u) + Fy(u) < 3*

here, T, (u), I, (u), F4(w) represents the truth membership function, the indeterminacy
membership function and the falsity membership function respectively, T,(u): X —

170,3%[, I,(w): X - 170,3"[and F,(u): X - ]70,3*].
A SVTN A is defined as following mathematical object:
A = {((ay, by, c1); aAyﬁAyY[h)

here, ay,b;,c; are lower, median and upper triangular neutrosophic number
respectively, ax, Bx, vi are the maximum truth membership function, the minimum
indeterminacy membership function and the minimum falsity membership function

respectively. az, Bz, i are determined as follows:

(a;\<—u_a1> (a <u<b)
by, —ay
Taw =4 ‘A _ (u=1by)
1
ai <C1 — b1) (b <u<c)
\ 0 otherwise

( (by —u+ Bi(u—a,)
< ! 5 —Aa1 1) (a; <u<by)
Ix(u) = , Pa (u=b,)
(u — by + Bx(cr — u)) (by <u <)
C1 - b1
\ 0 otherwise
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b —u+yz(u—a
( ( 1 Ya( 1)) (¢, <u<b)
b; —ay
Fa(uw) = 5 ; Z_A ( ) (u=by)
u— i(c, —u
( LT VAG ) (by <u<c)
¢, — by
\ 0 otherwise

3.3.1.2 Basic mathematical operators on SVTNs

Let A; = ((ay, by, c1); as,, B, Yi,)and A, =((az by, c3); a4, B, Yi,) are
two SVTNs. The basic mathematical operations on A, and A, are as follows:
i A+ A, =((ay +ap, by + by, 1 + ) ax Nag,, By, VBx, Vi, VVi,)
ii. Ay —A;, =((a; —az by — by, ¢ — ¢3); aAl/\“Az,ﬁAlvﬁAz'VAlvyAz)
iii Al * Az =
((ay * az, by * by, c1 * ¢3); aAl/\aAz:ﬁAlvﬁAz')’Alv)’A2> ifcy, >0

((c1 * €3, by * by, aq * ay); aAl/\aAzr,BAlvﬁAZ:VAl\/VAZ) ifey,62<0

, .
(%2225 an,Aas,, B, VB, va,VYa, ) ifcrc, >0

Czjbz'a_z
v, Ao (2,8 o A, B VB, v, V) ifer < 0,c, > 0
' A, ¢, by )’ A A PAy A, VA, VYA, 1 ,Co
¢4 by a .
k (a_l'b_:'c_zl) ) aAl/\aAzfﬁAlvﬁAz,YAIVYAZlfCl, Cz < 0

~ —1 1 1 1
V' Al = <(;’b_1’_>;aA1’ﬁA1’yA1)

a

. - {((Aay Aby, Acy); aAlfﬁAyVAl)ifA >0
vi. AA; =

"7 W(ey, Aby, Aay); ax,, By, va,)if2 < 0
b .
. ((%,2,2); s, B, va,) if2> 0
' - b ,
P2 2%) an, Bayva,) ifA> 0
3.3.1.3 Score and accuracy degrees of SVTNs

Let A, = ((ay, b1, ¢1); az,, Ba, V&, be a SVTN then

S(A) = [a; + by + ¢1][2 + ag — Bz — V&l

| —» Q| =

AD) = —la; + by + ¢11[2 + ag — Bz + vl

8
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here, S(A) and A(A) are score and accuracy degrees ofA, rescpectively.

3.3.1.4 Comparison of two SVTNs

Let A; = ((ay, by, ¢1); ai,, Bi, i, ) and A, = ((az, by, c3); aa, B, Yi,) are

two SVTNs
1. If S(A)) < S(A,), thenA; <A,
2. If S(A,) = S(A,);
a. A(A)) < A(A); then A; < A,
b. A(A) = A(A); then A, = A,
3.3.2 Proposed model

Model [3] comprises four sections and its overview is depicted in Figure 3.3.1.
In section 3.3.2.1, neutrosophic base-criterion method (NBCM) is developed for
weight determination of selection criteria. Section 3.3.2.2 is the PROMETHEE |
procedure for ranking alternatives (stocks). Modern portfolio based stock selection
procedure is proposed in section 3.3.2.3 and portfolio optimization using PSO is done

in section 3.3.2.4.

Criteria weight determination

BCM under neutrosophic environment is used for determining the weights of stock selection criteria

2
LV

Ranking of alternatives

PROMETHEE | partial ranking is used to partially rank the stocks
- -

\ A
Portfolio construction

Stocks are selcted using partial rankng network and MPT

———

Y

Portfolio optimization

Portfolio optimization is done using PSO

Figure 3.3.1: Overview of Model [3]
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3.3.2.1 Neutrosophic base-criterion method (NBCM)

The step wise procedure of criteria weight determination through BCM under

single valued triangular neutrosophic environment is as follows:
Step 1. Identify the decision making problem, specify the alternatives and criteria

First step is to identify the real life decision making problem and selecting a
well experienced expert in the domain. Then specifying the preferably available

alternatives {A4,, A,, ... A,,} and all the desired criteria {C;, C,, ... Cy,}.

Step 2. Select the base-criterion and determine the relative importance of base-criteria

to other criteria

In this step, one of the criteria has to be selected as the base-criteria. Then
determine the pairwise comparison between the base-criterion and other criteria as per

the expert opinion on the triangular neutrosophic scale given in Table 3.3.2.

Table 3.3.2: STVNs for pairwise comparison

Linguistic term SVTNs ngg’st;i;ngb?%r
Equally important ((1,1,1); 0.5,0.5,0.5) 1
Moderate important ((2,3,4);0.3,0.75,0.7) 3
Strong important ((4,5,6);0.8,0.15,0.2) 5
Very strong important ((6,7,8);0.9,0.1,0.1) 7
Extreme important ((9,9,9);1,0,0) 9
Intermediate values ((1,2,3); 0.4,0.65,0.6) 2
((3,/4,5); 0.6,0.35,0.4) 4
((5,6,7); 0.7,0.25,0.3) 6
((7,8,9); 0.9,1.0,1.0) 8

Reciprocal (@Y, b7 Y ™Y, aa, Ba, Vi) x~1
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Step 3. Determine triangular neutrosophic base comparison vector and transform to a

deterministic term

In this step, a comparison vector in triangular neutrosophic scale between base

and other criterion is obtained on the basis of expert’s opinion such as:

Apase = ({(ay, by, ¢1); @z, Ba, V&), {(az, by, €3); @i, BR, V&) -+ {(@ny by €n); @4, Ba Va))-
The components of comparison vector are converted to deterministic value
using are score accuracy degrees of A. The transformed comparison vector is defined
as follows:
AEase = {ap1, apy - Apn}

Step 4. Determine the optimum weights of criteria {w,*, w," ...w,,"}

The optimal weight w; of the criterion ¢; should satisfy % = ag;. It can be
J

obtained by minimizing the absolute difference |%—a3j . Considering, the non
]

negative constraint and sum condition of weights we find the solution of the following

min max problem:

min max satisfying the following: (3.3.1)

wp
— — dpj
W] B]

and w; > 0 for all j.

The above problem can be expressed in a minimization problem as follows:

Min ¢ satisfying the following: (3.3.2)
Wp
;j - aBj S f

and w; = 0 forall j.
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The pairwise comparison of criteria in BCM method done under the principle
that aggse, * a;j = Apase,j aNd % < a;; < 9. This ensure the fully consistent solution
of the minimization problem in equation (3.3.2) and gives ¢ = 0. Thus, the optimal
weights {w,*,w," ...w,,"} are obtained.
3.3.2.2 PROMETHEE 1 partial ranking method

The PROMETHEE method start with evaluation table and two addition
information is required for its implementation such as: (i) relative importance
(weights) of the criteria (ii) preference function for pairwise comparisons of

alternatives for each criterion separately.

Suppose a multi-criteria decision making problem as follows:

max{fi(a), f,(a), ..., fr(a)| a € A} (3.3.3)

here, A = {ay, a,, ..., a,} is the set of alternatives and {f;(a), f>(a), ..., fir(a)} is the
set of evaluation of a alternative for k criteria. The preference relation between two
alternatives a; and a; (i # j) for a particular criterion is evaluated by preference
function P measuring the deviation between the evaluations of a; and a; lies in the

interval [0,1]. Hence, for k" criterion, the preference function P, for alternatives a;

and a; is formulated as:

Pe(ai ;) = Gi|di(ai a)]
such that: 0 < Py(a;, a;) <1
here, Gy is a non-decreasing function of the deviation between a; and a; calculated as
dk(ai: aj) = fr(a;) — fk(aj)-
For cost criteria the preference function is reversed and defined as:
Pe(aia;) = Gi[—di(ai a;)]
There are basically six types of preference functions proposed by Brans et al.
(1984) (Usual, Quasi, V-shape, Level, Linear and Gaussian) for the convenience in

decision making in order to select appropriate preference function for particular

criteria. There are three threshold parameters namely, Preference threshold (p),
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Indifference threshold (q) and Gaussian threshold (s), out of these zero, one or two
have to define for implementation the preference functions. Preference threshold (p)
stands for the threshold value of strict preference i.e. Pk(al-, aj) = 1; it is the smallest
deviation claiming the preference of one alternative to the other. Indifference
threshold (q) stands for threshold value of indifference; it is the largest deviation
considering the negligence of the decision maker for the particular criteria. Gaussian
threshold (s) is defined only for Gaussian preference function and it is set for an

intermediate value lying between g and p.

After defining the preference function for each criterion the aggregated
preference indices are calculated. For the alternatives a; and a; , the aggregated

preference indices are defined as:

{n(ai ,a;) = Sy Pe(as a5) * wy (3.3.4)

n(a,a;) = Xkt Pe(@, ai) = wi
It holds the following properties:

i. m(a;,aq)=0fori=

i. 0<mn(a;,q)n(a,a)<1
ii. 0<mn(a;,aq)+n(a,a)<1

After computing the aggregated preference indices for each pair of
alternatives, following two types of outranking flows for each alternative are

obtained:

Positive outranking flow: For an alternative a; the positive outranking flow
@™ (a;) measures the outranking of a; to the rest alternatives i.e. the dominance of
alternative a; to all other alternatives. Hence, the alternative a; is better for high

value of ¢*(qa;).
ot (a) =X} n(a;, q) (3.3.5)

Negative outranking flow: For an alternative a; the negative outranking flow

¢~ (a;) measures how a; is outranked by the rest alternatives i.e. the dominance
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of all other alternatives on alternative a;. Hence the alternative a; is better for low
value of ¢~ (a;).
¢~ (a) = X n(a;,a;) (3.3.6)

The PROMETHEE | partially rank the alternatives on the basis of positive and
negative ranking flows. The alternative a; is preferred to alternative a;, if positive
outranking flow of a; is greater than positive outranking flow of a; and negative

outranking flow of a; is lesser than negative outranking flow of a;.
(al- P aj) if: o (a;) > <p+(aj) and ¢~ (a;) < <p_(aj), or
ot (a;) > <p+(aj) and ¢~ (a;) = <p_(aj), or
o (a) = <P+(aj) and ¢~ (a;) < <P_(aj)
If the positive and negative outranking flows of alternative a; are calculated

equal to the positive and negative outranking flows of alternative a;, respectively then

the alternatives are consider as indifference alternatives.
(ai I aj) if: o (a;) = <p+(aj) and ¢~ (a;) = <p_(aj)
If the positive and negative ranking flows of the alternatives a; and a; are

indicating the contradictory situations then the alternatives are considered as

incomparable. This often happens when alternative a; is better than alternative a; for
some criteria meanwhile alternative a; is better than alternative a; for remaining

criteria and difficult to compare.
(a; R a;) if: ¢*(a) > (p*(aj) and 9~ (a;) > ¢~ (a;), or
p*(a) < (P+(aj) and ¢~ (a;) < (P_(aj)
3.3.2.3 Stock selection procedure using MPT

In this section, the stock selection procedure is proposed for constructing a
diversified and profitable portfolio by applying the principles of MPT with
comparison results obtained by PROMETHEE 1. The correlation coefficient (r)

between the returns of two stocks reflects relation between their movements. It lies
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between -1 to +1. Two stocks are said to be perfectly correlated if the correlation
coefficient is +1, which means both the stocks move in the same direction (both gain
and loss simultaneously). Correlation coefficient -1 reflects perfect negative
correlation, i.e., gain of one stock proportional to the loss of another stock. If the
correlation coefficient is 0, there is no predictive relationship between the assets. MPT
emphasizes selecting uncorrelated securities (having a correlation coefficient near 0)

to limit the risk.

We take two actions for double assurance of diversification in the selection, (i)
not selecting incomparable stocks simultaneously and (ii) selecting less correlative
stocks among the incomparable stocks. The comparison of stocks by PROMETHEE
can be visualized by PROMETHEE partial ranking network. The stocks have the very
least possibility of being indifferent; therefore, we can ignore the condition in the
partial ranking network. In the partial ranking network, the following four cases can

occur.

a; as

= -

as
W a
a, a; 3

{(as P ay),(as Pa,), {(@Ray),(a;Pay), {(azPa),(azPay), {(a3Ra) (a3Rar),
(a; R ay)} (a, P ay)} (a; P ay)} (a; R a3)}

Case 1 Case 2 Case 3 Case 4

Case 1: It depicts the situation in which an alternative a; is preferred over two
incomparable options, a, and a,. In such case, the selection of stocks from the set is

done based on the flow chart given in Figure 3.3.2.

Case 2: It displays the network which starts with two incomparable options a; or a,
preferred over a, . In this situation, the selection of stocks from the set is done based
on the flow chart given in Figure 3.3.3. The reason for selecting the stock with the
highest net flow in equivalent correlation situations is to select a stock that ranks

higher by considered criteria analysis.
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Case 3: It shows the situation where all the alternatives are comparable. Here a; is
chosen first, then the stock a, or a, with the lowest correlation with as is selected. If
both a, and a, have same correlation with a5 then u = mean(¢(a,), ¢(a,), p(as))
is computed. After that, the stock from the remaining stocks (i.e. a;,a,) is selected if

it meets the condition |u — @(a;)| < g This ensures to choose the stocks with

sufficient net flow differences and high net flow to provide some diversification in the

selection.

Case 4: It displays the last possible scenario where all the alternatives are
incomparable. In this case, firstly the alternative with highest net flow is picked then

other alternative with least correlation with previously selected alternative is chosen.

In the case of same correlation, the condition given in case 3 is checked.

The best fitted case among all these four cases is used for n > 3 alternatives,

likely to result in a diverse and profitable selection.

A 4

{a3’ al}

A

[r(az aq) <

T(a3' aZ)]

o(ay)
> p(az)

[T(ag, al) >

r(a3,a2)]

A 4

\ 4

{a3, aZ}

Figure 3.3.2: Stock selection process for case 1.
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T [r(as, a1) < F
r(021a1)] l

[T (a3' al) >

T(azr al)]

\ 4

{as, a:}

¢(a3) F {az, a1}
> ¢(az)

A

A 4

Figure 3.3.3: Stock selection process for case 2.

3.3.2.4 Portfolio Optimization using PSO

In this model, we again consider the SR as an optimization function with the
same constraints as in section 3.2.2.3 of Model [2] to obtain the rank wise optimal
investment ratios for the stocks in the proposed portfolio. An algorithm using PSO is
implemented to optimize SR. Pseudo code of the implemented algorithm is given

below.

Algorithm 2: Pseudo code of PSO algorithm for portfolio optimization
1. fitness function (f(x) = —F (x) (defined in equation 3.2.11)
2. fori=1ton (number of particles): (at t=0)

3. Initialize random solution p; = (x4, x5, ..., x4) of f(x) as local position
and velocity (v;)

4. End for

5. Identify the best solution p, of the fitness function

6. setw, c; and c,
7. While (t<max iteration):

8. for i =1 to n (number of particles):
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9. vi*t = w x v} + cyrand, (pf — x{) + c,rand,(pl — xf)
10. xft = xt + vt

11, pi" =pi

12. pstt =}

13. Evaluate fitness function (f (xf“));
14. if flpi™) < flx™:

15. Update local best position pf*!
16. End if

17. if f(p5*) < ff*):

18. Update global best position pj**
19. End if

20.  Endfor

21. Updatet =t +1

22. End while

Materials and Methods ............... &



82

3.4  Model [4]: A portfolio construction model based on sector analysis using
Dempster-Shafer evidence theory and Granger causal network

There are thousands of companies traded in the stock market and the
companies having similar business activities or services are grouped together in a
sector. For investing in the stock market, there could be two approaches of portfolio
selection. First, by analyzing the performance of stocks individually and making a
selection believing in the fact that the selected stocks will be profitable in the future
(Bagheri, 2019, Huang, 2012, Poklepovi¢ and Babi¢, 2014, Vukovi¢ et al., 2020).
Second, by analyzing the sectors performance under the current economic conditions
and selecting the stocks from leading sectors (Antonakakis et al., 2018, Coelho et
al., 2007, Gupta and Basu, 2009). The second method of portfolio selection is
preferred by economists over the first since it is based on the direct impact of
developing and emerging local or global economies on the sectors. All the sectors of
economy do not grow with the same rate. As a result, the performance of sectors can
have a significant impact on portfolio selection. It is also a more convenient approach
as compared to digging out some potential stocks from a large number of stocks
enlisted in an exchange. Stocks of leading sectors could provide ample opportunities

to earn good profit.

In Markowitz (1952) modern portfolio theory (MPT), when the number of
stocks increases, the mean-variance model of MPT becomes computationally difficult
due to quadratic utility functions and covariance matrix (Yunusoglu and Selim,
2013). So, in this case also portfolio construction based on sector analysis is found
more comfortable and it can also provide diversity by selecting stocks from non-

correlated industries.

In this model, we aim to do portfolio selection involving two stages: (i)
selecting strong and diversified sectors, and (ii) selecting the best stocks from those
sectors. The first stage further involves two sub-stages: first is the selection of strong
or leading economic sectors, and the second is to identify diversification among the
strong sectors. Different types of factors such as government policies, politics, natural
calamities, investor sentiments, supply and demand, exchange rates, etc. affect the

sectors in different ways (Joshi, 2013). But some common criteria or technical
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indicators based on the prior performances of sectors can be helpful to identify
potential sectors of the future. Therefore, the problem of selection of the best sectors
to invest could be framed as a MCDM problem. D-S theory of evidence has been a
popular concept for aiding the MCDM problem among researchers (Beynon et al.,
2001, Claussmann et al., 2018, Dutta, 2015, Silva and Filho, 2016). However, its
use in portfolio construction has received little attention. Its mechanism is based on
the evidences collected by different sources which are efficiently handled and
effectively combined to draw a conclusion out of it. Therefore, its application for

ranking the dynamic and uncertain financial sectors is completely justified.

The sector-based approach is considered the more diversified method of
investing which avoids the risk of targeting an individual company and it also helps in
reducing unsystematic risk. Two sectors could relate to each other in many possible
ways. The movement of one sector could drive the movement of another (i.e., prices
of one sector can forecast prices of another), both sectors could move in the same
direction or in opposing directions, or both sectors could have no influence on each
other. In time series econometrics, the concept of Granger causality has been widely
adopted for verifying the interdependencies between the sectors using historical
financial time series. Granger causality has been used in a number of studies for
assessing the dependencies in financial systems at local and global levels (Ahmed et
al., 2018, Al-yahyaee et al., 2019, Campbell, 2004, Hong et al., 2009, Marisetty,
2021, Papana et al., 2017, Peng et al., 2020, Stawiarski, 2021, Tang et al., 2019,
Vyrost et al., 2015).

In this study, we introduce D-S theory for ranking different sectors based on
different evidences. To diversify our choices the interrelation between strong sectors
are determined by analyzing their prices movements in the past years and with the
help of the Granger causal network the non-dependable sectors are identified.
Following that, we determined the investment portion or how much to invest in a
particular sector according to their ranks obtained by D-S theory. Stocks of top
companies listed in each sector are analyzed to find the leading ones. Then, some
leading companies from the selected sectors are grouped as a portfolio. At last, deep

learning based recurrent neural network is applied to optimize the portfolio.
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3.4.1 Preliminaries

This section provides the brief notes on Dempster-Shafer theory and Granger

causality test.
3.4.1.1 Dempster- Shafer theory (D-S theory)

D-S theory also known as the theory of evidence or the theory of belief
functions is a generalization of the Bayesian theory of subjective probability. It
provides a mathematical framework for modelling uncertainty and a powerful method
for combining the degree of evidences collected from different sources. Suppose,
0 =1{60,,0,..6,} referred as the frame of discernment (FOD), is a finite set of
mutually exclusive and exhaustive propositions. The set of the subsets of 8, i.e. 2°
include all the events and each subset or proposition will be assigned a value like
probability based on evidence. The value 0 indicates no belief in the proposition; the
value 1 indicates total belief in the proposition and the value lying between 0 and 1
shows partial belief in the proposition. Hence, a basic probability assignment (BPA)
or mass function (m) over © described as a mapping m: 2° — [0,1] satisfying the

following condition:
m(%) == O and ZAeze m(A) == 1
here, A is one the propositions in 22 and called focal element if m(4) > 1.

The belief function for A represented by Bel(A) measure the total belief

committed to A by adding the mass of all proper subsets of A.

Bel(A) = Y.pcam(B) (34.1)
and, the plausibility function pl(A) is defined as

PI(A) = Xpnazom(B) (34.2)

Shafer interpreted Bel(A) and PI(A) as the bounds for the probability of A
i.e. Bel(A) < P(A) < PI(A). Hence, suggested to assign an interval [Bel(A), PL(A)]
to each set of hypotheses within degree of belief of each hypothesis must lie. The

evidences collected from different sources are combined by using Dempster’s rule of
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combination. Suppose, m; and m, are the mass functions of two evidences A and B

respectively, the Dempster’s rule of combination is defined as:

_ 2AnB=cM1(A)m;(B)
ms @ = Y.AnB=p M1(A)mz(B) (3.4.3)

3.4.1.2 Granger causality test

Granger causality test was proposed by Granger (1969) arguing that it is not
necessary to have a correlation between two financial time series, rather prior values
of a financial time series could predict the future value of another time series. A time
series X is said to Granger causes time series Y if lagged values of time series X (with
the lagged values of Y also included) help to forecast the future value of time series Y
through the statistical hypothesis tests (i.e. t-test or F-test). Let, X, and Y; are two
stationary time series then the Granger causality is estimated by the following vector

auto-regression (VAR) model:
Yt - 0(1Yt_1 + 0(2Yt_2 + + ath_p + ﬁlXt_l + ﬁth_z + + ﬂth_q + Et (344)

here, ay, ay, ... ay, B1, B2, ... B4 are coefficients of the model, p and g are the length of

lags and ¢, is error series. Then, testing the hypothesis:
Hy: By = B, = - = B, = 0,i.e. X, does not granger cause Y, (3.4.5)
Hy: Not Hy

The existence of causality is tested by following F-test statistics based on

residual sum of squares (RSS):

Fe (RSS(p)—RSS(p,q))(T—p—q—-1) (3.4.6)
RSS(p.a)*q

If the time series X, and Y; are co-integrated, then there must be Granger
causality between them but the converse is not true. For co-integrated series, the
VECM (vector error correction model) is suggested for testing granger causality
rather than the VAR model. VECM (vector error correction model) is the modified
form of VAR which allows short-run dynamics to converge to their co-integrating

relation. Granger causality estimated by VECM model follows the given relation:
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Yt = Aet_l + 0(1Yt_1 + azyt_z + -+ ath_p + [)’1Xt_1 + )BZXK—Z + -+ ,Bth_q + Et
(3.4.7)

here, e;.1 =Y,_1 —0—@*X,_1 , Y; =0+ @+ X, is a co-integration relationship

between the variable and A is error correction parameter.
3.4.2 Proposed model

Model [4] is developed in four sections and Figure 3.4.1 depicts its overview.
In section 3.4.2.1, D-S theory for ranking sectors is presented. Section 3.4.2.2 is about
determining causal relationship among strong sectors using Granger causal network.
Sector based portfolio construction procedure is proposed in section 3.4.2.3 and

portfolio optimization using deep recurrent neural network is done in section 3.4.2.4.

D-S theory for indentifying strong sectors

Combining the evidences and ranking the

Selection of evidences for ranking sectors P

A

Indentifying the causal relationships among strong sectors

Removing noise from Granger causality test for determining i
historical time series data of causal relationship between sectors Sgleglon ool Caulsal tsethl)(rS
sectors using filtered time series y Lranger causaul networ

L

Portfolio construction

Determining weight of a particular sector in the

portfolio Selecting leading stocks from selected sectors

L

Portfolio optimization

Portfolio optimization using deep recurrent neural network

Figure 3.4.1: Overview of Model [4].
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3.4.2.1 D-S theory for ranking sectors

This section is the application of D-S theory for indentifying strong sectors

which includes section of evidences and combination of evidences.
A. Selection of evidences for ranking the sectors

The D-S theory is used to rank sectors in which some technical indicators
signifying sector’s performance based on past trends have been be utilized as
evidences. Among various kinds of technical indicators, breadth indicators are one of
the most extensively used indicators for measuring health of a sector. Breadth
indicators quantify the number of advancing stocks relative to the declining stocks
belonging to a particular sector in order to gauge the amount of participation in the
sector. Breadth indicators help in confirming the trend of a particular sector. A large
number of advancing stocks in a sector is a signal of bullish market sentiment and
confirms the uptrend of the sector whereas a large number of declining stocks signs
bearish sentiment aligning with the downtrend of the sector. To analyze the
performance of a sector, we employed three breadth indicators and defined a sector's
relative strength index, which were treated as evidences. The four evidences and their

importance in the sector analysis are discussed below:

I.  Average directional index (ADX): ADX is a technical indicator that
determines the strength of a trend. A trend can be upward or downward in
nature. ADX above 25 indicates a strong trend, while ADX below 25
indicates a weak trend. The trend's direction is determined by the negative
direction indicator (-DI) and the positive directional indicator (+DI). If the
(+DI) line crosses above the (-DI) line and the ADX is above 25, the stock is
in a strong upward trend; if the (-DI) line crosses above the (+DI) line and the
ADX is above 25, the stock is in a strong downward trend. For this study, we
determine the number of stocks in a sector for which the +DI line is above —
DI line and ADX is above 25. To calculate ADX, 30-days time frame is used.
This quantifies the percentage of stocks in a specific sector that were in a

strong uptrend over a given time period.
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ii.  Relative strength indicator (RSI): RSI is a momentum indicator that gauges
how quickly price movements change. It oscillates between 0 and 100,
indicating bullish and bearish price momentum. When the RSI is expected to
stay between 40 and 90, it suggests bullish or uptrend momentum, but when it
is likely to stay between 10 and 40, it signals downtrend momentum. The
standard is to use 14 periods to calculate the initial RSI value, we use the
same. By filtering the stocks whose RSI is above the average line, we
determined how many stocks in a sector were in bullish momentum at

different time periods over past few years.

li.  Simple moving average (SMA): Simple moving average is used as a
technical indicator that estimates the average price (usually the closing price)
of a stock over a specific period. It is applicable for determining whether a
stock continues its trend or not. For example, if the actual stock prices tend to
remain above the simple moving average price of the previous 50 days then
the stock has a better chance of staying in an uptrend. We used it as a breadth
indicator in this work to see how many stocks in a given sector traded above

the 200 days simple moving average.

iv.  Sector’s relative strength (SRS): We defined SRS indicator to evaluate the
strength of a given sector in comparison to other sectors. If a specific sector
outperforms n other sectors at a given period, then the sector's relative

strength is assumed to be n. It assesses the sector's dominance in the market.

To ensure independency between the evidences as required to apply the D-S

theory, the evidences are examined for different time frames.
B. Combining evidences and ranking sectors

The frame of discernment (0) is defined considering three hypotheses: “sector
is weak” (WS), “sector is medium or average” (MS) and “sector is strong” (SS).
Hence, (6) = {WS, MS, SS}. Based on the collected four evidences for a sector, the
basic probability assignment (BPA) is done to each evidence which is a belief value
between [0, 1]. BPA value equal and less than 0.4 is considered as belief towards the

hypothesis “sector is weak”, BPA value lying between 0.4 to 0.6 is supposed to
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advocates the hypothesis “sector is medium or average”, and BPA value equal and
greater than 0.6 is supposed to support the hypothesis “sector is strong”. All four
evidences supporting different hypotheses are combined using Dempster’s rule of
combination given in equation (3.4.3). After combining the evidences, sectors are
ranked based on the belief value corresponding the hypothesis ‘“sector is
strong”. Finally the sectors having more than 80% belief value of being strong are

selected.

3.4.2.2 Granger causal network for finding causal relationships among strong
sectors

Proceeding with selected strong sectors identified in the previous section, this
section discovers relationships among them in order to achieve diversification. The
relationship between the price movements of the strong sectors can be determined by
using historical daily closing prices. The denoising of required time series data (i.e.

historical closing prices) is done first for further analysis.
A. Removing noise from real time series data

Financial time series obtained in raw form often contain considerable noise.
Such noise could be the consequence of the highly volatile nature of the market or
unexpected events. The noise entangled with the clean data distorts the pattern or all
over trend which can mislead the analysis of time series Street and Lawley (2014).
Here, we employ Kalman filter to extract the dynamic pattern and reduce the noise
from the collected time series data of different sectors. Kalman filter is based on
Bayesian linear regression that uses a series of measurements over time having noise
and inaccuracies to estimate the hidden state of a variable (Rajan and Mathew,
2012). It is a recursive estimator which assumes the true state of the variable at time t

can be estimated by the previous state at time t — 1 as:
X = Fixe_q + Beup_q + weq (3.4.8)

here, F; is the state transition matrix applied to the previous state x;_,, B; is control-
input matrix applied to the control vector u,_; and w;_, is the process noise which is
drawn from zero-mean normal distribution with covariance Q i.e. w,_; ~ N(0, Q). At

time t, the measurement z;, of true state x; is calculated as:
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Zy = Htxt + V¢

here, H, is the observation matrix which maps true state to the measurement and v; is
the measurement noise assumed as zero mean normal distribution with covariance R
i.e. w;_, ~ N(0,Q). Kalman filter estimates x; at time t, provided the initial state x,,
series of measurements z,, z, ... z; , and other information about F,B,H,Q and R as
described in the system. In this work, Kalman filter is simulated for every time series

providing initial state same as in the real data.
B. Granger Causality test for determining causal relationship between sectors

After denoising the data, Granger causality test is conducted for each pair of

sectors to indentify the causal relation between each sector pair.

Initially, the first difference of all time series is taken to transform them into
stationary time series. The next task is to determine the suitable lag length by using
the VAR (vector auto regression) lag length selection model. The lag length is
determined according to sequential modified LR test (LR), final prediction error
(FPE), akaike information criterion (AIC) and Schwarz information criterion (SC).
Then, the pairwise co-integration test is performed for each sector-pair. After the
pairwise co-integration test, VECM (vector error correction model) Granger causality
test is performed for co-integrated pairs and VAR Granger causality test for other
pairs. Then a Granger causality network is prepared showing the dependencies of
sectors on each other. In the network, each vertex represents a sector and a directed
edge from sector A to another sector B interpreted as A Granger causes B. Finally, we
sort a sub-network of the obtained Granger causal network having the least causal
relations or no causal relations and also considering the ranking order of sectors too.
The component of the sub network will be the strong as well as independent sectors of

economy.
3.4.2.3 Portfolio construction

After selecting the diverse and strong sectors for investment, the next task is to
construct a portfolio by selecting leading stocks from these sectors. Suppose, a

portfolio of n number of stocks has to be constructed. The probability belief value of
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the hypothesis “sector is strong” is used to establish the weightage of each sector in
the portfolio, or we can say to determine how many stocks out of n must be taken
from a sector. The ranking wise portion of the sector in the portfolio is obtained by
dividing the final mass m(SS) of a sector by the total of the final masses of the

hypothesis (SS) of all selected sectors and approximating the division to an integer.

Now, the next problem is to select the leading stocks of a particular sector. For
this, the top enlisted companies in the sector are analyzed based on their performances
in the last financial years. The companies with the highest profit margins in each

category are chosen to build the portfolio.
3.4.2.4 Portfolio optimization using deep recurrent neural network

In this model, a framework for optimizing the Sharpe ratio using gradient
ascent is designed to obtain optimal weights for the portfolio's assets. The standard

formula of Sharpe ratio is defined as:

_ E(ry)-1
SR = #ﬁ,f (3.4.9)

here, E(r,) and Std(r,) are the estimates of the mean and standard deviation of
portfolio returns and 7y risk free rate. Specifically, for a investment period of ¢ = {1,-

-+, T}, we can maximize the following objective function:

E(rpe)-7f lZLlTD t=Tf
SRt =) T (3.4.10)
) Je(rte)-(erme)
here, 7, . is realized portfolio return over n assets at time ¢ denoted as:
Tpt = Dim1 Wit—1 * Tist (3.4.11)

here, 1;,; IS the return of asset i. The allocation ratio (position) of asset i is represented
as wi,, t € [0,1] and Yi_;w;, = 1. In our approach, a neural network f with
parameters 6 is adopted to model w; ; for constructed portfolio:

Wie = f (3)

X¢
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here, x; represents the initial day market information and we bypass the next day step
by linking the inputs with positions to maximize the Sharpe over trading period T,
namely SRy . However, portfolio imposes constraints that require weights to be
positive and summed to one, softmax outputs is used to fulfill these requirements:

L exp(W) )

here, w;, are the raw weights. Such a framework can be optimized using
unconstrained optimisation methods. Particularly, we use gradient ascent to maximize

the Sharpe ratio. The gradient of SRy with respect to parameters 8 is readily

calculable, with an excellent derivation presented in Molina (2016). Once % is

obtained, we can repeatedly compute this value from training data and update the

parameters by using gradient ascent:

Brew = Ooia + a » a0 (3.4.13)

here, a is the learning rate and the process can be repeated for many epochs until the
convergence of Sharpe ratio or the optimization of validation performance is

achieved.

We used deep recurrent neural network for optimization process. The neural
network comprises three types of layers; input layer, hidden layers or recurrent neural
layers, and output layers. Suppose, the portfolio is made up of n assets and each asset
is denoted as A;. A single input is prepared by concatenating information from all
assets. For example, the input features of one asset can be its past prices and returns
with a dimension of (k,2) here, k represents the look back window. By stacking
features across all assets, the dimension of the resulting input would be (k,2 x n).
Then this input is fed to the network and expect non-linear features are extracted. The
data is further processed in hidden layers which are simple recurrent neural layers and
weights are initialized for each node of the neural network. The output layer consists
of number of nodes equal to number of assets in portfolio with SOFTMAX activation
function which naturally satisfies the constraints of assets weights in the portfolio to

be positive and sum to one. The weights obtained by the output layer calculate the
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value of the objective function. Adam optimizer is used to updates the parameters of

the model by back-propagating the errors after each epoch. The process is repeated for

given numbers of epochs or till the convergence of the optimization function. The

structure of implemented neural network is displayed in Figure 3.4.2.

Input
Layer

v/

A\

Hidden layers

SOFTMAX
—_—

=00

Output
Layer

R

Figure 3.4.2: Overview of deep recurrent neural network used for optimization

Materials and Methods ............... &



94

3.5 Model [5]: Stock portfolio selection hybridizing fuzzy base-criterion
method and evidence theory in triangular fuzzy environment

Investing in the stock market has grown in popularity worldwide over the last
few decades. However, in India, only 2% of the population invests in the stock
market, whereas in the United States the number is more than 50% of the population
(Sand and Mankotia, 2018). Due to the lack of basic knowledge and risky nature of
stock market Indians are reluctant to invest their money in stocks. The stock market is
influenced by a variety of direct and indirect causes, making it opaque and highly
unpredictable. As a result, before investing in a stock, investors are advised to
thoroughly study it. In today's global market, analyzing massive amounts of data to
make an investment decision is quite challenging task. Domain experts, including
successful and experienced investors, examine market-listed companies on a variety
of factors, including revenue, risk, growth, solvency, debt, cash flow, valuation and so
on, in order to make smart decisions and minimize the risk of loss (Nti et al., 2020).
On the other hand, novice investors (common man) having limited knowledge of a

company's financials is primarily concerned with two factors: return and risk.

Thus, there is a need to frame the problem of stock selection simultaneously
considering the perspectives of a domain expert and a beginner investor which helps
to identify the importance of their respective decisions in selection process. In this
model, we presented a group MCDM approach of stock selection with two decision
makers: a domain expert and a novice investor. The decision maker's opinions and
recommendations could be hazy and ambiguous. Therefore, the model is developed
using in triangular fuzzy numbers (TFNs) that increases the quality of the final
selection. Firstly, fuzzy delphi method (FDM) is presented to identified most effective
factors from plenty of factors of stock analyses for both decision makers. BCM in
triangular fuzzy environment is developed to determine the weights of decision
making attributes. Then, D-S evidence theory is employed for analyzing and ranking
the companies based on historical data. Some limitations of Thakur et al. (2018)
work on D-S theory of stocks, (such as giving equal weight to all selection criteria,
ranking companies solely based on stock market experts' perspectives, and assigning

belief values only for one preposition from the frame of discernment for all factors)
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are also addressed in the proposed model. On the basis of the historic data, evidences
are collected for the frame of discernment consisting three prepositions whether the
company is “good for investment”, “average for investment” oOr “bad for
investment”. Then evidences collected for different factors in support of all three
prepositions are combined. At last, final evaluation of the companies is done by
combining the results obtained by each decision maker’s assessment. At last, the
companies are ranked in the decreasing order of the belief value supporting the
preposition “good for investment”. The portfolio of top securities obtained by ranking
is constructed. The optimal ratio allocation to the securities is done by using long-

short term memory (LSTM) recurrent neural network for maximum Sharpe ratio.
3.5.1 Preliminaries

This section describes triangular fuzzy numbers (TFNs) and their basic

operations.

3.5.1.1 Triangular fuzzy numbers (TFNSs)

A fuzzy number @ on A is defined as a TFN if its membership function

Uz (x): A - [0,1] is equal to

0, x <l

- l<xsm
Ug\Xx) = -

“ umexSu
u-—-m

kO, xX>u

here, [, m and u are respectively unfolds the lower, middle and upper values of the
support of a, all of which are crisp numbers (—oo <l <m < u < ). A TFN can be

shown as a triplet (I, m, ).
3.5.1.2 Arithmetic operations on TFNs

Let T, = (l;,m;,uy).and T, = (I,,m,, u,) are TFNs. The basic mathematical

operations on T; and T, are as follows:
i. T]_ + Tz = (ll + lz,ml + mz,ul + uz)

“ T]_ - Tz = (ll - uz,ml - mz,ul - lz)
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”l T1 * TZ = (ll * lz,ml * mz,ul * uz)

. T
Iv. T—: = (li/uz, mqy/my,uq /1)

-1 (LN B s
v. Ty —<(u1’llfll)'aA1:BA1»VA1>

AL, Amy, Auy)  ifA>0

vi. AT, = {(xlul, Amy, AL)  ifA<0

vii. ==

3.5.2 Proposed model

Model [5] is divided into four sections, as shown in Figure 3.5.1. In section
3.5.2.1, fuzzy delphi method for identifying critical criteria for both decision makers
is given. Section 3.5.2.2 is FBCM for weight assessment of criteria. D-S theory of
giving ranking to stocks is presented in section 3.5.2.3 and portfolio optimization

using deep recurrent neural network is done in section 3.5.2.4.

Indentifying criteriaof stock selection

Selection of criteria by novice investor's point Selection of criteria by expert's point of view
of view using fuzzy delphi method
.

N

Determining the weights of the attributes of stock selection

Determinig the preference order of

: : . Using Fuzzy Base-Criterion method Evaluting crip weights of
attributes according to investor and ’ ; : - -
expert in trianqular fuzzy numbers for calculating weights of attributes attributes using GMIR
L

Application of D-S theory for ranking securities

Collecting evidences for
each security under the
different criteria

Ranking the securities by
combining common investor
and expert's assessments

Assignment of belief values | Combining degree of beliefs
for the different criteria for each security

—

Ry

Portfolio construction and optimization

Portfolio of top 10 stocks is built and LSTM deep recurrent neural network is applied for
portfolio optimization

Figure 3.5.1: Overview of Model [5].
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3.5.2.1 Fuzzy delphi method (FDM) for identifying criteria of selection

FDM was proposed by Ishikawa et al. (1993), and it was derived from the
traditional delphi technique and fuzzy set theory. Noorderhaben (1995) indicated
that applying FDM to group decision can solve the fuzziness of common
understanding of expert opinions. As for the selection of fuzzy membership functions,
previous researches were usually based on TFNs, TrFNs and Gaussian fuzzy number.
This study applied the triangular membership functions and the fuzzy theory to
solving the group decision. FDM is used for the screening of factors of the first stage.
The fuzziness of common understanding of experts could be solved by using the
fuzzy theory, and evaluated on a more flexible scale. Thus, more objective evaluation

factors could be screened through FDM involving following steps:

Step 1. Collect opinions of decision group: Find the evaluation score of each factor’s

significance given by each expert by using linguistic variables in questionnaires.

Step 2. Set up TFNs: Calculate the evaluation value of TFN of each factor given by
experts, find out the significance TFN of the factor. In this model we have used
geometric mean to find out the common understanding of group decision. The

computing formula is illustrated as follows:

Assuming the evaluation value of the significance of j'* factor given by it" of n
experts is E;; = (1;j, m;ju;j),i = 1,2,...,n,j = 1,2,...m, then the fuzzy weight E; of

jt" alternative is E; = (I;, m;jw;),j = 1,2,3 ... m here,

l] = miin(lij), m: =

Step 3. Defuzzification: To derive the statistically unbiased effect and reduce the
impact of extreme values geometric mean is taken to defuzzify the fuzzy weight Ej of

each factor to definite value S; as:

Sj = 3/(lj * M, * uj),j =12,..m (3.5.1)
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Step 4. Screen evaluation indices: Finally proper factors can be screened out from

numerous factors by setting the threshold a. The principle of screening is as follows:

If S; > a, j*" factor is the evaluation index.
If S; < a, then delete j** factor.

3.5.2.2 Fuzzy base-criterion method (FBCM) of criteria weight determination

In this section, BCM method using TFNs is moved for determining optimal

weights of the criteria. The steps of FBCM are as follows:

Step 1. Selected decision criteria of the ultimate objective of this study are termed as
{Cy,Cy, ... Cp).

Step 2. One of the criteria has to be selected as the base-criteria. Then determine the
pairwise comparison between the base-criterion and other criteria as per the decision

maker opinion using the triangular fuzzy scale given in Table 3.5.1.

Table 3.5.1: TFNs for pairwise comparison

Linguistic term TFNs
Equally important (1,1,1)
Moderate important 1,1,3/2)

Strong important (1,3/2,2)
Very strong important (3/2, 2, 5/2)
Extreme important (2,5/2, 3)

Step 3. The optimal fuzzy weights of criteria have to satisfy the condition @ = dgp;j

Wj

for all j, here, W is the weight of base-criterion and dg; shows the triangular fuzzy

degree of preference of the base-criterion over the j criterion. The maximum absolute

W~
odds |V~Vj gj

should be minimized for all j. As the weight of the element is non-

negative, so we can obtain the optimal fuzzy weights on solving following

optimization problem.
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WE .
Wj Bj

min max; , such that

z:7J?L=1R(‘7‘7j) =1

[V <m{ <u’ (3.5.2)
w .

" =20 forallj

In the terms of TFNs and ¢ = (k*, k", k™), the equation (3.5.2) can be

expressed as follows:

min € , such that

(| agmEup)
(il = (1o ooy | < ()

{7 R(Wy) =1 (35.3)
[V <m{ <u’
\;' =0 forallj

Step 4. After solving the above equation 3.5.3, the optimal triangular fuzzy weights
are obtained which are converted to the optimal crisp weights by using the graded

mean integration representation (GMIR) method defined as follows:

Definition: GMIR (R(A)) of a triangular fuzzy number A represents the ranking of
triangular fuzzy number. Let, 4; = (I;, m;, u;), then

li+4m;+u;

R(4;) =+—; (3.5.4)

3.5.2.3 D-S theory for ranking stocks

The hierarchical framework of stock selection is depicted in Figure 3.5.2, here,
D; represents the decision makers level, for n number of attributes a; ™ represents the
attribute level of i*" decision maker, w}~™ represents the weights of the attributes of
it" decision maker andm(ai-™) represents the basic probability of different
attributes. S(aj~™) is evaluation of the attributes. The step by step procedure of D-S

theory applied for this study is as follows:

Stepl. The frame of discernment (FOD) denoted by 6, is a finite set of mutually

exclusive and exhaustive propositions. The set of the subsets of 6, i.e. 2° include all
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the events. For each attribute selected for stock analysis, the frame of discernment is

considered as (0) = {BI, Al, GI} regarding the prepositions about the company is

o«

“bad for investment”, “average (mediocre) for investment” Or “good for investment”,

so the power set is represented as
2° = {o,{BI},{AI},{GI},{BI, AI},{Al,GI},{BI, GI},{BI, A, GI}}

Each subset of 2° is called focal element. The focal element having two
elements represents the in-between situation of the prepositions. The focal
elements {BI, GI} and {BI, Al, GI} does not give any valid information regarding any

attribute used in this study; therefore it can be completely ignored.

Step 2. The belief values for j"* attribute of i*" decision maker corresponding to the
frame  of  discernment  (8) = {BI,Al,GI} = {f.,f>, f3} are  presented

by {87,877, 8>7}. So, the S(a!) can be expressed as:
s(al) = {(fu. 8;7), (2. B27). (3. B37)} (35.5)

here, 0 < Bil’j,ﬁiz’j,ﬁf’j <1, (ﬁil’j +Bi2’j +ﬁi3’j) < 1. For crisp observations,

(ﬁil'j + ﬁiz'j + ﬁf’j) = 1 which means there is no uncertainty in the belief.

Step 3. BPA of the attributes is obtained by multiplying with their respective weights

and (1 — X, BPA) is considered as the uncertainty or ignorance (7).
The BPA of the attributes are represented as m(a} ™) = {m(a/*'"™), (™)}

Step 4. Suppose {a},a?} are two attributes of i** decision maker, for combining

1

corresponding evidences the aggregation (P = E) is calculated as follows:

PAD2) =[1- 3,55, m(al*) »m(al?)] (3.5.6)
The new BPAs by combining m(a;}) and m(a?) are as follows:

m (afF0®?) = P(1 @ 2) « {m(af*") «m(a/**) + m(al*") + 2(a?) +

m(al*?) * 2(a})}, k=123

2(a$®?) = P(1 @ 2) * {Aa}) * A(ad)}
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The obtained BPAs are combined with 3 attribute, and in the similar manner
new generated BPAs are combined with 4™ attribute so on upto n'" attribute. After

combining all attributes the final mass values for decision makers are obtained as:

m (alfl,(maz...n)) m (aifz,(leaz...n)) m (alfg,m@z...n))

{B1} = S3m (a{k.(lﬂazmn)) ; An = 3 m (alfk,(leaz...n)) e = S3_m (a{k,(léBZ...n))
(3.5.7)

Finally assessment of decision makers D; and D, is combined as follows:

U=aD; + BD, (3.5.8)

here, a and S represents the weightage of the decision makers in the final decision.

(a} <« m(a}) = S(a)*wi

Novice Investor (D)
\ (at) <« m(a}) = S(a)*wf

\ (ad) «— m(ad) = S(ad)*w}

Domain Expert (D) |

Stock Selection

(az") «— ma3) = S(af)*w;

Figure 3.5.2: Hierarchical structure of stock selection process

3.5.2.4 Portfolio construction and optimization

A portfolio is constructed by selecting top ranking companies based on the
value of U determined in previous section. We utilized the same algorithm for
maximizing Sharpe ratio using neural network as described in section 3.4.2.4 of
Model [4], but instead of a simple recurrent neural network, LSTM cells are
employed in hidden layers and the rest of the neural network design is kept as shown
in Figure 3.4.2.
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3.6  Model [6]: A method of intraday stock selection integrating fuzzy TOPSIS
and belief divergence measure in evidence theory

Intraday trading refers to trade for quick profits by microstructure implicit in
the movement of stock indices (Loginov et al., 2021). This practice of trading gaining
popularity as it offers to generate a lot of money, if a well-structured strategy is
applied. In a down market, day traders can earn profit by short selling, which is
another advantage of intraday. The first and most important step of intraday trading is
to select appropriate stocks. Basically in intraday, trader buys and sells a particular
stock multiple times a day and earns profit by fast price variations. Therefore, day
traders aspires to pick such stock whose price movements offer good number of
buying and selling opportunities in live market (Zhang, 2018). Intraday trading is
quite riskier as compared to long term investment. Uncertainty of stock market and
unexpected market fluctuations can incur great loss. Long-term stock selection is
usually done by analyzing past years performances of stocks. Hence adequate amount
of data with less ambiguity is available for inspection. While for intraday, some
previous days' data is used, which is limited, very uncertain, and highly contradictory
(Sharma and Habib, 2019). These intraday considerations necessitate a different

stock selection methodology than the existing long-term stock selection algorithms.

The main conditions for intraday trading are that a stock should have ample
liquidity, moderate to high volatility, and a large number of group followers.
However, in addition to these basic factors, the use of technical indicators is
extremely crucial for intraday stock selection. Technical indicators are heuristic or
mathematical computations that anticipate future price movements based on the price,
volume, or open interest of a stock. These are useful in understanding market
sentiments and trends for the next trading day. When all of the fundamental aspects
and technical indicators are taken into account, intraday stock selection can be defined
as a MCDM problem. Although extensive studies have been done on portfolio
selection for long-term investment using various MCDM algorithms but these
algorithms do not guarantee optimal stock selection due to the vast differences in the
nature of both types of trading strategies. In this research, we attempt to address the
requirements and constraints of intraday trading and describe the stock selection

process using a hybrid MCDM algorithm.

Materials and Methods ............... rd



103

The proposed methodology is an integration of fuzzy TOPSIS and D-S
evidence theory using belief divergence measure. Technique for Order Preference by
Similarity to Ideal Solution (TOPSIS) is a very popular MCDM method originally
proposed by Hwang and Yoon (1981). Its applications in variety of real-world
problem as well as in stock selection have been discussed (Behzadian et al., 2012,
Ece and Uludag, 2017, Nguyen et al., 2020, Yaakob and Gegov, 2016, Zou et al.,
2011). In intraday stock selection, some criteria values are determined in linguistic
term which has some fuzziness as well. To deal with it triangular fuzzy numbers are
used in this study for better comparison among alternatives. The principle advantage
of D-S theory is that it applies a degree of confidence known as mass functions to all
simple and composition classes while also accounting for degree of ignorance of the
information. It delivers a reliable outcome with less number of evidences. However,
in the case of extremely conflicting evidences in intraday stock selection, fundamental
D-S theory may produce counter-intuitive conclusions. The proposed method employs
the belief divergence measure to address this issue. Belief divergence measure, which
is extensively used in uncertain information processing, is a measure of how one
probability distribution differs from another (Fei and Deng, 2016, Song and Deng,
2019). Based on the assessment of belief divergence measure, weights are assigned to
the evidences. The belief divergence measure has been proved to be exceptionally

effective in dealing with highly uncertain and conflicting data (Wang et al., 2021).
3.6.1 Preliminaries

TFNs and their basic operations are covered in Model [5]'s preliminaries
section 3.5.1, and the brief introduction of D-S theory is given in Model [4]’s
preliminaries section 3.4.1. Remaining essentials used to develop this model are

discussed below:
3.6.1.1 Fuzzy TOPSIS
Fuzzy TOPSIS method is developed in the following steps:

Step 1. Identify the potential alternatives {A4;:i = 1,2,...n} and critical criteria

{C;:j = 1,2,...m}. Assign weights to the criteria {w;:j = 1,2, ...m}.
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Step 2. Determine the initial fuzzy decision matrix {Dij = [xif]n*m}

Dij =

X112 xlj]
P : (3.6.1)

Xip ot Xigj

_ - - . . .th
here, x;; = (lij, mgj, uij) is a triangular fuzzy number representing evaluation of i
alternative corresponding j* criteria.

Step 3. Determine weighted normalized fuzzy decision matrix

The weighted normalized fuzzy decision matrix denoted by {Ei j} is calculated

as:

Ej = vyl .. =w =Xyl (3.6.2)

nxm

here, X;; = (Lﬂrm—ﬂ{u—‘i) is the normalized evaluation value obtained on dividing
Uit Ut

the components by w;* = max;{u;; : i = 1,2 ....n}

Step 4. Determine fuzzy positive ideal solution (FPIS) and fuzzy negative ideal

solution (FNIS)

FPIS (P*)and FNIS (P~) are defined as aspiring and worst value of the

criteria and denoted as:

Pt ={v],v;,..vm} (3.6.3a)
P~ ={vy, vy, ...} (3.6.3b)
Step 5. Determine the distance of each alternative from P* and P~

The Euclidean distances dfand d; from P* and P~ of i‘"alternative is

calculated as:

it = \/(L) M= 12+ (g —mD? + (i —u)?} i=12,.,n  (36.4)

3m

7 = \/(ﬁ) YA =12+ (= m))2+ (w—u)?) i=12,..,n (3.6.4b)
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Step 6. Calculate closeness coefficients and rank the alternatives

The closeness coefficient of it*alternative to ideal solution is calculated as:

¢ =4 (3.6.5)

= =t
d; +d;

Finally, the alternatives are ranked in the decreasing order of closeness

coefficient.
3.6.1.2 Belief divergence measure in evidence theory

Suppose, m; and m, are the mass functions of two evidences A and B
respectively, the belief divergence measure between m; and m, is defined as

follows:

D(my,m;) = By ma (F) In (Z275) (3.6.6)

my(F;)

here, |F;| is the cardinality of the focal element F;. In addition, in the calculation of
divergence measure, to avoid the denominator to be zero, a very small value such as

1078 is used to replace zero.

The symmetric belief divergence measure between m; and m, is calculated as:

D12 — D21 — D(mlimZ)ZD(mZ!ml) (3.6.7)

3.6.2 Proposed model
The step wise procedure of Model [6] of ranking alternative is as follows:

Step 1. Collecting the preliminary information to set up mathematical structure of
decision making problem
1. Identify the potential alternatives {A;:i = 1,2, ...n} and critical criteria{C;:j =

1,2,..m}

2. Determine the initial decision matrix {Dl-j = [xij]n*m} here, x;;'s are the crisp

evaluation value of i alternative corresponding jt" criteria

Dl"=

J

X111 x1j]
P : (3.6.8)

Xip ot Xy
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Step 2. Transforming the initial decision matrix to fuzzy decision matrix

The fuzzy decision matrix {Eij = [)?ij]n*m} is obtained by converting the

entries of initial decision matrix {Dij} to TFNs with the help of corresponding

linguistic terms given in the Table 3.6.1.

Xy - le (liyymip,nyy) - (lij,mqj,nqj)

Xin - Xy (i mg,n) o (L myjnyy)

Table 3.6.1: Linguistic terms and corresponding TFNs

Linguistic terms TFNs

Extremely Low (EL) (0.1,0.1,0.1)
Very Low (VL) (0.1,0.2,0.3)
Low (L) (0.2,0.3,0.4)
Medium Low (ML) (0.3,0.4,0.5)
Medium (M) (0.4,0.5,0.6)
Medium High (MH) (0.5,0.6,0.7)
High (H) (0.6,0.7,0.8)
Very High (VH) (0.7,0.8,0.9)
Extremely High (EH) (0.8,0.9,0.9)

Step 3. ldentify the best and worst TFN value vectors of each criterion.

The best and worst TFN values of each criterion are consulted by the domain

experts and presented as vectors (V*) and (V ), respectively.
whH = {(l*, ) (l*, )ls the best/desiable TFN value of j™" crlterlon}
(3.6.10a)

(V) =={(;7,mj,n;): (I ,mj,ny)is the worst /undesiable TFN value of j™ criterion}

(3.6.10b)
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Step 4. Calculate distance between best (worst) criterion value and initial TFN value

The distance between the best (worst) criterion value and initial TFN value is

calculated by the help of Euclidian distance between two TFNs defined as:

ED(TFN;, TFN,) = \/G) (L = )2 + (my —mp)? + (uy — up)?) (3.6.11)

and positive decision matrix (PDM) and negative decision matrix (NDM) are

determined as:

ED(Xyy, (I3, mi,n7)) - ED(le,(l*, ))

eowy=| - (i),
ED Ry, (ymini)) - ED(Rey (5, m))

(3.6.12a)
ED(XllJ (l;m;n{)) ED(le' (l"krm"k Tl]*))

(NDM) = o = [(tfj,mijn ]n*m
ED(Xi1, (I3, mi,n1)) - ED(XU,(I*. )

(3.6.12b)

Step 5. Define frame of discernment (8) and basic probability assignment (BPA)

All criteria are categories into two frames of discernment such as Low (L) and
High (H). The basic probabilities supporting the evidences the two events are

considered as follows:

High (H) = closeness coefficient of the criterion to the aspired value (CC)

) 3.6.13
- (ymlinl)+ (tmnd) (36.132)
Low (L) =1 — CC (3.6.13b)

Step 6. Obtain symmetric belief divergence matrix (SBDM) for each alternative

0 D12 EL ) le
SBDM=(Dy;  0.... Dy (3.6.14)
Dei Diyoo. O

here, Dy, is belief divergence between m,; and m, and k is the number of criteria.
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Step 7. Calculate the supporting degree of evidences

1

Si = ST (3.6.15)
Step 8. Calculate weight evidences

W = Z]ks—s (3.6.16)
Step 9. Calculated weighted BPA of evidences

M;(A) = W* m;(A) (3.6.17)

Step 10. Combining evidences
Suppose, the weighted BPAs of first two evidences of A are represented as:
Ml = {MI(L)'MI(H)Jll}

M, = {Mz(L): M, (H),Az}

1

here, A; represents the degree of ignorance. The aggregation (P = E) is calculated as follows:

P(1P2)=[1—{M;(L)* My(L) + My (L) * My(H) + My (H) * My(L) + My (H) * My(H)}] 1
New BPAs generated by combining M, and M, are as follows:

Mygo(L) = P(1 @ 2) * {My(L) * My(L) + My (L) * A5 + My(L) * A,}

Mig,(H) = P(1 @ 2) * {My(H) * My(H) + My(H) * A, + My(H) * A4}
Mg2=P(AD2)xA; x1,

The obtained BPAs are combined with 3 evidence, and in the similar manner upto

jt"evidence. After combining all evidences the final mass values are obtained as:

Migorg..j(L)
LY = 3.6.18a
{3 Migog. j(L)+Migoq.. j(H) ( )

Mig2g..j(H)
H} = 3.6.18b
{H} Migrg. j(L)+Migog.. j(H) ( )

Similarly, final belief values for all alternatives are calculated.
Step 11. Ranking alternatives

At last, the alternatives are ranked based on the final belief values obtained in

the previous step.
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3.7 Model [7]: Single valued triangular neutrosophic MEREC-CoCoSo
method for multi-criteria decision making and its application in portfolio
construction

Recently, a new ranking method called MEthod based on the Removal Effects
of Criteria (MEREC) has been proposed by Ghorabaee et al. (2021). MEREC is less
calculative as well as is capable of achieving relative objective weights of several
conflicting criteria. The method is rest on the expulsion impact of each criterion on
the collective performance of the alternatives for computing the criterion weighting.
Criteria that have a greater impact on performance are given more importance.
Causality is the basic idea behind this approach. In this method, a logarithmic
function is used to calculate the aggregate performance of the alternatives. The
absolute deviation measure is used to identify the effect on expulsion of each
criterion. This measure unfolds the difference among the overall performance of the
alternatives and its performance after removing the criteria. MEREC is very flexible

and gives stable and reliable objective weights of criteria.

The Combined Compromise Solution (CoCoSo) method developed by
Yazdani et al. (2018) which is new and having a unique structure among several
MCDM methods. It is highly capable of working with incomplete and uncertain data.
Foundation of the CoCoSo method is based on the idea of SAW, MEW and WASPAS
methods. Currently, the utility of CoCoSo method is increasing in many fields (Peng
et al., 2020, Wen et al., 2019, Yazdani et al., 2019).

In the proposed work, we offer a method for ranking alternatives in a SVTN
environment by combining the MEREC and CoCoSo methods. The two approaches
are integrated to produce a single step wise methodology in which criteria weights are
generated using MEREC methodology and the process ranking is completed using the
CoCoSo method. In the MEREC method, a parabolic measure is employed to
calculate the overall performance of alternatives, and to demonstrate the applicability,
a simple decision matrix is studied in a fuzzy environment. We devised the method
for selecting stocks for portfolio construction. Uncertainty and predictability are
common characteristics of qualitative assessments in stock market. Therefore, the

proposed hybrid model is developed in SVTN environment. This hybrid approach
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(STVN-MEREC-CoCoSo) for solving stock selection problem has been discussed for

the first time.

The following are the main motivations for developing the proposed model for

stock selection:

i.  Despite uncertainties, it can make complex stock selection processes in multi-

dimensional decision analysis systems much easier and more efficient.

ii.  During the selection process, MEREC ensures that a selection criterion has a
higher weight when its removal has a greater impact on the aggregate
performance of alternatives, hence eliminating the reliance on external

decision makers for examining criteria.

iii.  The CoCoSo approach provides a comprehensive solution by pooling the
results of various methodologies, making the final judgment more resilient as

it includes randomness of stock market data.
3.7.1 Preliminaries

SVTNSs, their operations, score and accuracy functions, and comparison of two
SVTNs are defined in preliminaries section 3.3.1 in Model [3]. The averaging
operators of SVTNs and traditional working procedure of MEREC and CoCoSo

method are described below:

3.7.1.1 Single valued triangular neutrosophic averaging operators

Let A; = {((aj, bj,cj);a;\j.ﬁz\j,mj)},(i =1,2,3....n) be the set of SVTNs
and W; = (wy,w, ..w,)" , w; 2 0, X%, w; = 1 be the weight vector associated with

A;.

Single valued triangular neutrosophic weight averaging operator
(SVTNWADO) is defined as:

SVTNWAO (4,4, ...A,)

= (g7 (Zj=1wj9(9))), 97 (Zf=1wja (b)), 97 (ZFea wig (¢)); N1 @a, VieaBa, VicaVa))
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Single valued triangular neutrosophic weight power averaging operator
(SVTNWPADO) is defined as:

SVTNWPAO (4., 4, ...A,)
= (g7 (21-19(4)"™), 97 (Z)=19(5)"™), 97 (Z)=19(6)" ) Afer@a ) Viea By, Vieava)
here, g is a continuous strictly monotone increasing function.
3.7.1.2 MEREC method
The following steps are used to calculate criteria weights by MEREC method:

Step 1. Suppose, there are m alternatives and n criteria, and the form of the decision-

matrix is as follows:

X11 X12 X1n
X21 X2 - Xop

D = : : . : (3.7.1)
Xmi Xmz - Xmn

Step 2. Normalized decision matrix is obtained by using a simple linear normalization

to scale the elements of the decision-matrix as follows:

ming Xg;j ., .. cpr s . .
—, if j is benificial criteria

ny = Y (3.7.2)

ij X AP e o
2 if jisnon — benificial criteria
maxkxkj

Step 3. According to the normalized values obtained from the previous step, it is sure

that smaller values of nj; yield greater values of performances. The following

equation is used to calculate the overall performance of the alternatives (S;):

S;=In (1 + (32)in(n )|)) (3.7.3)

Step 4. The difference between this step and step 3 is that the alternatives’
performances are calculated based on removing each criterion separately. Let,
S{j denotes the overall performance of i*" alternative concerning the removal of j*

criterion. The following equation is used for the calculations of this step:

5 =10 (14 (2 Zigenslin(z 1) (374)
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Step 5. In this step, the removal effect of the j** criterion (E;) based on the values

obtained from step 3 and step 4 is calculated as:
Step 6. In the final step, each criterion’s objective weight is calculated using the

removal effects (E;) of step 5.

E.
W =5t (3.7.6)

4.7.1.3 CoCoSo method
The following steps are used to rank alternatives by CoCoSo method:

Step 1. For m alternatives and n criteria, the initial decision-matrix is defined as

follows:
X11 X12 X1in
le sz e xz

D = : : - :n (3.7.7)
Xmi Xmz2 - Xmn

Step 2. Normalized decision matrix is obtained by normalizing of criteria values

based on compromise normalization equation given below:

xij—min, xi; o
————J__- for benificial criteria
maxixij—mmixij

max; xij—xij

, ; for cost criteria
max; xij—mlnixl-j

Step 3. The sum of the weighted comparability sequence (S;) and an amount of the
power weight of comparability sequences for each alternative (P;) are calculated

using the following expressions:

Si = Xj=1(wj x 1)) (3.7.9a)
S; value is achieved according to grey relational generation approach.

P = 7:1(rij)wj (3.7.90)

P; value is achieved according to the WASPAS multiplicative attitude.
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Step 4. In this step, three appraisal score strategies are used to generate relative
weights of other options, which are derived using following formulae:

Pi+S;

kia = Smporsy (3.7.10a)
_ _Si Pj

kib = st mine, (3.7.10b)

kip = ——SH DB g < ) <1 (3.7.10¢)

max; AxS;+max;(1—-A1)*P; ;
Step 5. The final ranking of the alternatives is determined according to the value k;,

— (kia+kib+kic)

k; .

+ (kig * kp * ki)'/? (3.7.11)
3.7.2 Proposed model
The step by step procedure of Model [7] is elaborated as follows:

Step 1. Identification of criteria and alternatives

In the first step, a set of criteria {01,02,03, ....,cn}and alternatives
{al, a, as, ....,am} are determined and evaluated according to the opinion of the

decision makers.
Step 2. Determination of the decision matrix

In this step, initial decision matrix D;; = [Sij]mxn is obtained here, &;
presents the evaluation of " alternative corresponding j** criterion. The entries of
ﬁij are presented in SVTN, i.e., &; = ((a;, bij, cij); aAij'ﬁAij’)/Aij) according the
defined linguistic terms in Table 3.7.1.

Table 3.7.1: STVNs for evaluation

Linguistic term STVNs

Very Low (VL) <(0,0,1);0,1,1>

Moderate Low (ML) <(0,1,3);0.17,0.85,0.83>
Low (L) <(1,3,5);0.33,0.75,0.67>
Medium (M) <(3,5,7);0.5,0.5,0.5>
High (H) <(5,7,9);0.67,0.25,0.33>
Medium High (MH) <(7,9,10);0.83,0.15,0.17>
Very High (VH) <(9,10,10);1,0,0>

Materials and Methods ............... &




114
Step 3. Normalize fuzzy decision matrix:

The initial decision matrix is converted to normalized decision matrix
Nij = [6ij]m><n' As the decision matrix in step 2 already step up according to
linguistic terms of Table 3.7.1 so there is no need of different formulae for
normalizing beneficial criteria and cost criteria values. Here, the largest SVTN
(sl-jm“x) is indentified by the help of score function and the entries are normalized as

follows:

_ &y _ Aij bij Cij _
6ij B gjmax N ((C ]max b; max:a max) agu/\a{gumax ﬁeuvﬁeu ’ysiijgijmax> -
* *
((ai; , by ;Cij*);aAij*,BAij 'VAij*) (3.7.12)
Step 4. Compute overall performance of the alternatives:

A parabolic measure is employed to obtain the overall performance of the
alternatives. It is a non-linear increasing function. The following equation is applied

for the calculation.

ﬁiziz?ﬂ(‘sij)z

Pi=((Pi, i 703 G, Br,p Va,) =

<(% 71'1=1(ai1'*)2’% 7=1(bif*)2’% (e Cij ) ) mm( )'maX(ﬁAU*)’maX(mii*))
(3.7.13)

Step 5. Enumeration of the performance of alternatives by deleting each criterion:

The alternative’s performance is calculated on the basis of deletion of every
criterion separately. For this, parabolic measure (depicted in Figure 3.7.1) is used as
in the prior step. The collective performance of i**alternative concerning the deletion

ofj”l criterion is calculated as follows:
Py=((B1, @1 71): sy By Ty

= (3 iesew (@)% = Bioinj(bin)? 3 Dhesew (i) s min( s, *), max(Ba,, ), max(va,, "))
(3.7.14)
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Figure 3.7.1 Parabolic measure

Step 6. Computation of the summation of Euclidean distances:

The expulsion impact of the jcriterion on the basis of the values received

from step 3 and step 4 is calculated as follows:

" ! ~ 2 ~ ~ )2 ~1 ~\2 ~ n ~
Ej:<(JZi(pij - pi) r\/Zi(qij - CIi) '\/Zi(rij - ri) )FaAifﬁAi:VAi> (3.7.15)
Step 7. Assessment of final weights of the criteria:

The objective weight of each criterion is calculated using the following

equation:
__E
W) =5 (3.7.16)

After solving equation (3.7.16), the objective weights are transferred into crisp

numbers using score function.

Step 8. Calculate the total of the weighted sum and whole of the power weight

comparability sequences:

The total of the weighted sum measure (WSM)( S;) for each alternative, i.e.,

the sum of the weighted comparability sequence is computed by
Si = SVTNWAO (811, 62 - 8in) = (@™, b, ;a5 D, B5, D, v2, ™)

=g (Zf1wig(ai;*)), g7 (Zf=awig (b)), 97 (Bfoa wig(cij))s Nleaaa, VieiBay,  Vicavay, )
Vi (3.7.173)
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The whole of the weighted product measure (WPM)( P;) for each alternative,

i.e., the amount of the power weight comparability sequence is computed by
P, = SVTNWPAO (81, 8iz - 6in) Vi=((@;®, b,®, ¢;®; a5, @, B, @, v, ®)

= (g2 9(ay)™) g7 (B 9(by")™) 97 (E 9(cy)™); Neran, Vi Bay ' ViV, ")
vi (3.7.17b)

Step 9. Compute relative weights or balanced compromise scores of the alternative

In this step, three appraisal score degrees are utilized to create relative weights

of the option, given as
' 2Z(Si +P)
((ai(l) + ai(z)'bi(l) + bi(Z): Ci(l) + Ci(z)); aA-(l)'ﬁA-(l)'yA-(l); aA.(l)/\aA-(z)'ﬁA-(l)VﬁA-(Z),VA-(DV}’A.(Z))
2 (@@ + @@, 5D + 5P, ¢ ® + ¢, @);a5,®, B, D, v5, s a5, ONag, @, Bz, PVB5 P, v5, OVys, @)

(3.7.18a)
@ _ _Si P _
¢ minS; minP;
l l
D p. @ Dy, D g Do, (1) () (D) (@Y. q, @ g @), (2)
((a;*.bi~ ¢y )'aAi ’BAL- VA, ) N {(a;*“,bi* c; )'aAi "BAi VA, ) (3718b)

mini((ai(1)rbi(1)'ci(1))iaAi(1)'ﬁAi(1)')’Ai(1)) mini((ai(2),bi(2),6i(2));aixi(2)'ﬁAi(2)'VAi(2))

A*Si+(1—/1)*Pi
max; A+S;+max;(1—21)*P;

(3) _
U~ =

A * (ai(l) + (1 - A) * ai(Z),A * bi(l) + (1 — A) * bi(Z),A * Ci(l) + (1 _ A) % Ci(Z)),

( )
_ aAi (1)’ ﬁAi(l)’ yAl(l)' aAi(l)/\aAi (2)’ ﬁAl(l) VﬁAl (2)' yAl (1)VVAL (2)
max((4 @V, 25 b, 25 ¢ s g, ©, 5,5, D) +
max(((1 = 1) * 4, (1 = )« b®,e(1 = D) =) a5, b5, 73, @)
(3.7.18¢)

here, min and max SVTNSs are determined using score and accuracy degrees and
comparison among SVTNSs, and t € [0, 1] is the coefficient of compromise decision

mechanism.
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Step 10. Compute the final aggregating compromise index of the alternatives and

rank them

The final ranking index U; to specify the importance of the options is given by

(as more important as better)

1/3

v suP1y®
i i i )+ (Ui(l) " Ui(Z) % Ui(3)) (3.7.19)

Ui:( 3
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Chapter 4 RESULTS AND DISCUSSION

4.1 Model [1]: Deep reinforcement learning based multi-objective systems for
financial trading

The proposed multi-objective systems are tested on real-world financial data.
Stock index futures contracts from two stock exchange centers of India; NSE and
BSE are used for illustration. First is, Nifty 50 which is calculated as average of top
50 stocks traded in NSE and second is Sensex, which represents average of top 30
stocks traded in BSE. Both indices having high liquidity are heavily traded in India.
Trader can execute trading actions as long and short positions in almost real time.
When price of stock goes higher (respectively, lower) it is ideal to take long position

(respectively, short) to make profit.
4.1.1 Experimental setup

We have used minute-level close prices of both indices. There is 1 minute
difference between consecutive closing prices z; and z;,;. The historic charts in
minute resolution of both indices are shown in Figure 4.1.1. The Nifty 50, ranges
from 2019/11 to 2020/06 and Sensex, data ranges from 2020/03 to 2020/06. If Nifty
50 index rise (down) by 1 point it lead to the reward of 1000 Indian rupees for long
(short) position and if Sensex stock increase (decrease) by 1 point make reward of 100

Indian rupees for long (short) position.

FOO00 0000 S0000 SO000 ] S0 1 OG0 L5500 i) FHO00

(a) Nifty (b) Sensex

Figure 4.1.1: Closing prices (minute resolution) of Nifty and Sensex future contracts.
Blue part: Training data. Red part: Testing data
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In Figure 4.1.1(a), we observe that volatility in Nifty training data. Initially,
there is less variation upto 25000 ticks, then prices goes very down because of the
fallout in global market due to COVID-19 pandemic. After 30000 ticks again market
starts to lift up and goes to little upward direction. In testing period also we can see

some upward and downward movements.

In Figure 4.1.1(b), initially, Sensex prices showing downward movement as
these are the prices of March month, starting of the lockdown in India. After 5000
ticks prices slightly goes up and continue with less volatility. Testing data also have

upward and downward movements.

We set up the deep neural network with training data and initialized with 50
previous return values as raw features. Raw features input into LSTM autoencoder
having two LSTM cell with 30 and 20 hidden nodes, respectively. Then 20 nodes of
encoded features input into DRL network having LSTM cell with 10 hidden nodes.
The output from the LSTM node input into last layer of DRL network having one
node for decision (policy) making. The decision made at each tick collectively
calculates the value of multi-objective functions in (3.1.5) and (3.1.6), i.e., profit
under risk at the end of the trading period. Lastly, the whole neural network is trained

to maximize the functions.
4.1.2 Evaluation and performance analysis

In this section, we evaluate both trading systems (named as MODRL1 and
MODRL2) on the data. The performances of both systems are compared with DRL
system and buy and hold strategy. In DRL system, window of 5 time steps is set to
calculate moving averages, 50 recent returns values are used as input features and
trained it for 100 epochs. MODRL1 and MODRLZ2 are also trained for 100 epochs.

The testing data of both indices and profit and loss (P&L) curves of all trading
systems are shown in Figure (4.1.2) and Figure (4.1.3), respectively. The quantitative
evaluation of the performance of all trading systems is summarized in Table 4.1.1,

here, TP represents the total profit and TT represents the total no. of transactions.

Figure 4.1.2(a) represents the testing data from 2020/04 to 2020/06 of Nifty

and Figure 4.1.2(b) depicts the profit and loss values of the trading systems at every
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time step. It clearly shows that the MODRL1 and MODRL?2 exceed the total profit
gained by DRL and buy and hold. There is no such big difference in the performance
of MODRL1 and MODRLZ2. Buy and hold strategy gave better result than DRL. DRL
gained good profit at start but afterward perform worse among all systems because of
high deviation in the data after 8000 ticks.

Figure 4.1.3(a) represents the testing data from 2020/05 to 2020/06 of sensex.
Figure 4.1.3 (b) depicts the profit and loss curves of the trading systems. Here also
MODRL1 and MODRL2 outperform DRL and buy and hold on total profit.
MODRL2 total profit is higher than MODRL1 at 1200 tick then MODRL2 not gained
more profit and try to sustain its performance. This behavior of MODRL2 is because
of the downward trend in the middle of testing period. Again buy and hold overall

performed better than DRL.

From Table 4.1.1, we can note that the both multi objective models acquire
more total profit than the conventional DRL model and simply buying and holding
stocks. Total no. of transactions is also more than other systems. There is no
significant difference observed in total profit of MODRL1 and MODRL2. Even
MODRL2 make profit in downward trends too which means MODRL2 can be helpful
if trader is concern only for downward movement of the market. Therefore, both multi
objective functions can be recommended to use practically over another trading
systems, these systems are not only making profit but also restraining risk of the

trader.

Table 4.1.1: Performances of different trading systems on both contracts

Nifty Sensex
Models
TT TP TT TP
MODRL1 1901 1254.80 741 2232.63
MODRL?2 1896 1141.75 754 2309.22
DRL 1201 428.80 501 65.61
Buy &Hold - 894.12 - 989.62
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Figure 4.1.2: Nifty testing data and performances (P&L curves) of different trading

systems
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Figure 4.1.3: Sensex testing data and performances (P&L curves) of different

trading systems
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4.2 Model [2]: Stock portfolio selection based on fuzzy time series forecasting
using fuzzy c-means clustering and deep learning techniques

In this study, the suggested model is examined on equities listed on the NSE to

verify its applicability. The stocks of following 10 companies are taken:
1. Apollo Hospitals Enterprise Limited (APOLLOHOSP)
2. Ashok Leyland Limited (ASHOKLEY)
3. Bajaj Finance Limited (BAJFINANCE)
4. Divi's Laboratories Limited (DIVISLAB)
5. Jubilant Foodworks Limited (JUBLFOOD)
6. Pidilite Industries Limited (PIDILITIND)
7. Reliance Industries Limited (RELIANCE)
8. State Bank of India (SBIN)
9. Tata Steel Limited (TATASTEEL)
10. Tata Consultancy Services Limited (TCS)

We aimed to build a portfolio by selecting equities from the above list
by estimating their closing prices for the financial year 2021. The suggested model is
implemented using daily closing prices from the year 2017 to 2020. The data is
obtained from https://finance.yahoo.com/. The model's detailed implementation is

discussed below:
4.2.1 Forecasting closing prices of stocks by proposed FTSF method

The summary of the collected data is given in Table 4.2.1. The simulation of
the FTSF method is done on jupyter notebook; first universe of discourse is defined
by taking d = 5 for all the time series. Then find optimal number of clusters and get
cluster centers by FCM algorithm using pre-defined scikit-fuzzy package in jupyter
which is given in Table 4.2.2. By taking midpoints of cluster centers unequal lengths
of intervals are calculated. Partition of UOD of all time series into unequal intervals is

given in Table 4.2.3. After that, the interval index number in which each datum of the
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time series falls is identified and membership value of the datum in that interval is
calculated by the expression given by equation 3.2.9. The crisp time series is
normalized by min-max scalar of scikit learn package. Then input-output pattern is
defined. For instance, the input-output pattern for APOLLOHOSP is presented in
Table 4.2.4 for better understanding. Then crisp time series is divided into training
and testing data respectively. Here, we take closing prices from 2017-2020 (988
observations) as training data and closing prices of the year 2021 (246 observations)

as testing data.

The in-sample data (training data) is processed by SVM module of scikit-learn
and the input part of the out-sample data (testing data) is passed to trained SVM and
predicted values are obtained. The obtained prediction is denormalized by inverse
min-max scalar of scikit-learn package. For multilayer perceptron (MLP) model
TensorFlowkeras API is used to setup the neural network. We considered one hidden
layer having the equal number of neurons as in input layer for every time series to
make a fair comparison and used adam optimizer to minimize mean squared error. All
the graphs presented in the study are plotted by matplotlib library of python

programming package.

The processor is upgraded to GPU to implement the machine learning libraries
which take less time in computation. The time complexity of FCM algorithm is
(nc?di), here, n is the number of observations, ¢ is the number of clusters, d is the
dimension and i is the number of iteration. In the proposed method, the data is one
dimensional and FCM runs to 100 epochs. The scikit learn library for implementing
SVM has time complexity 0(n?m), here, n is the number of training sample and m is
the number of features. Complexity in training MLP depends upon the number of
sample data and number of epochs, here MLP is trained for 1000 epochs for each
dataset. After training, MLP predict with O (mn;; + n;;n;;) complexity here, m is the

number of features and n;; is the number of nodes in the it" layer.

Results and Discussion ............... &
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Stocks Minimum Maximu_m Round-off Step size
Observation observation range
APOLLOHOSP 927.1 5733.95 [900-5800] 817
ASHOKLEY 34.45 165.55 [30-170] 28

BAJFINANCE 870.05 7929.3 [800-8000] 1200
DIVISLAB 545.3 5372.15 [500-5400] 980
JUBLFOOD 412.5 4525.7 [400, 4600] 700
PIDILITIND 604.5 2501.8 [600, 2600] 500
RELIANCE 503.18 2731.85 [500, 2800] 460
SBIN 150.85 530.45 [150, 550] 100
TATASTEEL 253.75 1519.4 [200, 1600] 350
TCS 1083.95 3954.55 [1000,4000] 1000

Table 4.2.2: Cluster centers of the datasets

Stocks No. of clusters Cluster centers
APOLLOHOSP 6 1168.4,1389.4,2180,3055.8,3975.9,4797.6
ASHOKLEY 5 59.99, 82.84, 93.97, 119.15, 131.89
BAJFINANCE 6 1690.56, 2385.26, 3257.22, 4108.45, 5358.05,
7034.62
DIVISLAB 5 959.91, 1587.56, 2192.97, 3517.8, 4693.05
JUBLFOOD 6 648.1, 1239.4, 1463.42, 1784.48, 2830.36,
3737.7
PIDILITIND 4 853.58, 1195.5, 1481.69, 2207.13
RELIANCE 5 840.18, 1101.96, 1331.91, 1979.18, 2209.42
SBIN 4 209.13, 278.22, 318.79, 428.78
TATASTEEL 4 415.8, 531.53, 660.38, 1229.15
TCS 3 1381.79, 2098.42, 3216.243
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Table 4.2.3: Partitioning of UOD in unequal intervals of all datasets

Stocks

uoD

Partition UOD in unequal intervals

APOLLOHOSP

[922.1,5738.95]

[922.1, 1278.87]; [1278.87,1784.69];
[1784.69, 2617.89]; [2617.89, 3515.80];
[3515.80, 4386.72]; [4386.72, 5738.95]

ASHOKLEY

[29.45,170.55]

[29.45, 71.41]; [71.41, 88.40]; [88.40, 106.56];
[106.56, 125.52]; [125.52, 170.55]

BAJFINANCE

[865.05,7934.3]

[865.05, 2037.91]; [2037.91, 2821.24];
[2821.24, 3682.83]; [3682.83, 4733.25];
[4733.25, 6196.33]; [6196.33, 7934.3]

DIVISLAB

[540.3,5377.15]

[540.3, 1273.73]; [1273.73, 1890.26];
[1890.26, 2855.38]; [2855.38, 4105.42];
[4105.42, 5377.15]

HINDUNILVR

[816.6,2817.45]

[816.6, 1211.84]; [1211.84, 1546.05];
[1546.05, 1933.56]; [1933.56, 2241.65];
[2241.65, 2817.45]

JUBLFOOD

[407.5,4530.7]

[407.5, 943.75]; [943.75, 1351.41]; [1351.41,
1623.95]; [1623.95, 2307.42]; [2307.42,
3274.03]; [3274.03, 4530.7]

PIDILITIND

[599.5,2506.8]

[599.5, 1024.54]; [1024.54, 1338.59];
[1338.59, 1844.41]; [1844.41, 2506.8]

RELIANCE

[498.18,2736.85]

[498.18, 971.07]; [971.07, 1216.94]; [1216.94,
1655.55]; [1655.55, 2094.3]; [2094.3,
2736.85]

SBIN

[145.85,535.45]

[145.85, 243.67]; [243.67, 298.5]; [298.5,
373.78], [373.78, 535.45]

TATASTEEL

[248.75,1524.4]

[248.75, 473.66]; [473.66, 595.95]; [595.95,
944.76]; [944.76, 1524.4]

TCS

[1078.95,3959.55]

[1078.95, 1740.10], [1740.10, 2657.33],
[2657.33, 3959.55]
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Table 4.2.4: Input features and target values for APOLLOHOSP

Input Feature
owe | s AT O e M (S
price index vglue in the
interval
2-Jan-2017 | 1189.2 0.0545 3-Jan-2017 1 0.2513 0.0579 T
3-Jan-2017 | 1205.45 0.0579 4-Jan-2017 1 0.2058 0.0611 R
4-Jan-2017 | 1220.95 0.0611 5-Jan-2017 1 0.1623 0.0583 A
5-Jan-2017 | 1207.25 0.0583 6-Jan-2017 1 0.2007 0.0560 |
6-Jan-2017 | 1196.5 0.0560 9-Jan-2017 1 0.2309 0.0548 N
9-Jan-2017 | 1190.7 0.0548 10-Jan-2017 1 0.2471 0.0561 |
10-Jan-2017 | 1196.9 0.0561 11-Jan-2017 1 0.2298 0.0566
11-Jan-2017 | 1199.3 0.0566 12-Jan-2017 1 0.2230 0.0580 G
12-Jan-2017 | 1206 0.0580 13-Jan-2017 1 0.2042 0.0542
13-Jan-2017 | 1187.4 0.0542 16-Jan-2017 1 0.2564 0.0519 D
A
T
A
29-Dec-2020 | 2376.5 0.3015 | 30-Dec-2020 3 0.2897 0.3056 S
30-Dec-2020 | 2396.35 0.3056 | 31-Dec-2020 3 0.2658 0.3090 E
31-Dec-2020 | 2412.8 0.3090 1-Jan-2021 3 0.2461 0.3095 T
1-Jan-2021 | 2414.85 0.3095 4-Jan-2021 3 0.2436 0.3083 TE
4-Jan-2021 | 2409.25 0.3083 5-Jan-2021 3 0.2504 0.3292 ST
5-Jan-2021 | 2509.45 0.3292 6-Jan-2021 3 0.1301 0.3276 IN
G
DA
28-Dec-2021 | 4844.2 0.8149 29-Dec 2021 6 0.6617 0.8424 TA
29-Dec 2021 | 4976.6 0.8424 | 30-Dec 2021 6 0.5637 0.8412 SE
30-Dec 2021 | 4970.75 0.8412 - - - - T
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Figure 4.2.(I1): Actual and forecasted closing prices of aI(IJ)companies.

The actual and forecasted closing prices for all companies are depicted in
Figure 4.2.1(a)-(j). Actual closing prices are given in blue, whereas forecasted
closing prices using MLP and SVM are shown in green and orange, respectively.
In the plots, a dotted line separates the training and testing data. Training data is
plotted before the dotted line, and testing data is plotted after. The plotted graphs
show that the proposed method utilizing MLP fit the time series quite well and
provided a better forecast than SVM. Thus, we further proceed with the forecasted

closing prices by MLP.
4.2.2 Portfolio construction

In this section, the annual return and risk of all the stocks for the year 2021 are
estimated using the forecasted prices. The companies are ranked based on their return-
risk ratio. Ranking of companies is shown in Table 4.2.5. A portfolio of top five
companies is built, which includes APOLLOHOSP, SBIN, PIDILITIND,
TATASTEEL, and TCS.
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Table 4.2.5: Ranking of the companies

Stocks Return Risk Retu rn_-Risk Ranking
ratio

APOLLOHOSP 0.7525 0.0232 32.44 1
ASHOKLEY 0.2523 0.0253 9.97 9
BAJFINANCE 0.3325 0.0235 14.15 7
DIVISLAB 0.1823 0.0185 9.82 10
JUBLFOOD 0.2923 0.0205 14.26 6
PIDILITIND 0.3250 0.0152 21.38 5
RELIANCE 0.2150 0.0162 13.27 8
SBIN 0.5178 0.0241 21.49 4
TATASTEEL 0.6025 0.0250 24.10 2
TCS 0.2705 0.0120 22.54 3

4.2.3 Portfolio optimization

The ACO portfolio optimization algorithm is executed in jupyter notebook.

The parameters are set the as 7y = 0.02, « = 0.2, = 0.3, m =0 and M = 0.8, and

iterated up to 500 epochs. The maximum return is found as 0.5175. The ratio

allocation obtained for this return is given in Table 4.2.6. Figure 4.2.2 depicts the

accumulation of ants to the optimum objective values in each iteration and Figure

4.2.3 shows convergence of the objective value as per the propose model. It is clear

from these figures that proposed ACO algorithm can effectively solve the proposed

portfolio model.

Table 4.2.6: Ratio allocation for the proposed portfolio

APOLLOHOSP SBIN PIDILITIND TATASTEEL TCS
0.2081 0.2081 0.2081 0.1877 0.1877
Results and Discussion ............... &
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Figure 4.2.3: Convergence of Sharpe ratio

4.2.4 Effectiveness of the proposed model

To examine the effectiveness of the proposed forecasting model, the root mean
square error (RMSE) and symmetric mean absolute percentage error (SMAPE)
between forecasted and actual data are calculated for all companies (shown in Table
4.2.7). Itis clear by the table that MLP has a lower RMSE and SMAPE than SVM. As
a conclusion, it demonstrates that the proposed forecasting model through MLP

training is extremely effective.
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Table 4.2.7: RSME and SMAPE between the forecasted and actual closing price

Stocks RSME by SMAPE by RSME by SMAPE by
MLP MLP SVM SVM
APOLLOHOSP 102513 1.6157 774.382 14,0813
ASHOKLEY 3.003 1.8357 5.040 3.1936
BAJFINANCE 126.39 1.504 1754.370 23.957
DIVISLAB 71.038 1.2039 554.42 11.827
JUBLFOOD 73.914 1.6148 761.326 23.104
PIDILITIND 31.261 1.1379 297.543 13.639
RELIANCE 37.394 1.2821 136.817 5.0326
SBIN 8.452 1.549 43.713 8.652
TATASTEEL 31.494 2.323 137.274 9.890
TCS 47.509 1.065 358.142 10.195

Table 4.2.8 displays the actual annual return and volatility with the annual

return and volatility estimated by forecasted prices. It can be seen that the actual and

predicted results are extremely close. Estimated return of the proposed portfolio is

also found close to actual portfolio return as presented in the Table 4.2.9. This

validates the model's applicability for portfolio stock selection.

Table 4.2.8: Comparison of return and volatility between the forecasted and
actual closing prices

Stocks Actual annual Forecasted Actggl Forecz?\s_ted
return annual return volatility volatility
APOLLOHOSP 0.8016 0.7525 0.0251 0.0232
ASHOKLEY 0.2696 0.2523 0.0243 0.0253
BAJFINANCE 0.3179 0.3325 0.0208 0.0235
DIVISLAB 0.2160 0.1823 0.0159 0.1857
JUBLFOOD 0.2890 0.2923 0.0214 0.0205
PIDILITIND 0.3440 0.3250 0.0141 0.0152
RELIANCE 0.2050 0.2150 0.0163 0.0162
SBIN 0.5378 0.5178 0.0212 0.0241
TATASTEEL 0.6255 0.6025 0.0263 0.0250
TCS 0.2657 0.2705 0.0132 0.0120
Table 4.2.9: Comparison between the portfolio returns
Portfolio annual return by forecasted stock prices 0.4958
Portfolio annual return by actual stock prices 0.5175

Results and Discussion
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Model [3]: An effective hybrid MCDM approach of portfolio construction
using modern portfolio theory

The considered model has been illustrated with the help of NSE stocks aiming

to construct a portfolio which fulfills the appeal of MPT. There are plenty of factors

(such as growth, safety, performance, demand, and risk) that decide the functionality

of a stock in future. In this study, 5 fundamental criteria are considered that investors

or decision makers seek before investing in some stock. The criteria are as follows:

1.

Revenue(C,): Revenue depicts the growth of the company. The company is
considered to be profitable if it earns revenue more than its expenses. Investors
ponder the revenue as the health of the company before investing their money

in the company.

Debt Equity Ratio (D/E)(C,): Debt equity Ratio of a company is calculated
by dividing the debt of the company to the share holder’s equity (share holders
fund). It reflects the ability of a company to outstand of all the debts if the
market downturn eventually. The company having D/E less than 1 is

considered good for investment.

Return on Equity (ROE) (C3): Return on equity is one of the important
ratios for fundamental analysis of a stock. It measures the return or profit
earned per share holder’s equity. High ROE of a company is preferred by

investors to get more return on their investment.

Price to Earnings ratio (P/E) (C4): Price to Earnings ratio measure that price
of a share corresponding to the earning per share. It interprets that the stock of a
company is overvalued or not. Investors try to look for a company in which

they have to invest less for earning more.

Price to Book Value ratio (P/B) (Cs): Price to Book Value ratio is calculated
by dividing the market price to book price of a share. It depicts the market’s
value to its book value. Investors use this ratio for indentifying the potential of
the stock for future investment. Stocks having P/B less than 1 are preferred as

good investment.
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So, the two criteria revenue (C;) and ROE (C;) are considered as beneficial

criteria. D/R (C,), PIE (C,) and P/B (Cs) are taken as non-beneficial or cost criteria.

Stocks of following 20 NSE companies are taken as alternatives to investigate

them over five mentioned criteria:

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Apollo Hospitals Enterprise Ltd. (APOLLOHOSP) (4,)
Reliance Industries Limited (RELIANCE) (4,)

Oil & Natural Gas Corporation Limited (ONGC) (43)
Jubilant Foodworks Limited (JUBLFOOD) (A,)
HDFC Bank Limited (HDFCBANK) (4:)

State Bank of India (SBIN) (4¢)

Bajaj Finance Limited (BAJFINANCE) (4,)

Dr. Reddy’s Laboratories Limited (DRREDDY) (Ag)
Aurobindo Pharma Limited (AUROPHARMA) (4,)
Tata Steel Limited (TATASTEEL) (4,,)

Divi’s Laboratories Limited (DIVISLAB) (A7)

ICICI Bank Limited (ICICIBANK) (4;2)

Pidilite Industries Limited (PIDILITIND) (4,3)

Tata Consultancy Services Limited (TCS) (414)
TITAN Company Limited (TITAN) (4;5)

Ultra Tech Cement Limited (ULTRACEMCO) (44¢)
Asian Paints Limited (ASIANPAINT) (4,7)

Kotak Mahindra Bank Limited (KOTAKBANK) (4;5)
JSW Steel Limited (JSWSTEEL) (449)

Hindustan Uniliver Limited (HINDUNILVR) (4,,)

Results and Discussion ............... &
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4.3.1 Determination of criteria weights by NBCM

Out of the five criteria return on equity (ROE) (C3) is set as base criteria. The

relative importance of ROE (Cs) to other criteria given by the expert is shown in

Table 4.3.1.

Table 4.3.1: Base-comparison matrix

Revenue (C,) DER (C,) PIE (C,) PIBV (Cs)
ROE(C5)(crisp) 5 7 4 9
(4,5,6); (6,7,8); (3,4,5): (9,9,9);
TFNs (0801502 | ‘090101 | ‘0603504 | {100
Deterministic 4.594 7.088 2775 10.125

The base- comparison vector is obtained as follows:
Ay, = {4.594,7.088,2.775,10.125}

The optimal weights (wj) of each criterion can be derived on solving the following

nonlinearly constrained optimization problem:
Min &

satisfying the following conditions:

W3
—_—— 4.595| <¢,

141

w3
—_—— 7.088| <¢,
w»

w3
—_—— 2.775| <¢,
Wy

W3
—_—— 10.125| <¢
Ws

wy+w, +wz+w,+wg =1
W1, Wo, W3, Wy, Ws = 0

After solving above problem, the criteria weights are w; = 0.1197,w, =
0.0776,ws = 0.55,w, = 0.1982,ws = 0.0543 and & = 0. Hence, the consistency

ratio is optimum and the solutions are fully consistent.
4.3.2 Pairwise comparison of stock by PROMETHEE I

In this section, PROMETHEE | method is executed for comparing the stocks.
For this, quarterly data of 11 years (from Jan 2010 to Dec 2020) of the stocks is

Results and Discussion ............... rd




135

collected from the websites http://www.investello.com and http://www.ratestar.in.
The collected data is multidimensional, therefore, we applied exponential moving
average (EMA) given in equation (4.3.1) to convert the data into a single

deterministic value.

Exponential moving average (EMA)

= current value x k + EMA(previous time stamp) * (1 — k)

here, k is the smoothing constant and k = 2/(time period + 1).

(4.3.1)

The single numeric value is taken as the evaluation value of each alternative

by taking k = 4. The evaluation table Ej; is given in the Table 4.3.2.

Table 4.3.2: Evaluation table (E};)

Stocks Revenue (C,) | DER (C;) | ROE (€C3) | PI/IE (Cy4) P/B (Cs)
APOLLOHOSP(A,)) 9300.04 1.014 9.339 93.705 7.890
RELIANCE(A,) 511663.60 0.737 10.258 22.35 2.253
ONGC(A;) 390249.70 0.481 9.567 9.729 0.816
JUBLFOOD(Ay) 3376.76 0.0004 22.099 83.684 20.079
HDFCBANK(As) 118167.20 0.357 15.783 26.453 4.148
SBIN(As¢) 365657.50 3.122 4.347 55.626 1.262
BAJFINANCE(A,) 18341.78 4.520 17.556 43.238 7.372
DRREDDY (Ag) 16556.73 0.264 13.050 30.281 3.897
AUROPHARMA(A) 19118.55 0.453 19.323 15.863 2.941
TATASTEEL (A1) 145832.20 1.674 6.418 9.472 0.924
DIVISLAB(A1) 4783.90 0.008 19.310 40.616 7.329
ICICIBANK (A1) 129738.40 2.667 7.448 35.384 2.064
PIDILITIND(A3) 6699.10 0.039 24.872 64.413 14.983
TCS(A1) 141259.00 0.0006 35.543 25.287 8.387
TITAN(As) 18139.04 0.245 14.647 77.338 15.032
ULTRACEMCO(Ay) 36986.65 0.648 11.513 36.098 3.729
ASIANPAINT(A:7) 18434.92 0.056 17.550 18.996 16.306
KOTAKBANK(Ass) 42500.38 0.839 12.646 34.391 4.480
JSWSTEEL (Ay) 70748.37 1.601 14.703 14.525 1.845
HINDUNILVR(Ay) 37694.80 0.007 78.643 70.781 53.329
Results and Discussion ............... rd
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For each criterion, the preference function and their corresponding threshold

parameters are set up according to the expert suggestion presented in Table 4.3.3. The
execution of the PROMETHEE 1 is done on visual PROMETHEE software. Table

4.3.4 represents flow value of each alternative regarding individual criteria on the

basis of preference function. The computed values of positive outranking flow ¢*,

negative outranking flow ¢~ and net flow (¢ = @* — ™) of each company are

summarized in Table 4.3.5. Using the flow values, the companies are compared and

partial ranking is generated. Figure 4.3.1 displays the obtained partial ranking network

of companies.

Table 4.3.3: Preference functions and threshold parameters

Criteria Revenue DER ROE P/E P/B

Weights 0.1197 0.0776 0.55 0.1982 0.0543
Preference Function U-Shape U-shape | Usual | U-shape | Linear
Indifference threshold 10000.00 2.0 - 20.761 13.213
Preference threshold - - - - 23.641

Table 4.3.4: Flow value of alternatives (stocks) corresponding different criteria

C: C, Cs C, Cs C, C, Cs C, Cs

A; | -0.579 | 0.105 |-0.684|-0.895| 0.053 | A;; | -0.842 | 0.158 | 0.368 | 0.105 | 0.053
A, | 1.000 | 0.105 |-0.474|0.421| 0.080 | A;, | 0.474 | -0.632 |-0.790| 0.158 | 0.082
A; | 0.895 | 0.158 |-0.579|0.632 | 0.105 | A;3 | -0.790 | 0.158 | 0.790 | -0.632 | 0.041
A, | -0.842 | 0.158 | 0.579 |-0.737|-0.185| A4, | 0.632 | 0.158 | 0.895 | 0.368 | 0.053
As | 0.368 | 0.158 | 0.053|0.368 | 0.066 | A;s | -0.421 | 0.158 | 0.684 | -0.737 | 0.040
As | 0.790 | -0.790 |-1.000|-0.316| 0.096 | A;s | 0.053 | 0.158 |-0.368| 0.158 | 0.069
A; | -0.421 | -0.895 | 0.263 | 0.053 | 0.053 | A;; | -0.421 | 0.158 | 0.158 |-0.632 | 0.005
Ag | -0.474 | 0.158 (-0.158| 0.316 | 0.068 | A;g | 0.053 | 0.105 [-0.263| 0.263 | 0.065
Ag | -0.421 | 0.158 |0.474|0.474| 0.073 | A | 0.263 | 0.053 [-0.053| 0.579 | 0.084
A | 0.632 | 0.053 [-0.895|0.684 | 0.102 | Ay | 0.053 | 0.158 | 1.000 | -0.632 | -1.000
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Table 4.3.5: Positive flow, negative flow and net flow of alternatives (stocks)

Alternatives ot 17 17 Alternatives @t Q Q
A 0.0979 | 0.7099 | -0.612 Ay 0.4541 | 0.3163 | 0.1378
A, 0.3605 | 0.4053 | -0.0449 A 0.2132 | 0.604 | -0.3908
A; 0.3724 | 0.4406 | -0.0682 Az 0.5178 | 0.2887 | 0.2291
Ay 0.4494 | 0.3756 | 0.0738 Ay 0.7038 | 0.0479 | 0.656
As 0.4603 | 0.2984 | 0.162 Ass 0.4973 | 0.3029 | 0.1944
As 0.1436 | 0.7179 | -0.5743 Agg 0.309 | 0.4581 | -0.1491
A; 0.4318 | 0.3936 | 0.0382 Ay 0.3629 | 0.4392 | -0.0763
Asg 0.3332 | 0.3982 | -0.065 A 0.3441 | 0.4187 | -0.0746
Ag 0.5344 | 0.2141 | 0.3203 A 0.4596 | 0.3336 | 0.126
Ao 0.2688 | 0.5401 | -0.2713 Ay 0.6295 | 0.2404 | 0.3892

A6

A12

Figure 4.3.1: Partial ranking network of stocks by PROMETHEE |

4.3.3 Selection of stocks

Al

The selection procedure of stocks is conducted in this section. For this, the

adjusted closing price data of each company from 01-Jan-2020 to 31-Dec-2020 are

taken and correlation between their per day returns is calculated. Figure 4.3.2 shows

the correlation between each pair of stocks of 20 companies.

Results and Discussion
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Figure 4.3.2: Correlation between the stocks.

The selection of stock is done according to the depicted four cases in section
3.3.2.3. From Figure 4.3.2, it can observe that all the stocks are positively correlated
to each other. The pair of stocks correlating above 0.6 consider highly dependent.
Stocks are considered moderately dependent having correlation coefficients between
0.4 to 0.6 and below 0.4 stocks are very less dependent on each other. From the
comparison relation network in Figure 4.3.1, we can see A,, is preferred over all the
stocks. It implies that A,, outperforms than all alternatives under the specified criteria
and should consider as most valuable asset for the portfolio. Therefore, we select A;,
as first asset of the portfolio. After A;, , A9 and A,, are preferred over remaining
stocks but A9 and A,, are incomparable. Here, the selection of next stock is done as
described in case 1 of proposed method. The correlation coefficient for the pair
(A14,A50) 15 0.40 while for the pair (A4, Aq) its value is 0.31. Hence, A;, and A, are
less related to each other. Therefore, A, is picked as second asset. Then the network
depicts to prioritize A;3 over other remaining stocks and the correlation coefficients
of A, with selected stocks (A4, 49) are (0.36, 0.39). A,5 is very less dependent on
first two stocks, so we consider A, as third stock of the portfolio. A, is directing to

Ac and A;s however Ac is better choice for fourth asset as the correlation coefficients

Results and Discussion ............... rd
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of as with the already picked securities is {0.42, 0.34, 0.38} which is less with the
securities as compared to A;s. Then Ag indicates to two incomparable stocks A;;
and A,;9. Comparing the correlations of A;; and A;o with selected four stocks
observed as {0.5, 0.48, 0.41, 0.33} and {0.54, 0.4, 0.46, 0.6} respectively, as the
result A;; found less dependent of all stocks which conclude to choose A;;.
After A;,, A, and then A, are preferred. A, is having high correlation with As but
correlation with other selected asset are less as compare to A,. Here, we use strategy

of case 3 to promote diversification. The difference between ¢@(4,) and u =

mean(@(A411), p(A4,), p(A45)) is found nearest to % As a result, A, has been selected.

For the seventh asset there are four choices among Ag, A, A;; As. The correlation
coefficients of Ag, A,, A;; Az with 6 selected stocks are noted as {0.3, 0.51, 0.34,
0.18, 0.55, 0.39}; {0.51, 0.34, 0.39, 0.54, 0.32, 0.45}; {0.35, 0.31, 0.72, 0.42, 0.39,
0.53}; {0.46, 0.26, 0.25, 0.27, 0.29, 0.37}, respectively. A5 is observed as ideal choice
among all. From the preference network A4, A, and A, are chosen as eighth, ninth
and tenth assets of the portfolio. All three assets have adequate difference between the
net flows. Thus, a portfolio of 10 stocks is built { A;4, Ay, A3, As, A1y, Ay A3, Age,
A;y, A1} by choosing the path of the preference network which have diversified

stocks with significant priority character.
4.3.4 Portfolio Optimization

The PSO code for portfolio optimization is executed in Google Colaboratory
with the securities’ data given in the Table 4.3.6 and set the parameters 1y = 0.02,
a=0.28=03m=0and M = 0.8. We have taken 20 particles, w = 0.5, ¢; =1,
c, = 2 and optimize up to 500 iteration. The optimal solutions i.e. ratios obtained
after execution are given in Table 4.3.7. The maximum value of the objective function
converged to 1.67 as shown in Figure 4.3.3. For this, the maximum return is found as
0.501 with minimum volatility as 0.259. This clarifies the effectiveness of the

implemented PSO algorithm for the optimizing proposed portfolio.

Results and Discussion ............... &



Table 4.3.6: Data of stocks for formulation of objective function
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- Covariance
Securities|Returns| Stdev
Ay | A9 | A3 | As | Ay | Ay A3 | Ass | A0 | A4
A, ]0.3799 |0.0221 |A,,|0.123| 0.068| 0.043| 0.061| 0.046| 0.080| 0.087| 0.065| 0.087| 0.052
A, 0.8908 [0.0390 | A, | 0.068| 0.384| 0.081| 0.088| 0.111| 0.107| 0.087| 0.087| 0.106| 0.067
A;; |0.2864 |0.0214 |A,5 | 0.043| 0.081| 0.116| 0.054| 0.052| 0.076| 0.046| 0.070| 0.051| 0.057
As 0.2015 |0.0260 | A5 | 0.061| 0.088| 0.054| 0.171| 0.051| 0.086| 0.062| 0.088| 0.107| 0.063
A;; |0.8566 |0.0235 |A,,|0.046 0.111| 0.052| 0.051| 0.140| 0.081| 0.059| 0.061| 0.076| 0.072
A, 0.6001 |0.0298 | A, | 0.080| 0.107| 0.076| 0.086| 0.081| 0.224| 0.094| 0.114| 0.118| 0.114
A, -0.098 [0.0341 | A; | 0.087| 0.087| 0.046| 0.062| 0.059| 0.094| 0.295| 0.098| 0.145| 0.088
A;s  ]0.3602 |0.0246 |A,4 | 0.065| 0.087| 0.070| 0.088| 0.061| 0.114| 0.098| 0.153| 0.116| 0.098
A, ]0.4675 |0.0311 [A,,| 0.087| 0.106| 0.051| 0.107| 0.076| 0.118| 0.145| 0.116| 0.245| 0.082
A,  ]0.6392 [0.0293 | A, | 0.052| 0.067| 0.057| 0.063| 0.072| 0.114| 0.088| 0.098| 0.082| 0.216
Table 4.3.7: Weight allocation of proposed portfolio
Rank based | 369 | 0,124 | 0.124 | 0.124 | 0.124 | 0.027 | 0,027 | 0.027 | 0.027 | 0.027
weights
17
16 A
E 15 A1
E 14 -
E 13
E
212
§ 11 A
=
10 A1
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Iterations

Figure 4.3.3: Convergence of the objective function

4.3.5 Comparative analysis

4.3.5.1 Comparison with other portfolios

In this section, we constructed different portfolios obtained by other ranking
method such as TOPSIS, VIKOR, SAW, EDAS, COPRAS and PROMETHEE Il and

compared with constructed portfolio in the previous section. Table 4.3.8 shows the

ranking of stocks evaluated by aforementioned methods. Table 4.3.9 displays the

portfolios constructed by different methods.
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To compare the performance of the different portfolios, the optimization
problem (mentioned in subsection 3.2.2.3) is solved for all the portfolios. Obtained
rank wise optimal ratios to the securities for different portfolios are presented Table
4.3.10. Table 4.3.11 displays total return, volatility or risk and Sharpe ratio obtained
for different portfolios. From Table 4.3.11, it can notice that portfolios constructed by
TOPSIS, VIKOR, SAW, EDAS and COPRAS gave almost same return with almost
same tolerable risk. Portfolio constructed by PROMETHEE Il gave 42.6% return of
with 27.1% risk, its Sharpe ratio is 1.50. But the proposed portfolio outperforms
overall portfolios with maximum Sharpe ratio 1.67 and gave maximum return of
50.1% with 25.9% minimum risk. Figure 4.3.4 and Figure 4.3.5 display the
comparison graphically. Thus, the proposed portfolio is best for investment. The
comparison analysis proves that the proposed method of portfolio construction

provides diversification and gives more return over risk.

Table 4.3.8: Ranking of alternatives (stocks) by different methods

Alternatives | TOPSIS | VIKOR | SAW | EDAS | COPRAS | PROMETHEE II
Ay 20 20 20 20 20 20
A, 8 5 11
Az 10 3 13
A, 11 6 15 12
As 7 10 4 6
As 18 19 13 19 17 19
Ay 13 15 14 17 18 10
Asg 14 13 15 11 11 12
Ag 5 3 3 5 3
Ao 17 17 16 13 17
A 7 5 12 6 8 7
A 19 18 18 18 19 18
A3 3 4
Ay 2 1
Ass 4 11 10 10 5
Asg 16 16 19 14 16 16
Asr 11 12 16 13 14 15
Asg 15 14 17 12 15 14
Axg 12 10
Az 1 1
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Methods Securities
TOPS | S Azo A14 A13 A15 Ag A4 All A2 A5 A3
VIKOR Ap | A | Ag | Az | A | Ao | As | As | As | Ap
SAW Ap | A | Az | Ao | A2 | Ay | Ao | Ao | Az | As
EDAS A | Ao | Ag | As | A2 | Au | As | Az | A | Ass
CO P RAS AZO Al4 A3 A2 AlO A5 AlS All A19 A15
PROMETHEE I A | A | Ag | Az | As | As | A | A | As | A
PROPOSED METHOD | Ay | Ay | Az | As | A | Ay | As | A | A | A
Table 4.3.10: Rank wise weights allocation to the stocks of different portfolios
Methods Weights
TOPSIS 0.271 | 0.271 | 0.261 | 0.261 | 0.117 | 0.013 | 0.013 | 0.013 | 0.013 | 0.013
VIKOR 0.364 | 0.353 | 0.059 | 0.059 |0.0376|0.0376|0.0376|0.0376|0.0376| 0.0
SAW 0.406 | 0.366 | 0.028 | 0.028 | 0.028 | 0.028 | 0.028 | 0.028 | 0.028 | 0.028
EDAS 0.315 | 0.315 | 0.061 | 0.061 | 0.061 | 0.061 | 0.061 | 0.061 | 0.0 0.0
COPRAS 0.329 | 0.274 | 0.066 | 0.066 | 0.066 | 0.066 | 0.066 | 0.066 | 0.0 0.0
PROMETHEE 11| 0.304 | 0.291 | 0.081 | 0.081 | 0.081 | 0.081 | 0.081 | 0.0 0.0 0.0
PROPOSED 0.369 | 0.124 | 0.124 | 0.124 | 0.124 | 0.027 | 0.027 | 0.027 | 0.027 | 0.027
METHOD
0.6 - B Annual return
’ | Volatility(Risk) 18 -
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1 .
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Figure 4.3.4: Annual return and volatility
obtained by different

of portfolios
methods

Figure 4.3.5: Sharpe ratio of portfolios
obtained by different methods
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Table 4.3.11: Comparison between different portfolios

Methods Return Volatility Sharpe Ratio
TOPSIS 0.324 0.268 1.13
VIKOR 0.333 0.282 1.11
SAW 0.333 0.286 1.09
EDAS 0.366 0.278 1.24
COPRAS 0.327 0.277 111
PROMETHEE II 0.426 0.271 1.50
PROPOSED METHOD 0.501 0.259 1.67

4.3.5.2 Comparing rank based and rank irrelevant portfolio

In the proposed model investment ratio are assigned to the assets based on the

ranking order i.e. higher ratio is assigned to higher rank asset. We solve the proposed

optimization problem without rank constraint and obtained rank irrelevant weights of

the securities (alike the procedure of (Bhattacharyya et al., 2014, Markowitz, 1952).

Table 4.3.12 presents the rank irrelevant ratio allocation of the proposed portfolio.

Table 4.3.13 shows comparison between performances of rank based and rank

irrelevant portfolio and Figure 4.3.6 graphically presents the comparison.

Table 4.3.12: Rank irrelevant weight allocation of proposed portfolio

A14

4o

A13

As

A11

Ay | Aj

A16 AlO Al

Rank 0.095
irrelevant

0.075

0.095

0.179

0.169

0.123 [0.055

0.082 [0.094 |0.034

The comparison clears that the rank based portfolio gives more return with

less risk as compared to rank irrelevant portfolio. Its Sharpe ratio is also higher than

rank irrelevant portfolio. This certifies the rootedness and effectiveness of the

proposed portfolio model and ranking system.
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Table 4.3.13: Rank relevant and rank irrelevant performance of proposed

portfolio
Return Risk Sharpe Ratio
Rank based 0.501 0.259 1.67
Rank irrelevant 0.427 0.295 1.42

2 -
M Rank based
1.5 A
M Rank irrelevant
1 -
0.5 -
0

Annual return Volatality(Risk) Sharpe Ratio

Figure 4.3.6: Rank based vs rank irrelevant portfolio

4.3.5.3 Comparison with existing models

In this section, we compared the portfolios obtained by proposed method with
some recent models developed by (Thakur et al., 2018, Naveenan, 2019, Narang et
al., 2021 and Narang et al., 2022). Table 4.3.14 displays the comparison between the
annual returns obtained by the other models and proposed model. The comparison

shows that proposed portfolio gain maximum profit.

Table 4.3.14: Comparison of proposed model with other models

Models Thakur et Naveenan Narang et | Naranget | Proposed
al. (2018) (2019) al. (2021) | al. (2022) method
Year 2016 2019 2020 2020 2020
Annual 0.1301 0.17 0.2361 0.1672 0.501
return
Results and Discussion ............... p
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4.4  Model [4]: A portfolio construction model based on sector analysis using
Dempster-Shafer evidence theory and Granger causal network

The proposed model has been illustrated with the help of a case study on NSE
sectors. NSE comprises various sectors, for this study, following 12 major sectors are
taken: Auto, Bank, Consumer durables, Financial services, Fmcg, Healthcare, IT,
Media, Metal, Oil & Gas, Pharma, and Reality.

4.4.1 D-S theory for ranking sectors of NSE

Four breadth indicators (ADX, RSI, SMA and SRS) are considered as
evidences for sector analysis. The first three evidences for each sector are collected
every six months for the financial years 2016 to 2020 from the website
https://www.definedge.com/tradepoint-web/. The SRS indicator is determined based
on its performances in the last six months of the year 2020. To ensure independency
between the evidences as required to apply the Dempster-Shafer theory, the evidences
are examined for different time frequencies (for example, ADX is calculated using a
moving window of 30 days, RSI for 14 days, SMA for 200 days, and SRS for 6
months). For more clarification, calculations for Auto sector are demonstrated. Table
4.4.1 shows the value of breadth indicators for every six months from the year 2016 to
2020 for Auto sector. Note the observation of Jan-Jun 2018 in Table 4.4.1, it shows
80 % of stocks in the Auto sector were in a strong upward trend, 53.33 % of stocks
were in strong momentum (above average RSI line), and 73.33 % of stocks were
trading over 200 days simple moving average. Table 4.4.2 shows a matrix of the Auto
sector's relative strength in comparison to the other sectors. In the matrix, a value of 1
indicates that the Auto sector performed better than another sector, while a value of 0
indicates that the Auto sector performed poor. In the last six months of 2020, the Auto

sector outperforms three other sectors.

Table 4.4.1: First three evidences for Auto sector

Jan- | Jul- Jan- | Jul- | Jan- Jul- | Jan- Jul- | Jan- Jul-
Evidences| Jun Dec Jun Dec Jun Dec Jun Dec Jun Dec
2016 | 2016 | 2017 | 2017 | 2018 | 2018 | 2019 | 2019 | 2020 | 2020

ADX 73.33 | 86.66 | 93.33 | 86.66 | 80.00 | 60.00 | 33.33 | 13.33 | 40.00 | 20.00
RSI 0.00 | 60.00 | 53.33 | 66.66 | 53.33 | 40.00 | 0.00 | 6.66 | 86.66 | 86.66
SMA 66.66 | 73.33 | 73.33 | 73.33 | 73.33 | 80 | 73.33 | 73.33 | 73.33 | 80.00

Results and Discussion ............... &
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Table 4.4.2: Relative strength of Auto sector

Con. | Healthcare | Oil& |[Bank|Fmcg | Fin. | It |Media| Metal | Pharma |Realty
dura. Gas Serv.

Auto 0 1 0 0 1 0 0 0 0 1 0

The data collected by ADX and RSI breadth indicators were found to be
randomly distributed. Experts suggested giving more weight and significance to the
recent behavior of the sector. Therefore, we computed exponential moving average of
data collected by ADX and RSI breadth indicators. Thus, value (in percent) such
obtained manifest an average portion of the sector which is inclined to the recent trend
as well as accounts the previous years’ performance. This value has been set as the

basic probability as an evidence favoring future potential in the sector.

On noticing the observations of the SMA breadth indicator, we found a high
frequency of a particular value in the collected data. The higher frequency value
denotes the numbers of stocks of the sector that are traded above than 200 days
moving average value usually. Hence, the mode of the historical observations is
considered for BPA.

For the last evidence SSR, BPA value is obtained by dividing “the number of
sectors by which the given sector performed better” by “the total number of sectors on

which the comparison performed.”

Again explaining for the Auto sector, the exponential moving average of
observations of ADX and RSI breadth indicators are computed as 24.86% and
78.08%, respectively. According to the ADX breadth indicator, BPA assigned as
0.2486 in the support of evidence towards the hypothesis “sector is weak”. In the
same manner, according to the RSI breadth indicator, the value of BPA is 0.7808
which advocates the hypothesis “sector is strong”. The mode of the collected data by
the SMA breadth indicator is found 73.33, so 0.7333 has been assigned as BPA which
strongly recommends the hypothesis “sector is strong”. Auto sector outperforms 3
sectors out of 11 sectors. So, the BPA equals 3/11 = 0.2727 has been assigned which
favors the evidence for the hypothesis “sector is weak”. Table 4.4.3 presents the

basic probability assignment (BPA) for all sectors.
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Table 4.4.3: Basic probability assignment (BPA) for all sectors

Sectors ADX RSI SMA SRS
AUTO 0.2486 0.7808 0.7333 0.27
BANK 0.2753 0.2489 0.50 0.45
CONSUMER DURABLES 0.6245 0.3700 0 0.81
FMCG 0.7031 0.4969 0.7031 0.18
IT 0.7991 0.8238 0.7991 0.72
PHARMA 0.7079 0.7502 0.7079 0

MEDIA 0.3664 0.5218 0.10 0.90
METAL 0.7880 0.7666 0.3333 0.36
REALITY 0.5330 0.3474 0 0.90
HEALTHCARE 0.7456 0.8050 0.55 0.09
FINANCE 0.3750 0.4198 0.40 0.63
OIL & GAS 0.4768 0.3551 0.5333 0.54

Proceeding with the Auto sector again, Table 4.4.4 shows the BPA for all four
evidences favoring different hypotheses. Suppose, ADX is the first evidence, the mass
my(WS) = 0.24 represents the belief towards hypothesis “sector is weak” and
m;(0) =1 —0.24 = 0.76 is the belief on the rest of the hypotheses of the frame of
discernment. Consider, RSI as second evidence with m,(SS) = 0.78 and m,(0) =
1 —0.78 = 0.22. Now, the masses of the first two evidences are combined which

generates a new mass ms as shown in Table 4.4.5.

Table 4.4.4: BPA for Auto sector

) Hypotheses
Evidences
WS MS SS
ADX 0.24
RSI 0.78
SMA 0.73
SSR 0.27

Results and Discussion ............... &
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m,(WS) = 0.24 m,(8) = 0.76
m,(SS) = 0.78 @ = 0.1872 SS = 0.5928
m,(0) = 0.22 WS = 0.0528 0 =0.1672

The new mass m4 has been derived as:
m5(SS) = 0.5928/(1 — 0.1872)= 0.729331
ms;(WS) = 0.0528/(1 — 0.1872)=0.064961
m4(0) = 0.1672/(1 — 0.1872)= 0.205709

Now, consider the SMA as third evidence with m,(SS) = 0.73 and m,(6) =
0.27 as given in Table 4.4.6. Again, the masses m; and m, are combined and

generates a new mass ms.

Table 4.4.6: Combining mz (new mass) and m, (mass of third evidence)

m,(SS) = 0.73 m,(0) = 0.27
ms(SS) =0.729331 SS = 0.532411 SS = 0.196919
ms(WS) =0.064961 @ = 0.047421 WS = 0.017539

m5(0)= 0.205709 SS = 0.150167 0 = 0.055541

Using Table 4.4.6 the new mass ms has been calculated as:

0.532411+0.196919+0.150167

ms(SS) = T =0.923281
0017539
ms(WS) = =222~ =0,018413
0055541
ms(8) = =" =0.058306

Now, consider the last evidence SSR having belief value m¢(WS) = 0.27 and

mg(0) = 0.73 , which is combined with the mass ms as given in Table 4.4.7.
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Table 4.4.7: Combining ms (new mass) and mg (mass of four evidence)

me(WS) = 0.27 me(8) = 0.73
ms(SS) =0.923281 @ = 0.249286 SS = 0.673995
ms(WS) =0.018413 WS = 0.004971 WS = 0.013441
ms(0) =0.058306 WS = 0.015743 0 = 0.042564

On combining mg and mg, the new mass m-, is generated as:

0.673995

0.004971+0.013441+0.015743
m;(WS) = 1-0.249286
m,(0) = —22250* 0 056697
1-0.249286

=0.045497

In the same manner, evidences of each sector are combined and the final

masses of the hypotheses are calculated. Table 4.4.8 displays the final masses of all

sectors. The sectors are ranked based on the mass value of the hypothesis “sector is

strong”. From the Table 4.4.8 we can notice that the It sector is ranked at the top and

believed as strongest among all sectors. Six sectors: Auto, Consumer Durables, IT,

Pharma, Metal, and Healthcare are concluded as strong sectors of NSE because of

having more than 80% belief in the hypothesis “sector is strong”.

Table 4.4.8: Ranking of the sectors

Sectors WS MS SS 0 Ranking
Auto 0.045 0.000 0.897 0.056 2
Bank 0.180 0.593 0.000 0.225 12
Consumer durables 0.037 0.072 0.825 0.064 6
Fmcg 0.035 0.425 0.377 0.161 9
IT 0.007 0.000 0.982 0.010 1
Pharma 0.000 0.083 0.847 0.068 5
Media 0.062 0.091 0.761 0.084 8
Metal 0.065 0.000 0.884 0.049 4
Reality 0.044 0.096 0.773 0.085 7
Healthcare 0.004 0.059 0.887 0.048 3
Finance 0.326 0.137 0.337 0.198 10
Oil & Gas 0.058 0.833 0.000 0.107 11
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4.4.2 Diversification in the strong sectors of NSE

This section proceeds with the top six strong sectors and discovers relations
among them to achieve diversification. The relationship between the price movements
of the strong sectors is determined by using 10 years daily closing prices i.e. real-time
series data (from the year 2011-2020). The data is taken from https://in.finance.

yahoo.com/ and denoised it before doing further analysis.

Kalman filter is simulated for every time series providing initial state same as
in the real data. For instance, the real and filtered data of Auto sector is displayed in
Figure 4.4.1.
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Figure 4.4.1: Actual and filtered closing prices of Auto Sector from in 10 years

The results of the VAR model for lag length selection are displayed in the
Table 4.4.9. The appropriate lag length suggested by above mentioned criteria is 8 for
all time series. Then, the pairwise co-integration test is performed for each sector-pair.
The results of the statistical test determined at 5% level of significance. Table 4.4.10
presents the results of co-integration test displaying p-values for each sector-pair.
P-value less than 0.05 indicates the co-integration between the two time series. After
the pairwise co-integration test, VECM Granger causality test is performed for co-
integrated pairs and VAR Granger causality test for other pairs. The test is done for

5% level of significance. P-value less than 0.05 rejects the null hypothesis and
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advocates the dependency of time series Y; on the lagged values of X, and Y; i.e. Y; is
granger caused by X;. Table 4.4.11 depicts the result of Granger causality test. Values

referring no causal relations are highlighted by the bold character.

Figure 4.4.2 represents the Granger causality network among the sectors. In
the network, each vertex represents a sector and a directed edge from sector A to
another sector B interpreted as A Granger causes B. We target to find a sub-network
of Figure 4.4.2 having the least causal relations or no causal relations while
considering the ranking order of sectors too. Again from Figure 4.4.2, bi-directional
causality exists among Pharma-Healthcare, Auto- Consumer durables, and Metal-
Consumer durables is observed. Investors must avoid investing in both sectors of bi-
directional pairs at the same time. As It sector has been preferred as the best sector to
invest and It doesn’t have causal relationship with Healthcare and Metal. Healthcare
and Metal also don’t cause each other. Therefore, we ended up with three sectors It,

Healthcare, and Metal that are having no dependency among each other as

represented in the sub-network in Figure 4.4.3.

Table 4.4.9: VAR length lag selection criteria

Lag LL LR FPE AlC e
0 -193836.0 NA 2.16e+64 182.1879 182.2199
1 -138490.5 | 110014.7 6.34e+41 130.3069 130.7220
2 -138041.8 | 886.9039 4.76e+41 130.0205 130.8188
3 -137863.8 | 379.8937 4.61e+41 129.9885 131.1700
4 -137714.9 | 290.8983 4.59e+41 129.9839 131.5487
5 -137564.0 | 293.0363 4.56e+41 129.9775 131.9254
6 -137412.0 | 293.6248 4.53e+41 129.9699 132.3011
7 -137287.7 | 238.5845 4.61e+41 129.9885 132.7029
8 -137117.9 | 324.1826 | 4.50e+41* | 129.9642* | 133.0618
9 -136999.0 | 225.7315 4.61e+41 129.9877 133.4685
10 -136842.6 | 295.0250 4.56e+41 129.9761 133.8401
11 -136718.8 | 232.0527 4.65e+41 129.9951 134.2423
12 -136602.6 | 216.4558 4.77e+41 130.0213 134.6517
Results and Discussion ................ rd
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Auto | Consumer IT Pharma | Metal | Healthcare
Durables
Auto - 0.048* 0.686 0.375 0.896 0.738
Consumer Durables - 0.721 0.921 0.020* 0.951
IT - 0.673 0.173 0.812
Pharma - 0.743 0.801
Metal - 0.247
Healthcare -
Table 4.4.11 Granger causality between selected sectors
Auto Consumer IT Pharma Metal Healthcare
Durables
Auto - 0.0003 0.000 0.1979* 0.3058* 0.0243
Consumer 0.000 - 0.5682* 0.0614* 0.0020 0.0001
Durables
IT 0.4334* 0.000 - 0.2814* 0.3746* 0.1846*
Pharma 0.3003* 0.5706* 0.003 - 0.7681* 0.0476
Metal 0.3705* 0.0184 0.1912* 0.1498* - 0.0705*
Healthcare 0.2121* 0.1060* 0.4947* 0.0342 0.0832* -
IT < Pharma
Auto —»  Healthcare
Y / Metal
Consumer durables /
Figure 4.4.2: Causal relations among strong sectors
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Healthcare I
IT l Metal l

Figure 4.4.3: Strong sectors having no causal relationships

4.4.3 Portfolio construction

The share of each sector in the portfolio, i.e. the total number of stocks to be

taken from that sector, is calculated as follows:

0.982

No. of stocks from IT sector = Toea 0.3567 =~ 4

0.887

No. of stocks from Healthcare sector = T7ea = 0.3221 = 3

0.884

No. of stocks from Metal sector = S7ea = 0.3211 = 3

After determining investment portion, the leading stocks of a particular sector
are selected. For this, the top listed stocks of the sector are analyzed based on their
performances in the last 5 financial years (from 2016 to 2020). For example, there are
10 big IT companies listed in the Nifty IT; Table 4.4.12 shows the percentage change
in the closing price of the companies every six months from the year 2016 to 2020. It
can be noticed from the Table 4.4.12 that the IT sector is in profit since 2017. The
stock prices of HCL and TCS companies had been grown in 8 observations out of 10
which are the highest time compared with the rest of the companies. After that
INFOSYS and MPHASIS performed well and remain 7 times in profit out of 10.
Hence, we selected 4 companies HCL, TCS, MPHASIS, and INFOSYS from the IT
sector. The rating of each company in the IT sector is graphically presented in Figure
44.4. In the similar manner, companies from Healthcare sector are selected.
Healthcare sector of NSE comprises 20 big companies. The bar graph in Figure 4.4.5

depicts the rating of 20 companies of healthcare sector. Figure 4.4.5 shows highest
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rating for LALPATH and then same rating to BIOCON, DIVISLAB, IPCALAB and
TORNTPHARM. We choose LALPATH as it is rated at top and two companies
DIVISLAB and TORNTPHARM having less volatility than other two companies.

Again, applying the same procedure for the Metal sector we choose three
companies; ADANIENT, JSWSTEEL and RATNAMANI. The bar graph in Figure
4.4.6 depicts the rating of 15 companies of the Metal sector.

Thus, the composition of the portfolio is as follows:

(HCLTECH)

« Tata Consultancy services
(TCS)

«Infosys Limited (INFY)

» Mphasis Limited
(MPHASIS)

*HCL Technologies Limited

«Dr. Lal PathLabs Limited
(LALPATH)

«Divi's Laboratories Limited
(DIVISLAB)

 Torrent Pharmaceuticals
Limited (TORNTPHARM)

« Adani Enterprises Limited

(ADANIENT)

«JSW Steel Limited
(JSWSTEEL)

» Ratnamani metals and tubes

(RATNAMANI)

Table 4.4.12: Change in closing price of the companies in IT sector

Jan- Jul- Jan- | Jul- | Jan- | Jul- Jan- Jul- Jan- | Jul-

Stocks Jun Dec Jun Dec | Jun Dec Jun Dec Jun Dec
2016 2016 2017 | 2017 | 2018 | 2018 2019 2019 2020 | 2020

NIFTY IT -2.87 | -9.76 9.21 | 20.74 | 12.33 | 6.25 0.78 3.35 11.94 | 34.19
COFORGE -18.42 | -8.88 25.7 | 66.08 | 43.3 6.83 -8.18 | 61.39 | -0.84 | 40.46
HCLTECH -13.03 | 7.73 10.08 | 1049 | -2.17 | 4.16 2.92 14.33 | 19.24 | 34.17
INFY -7.82 | -13.53 8.9 13.75 | 18.68 | 9.82 5.88 -2.23 | 24.49 | 30.00
LTTS - - -9.14 | 58.89 | 21.28 | 8.08 -9.10 | 16.53 | -10.00 | 54.8
LTI - - 14.28 | 66.52 | 47.15 | -5.98 | -14.04 | 28.18 | 2456 | 0.51
MINDTREE | -21.38 | -22.15 | 598 | 61.27 | 21.08 | -4.1 | -19.88 | 23.96 | 22.02 | 53.25
MPHASIS 18.58 3.39 8.11 | 48.01 | 28.71 | -12.95 | -6.36 | -0.96 | 24.53 | 32.99
TCS 953 | -14.87 | 11.75 | 249 | 2468 | 3.81 9.51 -5.74 9.73 | 25.48
TECHM -2.68 | -7.33 | -14.67 | 58.78 | 11.12 | 7.51 | -13.07 | 25.2 | -14.43 | 42.77
WIPRO -3.15 | -15.97 | 2596 | 563 | -9.29 | 3357 | -4.19 | -10.74 | 18.64 | 37.48
Results and Discussion ............... rd
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4.4.4 Portfolio optimization

The optimization of portfolio by deep recurrent neural network is executed in
Google Colaboratory for half-year and annual investment in the year 2021. For half-
year investment, daily closing prices and daily returns of securities from (01-Jan-
2021to 30-Jun-2021) and for annual investment, daily closing prices and daily returns
from (01-Jan-2021to 31-Dec-2021) are taken. The past 20 days observations are fed
as single input in the network. Then three hidden layers of simple recurrent neural
network having 20 nodes each are set. The same configuration of the neural network
is adopted for both investments. The adam optimizer is used for training the network.
In mini-batch size 32 it iterated up to 2000 epochs. The optimal solution i.e. allocated
ratios obtained after 2000 iteration for both (half-year and annual) investment is given
in Table 4.4.13. The maximum value of the objective function converged to 0.29 and
0.21 for 6 months and annual data, respectively. The maximum return is found as
0.6731(in six months) and 0.8902 (annually) with minimum volatility as 0.1970 and
0.2503, respectively. Figure 4.4.7 clarifies the effectiveness of the implemented deep

recurrent neural network for the optimizing proposed portfolio.

Table 4.4.13: Ratio allocation to the components of portfolio

Stocks

ADANIENT
DIVISLAB
HCLTECH

INFY

JSWSTEEL

LALPATH
MPHASIS
RATNAM
TCS
TORNTPHARM

o
[op}
s

Half-year | 1.219 0.138 0.051 | 0.229 | 0.609 0.323 | 0.340 | 0.265 | 0.145 | O.
Return

Ratio 0.313 0.006 | 0.016 | 0.017 | 0.288 0.11 | 0.201 | 0.009 | 0.017 | 0.022
allocation

Annual 1.383 0.220 | 0.368 | 0.439 | 0.585 | 0.520 | 0.863 | 0.240 | 0.271 | 0.168
return

Ratio 0.248 0.002 | 0.004 | 0.036 | 0.055 | 0.192 | 0.460 | 0.0001 | 0.001 | 0.001
allocation

Results and Discussion ............... rd
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Figure 4.4.7: Convergence of the objective function

4.4.5 Effectiveness of the proposed model

This model is focused on sector-based portfolio construction by ranking
sectors. To verify the reliability of the ranking system we checked the performance of
the strong sectors recommended by the ranking for next the year 2021. Table 4.4.14
presents half-year and annual expected returns of the strong sectors. All sectors are
found to be in an uptrend in the year 2021. In six months all sectors show more than
10% growth and Metal outperforming others with 60% expected return. Annually, all
sectors show more than 15% growth except Pharma. Metal and IT are found to be
highly rewarding showing more than 50% growth. Metal and IT remained leading
sectors throughout the year. Hence, this proves the applicability of proposed model

for selection of sectors.

All securities of the proposed portfolio also gave positive returns. Massive
growth in the prices of the stocks from Metal sector is noticed. Stocks of the IT sector
and Healthcare sector also performed very well. If we assign equal weightage to each
assets of the portfolio, it gives 39.29% return in half year and 50.75% annually. This

proves the effectiveness of the proposed sector-based portfolio selection model.
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Table 4.4.14: Expected returns of strong sectors

Sectors Half-year Annual
Auto 0.143 0.179
Consumer Durables 0.154 0.463
IT 0.193 0.582
Pharma 0.100 0.094
Metal 0.601 0.694
Healthcare 0.152 0.175

4.4.6 Comparative analysis

4.4.6.1 Comparison of proposed portfolio optimization with other optimizations
algorithms

In this section, we compared the results obtained by the proposed optimization
technique with other classical methods of portfolio optimization. The comparison is
done with three popular methods; the Markowitz model, critical line algorithm (CLA),
and hierarchical risk parity (HRP). Markowitz model is a mean-variance model using
efficient frontier to get three types of optimal portfolio allocations (for minimum
volatility, maximum Sharpe ratio, or maximum return under tolerable risk). Critical line
algorithm (CLA) has been specially designed for optimizing portfolios having
inequality constraints; this algorithm guarantees to provide an exact solution after a
given number of iteration (For more details on CLA see (Niedermayer and
Niedermayer, 2010). Hierarchical risk parity (HRP) is a novel method of portfolio
optimization introduced by Lopez de Prado (2016). HRP uses graph theory and
machine learning techniques to construct a diversified portfolio (For more details on
HRP details see (Lopez de Prado, 2016). We implemented all three optimization
methods for half-year as well as annual investment in the year 2021. Markowitz model
for minimum volatility is implemented. The results obtained by all three optimizers are
given in Table 4.4.15. It is clear from the Table 4.4.15 that proposed model gain
maximum return and the highest Sharpe ratio as compared to other optimizers for both
investments. Figure 4.4.8 and Figure 4.4.9 are graphical illustrations of the comparison.

Hence, it proves the effectiveness of proposed optimizer.
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Table 4.4.15: Comparison of the proposed portfolio optimization model with
other models

For Six month

Return Volatility Sharpe Ratio
Proposed model 67.31% 19.10% 3.29
Markowitz 43.5% 15.7% 2.64
HRP 49.8% 16.6% 2.88
CLA 18.4% 10.9% 1.51
Annual
Return Volatility Sharpe Ratio

Proposed model 89.02% 25.03% 3.26
Markowitz 30.4% 14.3% 1.99
HRP 41.3% 15.4% 2.55
CLA 14.0% 14.3% 0.84

0.9 -

0.8 - ® Proposed model

0.7 - ® Markowitz model

06 - HRP

05 - mCLA

0.4

0.3 1

0.2

0.1 -

0 T T T
Returns (half- Volatility Returns Volatility
year) (half-year) (annual) (annual)

Figure 4.4.8: Comparison between returns and volatility among different optimization
techniques
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Figure 4.4.9: Comparison between Sharpe ratios obtained by different optimization
techniques

4.4.6.2 Comparison with existing models

In this section, the portfolio obtained by proposed model is compared with
some recent models. All mention models are based on ranking of stocks. Table 4.4.16
displays the comparison between the annual returns obtained by the other models and
proposed model. Even without optimization, the proposed portfolio generates a higher
return than other models. The comparison verifies that the proposed sector-based

portfolio construction approach is more effective than other models.

Table 4.4.16: Comparison of proposed model with other models

Narang | Naran Proposed Proposed
Thakur | Naveenan g g portfolio portfolio
Models etal. etal. .
etal. (2019) (2021) | (2022) (without (after
(2018) optimization) | optimization)
Year 2016 2019 2020 2020 2020 2020
Amual | g 1301 | 017 | 02361 | 01672 |  0.5075 0.8902
return
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45  Model [5]: Stock portfolio selection hybridizing fuzzy base-criterion
method and evidence theory in triangular fuzzy environment

To illustrate this model for common Indian investor we employed the

proposed model on following 30 companies of NSE:

1. Adani Enterprises Ltd. 16. Jubilant FoodWorks Ltd.
2. Apollo Hos. Ent. Ltd. 17. Dr. Lal PathLabs Ltd.

3. Ashok Leyland Ltd. 18. Maruti Suzuki India Ltd.
4. Aurobindo Pharma Ltd. 19. Mphasis Ltd.

5. UltraTech Cement Ltd. 20. Nestle India Ltd.

6. Dabur India Ltd. 21. ONGC Ltd.

7. Divi’s Laboratories Ltd. 22. Pidilite Industries Ltd.
8. Dr. Reddy’s Lab. Ltd. 23. Ratnamani M. & T. Ltd.
9. GAIL (India) Ltd. 24. Reliance Industries Ltd.
10. HCL Technologies Ltd. 25. Tata Motors Ltd.

11. Hindutan Unilever Ltd. 26. Tata Steel Ltd.

12. Indiabulls Real Est. Ltd. 27. TCS Ltd.

13. Infosys Ltd. 28. Titan Company Ltd.

14. Jindal Steel & power Ltd. 29. Torrent Phar. Ltd.

15. JSW Steel Ltd. 30. Zee Entertain. Ent. Ltd.

4.5.1 Selection of criteria

For novice investor: As previously stated, return and risk are the two prior
factors for neophyte investor. Different approaches are used to calculate a stock's

return. In this work, we employ the basic formula for calculating return as follows:

Final stock price — Initial stock price
Return of a stock = — - * 100
Initial stock price

Results and Discussion ............... &
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There are various methods as well for calculating risk of a stock. Here, we
used standard deviation, which is the most popular way of measuring risk. It
determines the spread of stock prices from its average price. High standard deviation
refers to wide movement in stock prices and the stock is considered risky. The

annualized standard deviation for daily returns is calculated as follows:

annualized standard deviation = Standard deviation (1,75, 73 ...T;) *Vn
here, n is the number of trading days in a year and r; are the daily returns.

For domain expert: Due to the prevalence of multi-dimensional uncertainties,
domain experts believe that there is no one-size-fits-all strategy for stock analysis.
However, some successful investors, such as George Soros and Warren Buffet, have
suggested to research about some fundamentals of a company financials and
operational statistics while making investment decisions. Fundamental analysis for
stocks considers revenues, risk, debt level, future growth, returns, profit margins, and
other factors to identify a company's underlying value and future development
potential. The stocks’ dataused in this study is collected from the website
https://web.stockedge.com , which provides fundamental indicators in six different
categories, including return ratios, growth ratios, efficiency ratios, cash flow ratios,

solvency ratios, and valuation ratios.

To select the critical measures among six measures we applied the FDM. We
asked ten domain experts to value the importance of six measures for stock analysis.
The geometric mean calculated for six measures are given in Table 4.5.1. The four
measures with a geometric mean greater than 0.6 are considered as critical measures
of a company for stock analysis. These four measures are return ratios, efficiency
ratios, solvency ratios and valuation ratios. These measures further comprise different
indicators of each category. For example, different return ratios for different
perspective like Return on Equity, Return on Capital Employment and Returns on
Assets etc. are used. To choose one most effective indicators among all indicators of
each selected measure, again FDM is employed. The indicators of different measures

and their geometric mean are presented in Table 4.5.2.
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Table 4.5.1: Fundamental measures with geometric mean

Measures Geometric mean
Return Ratios 0.86
Growth Ratios 0.54

Efficiency Ratios 0.78
Cash flow Ratios 0.51
Solvency Ratios 0.65
Valuation Ratios 0.71

Table 4.5.2: Indicators of fundamental measures with geometric mean

Return G.M. | Efficiency Ratios | G.M. | Solvency | G.M. | Valuation | G.M.
Ratios Ratios Ratios
Return on 0.81 EBIT Margin 0.77 Interest 0.64 Price to 0.82
Equity Coverage Earnings
Returnon | 0.62 | EBITDA Margin | 0.85 | Ratio Ratio
Capital PAT Margin | 064 | Total | 075 | Priceto | 0.87
Employed Debt to Book
Returnon | 0.78 Earnings per 0.80 Assets Ratio
Assets Share
Book Value Per 0.74 | Total Debt| 0.86 Price to 0.78
Share to Cash
Asset Turnover | 0.60 | Equity Flow Ratio
Inventory 0.54 Current 0.70 EV to 0.56
Turnover Ratio Ratio EBIT
Debtors Turnover | 0.56 | Quick | 0.54 Ratio
Ratio Ratio
Days of 0.45 EV to 0.54
Receivables EBITDA
Days of Payables | 0.20 Ratio
Days of Inventory | 0.24 Market 0.45
Capto
Working Capital | 0.21 Sales Ratio | 0.46
Days
Dividend Payout | 0.48
Ratio
Effective Tax 0.51
Rate
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Hence the following ratios are chosen for working further: ROE from returns
ratios, EBITDA Margin from efficiency ratios, Total Debt to Equity Ratio from
solvency ratios, and Price to Book Ratio from valuation ratios. The significance of

final four factors is discussed below:

1. Return on Equity (ROE): Return on equity is one of the important return ratios
for fundamental analysis of a stock. It calculates the profit or return per share
holder's equity. The return on equity (ROE) is a measure of a company's
profitability and efficiency in generating profits. Investors prefer a company
with a high ROE because it means investors will obtain a higher return on

their investment. ROE of a company is defined as:

. Company's net income
Return on Equity (ROE) =

Average shareholders' equity

2. EBITDA Margin (EBITDA): It is an efficiency metric that assesses a
company's operational profitability. EBITDA is an abbreviation for earnings
before interest, taxes, depreciation, and amortization. EBITDA eliminates all
of those variables to focus on the most important ones: operating profitability
and cash flow. The higher EBITDA margin of a company indicates the lower
its operating expenses are in relation to total revenue. EBITDA Margin of a

company is calculated as follows:

) (Earnings before interest and tax + Depreciation + Amortization)
EBITDA Margin =

Total revenue

3. Total Debt to Equity Ratio (D/E): Total Debt to Equity ratio is a solvency ratio
of a company is calculated by dividing the debt of the company to the share
holders’ equity (share holders fund). It is most commonly used to determine
how much debt a company is taking on in order to leverage its resources. It
also reflects the ability of a company to outstand of all the debts if the market
downturn eventually. The formula of calculating Total Debt to Equity ratio is:

Total liabilities

Total shareholders’ equity

Total Debt to Equity Ratio (D/E) =

4. Price to Book Value ratio (P/B): The P/B ratio measures how much market

players value a company's stock in comparison to its book value. The book
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value of an asset is the same as its carrying value on the balance sheet, and

companies determine it by subtracting the asset's cumulative amortization. In

other words, if a company liquidated all of its assets and paid off all of its

debt, the amount left would be the company's book value, which reflects the

company's valuation. The P/B is calculated as:

Price to Book Value ratio (P/B) =

45.2

Weight determination of attributes

Market value per share

Book value per share

The novice investors attributes (risk and return) are considered equally

important, therefore both are given equal i.e. 0.5 weightage in this study. The experts

compared the attributes on triangular fuzzy scale given in Table 3.5.1 and the

comparison is presented in Table 4.5.3. Majority of experts suggested ROE as the

most important factor among all and compared importance of ROE with other factors.

By the consensus of all experts, ROE is considered moderate important to EBITDA

Margin, very strong important as compared to D/E and strong important to price to

book value ratio. Using the comparison results, the fuzzy weights of all attributes are

obtained by fuzzy BCM method. The final weights of the attributes are obtained by

calculating GMIR which are presented in Table 4.5.4.

Table 4.5.3: Comparison of experts attributes on triangular fuzzy scale

EBITDA Margin

D/E

P/B

Moderate Important

Very Strong Important

Strong Important

Return on Equity

(Base criterion) (1,1,3/2) (3/2,2,215) (1,3/2,2)
Table 4.5.4: Weights of attributes
Decision Criteria | m u w
makers
Novice Return 0.50 0.50 0.50 0.50
Investor Risk 0.50 0.50 0.50 0.50
ROE 0.3183 0.3183 0.3304 0.32
Domain EBIDTA Margin 0.2202 0.3183 0.3183 0.30
Expert D/E 0.1321 0.1591 0.2122 0.16
P/B 0.1652 0.2122 0.3183 0.22
Results and Discussion ............... e
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4.5.3 Collecting evidences and basic probability assignment (BPA)

The experts suggested the description of the attributes’ frame of discernment
which is given in Table 4.5.5. For example, that the returns of a company in a
particular year below or equal to O is considered as an evidence supporting the
preposition (Bl) i.e. “bad for investment”, return between the interval (0,10]
advocates the preposition (Al) i.e. “average for investment” and return above 10 is
taken as the evidence in support of the preposition “good for investment”. Similarly
the descriptions of all attributes are given. We collected data of thirty companies of
NSE for 9 the financial years 2012-2020. For calculating returns and risk as per
investors concern, stocks’ daily closing price data is obtained for 9 the financial years
2012-2020 from https://finance.yahoo.com/ . Hence, in this manner we get 9
observations for each attribute for each company. The number of observations
supporting each proposition {BI, Al, GI} is noted then divided by 9. The obtained
value is taken as the BPA for the preposition presented in frame of discernment. For
instance, the data collected for Tata Steel is presented in Table 4.5.6. Tata Steel gave
negative returns in 5 years (2013, 2014, 2015, 2018, and 2019), so 5/9= 0.555 is taken
as the BPA for the preposition (Bl), i.e., “bad for investment”, none of the
observation is noticed as the evidence supporting the preposition (Al), i.e., “average
for investment” and 4 observations for the years (2012, 2016, 2017, 2020) are noticed
referring more than 10% returns so 4/9= 0.444 is taken as the BPA for the preposition
(GD), i.e.,
discernment for Tata Steel is calculated which are shown in Table 4.5.7.

“good for investment”. In the same manner all BPA for frame of

Table 4.5.5: Description of attributes frame of discernment

Decision makers Factors BI Al Gl
) Return Below and equal to 0 Between (0, 10] Above 10
Novice Investor -
Risk Above 50 Between [30, 50] Below 30
ROE Below 10 Between [10, 15] Above 15
EBIDTA Margin Below 8 Between [8, 10] Above 10
Domain DOE Below 0.1 or Above 2 | Between [0.1, 0.5) | Between [0.5, 1.5]
Expert or Between (1.5, 2]
P/B Below 0.5 or Above | Between [0.5, 1) or Between [1, 3]
35 Between (3, 3.5]
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Table 4.5.6: Historical data of Tata Steel Ltd.

Decision | coctors | 2012 | 2013 | 2014 | 2015 | 2016 | 2017 | 2018 | 2019 | 2020
makers
Novice | Return | 0.26 | -0.03 | -0.06 | -0.36 | 0.52 | 0.80 |-0.24 | -0.08 | 0.37
Investor Risk 0.34 0.39 0.35 0.40 | 041 | 0.26 | 0.33 | 0.38 | 0.49
ROE 1285 | -19.61 | 9.97 | -11.29 | -1.13 |{-11.87|38.91| 14.20 | 1.43
Domain ES;%T? 1029 | 922 |11.05| 9.24 |501 | 1139 |17.13| 18,55 | 13.19
Expert
DOE 1.36 1.92 1.93 249 | 201 | 244 | 152 | 1.46 1.58
P/B 1.10 0.91 0.96 1.02 | 080 | 1.47 | 1.12 | 0.90 0.43
Table 4.5.7: Basic probability assignment for Tata Steel Ltd.
Decision
Factors Bl Al Gl
makers
Novice Retum 0555 0000 0444
Investor Risk 0.000 0.889 0.111
ROE 0.667 0.222 0.111
Domain EBIDTA Margin 0.111 0.222 0.667
Expert DOE 0.333 0.444 0.222
P/B 0.111 0.444 0.444

4.5.4 Combining evidences and ranking stocks

The data collected for this study is based on the crisp observations, therefore

(ﬁil'j + ﬁiz'j + ﬁf"j) = 1 which means there is no uncertainty in the belief. For further
explanation, the example of Tata Steel is extended. The D-S theory for combining the

expert’s attributes is discussed below:

The evaluations of the attributes are:

S(ad) = {(f1,0.667), (f,,0.222), (f5,0.111)};
S(a3) = {(f,0.111), (f,,0.222), (f5,0.667)};
S(a3) = {(f1,0.333), (f,,0.444), (f5,0.222)};
S(a3) = {(f1,0.111), (5, 0.444), (f;,0.444)}
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The weights of the expert’s attributes are: W, = {wi,wi, w2 w2} =
{0.32,0.30,0.16,0.22}. BPA of the attributes is obtained by calculated by multiplying
with the respective weights and (1 — ), BPA) is considered as the uncertainty or

ignorance (A).

The BPA of the attributes are represented as follows:
m(ad) = {m(al*"), 2(ad)} = {0.21344,0.07104,0.03552, 0.68}
m(a3) = {m(al**),A(a3)} = {0.03333,0.06666,0.20010, 0.70}
m(a3) = {m(al*),A(a})} = {0.05328,0.07104,0.03552, 0.84}
m(a3) = {m(al**), A(a)} = {0.02442,0.09768,0.09768, 0.78}

For combining evidences of first two attributes {a3, a2}, the aggregation

(P = %) is calculated as follows:

P1®2) = [1 - Z{Zm(az’“l) * m(a?'z)}]

= [1 —(0.21344 % 0.03333 + 0.21344 = 0.06666 + 0.21344 % 0.20010 + 0.07104
* 0.03333 + 0.07104 * 0.06666 + 0.07104 * 0.20010 + 0.03552
* 0.03333 4 0.03552 * 0.06666 + 0.03552 * 0.20010)] 1

-1

=1.0975

The new BPAs by combining m(a3) and m(a3) are as follows:
m (a?'“@”) = P(1 @ 2) * {m(al*) * m(al*?) + m(al*") * A(a2) + m(af*?) * 2(ad)}
=1.0975 * (0.21344 % 0.03333 + 0.21344 * 0.70 + 0.03333 * 0.68)

=0.19658
m (a?'(leaz)) =P(1P2)= {m(a?’l) * A(a3) + m(azl’z) « A(a3) + A(ad) = A(ad)}

=1.0975 * (0.07104 * 0.06666 + 0.07104 * 0.70 + 0.06666 * 0.68)

=0.10959
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m (a£3‘(1®2)) =P(1D2)+ {m(azl’l) * A(a3) + m(azl'z) * A(ag) + A(az) * A(a%)}

=1.0975 * (0.03552 % 0.20010 + 0.03552 % 0.70 + 0.20010 * 0.68)

=0.18439
A(af'®?) = P(1 @ 2) « {m(af") « 2(a3) + m(af"*) » A(ad) + A(a}) * 2(a)}
=1.0975 * (0.70 % 0.68)

=0.52244

The obtained BPAs are combined with 3 attribute, and in the similar manner
new generated BPAs are combined with 4™ attribute. After combining all attributes
the final mass values for decision maker i.e. expert are obtained by the formulae given

in equation 3.5.7.

Similarly, the final mass values for both decision makers for all companies are
calculated, which are presented in Table 4.5.8. Further, the obtained final masses of
the preposition “good for investment (GI)” are combined to achieve the ultimate goal
of selecting the best stocks for investment. The final assessment (U) of the
companies is determined by equation (3.5.8). We calculated U for 9 different pair the
weights, i.e., (a,B)={(0.1,0.9),(0.2,0.8),(0.3,0.7), (0.4,0.6), (0.5,0.5), (0.6,0.4), (0.7,0.3),
(0.8,0.2),(0.9,0.1)}, here, a denotes the weightage of novice investor and £ denotes the
weightage of the domain experts in the final decision. Based on the final evaluation
subjected to each pairs of weights the companies are ranked. The final ranking

obtained by unifying the all rankings is presented in Table 4.5.9.
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Table 4.5.8: Final masses of decision makers evaluation

Stocks Novice Investor Domain expert
Bl Al Gl Bl Al Gl
Adani Enterprises Ltd. 0.555 0.198 0.247 0.338 0.261 | 0.401
Apollo Hos. Ent. Ltd. 0.046 0.303 0.651 0.382 0.215 | 0.403
Ashok Leyland Ltd. 0.287 0.368 0.345 0.339 0.028 | 0.633
Aurobindo Pharma Ltd. 0.161 0.589 0.250 0.103 0.099 | 0.798
UltraTech Cement Ltd. 0.000 0.038 0.962 0.175 0.291 | 0.534
Dabur India Ltd. 0.000 0.132 0.868 0.190 0.078 | 0.732
Divi’s Laboratories Ltd. 0.045 0.178 0.777 0.302 0.019 | 0.679
Dr. Reddy’s Lab. Ltd. 0.138 0.200 0.662 0.155 0.239 | 0.606
GAIL (India) Ltd. 0.190 0.206 0.603 0.115 0.156 | 0.728
HCL Technologies Ltd. 0.044 0.251 0.704 0.228 0.059 | 0.712
Hindutan Unilever Ltd. 0.090 0.199 0.711 0.302 0.019 | 0.679
Indiabulls Real Est. Ltd. 0.826 0.043 0.130 0.300 0.032 | 0.668
Infosys Ltd. 0.043 0.192 0.764 0.323 0.000 | 0.677
Jindal Stl. & power Ltd. 0.658 0.250 0.092 0.296 0.164 | 0.540
JSW Steel Ltd. 0.159 0.379 0.462 0.173 0.149 | 0.678
Jubilant FoodWorks Ltd. 0.100 0.650 0.250 0.335 0.100 | 0.565
Dr. Lal PathLabs Ltd. 0.333 0.206 0.460 0.242 0.000 | 0.758
Maruti Suzuki India Ltd. 0.092 0.250 0.658 0.235 0.166 | 0.599
Mphasis Ltd. 0.095 0.237 0.668 0.084 0.225 | 0.690
Nestle India Ltd. 0.042 0.137 0.821 0.172 0.077 | 0.751
ONGC Ltd. 0.265 0.341 0.395 0.084 0.286 | 0.630
Pidilite Industries Ltd. 0.000 0.132 0.868 0.308 0.013 | 0.679
Ratnamani M. & T. Ltd. 0.213 0.246 0.541 0.085 0.128 | 0.788
Reliance Industries Ltd. 0.000 0.183 0.817 0.238 0.285 | 0.477
Tata Motors Ltd. 0.249 0.431 0.320 0.139 0.100 | 0.761
Tata Steel Ltd. 0.217 0.482 0.301 0.324 0.303 | 0.373
TCS Ltd. 0.085 0.090 0.825 0.323 0.000 | 0.677
Titan Company Ltd. 0.144 0.316 0.540 0.250 0.135 | 0.615
Torrent Phar. Ltd. 0.045 0.310 0.645 0.203 0.025 | 0.772
Zee Entertain. Ent. Ltd. 0.267 0.204 0.529 0.257 0.039 | 0.705
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4.5.5 Portfolio optimization

The optimization is executed in Google Colaboratory for annual investment in
the year 2021. The daily closing price and returns of each security in the year 2021
has input in the neural network. We set up window size of 20 days to form a single
input and used a single layer of LSTM connectivity, with 32 units. The neural
network is iterated up to 2000 epochs in 32 min batch-size. The optimal solution i.e.
allocated ratios obtained after 2000 iteration is given in Table 4.5.10. The maximum
value of the Sharpe ratio converged to 2.25. The maximum return is found as 0.3670
with minimum volatility as 0.1451. Figure 4.5.1 clarifies the effectiveness of the
implemented LSTM neural network for the optimizing proposed portfolio.

(=] (X [N
(=] = [N]
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Figure 4.5.1: Convergence of the objective function by LSTM optimization

Table 4.5.10: Ratio allocation to the components of portfolio

Stocks Dabur Nestle Pidilite | TCS Divi’s Torrent HCL UltraTech| Infosys |Ratnamani
India India |Industries| Ltd. |Laboratories| Phar. |[Technologies| Cement Ltd. M. &T.
Ltd. Ltd. Ltd. Ltd. Ltd. Ltd. Ltd. Ltd.
Annual

return 0.0857 | 0.0674 0.3510 | 0.2711 0.2204 0.1684 0.3676 0.3762 | 0.4386 | 0.2486

Ratio

allocation 0.0237 | 0.0223 0.2188 | 0.0169 0.0282 0.0319 0.0161 0.1567 | 0.4479 | 0.0371

45.6 Empirical results and discussion
4.5.6.1 Sensitivity analysis

In this section, sensitivity analysis is conducted for examining the significance
of both decision makers on the ranking of securities. For this, we developed 11
scenarios by changing the weightage of decision makers in final ranking. The ranking
obtained by 11 scenarios and original proposed ranking are presented graphically in
Figure 4.5.2. It clears that the proposed model is sensitive to the weightage of the
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decision makers. Hence, the ranking of stocks could affect the quality of decision.
The Spearman's correlation coefficient (SCC) between the proposed final ranking and
the rankings obtained by all 12 scenarios is calculated which are shown in Table
4.5.11. For scenarios where the weight of the novice investor is greater than that of
the expert, the correlation coefficients between the original ranking and the scenario
rankings are found greater than 88%. It signifies that novice investor could make good
decision with the little knowledge of a company’s fundamentals. The correlations
between the original ranking and scenario ranking are found low in two scenarios
where the novice investor's weightage is very less (i.e. for (0, 1), (0.1, 0.9) and (0.2,
0.8). It means that novice investors' concerns about a company's past returns and risk

are crucial for analysis.

For a deeper insight, we compare different portfolios of the top 10 companies
in each scenario. Table 4.5.12 shows the results of the comparison. We discovered
that the best case scenario is the recommended ranking, in which no security loses
money, eight out of ten companies gain more than 10%, and the portfolio return is
highest with the highest Sharpe ratio. The expected return of the expert's portfolio (for
the (0, 1) scenario) is shown to be the second highest, but with the largest risk among
the others. Other scenarios' portfolios have yielded similar returns and Sharpe ratios.
As a result of the study, experts can build a successful portfolio with their in-depth
analysis, and inexperienced investors can make a good decision as well. However,

combining elements from both would be more profitable.

35 . =#=—(0.1,0.9) —=(0.2,0.8) —#=—(0.3,0.7) =>=(0.4,0.6) ==(0.5,0.5) —@=(0.6,0.4)
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Figure 4.5.2: Effects of changing decision makers’ weights on the ranking of stocks
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Table 4.5.11: Spearman's correlation coefficient between original ranking and
different scenarios ranking

Scenarios | (0,1) |(0.1,0.9)](0.2,0.8) | (0.3,0.7) | (0.4,0.6) | (0.5,0.5) | (0.6,0.4) | (0.7,0.3) | (0.8,0.2) | (0.9,0.1) | (1,0)
Correlation |, o/» | (680 | 0.877 | 0.952 | 0.988 | 0.987 | 0.976 | 0.9394 | 0.923 | 0.907 | 0.885
coefficients

Table 4.5.12: Comparison of the portfolio obtained by different scenarios

Scenarios | No. of No. of No. of Portfolio Portfolio Portfolio | Sharpe
securities | securities | securities return return (after volatility Ratio
with with less with (without | optimization) (after
negative |[than 10%| more optimization) optimization)
returns returns |than 10%
returns
0,2) 1 3 6 0.28 0.327 0.171 1.80
(0.1,0.9) 1 3 6 0.28 0.323 0.145 2.08
(0.2,0.8) 0 3 7 0.24 0.236 0.129 1.67
(0.3,0.7) 0 3 7 0.23 0.231 0.129 1.64
(0.4,0.6) 1 2 7 0.23 0.244 0.130 1.72
(0.5,0.5) 1 2 7 0.23 0.244 0.130 1.72
(0.6,0.4) 1 2 7 0.23 0.244 0.130 1.72
(0.7,0.3) 1 2 7 0.24 0.249 0.132 1.73
(0.8,0.2) 1 2 7 0.24 0.249 0.132 1.73
(0.9,0.1) 1 2 7 0.24 0.249 0.132 1.73
(1,0 1 2 7 0.24 0.249 0.132 1.73
Proposed 0 2 8 0.26 0.367 0.145 2.25
Ranking

4.5.6.2 Effectiveness of the proposed model

This model focuses on discovering stocks that are good for investment by

analyzing past performance of companies in various perspectives. The ranking does

not promise the highest return from the top ranked firms, but it does ensure that they

are safe to invest in and there is merely any chance of any disastrous event in near

future which can cause huge loss of investors. To verify the reliability of the ranking

system, we checked the performances of the top 10 stocks which are recommended to

compose a portfolio for investment in the year 2021. The stocks returns and standard
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deviation (volatility) are shown in Table 4.5.13. Every stock had good returns and
volatility is also relatively low. Figure 4.5.3 depicts the daily closing price chart of top
10 companies in the year 2021. It is also clear from the chart that all companies of the
portfolio are in uptrend in the year 2021 which verifies the application of the proposed

model.

Table 4.5.13: Performance of top 10 ranked companies in the year 2021

Companies Annual return Standard deviation
(Volatility)
Dabur India Ltd. 0.0857 0.0114
Nestle India Ltd. 0.0674 0.0112
Pidilite Industries Ltd. 0.351 0.0141
TCS Ltd. 0.2711 0.0132
Divi’s Laboratories Ltd. 0.2204 0.0159
Torrent Phar. Ltd. 0.1684 0.0161
HCL Technologies Ltd. 0.3676 0.0162
UltraTech Cement Ltd. 0.3762 0.0162
Infosys Ltd. 0.4386 0.0132
Ratnamani M. & T. Ltd. 0.2486 0.0180
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Figure 4.5.3: Normalized closing price time series of companies
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The proposed portfolio annual return is discovered to be superior to portfolios

derived by other models. The comparison results are summarized in Table 4.5.14.

Even without optimization, the proposed portfolio outperforms all other models.

Table 4.5.14: Comparison of proposed model with other models

Thakur Narang | Narang Proposgd Proposgd
Naveenan portfolio portfolio
Models | etal. (2019) etal. etal. (without (after
(2018) (2021) | (2022) optimization) | optimization)
Year 2016 2019 2020 2020 2021 2021
Anual | g 1301 | 047 | 02361 | 01672 | 02505 0.3670
return
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4.6

Model [6]: A method of intraday stock selection integrating fuzzy TOPSIS
and belief divergence measure in evidence theory

In this study, the proposed methodology is applied on real stocks data of NSE.

We intended to recommend some stocks to trade on June 18, 2021. It has been

observed that traders generally consider stocks that undergo a large price change in

the previous day. Such stocks are already in the news and on the list of big

market players which makes trading these stocks much easier. Hence, we picked 10

stocks as alternatives that were the top 5 gainers and top 5 losers on the previous day,
June 17, 2021. The stocks are listed below:

=

8.

9.

UltraTech Cement Limited (ULTRACEMCO) (4,)

Tata Consultancy Services Limited (TCS) (4,)

Infosys Limited (INFY) (45)

Asian Paints Limited (ASIANPAINTS) (4,)

Tech Mahindra Limited (TECHM) (45)

Adani Ports and Special Economic Zone Limited (ADANIPORTS) (4¢)
Hindalco Industries Limited (HINDALCO) (4,)

Indusind Bank Limilted (INDUSINDBK) (Ag)

Eicher Motors Limited (EICHERMOT) (A4)

10. NTPC Limited (NTPC) (410)

Following 6 important criteria are chosen for intraday stocks selection.

1.

% Change (C,): It represents the degree of change in the price of a stock in

R . ice—old i
over time. It is calculated as “&PTce—o @ Price

*100. It gives an idea to

old price
estimate the price margin for next day. It can be negative or positive. For this
study, we have taken the % change of stocks in previous 5 days. Extreme high
% change would be riskier, therefore medium TFN is considered as its desired

value.
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. Volume (C,): Volume refers to the quantity of shares traded over a given
period of time. Intraday requires fast and accurate timing of taking buy or sell
positions. High volume indicates the liquidity of the market which makes
easier to get in and out of trades. Here, we take volume of previous day
indicating high possibility of same quantity of trade in upcoming day. Hence,

it is considered as beneficial criteria.

. Volatility (C3): Volatility reflects the up and down fluctuations in the price of
a stock. Stocks with high volatility are considered for intraday trading. As day
trader has to trade within the day, therefore the stock with high volatility gives
a good profit margin. It may lead to loss if prices move in downward trend.

So, very high TFN value is set as desired value for volatility.

. Trend (C4): Trend of a stock depicts the direction of the movement of stock.
Trend analysis help in intraday trading to take the correct positions according
to the intraday trend of a stock. A stock with upward trend (bullish) indicates
to spot buying opportunity and downward trend (bearish) indicates to look for
selling opportunity during intraday. In this study, the prices of last one week
are noted to identify the trend of stock. Here, we consider very bullish trend as

best value for trend criteria.

. Technical Rating (Cs): Technical rating of pervious day tells about the
position of stock based on technical analysis. The technical rating combined
the response of moving averages in different time frames, moving averages
crossovers for short, medium and long term and some technical indicators
such as relative strength index (RSI), moving average convergence divergence
(MACD), stochastic oscillator, rate of change (ROC), commodity channel
index (CCI), bollinger bands etc. Here also very bullish position is taken as

desired value.

. Overbought/ Oversold (C¢): The overbought position of stock means that the
stock is reached at higher price than it’s worth and expected to be drop soon.
Similarly, oversold position means the stock is trading below its fair value and

it has the chance to go upward. Trader avoids these positions for starting
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intraday. Here we note number of indicators indicating the overbought and

oversold position of stocks at the end of previous day and take it as cost

criteria.

4.6.1 Step-wise application of proposed model

Step 1. Define initial decision matrix {D;;}

The initial decision matrix having crisp evaluation value of each stock under

the above mentioned criteria at the end of the trading day 17/06/2021 is given in the

Table 4.6.1. The data is collected from the websites https://www.moneycontrol.com/

and https://www.ratestar.in/.

Table 4.6.1: Initial decision matrix {D;;}

Alternatives %Ch | Volume | Volatilit Trend Technical | Overbought/
ange y Rating oversold
ULTRACEMCO(4,) 1.69 6,37,296 2.07 Very bullish Bullish 0
TCS (4,) 1.64 22,73,413 1.73 Bearish Very bullish 2
INFY (43) 1.39 76,77,951 1.88 Neutral Very bullish 3
ASIANPAINT (4,) 1.36 15,33,864 1.95 Very bullish | Very bullish 3
TECHM (4g) 1.3 31,61,931 2.05 Neutral Very bullish 2
ADANIPORTS (4,) -8.99 | 7,08,12,142 2.79 Neutral Bearish 2
HINDALCO (4,) -2.96 | 1,43,21,673 3 Bullish Neutral 3
INDUSINDBK (4g) -2.96 | 61,26,591 3.82 Neutral Neutral 0
EICHERMOT (44) -2.63 7,01,970 2.29 Bullish Bullish 0
NTPC (Ay,) -2.34 | 1,44,66,025 | 1.93 Bullish Bullish 1

Step 2. Transforming the initial decision matrix to fuzzy decision matrix

The evaluation values are compared and converted into linguistic terms,

represented in the Table 4.6.2. Then the linguistic terms converted into TFNs,

presented in Table 4.6.3.
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Alternatives %Change | Volume | Volatility | Trend Technical | Overbought/o
Rating versold

ULTRACEMCO(4,) M L MH EH MH EL
TCS (4,) M ML L VH H
INFY (43) ML MH ML H EH
ASIANPAINT (4,) ML ML M EH H EH
TECHM (45) ML M MH M VH H
ADANIPORTS (4¢) EH EH VH M VL H
HINDALCO (4,) H H VH H L EH
INDUSINDBK (4g) H MH EH M ML EL
EICHERMOT (4,) MH L H H EH EL
NTPC (4;0) MH M H M L
Table 4.6.3: TFNs representation of decision matrix {E;;}

Alternatives %Change Volume Volatility Trend Technical |Overbought/ov

Rating ersold

ULTRACEMCO(4,) | (0.4,0.5,0.6) {(0.2,0.3,0.4)| (0.5,0.6,0.7) {(0.8,0.9,0.9)| (0.5,0.6,0.7) | (0.1,0.1,0.1)
TCS (4,) (0.4,0.5,0.6) |(0.4,0.5,0.6) | (0.3,0.4,0.5) |(0.2,0.3,0.4)| (0.7,0.8,0.9) | (0.6,0.7,0.8)
INFY (45) (0.3,0.4,0.5) |(0.5,0.6,0.7) | (0.3,0.4,0.5) |(0.4,0.5,0.6) | (0.6,0.7,0.8) | (0.8,0.9,0.9)
ASIANPAINT (4,) (0.3,0.4,0.5) |(0.3,0.4,0.5)| (0.4,0.5,0.6) |(0.8,0.9,0.9) | (0.6,0.7,0.8) | (0.8,0.9,0.9)
TECHM (45) (0.3,0.4,0.5) |(0.4,0.5,0.6) | (0.5,0.6,0.7) |(0.4,0.5,0.6) | (0.7,0.8,0.9) | (0.6,0.7,0.8)
ADANIPORTS (4¢) (0.8,0.9,0.9) |(0.8,0.9,0.9) | (0.7,0.8,0.9) |(0.4,0.5,0.6) | (0.1,0.2,0.3) | (0.6,0.7,0.8)
HINDALCO (4,) (0.6,0.7,0.8) |(0.6,0.7,0.8) | (0.7,0.8,0.9) |(0.6,0.7,0.8) | (0.2,0.3,0.4) | (0.8,0.9,0.9)
INDUSINDBK (4g) (0.6,0.7,0.8) |(0.5,0.6,0.7) | (0.8,0.9,0.9) |(0.4,0.5,0.6) | (0.3,0.4,0.5) | (0.1,0.1,0.1)
EICHERMOT (4,) (0.5,0.6,0.7) |(0.2,0.3,0.4) | (0.6,0.7,0.8) |(0.6,0.7,0.8) | (0.8,0.9,0.9) | (0.1,0.1,0.1)
NTPC (44, ) (0.5,0.6,0.7) |(0.6,0.7,0.8) | (0.4,0.5,0.6) |(0.6,0.7,0.8) | (0.4,0.5,0.6) | (0.2,0.3,0.4)

Step 3. ldentify the best and worst TFNs values of each criterion.

The best and worst values of each criterion are consulted by the domain

experts which are presented in Table 4.6.4.

Table 4.6.4: Best and worst TFENs values of each criterion

%Change | Volume Volatility Trend |Technical Rating Overbought/
oversold

Best |(0.4,0.5,0.6)(0.8,0.9,0.9) | (0.7,0.8,0.9) | (0.8,0.9,0.9) | (0.8,0.9,0.9) (0.1,0.1,0.2)
Worst | (0.8,0.9,0.9) | (0.2,0.3,0.4) | (0.3,0.4,0.5) | (0.2,0.3,0.4) | (0.2,0.3,0.4) (0.8,0.9,0.9)
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Step 4. Calculate distance between best (worst) criterion value and evaluated value

The distance between the best (worst) criterion value and evaluated TFN value

is calculated by the help of Euclidian distance between two TFNs. The distance

matrices from best value and worst value are present in Table 4.6.5 and Table 4.6.6,

respectively.

Table 4.6.5: Distance from best value

Alternatives | %0Change | Volume | Volatility | Trend Technical | Overbought/
Rating oversold

Ay 0.000 0.569 0.200 0.000 0.271 0.000
A, 0.000 0.370 0.400 0.569 0.082 0.606
As 0.100 0.271 0.400 0.370 0.173 0.768
Ay 0.100 0.469 0.300 0.000 0.173 0.768
As 0.100 0.370 0.200 0.370 0.082 0.606
Ag 0.370 0.000 0.000 0.370 0.668 0.606
A, 0.200 0.173 0.000 0.173 0.569 0.768
Ag 0.200 0.271 0.082 0.370 0.469 0.000
Ag 0.100 0.569 0.216 0.173 0.000 0.000
Ay 0.100 0.173 0.300 0.173 0.370 0.216

Table 4.6.6: Distance from worst value

Alternatives | %0Change | Volume | Volatility | Trend Technical | Overbought/

Rating oversold

Aq 0.370 0.000 0.518 0.569 0.300 0.768
A, 0.370 0.200 0.000 0.000 0.500 0.173
As 0.469 0.300 0.000 0.200 0.400 0.000
Ay 0.469 0.100 0.466 0.569 0.400 0.000
As 0.469 0.200 0.518 0.200 0.500 0.173
Ag 0.000 0.569 0.620 0.200 0.100 0.173
A, 0.173 0.400 0.620 0.400 0.000 0.000
Ag 0.173 0.300 0.625 0.200 0.100 0.768
Ag 0.271 0.000 0.524 0.400 0.569 0.768
A 0.271 0.400 0.466 0.400 0.200 0.569
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The BPASs obtained for supporting the evidences for two events Low (L) and

High (H) for each criteria and each alternative are given in Table 4.6.7.

Table 4.6.7: BPAs corresponding each evidence (criteria) to all alternatives

%Change Volume Volatility Trend Technical |Overbought/
Alternatives Rating oversold
L H L H L H L H L H L H
Aq 0.000| 1.000| 1.000| 0.000( 0.279| 0.721| 0.000| 1.000| 0.474| 0.526| 0.000| 1.000
A, 0.000| 1.000| 0.649| 0.351| 1.000| 0.000| 1.000| 0.000| 0.140| 0.860| 0.778| 0.222
A 0.176| 0.824| 0.474| 0.526| 1.000| 0.000| 0.649| 0.351| 0.302| 0.698| 1.000| 0.000
A, 0.176| 0.824| 0.824| 0.176| 0.392| 0.608| 0.000| 1.000| 0.302| 0.698| 1.000| 0.000
Ag 0.176| 0.824| 0.649| 0.351| 0.279| 0.721| 0.649| 0.351| 0.140| 0.860| 0.778| 0.222
Ag 1.000( 0.000| 0.000| 1.000| 0.000| 1.000| 0.649| 0.351| 0.870| 0.130| 0.778| 0.222
A, 0.536| 0.464| 0.302| 0.698| 0.000| 1.000| 0.302| 0.698| 1.000| 0.000| 1.000| 0.000
Ag 0.536| 0.464| 0.474| 0.526| 0.116| 0.884| 0.649| 0.351| 0.824| 0.176| 0.000| 1.000
Agy 0.270| 0.730{ 1.000| 0.000( 0.292| 0.708| 0.302| 0.698| 0.000| 1.000| 0.000| 1.000
Ao 0.270| 0.730{ 0.302| 0.698| 0.392| 0.608| 0.302| 0.698| 0.649| 0.351| 0.275| 0.725

From step 6 to step 10, the same procedure is followed for all alternatives.

Here, we have elaborated for alternative A;.

Step 6. Obtain symmetric belief divergence matrix (SBDM) for each alternative

The SBDM matrix for A, is given in Table 4.6.8.

Table 4.6.8: Symmetric belief divergence matrix for A

0.000 26.766 2.113 0.000 3.799 0.000
26.766 0.000 13.839 27.918 9.859 27.918
2.113 13.839 0.000 2.433 0.083 2.433
0.000 27.918 2.433 0.000 4.345 0.000
3.799 9.859 0.083 4.345 0.000 4.345
0.000 27.918 2.433 0.000 4.345 0.000
Results and Discussion ................ d
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Step 7. Calculate the supporting degree of each evidence

For A;, the supporting degree corresponding each evidence are S; =
0.0306,S, = 0.0094, S; = 0.0478,S, = 0.0288,S; = 0.0445 and S, = 0.0288.

Step 8. Calculate weight of each evidence

For A;, the weight of each evidence are W; = 0.1609, W, = 0.0494, W; =
0.2517, W, = 0.1516, Wy = 0.2345 and W, = 0.1516.

Step 9. Calculated weighted BPA of evidences
For A, the weighted BPA of each evidence are given in Table 4.6.9.

Table 4.6.9: Weighted basic probabilities

M;(L) M;(H)
0.000 0.161
0.049 0.000
0.070 0.182
0.000 0.152
0.111 0.123
0.000 0.152

Step 10. Combining evidences
The weighted BPAs of first two evidences of A, are represented as:
M, = {M,(L), M,(H), ,} = {0.000,0.161, 0.839}
M, = {M,(L), M,(H), ,} = {0.049,0.000,0.950}
here, A; represents the degree of ignorance. The aggregation (P = %) is calculated as

follows:

P(1®2)=[1—-{M (L) *Mp(L) + My (L) * Mp(H) + My (H) * My(L) + M, (H)
« My(H)}]™! = 1.008
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New BPAs generated by combining M; and M, are as follows:
Migo(L) = P(1 D 2) * {My(L) * My(L) + M;(L) * A, + Mp(L) * A1} = 0.0418
Mig,(H) = P(1 6 2) = {M;(H) * My(H) + My (H) * A, + Mp(H) * A1} = 0.1542
Mgz = P(A @ 2) + A, * A, = 0.8038

The obtained BPAs are combined with 3™ evidence, and in the similar manner upto 6"

evidence. After combining all evidences the final mass values are obtained as:

M L
(L} = 1026301506 (L) = 0.1862
M g20301@506 (L) + Mig2@3@armses (H)

M H
(H) = 10203@4@506 (H) _ 0.8137
M g203010506 (L) + Mig2q3@amsmes (H)

Similarly, final belief values for all alternatives are calculated.
Step 11. Ranking alternatives

At last, the alternatives are ranked based on the final belief values as given in
Table 4.6.10.

Table 4.6.10: Final belief values and ranking of alternatives

Alternatives L U Ranking
A; (ULTRACEMCO) 0.18622 0.81378 1
A, (TCS) 0.671832 0.328168 10
A; (INFY) 0.589748 0.410252 8
A, (ASIANPAINT) 0.396066 0.603934 4
As (TECHM) 0.431878 0.568122 6
A¢ (ADANIPORTS) 0.291391 0.708609 3
A; (HINDALCO) 0.481964 0.518036 7
Ag (INDUSINDBK) 0.398183 0.601817 5
Ay (EICHERMOT) 0.205188 0.794812 2
Ay (NTPC) 0.670479 0.329521 9
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4.6.2 Experimental verification using intraday trading bot

In this section, the performance of the stocks on next trading day is evaluated
by a deep reinforcement learning based trading bot. The trading bot has been trained
to give trading signals {buy, hold and sell} in the real-time market. Consider, the
sequence of closing prices of a stock as py, py, ..., Pt ... With 1 minute difference and
T, = P — Pe—1 as the return at time t. Let, F; = [ry_p41, ---, 7] € R, be the feature
vector having previous n returns at time t. Observing the sequence of previous n
returns, the trading bot is trained to make a decision (policy) ¢, = {—1,0,1} i.e. {sell,
hold, buy} in the real time at the end of time interval (t — 1,t). The decision (policy)

¢, is calculated by the following equation:
¢, = tanh((u, Fy) + v+ we_4) (4.6.1)

here, u,v,w are the learning parameters of reinforcement learning. The
term w ¢,_, incorporates the impact of trading decision made in pervious time step.

The profit earned at time step ¢t is calculated as:

Pe =g *1e — ¢l — Pr_al (4.6.2)

The main objective of the trading bot is to maximize the total profit while
taking minimum risk throughout the trading period T. The trading bot aim to

maximize the risk-adjustable return function Y, which is defined as:
Y = max Y 1_,[a{mean(P,y, ..., P;)} — b{stdev (P, ..., P1)}] (4.6.3)

here, a and b are the adjustable parameters, here we take a = 1,b = 0.01. The first
term in the summation determines the average of recent k returns and second term
determines the standard deviation of recent k returns. To achieve the maximum total
profit the second term has to get minimize i.e. minimum risk is taken throughout the

trading period T.

The LSTM recurrent neural network based deep reinforcement learning
system is set to train the trading bot. First layer of the neural network is the input layer
having 50 nodes containing closing price of previous 50 days. The data is forwarded

to LSTM recurrent neural network which is designed to analyse the pattern in
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sequential data and memorizing the information for long period of time. An LSTM
cell consists a memory unit c, a hidden state h and three types of gate- input gate i,
output gate o and forget gate f. These gates regulate the flow of information through
the cell. At each time step t input x; received by input layer and previous hidden state
h._, activates all three gates. Forget gate removes less important information from
cell, input gate feed some additional information to the cell and output gate selects
some important information and show it, then memory cell c; and hidden state h, get
updated. h; is the final output of the LSTM cell. The overview of trading model is

displayed in Figure 4.6.1. The involved computations are given as follows:
ir = o(Wyixy + wpihe_q + b;) 3\
ft = a(wxfxt + wprhe_q + bf)

0 = 0(WyoXt + Wyohe_1 + b,) > (4.6.4)

Ce = fe * Ce—1 + i¢ * tanh(wy;x, + wyihe_q + b;)

h, = o, * tanh(c,) J
The output from the LSTM node input into last layer of DRL network having
one node for decision (policy) making:

¢, = tanh((u, hy) + v+ wei_) (4.6.5)

At t =0, we take ¢, = 0 i.e. initial trading decision is to be in holding
position. The values of 6, are ranged between -1 to 1, so here define a parameter A to

distinguish three decisions, here we take A = 0.33 and determine ¢.as follows:

-1,-1<¢, <2
pe=10-2<¢ <2 (4.6.6)
Li<¢. <1

The decision made at each tick collectively calculates the value of multi-
objective function Y i.e. profit under risk at the end of the trading period T. Lastly, the

whole neural network trained to maximize the function Y in equation 4.6.3.

Results and Discussion ............... rd



(=) -

® L
@ : s

® O 0 0

Figure 4.6.1: Overview of trading bot
4.6.3 Performance analysis

The minute-level closing price data of each stocks form 04/April/2021 to
17/June/2021 is used for training the trading bot. After training the bot predict the
signals in the live market on 18/June/2021. For instance the chart of the closing price
of Asian paints used as training and testing are depicted in the Figure 4.6.2(a) and
Figure 4.6.2(b).
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Figure 4.6.2: Closing prices (minute resolution) of Asian paints.

Table 4.6.11 presents the performance assessed by the trading bot for each
stock according to the price fluctuations on 18 June 2021. Each stock’'s maximum total
profit is also given in the Table 4.6.11. It can be seen that the top four rated stocks
produce good intraday profits, and that these stocks also have a lot of buy and sell
chances in the live market. Alternative A; ranked on first place earned maximum

profit and also found most volatile. A, does not perform well as expected according to
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its rank. Except A,, top five stocks did well, gaining more than 2000 points. Top
ranked stocks also found highly volatile. The stocks ranked six and below attain less
profit than 1000 points except A,. Figure 4.6.3 graphically represents the obtained
results. Hence, we can say that despite of highly uncertain behavior of stock market,

the proposed method give a reliable ranking.

To verify the credibility of the proposed method, it is tested for another two
trading days. Stocks are ranked to trade on December 31, 2021 and March 14,
2022. Tables 4.6.12 and Table 4.6.13 show the achieved results. The results are
graphically represented in Figure 4.6.4 and Figure 4.6.5. Results of both days
supported the applicability of the proposed methodology. Hence, the case study
verifies that if a trader selects top-ranked stocks recommended by proposed model

one day prior to trading, a good profit can be archived.

Table 4.6.11: Performance of the trading bot in live market on 18 June 2021

No. of | No. of Total Total
Rank Alternatives Volatility| High Low buy sell - .
. . transactions| profit
signals | signals
1 |ULTRACEMCO(A4,) | 26.48 |6723.82|6596.25| 212 135 347 4077.19
2 |EICHERMOT( 4,) 11.83 |2712.95| 2644.2 | 212 312 524 2597.8
3 |ADANIPORTS (44) | 17.29 | 704.05 | 647.2 168 168 336 3904.20
4 |ASIANPAINT (4,) 10.64 | 3072.9 |3018.25| 14 114 228 986.65
5 |INDUSINDBK (4g) 8.27 | 999.65 | 961.2 156 95 251 2193.09
6 |TECHM (45) 595 | 1090.1 [1055.45| 161 151 312 496.15
7 |HINDALCO(A4;) 2.98 373.1 | 360.45 | 133 103 236 434.25
8 |INFY(45) 468 | 15145 |1487.65| 67 67 134 123.54
9 |NTPC(A) 1.06 117.7 | 1129 31 45 79 12.96
10 |TCS (4,) 11.05 |[3355.75| 3277.1 | 152 152 304 1759.65
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Figure 4.6.3: Total profit attained by stocks on 18 June 2021
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Table 4.6.12: Performance of the trading bot in live market on 31 December

2021
Stocks Rank Volatility Total Profit
NTPC 10 0.25 16.2
INDUSIND 9 2.13 156.2
HCL TECHNOLOGIES 6 4.15 959.6
TITAN 1 9.11 2015.5
CIPLA 3 3.44 616.56
BAJAJ AUTO 4 8.81 1985.3
RELIANCE 5 4.86 756.65
JSW STEEL 7 3.33 253.36
TATA STEEL 8 3.00 224.35
MARUTI 2 21.95 3785.95

Table 4.6.13: Performance of the trading bot in live market on 14 March 2022

Stocks Rank Volatility Total Profit

CIPLA 4 3.75 1085.12
BPCL 8 1.84 440.32
SUNPHARMA 3 5.12 1202.62
JSWSTEEL 7 251 884.65
10C 9 0.46 123.26
NESTLEIND 2 50.15 5402.23
MARUTI 1 87.18 6452.02
TATACONSUM 6 2.35 356.25
HINDALCO 5 4.07 1165.20
NTPC 10 0.41 156.25
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Figure 4.6.4: Total profit attained by Figure 4.6.5:Total
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4.7 Model [7]: Single valued triangular neutrosophic MEREC-CoCoSo

method for multi-criteria decision making and its application in portfolio
construction

In this study, we illustrated the model using NSE data. The ranking given by

the proposed model is verified for portfolio construction.
4.7.1 Step-wise illustration of the proposed model
Step 1. Identification of criteria and alternatives
The following ten securities are included in the set of alternatives:
1. Apollo Hospitals Enterprise Ltd. (APOLLOHOSP) (4;)
2. Reliance Industries Limited (RELIANCE) (4,)
3. Oil & Natural Gas Corporation Limited (ONGC) (45)
4. Jubilant Foodworks Limited (JUBLFOOD) (4,)
5. HDFC Bank Limited (HDFCBANK) (4z)
6. State Bank of India (SBIN) (4¢)
7. Bajaj Finance Limited (BAJFINANCE) (4,)
8. Titan Company Limited (TITAN)(4g)
9. Asian Paints Limited (ASIANPAINT) (4,)
10. Tata Steel Limited (TATASTEEL) (4,,)

The set of criteria is formed considering following five indicators:
(Revenue(C;), Debt Equity Ratio (D/E) (C,), Return on Equity (ROE) (Cs3), Price to
Earnings ratio (P/E) (C,) and Price to Book Value ratio (P/B) (Cs)).

Step 2. Determination of the decision matrix

Real data of the ten stocks for the above mentioned criteria (from Jan-2010 to
Dec-2020) is collected from the websites http://www.investello.com and
http://www.ratestar.in. Since the collected data is multi-dimensional, a method of
“exponential moving average (EMA)” is used to convert to convert multi-dimensional

data into a deterministic value which is taken as evaluation value. The evaluation
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matrix is given in the Table 4.7.1. Based on the description of the linguistic term for

each criterion given in Table 4.7.2, the observations of evaluation matrix are changed

to linguistic term. Then each linguistic term is converted to STFNs according to the

Table 3.7.1. The initial decision matrix thus obtained is presented in Table 4.7.4.

Table 4.7.1: Crisp evaluation matrix

Securities Revenue (€;) | D/IE (C;) | ROE (C3) P/E (C4) P/B (Cs)
APOLLOHOSP 9300.04 1.014 9.339 93.705 7.890
ASIANPAINTS 18434.92 0.056 17.550 18.996 16.306
BAJFINANCE 18341.78 4.520 17.556 43.238 7.372
HDFCBANK 118167.20 0.357 15.783 26.453 4.148
JUBLFOOD 3376.76 0.0004 22.099 83.684 20.079
ONGC 390249.70 0.481 9.567 9.729 0.816
RELIANCE 511663.60 0.737 10.258 22.35 2.253
SBIN 365657.50 3.122 4.347 55.626 1.262
TATASTEEL 145832.20 1.674 6.418 9.472 0.924
TITAN 18139.04 0.245 14.647 77.338 15.032
Table 4.7.2: Description of criteria into linguistic terms
10000- 100000- Above 200000

Revenue | Below 10000 (ML) 20000 (L) | 200000 (H) (MH)

DIE 0-0.5 (MH) 0.5-1 (H) 1-2 (M) 2-3 (L) Above 3

(ML)
ROE 0-5 (L) 5-10 (M) | 10-15 (H) Above 15 (MH)
Above 20

P/E 0-10 (MH) 10-20 (M) ML)

P/B 0-1 (MH) 1-2 (H) 2-3 (L) Above 3 (ML)
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G Gz C3 Cy Cs
Ay ( (0,1,3); ) ( (3,5,7); ) ( (3,5,7); ) ( (0,1,3); ) ( (0,1,3); )
0.17,0.85,0.83 0.5,0.5,0.5 0.5,0.5,0.5 0.17,0.85,0.83 0.17,0.85,0.83
A, ( (1,3,5); ) ( (7,9,10); ) ( (7,9,10); ) ( (3,5,7); ) ( (1,3,5); )
0.33,0.75,0.67 0.83,0.15,0.17 0.83,0.15,0.17 0.5,0.5,0.5 0.33,0.75,0.67
Az ( (1,3,5); ) ( (0,1,3); ) ( (7,9,10); ) ( (0,1,3); ) ( (0,1,3); )
0.33,0.75,0.67 0.17,0.85,0.83 0.83,0.15,0.17 0.17,0.85,0.83 0.17,0.85,0.83
Ay ( (5,7,9); ) ( (7,9,10); ) ( (7,9,10); ) ( (0,1,3); ) ( (0,1,3); )
0.67,0.25,0.33 0.83,0.15,0.17 0.83,0.15,0.17 0.17,0.85,0.83 0.17,0.85,0.83
Ag ( (0,1,3); ) ( (7,9,10); ) ( (7,9,10); ) ( (0,1,3); ) ( (0,1,3); )
0.17,0.85,0.83 0.83,0.15,0.17 0.83,0.15,0.17 0.17,0.85,0.83 0.17,0.85,0.83
Ag ( (7,9,10); ) ( (7,9,10); ) ( (3,5,7); ) ( (7,9,10); ) ( (7,9,10); )
0.83,0.15,0.17 0.83,0.15,0.17 0.5,0.5,0.5 0.83,0.15,0.17 0.83,0.15,0.17
A, ( (7,9,10); ) ( (5,7,9); ) ( (5,7,9); ) ( (0,1,3); ) ( (1,3,5); )
0.83,0.15,0.17 0.67,0.25,0.33 0.67,0.25,0.33 0.17,0.85,0.83 0.33,0.75,0.67
Ag ( (7,9,10); ) ( (0,1,3); ) ( (1,3,5); ) ( (0,1,3); ) ( (5,7,9); )
0.83,0.15,0.17 0.17,0.85,0.83 0.33,0.75,0.67 0.17,0.85,0.83 0.67,0.25,0.33
Ag ( (5,7,9); ) ( (3,5,7); ) ( (3,5,7); ) ( (7,9,10); ) ( (7,9,10); )
0.67,0.25,0.33 0.5,0.5,0.5 0.5,0.5,0.5 0.83,0.15,0.17 0.83,0.15,0.17
Aqo ( (1,3,5); ) ( (7,9,10); ) ( (5,7,9); ) ( (5,7,9); ) ( (0,1,3); )
0.33,0.75,0.67 0.83,0.15,0.17 0.67,0.25,0.33 0.67,0.25,0.33 0.17,0.85,0.83

Step 3. Normalize fuzzy decision matrix:

The observations of the matrix D;

ij

are normalized using

Table 4.7.4 represents the normalized decision matrix ().

Table 4.7.4: Normalized decision matrix (N;;)

equation 3.7.12.

Ay ((0,0.11,0.42);) <(0.3,0.56,1);) <(0.3,0.56,1);) <(0,0.11,0.42);) ((0011,042);,
0.17,0.85,0.83 0.5,0.5,0.5 0.5,0.5,0.5 0.17,0.85,0.83 0.17,0.85,0.83
A, ((0.1,0.33,0.71);) ( (0.7,1,1.42); ) ( (0.7,1,1.42); \ ((0.3,0.56,1);> (01,033071;,
0.33,0.75,0.67 0.83,0.15,0.17 0.83,0.15,0.17 0.5,0.5,0.5 0.33,0.75,0.67
As ((0.1,0.33,0.71);) ((0,0.11,0.42);) ( (0.7,1,1.42); ) <(0,o.11,0.42);) ((0,0.11,0.42);)
0.33,0.75,0.67 0.17,0.85,0.83 0.83,0.15,0.17 0.17,0.85,0.83 0.17,0.85,0.83
A, ((0.5,0.78,1.28);) ( (0.7,1,1.42); ) ( (0.7,1,1.42); ) <(0,o.11,0.42);) ((0,0.11,0.42);)
0.67,0.25,0.33 0.83,0.15,0.17 0.83,0.15,0.17 0.17,0.85,0.83 0.17,0.85,0.83
As ((0,0.11,0.42);) ( (0.7,1,1.42); ) ( (0.7,1,1.42); ) <(0,o.11,0.42);) ((0,0.11,0.42);)
0.17,0.85,0.83 0.83,0.15,0.17 0.83,0.15,0.17 0.17,0.85,0.83 0.17,0.85,0.83
g | ((071,142); ( (07,1,142); ((03,056,1);, (071142);, | (07,1,142); ,
0.83,0.15,0.17 0.83,0.15,0.17 0.5,0.5,0.5 0.83,0.15,0.17 0.83,0.15,0.17
4, | (©71142); | (05078,128), | (05078128);, | (0011042);, [ (0.10330.71);
0.83,0.15,0.17 0.67,0.25,0.33 0.67,0.25,0.33 0.17,0.85,0.83 0.33,0.75,0.67
g | ((07,1,142); ((0,011,042);, (01033071, [ (0011,042);, | 05078,128;,
0.83,0.15,0.17 0.17,0.85,0.83 0.33,0.75,0.67 0.17,0.85,0.83 0.67,0.25,0.33
Ao ((0.5,0.78,1.28);) ((0.3,0.56,1);) ((0.3,0.56,1);) ( (0.7,1,1.42); v | o (0.7,1,1.42); )
0.67,0.25,0.33 0.5,0.5,0.5 0.5,0.5,0.5 0.83,0.15,0.17 0.83,0.15,0.17
Aso <(0.1,0.33,0.71);) ( (0.7,1,1.42); ) ((0.5,0.78,1.28);) (05078128, | 0011042 ,
0.33,0.75,0.67 0.83,0.15,0.17 0.67,0.25,0.33 0.67,0.25,0.33 0.17,0.85,0.83
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Step 4. Compute overall performance of the alternatives:

Table 4.7.5 presents overall performance of all alternatives obtained by using

parabolic measure as given equation 3.7.13.

Table 4.7.5: Overall performance of the alternatives

A ((0.04,0.13,0.51); 0.17,0.85,0.83)
A, ((0.22,0.51,1.22); 0.33,0.75,0.67)
As ((0.1,0.23,0.62); 0.17,0.85,0.83)
A, ((0.25,0.53,1.22); 0.17,0.85,0.83)
As ((0.2,0.41,0.93); 0.17,0.85,0.83)
Ag ((0.41,0.86,1.83); 0.5,0.5,0.5)

A, ((0.2,0.47,1.21); 0.17,0.85,0.83)
Ag ((0.15,0.35,0.91); 0.17,0.85,0.83)
Ao ((0.28,0.64,1.55); 0.5,0.5,0.5)

Ago ((0.2,0.47,1.21); 0.17,0.85,0.83)

Step 5. Enumeration of the performance of alternatives by deleting each criterion:

Table 4.7.6 shows the performance of alternatives by deleting each criterion,

separately by using equation 3.7.14.

Table 4.7.6: Enumeration of the performance of alternatives by deleting each

criterion
Ay ((0.04,0.13,0.4-7);) ((0.02,0.07,0.31);) <(0.02,0.07,0.3 1);) ((0.04,0.13,0.47);) <(0.04,0.13,0.47);>
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83
A, ((0.22,0.48,1.12);) ((0.12,0.31,0.81);) <(0.12,0.31,0.81);) <(0.2,0.44-,1.02);) <(0.22,0.48,1.12);>
0.33,0.75,0.67 0.33,0.75,0.67 0.33,0.75,0.67 0.33,0.75,0.67 0.33,0.75,0.67
As <(0.1,0.2 1,0.52);> <(0.1,0.23,0.58);) ((0,0.03,0.2 1);) <(0.1,0.23,0.58);) ((0.1,0.23,0.58);)
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83
A, <(0.2,0.4-,0.89);> ((0.15,0.33,0.81);) <(0.15,0.33,0.81);) ((0.25,0.52,1.18);) <(0.25,0.52,1.18);>
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83
As <(0.2,0.4—,0.89);> <(0.1,0.2 1,0.52);) ((0.1,0.2 1,0.52);> <(0.2,0.4,0.89);) ((0.2,0.4,0.89);)
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83
Ag ((0.3 1,0.66,1.4—2);> ((0.3 1,0.66,1.42);) ((0.39,0.8,1.63);) ((0.31,0.66,1.4-2);) <(0.3 1,0.66,1.42);)
0.5,0.5,0.5 0.5,0.83,0.5 0.83,0.15,0.17 0.5,0.5,0.5 0.5,0.5,0.5
A, <(().1,().27,0.8);> ((0.15,0.35,0.88);) <(0.15,0.35,0.88)) <(0.2,0.46,1.17);) ((0.2,0.44,1.1 1);>
0.17,0.85,0.83 0.17,0.85,0.83 ;0.17,0.85,0.83 0.33,0.75,0.67 0.17,0.85,0.83
Ag | (0.050.15051);, | (0.150350.88); | (0.15033081); | (0150.35088); | (0.,0.23,058);
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83
Ag ((0.23,0.52,1.22);> ((0.26,0.58,1.35);) <(0.26,0.58,1.35);) ((0.18,0.44,1.14);) <(0.18,0.4-4-,1.14);)
0.5,0.5,0.5 0.5,0.67,0.5 0.5,0.5,0.5 0.5,0.5,0.5 0.5,0.5,0.5
Aqp <(0.2,0.4-4-,1.11);> <(0.1,0.27,0.8);> <(0.15,0.35,0.88);) ((0.15,0.35,0.88);) ((0.2,0.46,1.17);)
0.17,0.85,0.83 0.17,0.85,0.83 0.33,0.75,0.67 0.17,0.85,0.83 0.33,0.75,0.67
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Step 6. Computation of the summation of Euclidean distances:

The expulsion impact of the each criterion is calculated using summation of
Euclidean distances as given in equation 3.7.15. The results obtained are presented in
Table 4.7.7.

Table 4.7.7: The expulsion impact of the criteria

C, ((0.06,0.12,0.27); 0.17,0.85,0.83)
C, ((0.07,0.15,0.32); 0.17,0.85,0.83)
Cs ((0.07,0.14,0.32); 0.17,0.85,0.83)
C, ((0.06,0.16,0.21); 0.17,0.85,0.83)
Cs ((0.15,0.33,0.25); 0.17,0.85,0.83)

Step 7. Assessment of final weights of the criteria:

Table 4.7.8 shows the final weights of the criteria determined using equation
3.7.16.

Table 4.7.8: Final weights of the criteria

C, 0.16791
C, 0.201493
Cs 0.197761
C, 0.160448
Cs 0.272388

Step 8. Calculate total of the weighted sum and whole of the power weight

comparability sequences:

The total of the weighted sum measure (WSM) (S;) and the whole of the
weighted product measure (WPM) (P;) of each alternative are determined for
g(x) = x using equations 3.7.17a and 3.7.17b, respectively. The obtained values of

S;and P; are given in Table 4.7.9.
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Table 4.7.9: WSM and WPM

Securities S; P;

Ay ((0.12,0.29,0.66); 0.17,0.85,0.83) ((1.57,3.72,4.53); 0.17,0.85,0.83)
A, ((0.37,0.63,1.04); 0.33,0.75,0.67) ((3.9,4.48,5.01); 0.33,0.75,0.67)
As {(0.16,0.32,0.67); 0.17,0.85,0.83) ((1.61,3.73,4.53); 0.17,0.85,0.83)
A, ((0.36,0.58,0.97); 0.17,0.85,0.83) ((2.75,4.21,4.86); 0.17,0.85,0.83)
As ((0.28,0.47,0.83); 0.17,0.85,0.83) ((1.86,3.94,4.68); 0.17,0.85,0.83)
Ag ((0.62,0.91,1.34); 0.5,0.5,0.5) ((4.51,4.89,5.3); 0.5,0.5,0.5)

A, ((0.34,0.59,1.02); 0.17,0.85,0.83) ((3.22,4.35,4.95); 0.17,0.85,0.83)
Ag ((0.27,0.49,0.89); 0.17,0.85,0.83) ((2.4,4.08,4.78); 0.17,0.85,0.83)
Ao ((0.51,0.79,1.23); 0.5,0.5,0.5) ((4.31,4.74,5.2); 0.5,0.5,0.5)

Aso ((0.34,0.57,0.98); 0.17,0.85,0.83) ((3.38,4.29,4.91); 0.17,0.85,0.83)

Step 9. Relative weights or balanced compromise scores of the alternative:

Three appraisal score degrees (Ul.(l), Ul.(z), Ul.(3)) utilized as relatives weights

of alternatives are presented in Table 4.7.10.

Table 4.7.10: Appraisal score degrees

y® @ u®

A ((0.029,0.083,0.158);, ((0.529,2,8.366);, ((0.255,0.691,1.011);
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83

A, (0.073,0.106,0.184);, ((1:426,3.405,11.91);, ((0.643,0.882,1.179);,
0.17,0.85,0.83 0.17,0.85,0.83 0.33,0.75,0.67

As ((0.03,0.084,0.158);, ((0.592,2.125,8509), (0.266,0.698,1.013);,
0.17,0.85,0.83 ;0.17,0.85,0.83 0.17,0.85,0.83

A, ((0.053,0.1,0177);, ((1.161,3.134,11.202);, (0.469,0.825,1.136);,
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83

As (0.037,0.092,0.167);, (0.836,2.674,9.888);, (0.323,0.76,1.073);,
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83

Ag ((0.088,0.121,0202);, ((1:941,4.475,14.588);, ((0.773,1,1.294);,
0.17,0.85,0.83 0.17,0.85,0.83 0.5,0.5,0.5

4, (0.061,0.103,0.181);, ((1:2343.202,11.635);, ((0.536,0.85,1.162);,
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83

Ag ((0.046,0.095,0.172);, ((0.947,2.781,10.444);, ((0:403,0.788,1.105);,
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83

Ao ((0.083,0.115,0.196);, ((1.723,3.994,13.608);, ((0.726,0.952,1.254);,
0.17,0.85,0.83 0.17,0.85,0.83 0.5,0.5,0.5

Ay (0.064,0.101,0.179);, ((1:258,3.116,11.344);, ((0.559,0.838,1.147);,
0.17,0.85,0.83 0.17,0.85,0.83 0.17,0.85,0.83
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Step 10. Compute the final aggregating compromise index of the alternatives and

rank them:

The final ranking index (U;) in STVN determined by using equation 3.7.19.
The obtained STVN values are converted in crisp values using score function and

then ranked. Table 4.7.11 displays calculated values and final ranking.

Table 4.7.11: Final ranking of the alternatives

) Score value Rank
A; |((0.272,0.963,3.623);0.17,0.85,0.83) 0.2976 10
A, |(0.737,1.571,5.285); 0.17,0.85,0.83) 0.4650 3
A; |((0.298,1.011,3.681);0.17,0.85,0.83) 0.3056 9
A, |((0.571,1.439,4.923);0.17,0.85,0.83) 0.4246 6
As |((0.402,1.238,4.302); 0.17,0.85,0.83) 0.3639 8
Ag | ((0.978,2.045,6.631);0.17,0.85,0.83) 0.5913 1
A; |((0.624,1.478,5.144); 0.17,0.85,0.83) 0.4438 4
Ag | ((0.471,1.291,4.57);0.17,0.85,0.83) 0.3878 7
Ag | ((0.878,1.832,6.132);0.17,0.85,0.83) 0.5416 2
Aqp ((0.642,1.439,5);0.17,0.85,0.83) 0.4337 5

The final ranking of the stocks using the proposed model is:

Ag > Ag > Ay > Ay, > Ayg > Ay > Ag > As > A3 > A
4.7.2 Validation of ranking system

To test the ranking system's validity, a portfolio (including all ten assets) is
optimized using Markowitz mean-variance model with rank constraint, i.e., higher
weight is allocated to high rank asset. The optimization is done using PyPortfolioOpt
library in jupyter notebook. Table 4.7.12 shows the data that is used for optimization.
Table 4.7.13 summarizes the output of the optimization, which include ratio allocation
to the assets with and without rank constraints. The performances of the rank based
and rank irrelevant portfolios are shown in Table 4.7.14. It is observe from the Table
4.7.14 that rank-based portfolio produces higher returns and also has a higher Sharpe
ratio than rank-irrelevant portfolio. It demonstrates the usefulness of rank constraint,

or the ranking order proposed by the ranking system.
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Table 4.7.12: Data of stocks for formulation of objective function

Securities | Return 3tand§rd Covariance
eviation Ay A, Az Ay As Ag A; Ag Ay | Ao
A, 0.801 | 0.025 | A, [0.156(0.010(0.033|0.016|0.034|0.020|0.008|0.027|0.028|0.027
A, 0.229 | 0.017 | A, [0.010{0.072|0.014|0.010{0.013|0.011|0.015|0.007|0.004 |0.023
As 0.317 | 0.020 | A; |0.033[0.014|0.108|0.035|0.038|0.039 |0.033|0.054 |0.048|0.031
A, 0.053 | 0.015 | A, [0.016(0.010{0.035|0.057|0.018|0.023|0.023|0.041|0.028|0.022
As 0.289 | 0.021 | A5 |0.034[0.013|0.038(0.018|0.114|0.030(0.022|0.026 |0.041|0.038
Ag 0.476 | 0.022 | A, [0.020(0.011[0.039|0.023|0.030{0.129|0.027|0.0510.059 |0.024
A, 0.205 | 0.016 | A, [0.008(0.015|0.033|0.023|0.022|0.027|0.066|0.031|0.033|0.022
Ag 0.537 | 0.021 | Ag |0.027]0.007|0.054|0.041|0.026|0.051|0.031|0.112|0.067|0.026
Ag 0.625 | 0.026 | A, [0.028(0.004|0.048|0.028|0.041{0.059|0.033|0.067|0.171|0.028
Ao 0.489 | 0.018 |A,,|0.027]0.023|0.031|0.022|0.038|0.024|0.022|0.026 |0.028|0.081
Table 4.7.13: Rank irrelevant and rank based ratio allocation to the stocks
A6 A‘) AZ A7 A10 A4 A8 AS A3 Al
::\;?szam 0.057 | 0.015 | 0.255 | 0.184 | 0.064 | 0.267 | 0.0 | 0.066 | 0.00 | 0.088
EZ::d 0.135 | 0.135 | 0.135 | 0.135 | 0.135 | 0.135 | 0.047 | 0.047 | 0.047 | 0.047

Table 4.7.14: Performance of rank irrelevant and risk based portfolio

Return Risk Sharpe ratio
Rank irrelevant 29.2 16.8 1.62
Rank Based 41.7 18.7 2.12

4.7.3 Comparison with other models

When compared to other methods, the annual return obtained by the proposed

portfolio is the highest. Table 4.7.15 shows the comparison results.

Table 4.7.15 Comparison of proposed model with other models

Models Thakur et Naveenan Narang et Narang et Proposed
al. (2018) (2019) al. (2021) al. (2022) portfolio
Year 2016 2019 2020 2020 2021
Annual return 0.1301 0.17 0.2361 0.1672 0.417
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Chapter 5 SUMMARY AND CONCLUSION

The amount of money that flows in the global financial market makes the
reward of extracting exploitable regularities from financial data very attractive. There
is also interest in the designing of new products or achieving a better understanding of
financial dynamics. All this has resulted in efforts to gain an edge by any means. The
combination of increasing processing power and the exceptional amount of financial
data available have extended the range of opportunities for exploring this field.
Compared to the past, the need for simplifying assumptions is lower and the share of
data-driven modelling is strengthened. Researchers currently have access to
computational resources that allow them to obtain, process, and analyze high
frequency financial data, price complex financial products or analyze market
behavior. Under these circumstances, soft computing offers a solid framework which
is well suited for these tasks. Therefore, the current research work focuses on
modelling complex multiple-criteria decisions such as stock selection and prediction,

as well as portfolio optimization, using a variety of soft computing techniques.
Present research work comprises of following four chapters.

Chapter 1 is purely introductory and is mulled over to show fundamental concepts
and foundation which are essential for the study. In this chapter, the general overview
of stock market, its challenges in trading and investment, and different methodologies
and concepts of stock price forecasting, decision making and portfolio optimization

using various soft computing techniques are presented.

Chapter 2 entitled “Review of Literature” encapsulates the wide amount of research
work that has been done in the past related to financial time series forecasting, multi-

criteria decision making in stock market and portfolio optimization.

Chapter 3 is “Materials and Methods” involves the complete methodology of
proposed multi-criteria decision making and stock market forecasting models using

different soft computing approaches.
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The models developed in this research work are as follows:

Model [1]: Deep reinforcement learning based multi-objective systems for financial

trading.

Model [2]: Stock portfolio selection based on fuzzy time series forecasting using

fuzzy c-means clustering and deep learning techniques.

Model [3]: An effective hybrid MCDM approach of portfolio construction using

modern portfolio theory.

Model [4]: A portfolio construction model based on sector analysis using Dempster-

Shafer evidence theory and Granger causal network.

Model [5]: Stock portfolio selection hybridizing fuzzy base-criterion method and

evidence theory in triangular fuzzy environment.

Model [6]: A method of intraday stock selection integrating fuzzy TOPSIS and belief

divergence measure in evidence theory.

Model [7]: Single valued triangular neutrosophic MEREC-CoCoSo method for multi-

criteria decision making and its application in portfolio construction.

Model [1] provides a reinforcement learning based framework for multi-objective
financial trading systems. The whole framework is designed with deep learning
architecture to make it more reliable for practical use. Feature learning select the
salient features and LSTM recurrent neural network improvise the learning of system
in decision making by feeding outcome of previous actions to current state. An
experiment is conducted on Nifty and Sensex real historic data for verification of the
systems and compare them with conventional trading systems. Maximization of profit
by adjusting risk is the motivation behind this study but other factors that affect the
performance of trading system like market sentiments, future volatility can also
append and it will help to get closer with real life situations. This framework can also
be extended for multiple assets trading. Financial market is highly uncertain, the
credibility of proposed trading systems in different market patterns in real time is still

important to work in future.
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Model [2] investigates a financial time series forecasting method for stock selection.
A financial time series forecasting method is developed using FCM process which is
trained using two deep learning techniques (SVM and MLP). A stock selection
procedure is also suggested based on the forecasting results. Portfolio constructed by
selected stocks is optimized using ACO algorithm. The model is illustrated for price
forecasting of NSE stocks. The forecasted stock prices using MLP found very close to
actual stock prices. The amalgamation of fuzzy theory and deep learning helped in
improving accuracy of forecasting. The portfolio generated by forecasted data is
compared to its actual data, and the estimated and actual returns are found to be very
close, confirming the applicability of the presented method for investors to select

appropriate stocks and estimate their future return goals.

Model [3] combines the fundamental concepts of modern portfolio theory with
MCDM to create an effective portfolio. BCM and PROMETHEE | method of partial
ranking are unified to avail their advantages in stock selection. Merging the concept
of correlation coefficient with PROMETHEE | partial ranking competently judged the
stocks over suitable preference functions for every criterion and determined a realistic
relationship between the stocks which helped to construct a diversified and profitable
portfolio. For preference-based weight allocation, portfolio’s Sharpe ratio with rank
constraint is formulated, and optimized using PSO to achieve the best solution. The
proposed model is implemented on the stocks of NSE. The comparison analysis done
in the study proves the veracity of the proposed method for portfolio construction.
Incorporating more criteria, analyzing stocks for various preference functions and
using hybrid portfolio optimization techniques can enhance the robustness of the

proposed method.

Model [4] emphasizes the advantages of sector-based portfolio construction and
attempts to merge all aspects of portfolio construction into a unified framework. D-S
theory effectively dealt with the uncertainty in the past performances of the sectors
measured by evidences and provided reliable conclusions about the future potential of
the sectors. The Granger causality test serves to get diversification in the investment.

Hence, strong as well as diversified sectors are identified. Leading stocks of selected

Summary and Conclusion ............... rd



201

sectors are easily discovered by this model to form a portfolio. The Sharpe ratio
function is modified for optimization using simple deep recurrent neural network for
ratio allocation to the assets of the portfolio. Thus, this model gives double risk
security, first by selecting non-dependable sectors and second by optimizing risk-
aware function for ratio allocation. All these factors favoured the acceptability of the
proposed model over the existing models. This study is performed on the sectors of
NSE; it could be implemented for portfolio construction by taking any sectors from
local and global financial markets. Implementation of other MCDM techniques and
incorporation of fuzzy tools could enhance the model and produce more reliable

results.

Model [5] integrates the viewpoints of a beginner investor and a stock
market specialist by MCDM methods for the stock selection. Both are considered as
decision makers' gauging their concerns and fundamental attributes of stock selection.
Fuzziness of decision makers is handled by using of triangular fuzzy numbers. The
critical attributes are assessed using FDM, and the fuzzy base—criterion approach is
utilised to determine their optimal weights. The D-S theory for categorizing bad,
medium or good stock is proposed which effectively dealt with the ambiguity and
gives reliable ranking. This study tries to alleviate a neophyte investor's fear of the
stock market by demonstrating that with little specialist information, a beginner
investor can make a lucrative decision. LSTM embedded deep recurrent neural
network is used for optimizing Sharpe ratio to get optimal weights to portfolio assets.

The application of the model on NSE data confirms its applicability.

Model [6] introduces an MCDM approach to aid the problem of stock selection for
intraday trading. The presented method helps intraday trader in selecting suitable
stocks for next trading day. A ranking procedure is presented that combines fuzzy
TOPSIS and D-S evidence theory with a belief divergence measure to generate a
credible stock preference order one day before intraday trading. Belief divergence
measure thorough assessments of the collected evidences taking into account the
ambiguity and significant conflict in intraday information. The triangular fuzzy
arrangement of the proposed method incorporates the vagueness of stock market.

Some intraday stock selection criteria that are neither beneficial nor cost criteria, i.e.
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have a fixed value as desirable or undesirable value, are effectively processed by the
proposed method. The suggested method generates a trustworthy preference order, as
illustrated by a real-world case study. The proposed method's lengthy calculations
could be a drawback for traders doing it in a short period of time, such as one day.

Hence, future work can be done to reduce the model's calculations.

Model [7] presents a stock ranking method for portfolio construction hybridizing two
newly developed methods MEREC and CoCoSo through some specific modifications
to their main structures. The method is developed in neutrosophic environment to
cope up ambiguity and inference of decision-making data. To perform this task,
linguistic terms have been used which are converted into their respective single
valued triangular neutrosophic numbers (STVNSs). The use parabolic measure as
performance measure in MEREC method makes it less computational. CoCoSo
method helps in handling anomalous data and gave a combined compromised
solution. The proposed hybrid STVN-MEREC-CoCoSo approach found efficient for

ranking stocks as illustrated by a real case study on NSE data.

Chapter 4 entitled “Results and discussion” deals with the findings of discussed
models on real data of stock market. The obtained results have been represented in

tabular as well as graphical form.
5.1 Future scope

In future the developed models can be extended using different fuzzy
extensions such as pythagorean, type-2, neutrosophic, intuitionistic or hesitant. The
accuracy of forecasting models can be improved by using state-of-art hybrid deep
learning models. Incorporating qualitative factors that influence the stock market,
such as news, public sentiment, government policies, and others, can aid in
forecasting stock market more accurately as well as in the development of intelligent
trading systems. Other deep learning algorithms can also add significant advancement

in real-time portfolio optimization.
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Abstract

Fuzzy time series forecasting methods are very popular among researchers for predicting future values as they are not
based on the strict assumptions of traditional forecasting methods. Non-stochastic methods of fuzzy time series forecasting
are preferred by the researchers over the years because these methods are capable to deal with real life uncertainties and
provide significant forecast. There are generally, four factors that determine the performance of the forecasting method (1)
number of intervals (NOIs) and length of intervals to partition universe of discourse (UOD), (2) fuzzification rules or feature
representation of crisp time series, (3) method of establishing fuzzy logic rule (FLRs), (4) defuzzification rule to get crisp
forecasted value. Considering, first two factors to improve the forecasting accuracy, we proposed a modified non-stochastic
method of fuzzy time series forecasting in which interval index number and membership value are used as input features to
predict future value. We suggested a rounding-off range and large step-size method to find the optimal NOIs and used fuzzy
c-means clustering process to divide UOD into intervals of unequal length. We implement two techniques (1) regression by
support vector machine and (2) neural network by multilayer perceptron to establish FLRs. To test our proposed method by
both techniques we conduct a simulated study on eight widely used real time series and compare the performance with some
recently developed models. Two performance measures RSME and SMAPE are used for performance analysis and observed
better forecasting accuracy by the proposed model.

Keywords Fuzzy time series forecasting (FTSF) - Fuzzy c-means clustering (FCM) - Number of intervals (NOIs) - Support
vector machine (SVM) - Multilayer perceptron (MLP)

1 Introduction

Forecasting future values is very common practice in day-
to-day life. Forecasting based on past observed values is
known as time series forecasting. Both stochastic and non-
stochastic methods are employed by researchers for time
series forecasting in past years. Stochastic methods like
moving average (MA), autoregressive integrated moving
average (ARIMA), vector regression and exponential mov-
ing average (EMA) based models have limitations in han-
dling complex and highly uncertain real world forecasting
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problems. Due to these limitations, non-stochastic methods
are preferred over stochastic methods. Fuzzy time series
forecasting (FTSF) models are highly prevalent in research
field because of linguistic representation these methods
more closely illustrate real world scenarios and generally
give better results than traditional methods.

Zadeh [1] presented the theory of fuzzy sets. Song and
Chissom [2—-4] were the first to introduce time series fore-
casting models based on fuzzy sets. They developed the
models using min-max composition operation on fuzzy sets
that have cumbersome computational process which was
improved by Chen [5] using simple arithmetic operations.
The whole process of fuzzy time series forecasting has four
major steps as follows:

1. Determining universe of discourse (UOD), number of

intervals (NOIs) and length of intervals to divide UOD.
2. Obtaining fuzzy sets and fuzzifying the time series.

@ Springer
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Abstract— Because of the risky nature of stock market,
most people do not feel a secure option to invest their money in
financial trading. Focusing on this basic concern of investors
much research efforts are devoted to develop automated
trading systems that make intelligent decisions according to the
market situation and help investor to make profit beside risk.
In contrast, in this paper we proposed multi-objective systems
based on deep reinforcement learning for stock trading. Target
of the multi-objective systems is to get maximum profit by
adjusting risk. We design the whole structure of systems
consisting two deep neural networks first is LSTM
autoencoder for robust feature extraction and second deep
reinforcement learning with LSTM recurrent neural network
for decision making in order to achieve the investor’s goal. We
conduct an experiment on real historic data for verification of
the systems and compare them with conventional trading
systems.

Keywords— Reinforcement learning (RL), Deep Learning
(DL), Long Short Term Memory (LSTM), Financial trading.

1. INTRODUCTION

With the evolution of artificial intelligence and
machine learning, researchers have been developing
intelligent trading systems to trade financial assets and deep
learning algorithms making the training process robust [1].
The basic objective of trading systems is to maximize total
return and return depends on risk. Investor can increase total
return by taking higher risk but it could lead to great loss
also and if he takes lesser risk he has to compromise with
total return too. Risk plays crucial role in trading
environment, so there is need to develop such trading
systems that make maximum possible profit while
restraining the risk. Therefore, making most precise decision
is very important under dynamic market conditions.
Reinforcement learning (RL) algorithms [2] have attracted
researchers to train trading systems as in reinforcement
learning agent explore unknown environmental states and
choose most favourable action by past experiences [3]. The
learning agent takes input as different price patterns and
output discrete trading action signals that optimize the profit
and control the risk.

Training the RL agent over large datasets helps agent
to inspect broader market situations. The hierarchical
functioning of deep learning enables agent to process the
vast amount of unstructured datasets [4]. Supervised and
unsupervised methods of deep learning are utilized by
researchers in various fields [5]. The blend of deep learning
(DL) and reinforcement learning (RL) i.e. Deep
reinforcement learning (DRL) [6] has blown the mind of
researchers by its remarkable success in Alpha Go [7],
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playing Atari games [8], natural language processing [9],
health care [10], [11] and many more. Using DRL for
training the trading systems can improves its performance so
that it can make better decision during trading.

The problem of dealing with large datasets overcome
with deep learning but the other challenge is the noise and
uncertainty present in the data received in online manner. To
discover intricate structures and extract relevant features,
Deep feature learning techniques are quite promising. Deep
feature learning not only extract features but also improve
accuracy, reduce over fitting, speed up training and improve
data visualization. Therefore, firstly deep feature learning
ensures robust key features summarization and extraction
directly from the data and then deep reinforcement learning
ensures robustness of decision making process.

Now as there are different types of stock in the
financial market having different leverages, market patterns
and investment policies. To understand the market position
and pattern of a stock, it is required to enquire it with
different parameters. So, in the context of dealing with
different stocks and achieving investor’s ultimate goal, in
this paper we discuss two different multi-objective
structures and make a comparison between them. Each
model comprises two fully connected deep neural networks.
First neural network is LSTM (long short term memory)
autoencoder [12] for deep feature learning and second
neural network is recurrent LSTM network [13] for deep
reinforcement learning.

The rest of this paper is structured as follows. Related
work briefly discussed in Section II. The proposed multi-
objective structures are introduced in Section III and deep
neuralnetwork setup for proposed model is presented in
Section IV. Verification of proposed trading systems on
realdata is performed in Section V. At last conclusion and a
few future directions are indicated in Section VI.

II. RELATED WORK

Trading stocks can make significant profit if we learn
and improve trading strategies. Various methods of
forecasting financial variables like stock prices, stock
exchange indices and prices of different financial
derivatives were proposed to make wise trading decisions
[14], [15], [16]. These methods were based on supervised
learning. But supervised learning is unable to examine the
effect on total profit/loss by previous trading decisions.
Then after the development of reinforcement learning [2]
researchers found more effective technique to train the
trading systems [17], [18], [19].
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ABSTRACT

During the last decades the globalization of economies, intensifying competition among
firms, financial institutions and organizations as well as the rapid economic, social and
technological changes, have led to an increasing uncertainty and instability in the financial
market. Within this context, the importance of making efficient financial decisions while
handling complexities has increased. Soft computing covers a wide range of techniques offering
tolerance to the presence of uncertainty and imprecision, making them ideal for modelling
financial decisions. In light of the foregoing facts, the present research is centered to propose
financial decision making models based on soft computing techniques which include fuzzy sets,
neural networks, and evolutionary algorithms. In this study, seven models are introduced. Model
[1] presents multi-objective financial trading systems based on deep reinforcement learning. The
systems have been designed to give signals (buy, hold or sell) in the live market in order to get
maximum return with minimum risk. Reward-based deep reinforcement learning architectures
have been used to simulate the models for gaining better results. Model [2] proposes a financial
time series forecasting method for stock selection. Fuzzy time series forecasting procedure using
fuzzy c-means clustering and two deep learning architectures (SVM and MLP) has been
developed for forecasting daily stock prices. Portfolio construction based on stock prices and
ACO algorithm for portfolio optimization is derived. Model [3] considers the concept of
diversification addressed by modern portfolio theory and suggests a hybrid MCDM technique for
diverse stock selection. Neutrosophic base-criteria method has been devised for criteria weight
assessment. The concept of correlation coefficient between assets with PROMETHEE partial
ranking are merged for finding realistic relationship between the stocks to construct a diversified
and profitable portfolio. PSO algorithm for optimizing Portfolio’s Sharpe ratio with rank
constraint has been derived. Model [4] provides an effective portfolio construction method based
on sector analysis. Dempster-Shafer theory and Granger causality test have been employed for
indentifying strong and diverse sector of economy. Construction of portfolio by picking leading
stocks of strong and diverse sectors and its optimization using deep recurrent neural network is
presented. Model [5] offers a stock selection method integrating the concerns of a novice
investor and a stock market specialist. An integrated framework unifying fuzzy delphi method,
fuzzy base-criterion method and Dempster-Shafer theory has been developed for assessing
important criteria, their weights and reliable ranking of stocks. Portfolio optimization is done
using LSTM embedded deep recurrent neural network. Model [6] introduces fuzzy TOPSIS and
evidence theory based intraday stock selection procedure. To counter the ambiguity and conflict
in intraday data belief divergence measure has been employed for credible ranking of intraday
stocks one day before trading. Model [7] presents an MCDM method hybridizing MEREC and
CoCoSo method through some specific modifications to their main structures in context to its
application in ranking stocks. The method has been developed in neutrosophic environment to
cope up ambiguity and inference of decision making data. Parabolic measure has been used as
performance measure in MEREC method to reduce its complexity. All the present models have
been implemented on real data of Indian stock market (NSE and BSE) and detailed analysis have
been done to verify their practicality.
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