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ABSTRACT 

The stock market is a complex, non-linear, non-stationary, chaotic and dynamic system. 

This research work proves that properly tuned artificial neural network model can have the 

capability to efficiently solve non-linear time-series such as, stock market indices. This 

research work proposes Generalized Stock Direction Prediction Model (GSDPM) that will 

be applicable to any stock market index and/or stock securities. The design of the model is 

simple, however, it give an advantage to other researchers for easily developing their own 

model. The robustness of the GSDPM model‘s design is confirmed by testing three 

different network architectures; a Feed Forward Backpropagation Neural Network, Elman 

Backpropagation Recurrent Neural Network, and Cascade-Forward Backpropagation 

Neural Network.  

To analyse prediction performance of the GSDPM model, ten reputed benchmark indices 

are selected as stock database across the globe. The collected datasets are divided into 

three subsets, training dataset, holdout dataset and testing dataset, which will be used for 

train the model, testing the reliability of the model and testing prediction performance of 

the model respectively. Moreover, to select proper parameters for the neural network is 

always challenging to research community while predicting the financial market. In this 

research work, we propose a heuristic based technique to select neural network hidden 

layer nodes. While solve the non-linear problem most of the soft computing model 

generates multiple solutions. Among these generated solutions, to select the optimum 

solution or near to optimum solution (reliable solution) is always challenging to 

researchers. To overcome this limitation here we proposed a heuristic based technique to 

select a reliable tuned model (near to optimum solution) using holdout dataset.  

Due to the involvement of multi-parameters, different architectures and a huge variety of 

stock securities across the globe, it seems difficult to find an identical model for model 

performance comparison and model validation, and hence researchers faced difficulty to 

compare and validate the performance of their prediction models or methodology. To 

overcome these issues, we have introduced Success Prediction Ratio that will help, where 

the identical model does not available for validating the model. The research work 

proposes the model prediction performance validation using Success Prediction Ratio that 
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will be helpful to other researchers to validate and compare their model‘s prediction 

performance. 

The proposed research work follows Buy/Sell trading strategy instead of Buy-and-Hold 

trading strategy. The output of the model converted to the percentage prediction and 

percentage rate of return for the testing dataset. The prediction performance of GSDPM 

model has compared in terms of the percentage prediction, the percentage rate of return, 

against respective index rate of return and against randomly generated trading signals. The 

result obtains from various experiments shows that the GSDPM model has the capability to 

effectively predict next day direction of the stock time series. 
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CHAPTER 1 

Introduction 

1.1 Stock Market Overview 

The research community found that financial domains like stock and forex market are 

excellent examples in which issues are often characterized with the aid of the imprecision, 

learning and uncertainty. The researchers found difficult to identify a precise method to 

tackle problem due to lack of information, corrupted records, or inappropriate reaction on 

various financial exemplary actions like stock and forex market prediction, trading, 

monetary distress prediction, portfolio management etc. 

Stock market participants in the stock market want to grow their investment and get a 

healthy return by buying or selling their investments at an appropriate time. Stock security 

price is highly dependent on various parameters such as company fundamentals, stock 

demand supply, government policy, global policy, inflation, interest rate etc. There is 

always uncertainty about these parameters, and hence predicting the stock market is a 

challenging task. Various sector stocks traded on a stock exchange with huge volume, 

higher trading frequency and different participant. These will lead to high volatility, create 

random patterns and hence, stock price series become nonlinear. Even though financial 

time-series is random, there may exist certain fraction, in form of consistent patterns, 

which are not random. The consistent pattern appears because of a various market 

participant not trade stock security randomly. Whether portfolio manager or individual 

investor or even traders they always rely directly or indirectly on some methodology while 

selecting stock securities. Their periodic trade always forms a pattern over the time. If we 

can identify this non-random pattern, then the prediction is possible even in random series.  

In the field of soft computing, there are various techniques imitates the capability of the 

human mind. This efficiently makes modes of reasoning that are approximate instead of 
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exact. Zadeh introduced the word ―Soft Computing‖ in the early nineties whose 

foundations was seen in his earlier research papers [1]–[3]. Zadeh pointed out that the 

principal elements of soft computing are fuzzy logic, neural network theory and 

probabilistic reasoning [1]. The field of soft computing varies from hard computing in such 

a way that in soft computing priorities are given to imprecision, uncertainty, partial truth, 

and approximation. In terms of predicting financial market direction accurately and 

speedily, soft computing is gaining popularity compared to traditional techniques. 

The capability of making a profit from the financial market can be categorized in three 

notions.  Based on the historical and currently available information it is extremely 

difficult to gain profit from the market for investors. The Random Walk Hypothesis and 

the Efficient Market Hypothesis are the primary examples of the first notion. 

1.1.1 Random Walk Hypothesis (RWH) 

Bachelier introduced the idea of a ―random walk‖ in 1900 [4]. The author claimed that 

price change between two-time frames is independent with zero mean. In addition, its 

variance is proportional to the interval between the two-time frames. The random walk 

hypothesis (RWH) states that ―the present market price is the best indicator of the future 

market prices with an error term that is stochastic in nature” [5]. As per Random Walk 

theory, there is no relation between past stock price and present stock price.  

 B. Pant and T. R. Bishnoi [5] test the random walk hypothesis on Indian stock market. 

Authors concluded that using heteroscedasticity corrected variance ratio test for Indian 

context, the random walk hypothesis on the return of daily and weekly market indices were 

rejected. Authors observed [5], indices are bound to fluctuate every day even if by a small 

margin, that leads to time-varying volatilities are absent and infrequent trading is ruled out 

for indices and hence the RWH is rejected. The rejection of the null hypothesis of the 

random walk can be explained by the mean reverting tendency of stock market prices. The 

study [5] results confirm the mean reverting behaviour of stock indices and overreaction of 

stock prices in the unitary direction in India. This provides an opportunity to the 

traders/investors for predicting the future prices and earning abnormal profits. The 

rejection of RWH has been also found in a study by Tayor [6] with compelling evidence, 

which provides support to research community into better market forecasting. 
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1.1.1 Efficient Market Hypothesis (EMH) 

The relationship between information and stock price in the financial market literature 

refer using term ―Market Efficiency‖. Fama provides a formal definition of ―Market 

Efficiency‖ in his published work [7], [8] and classified into three categories: weak-form 

of efficiency, semi-strong of efficiency and strong form of efficiency [7]. 

 Weak-form of efficiency 

The weak-form efficiency suggests all the data of historical stock price already discounted 

into the present stock price. Any technical analysis failed to make the trading decision for 

investors profit from the market. The fundamental analysis helps somewhat to identify 

undervalued or overvalued stock to make the trading decision for making above average 

return than the market.    

 Semi-strong form of efficiency 

In semi-strong form efficiency, all the data of historical stock price and the public 

information has already discounted into the present stock price. According to semi-strong 

form efficiency, neither technical analysis nor fundamental analysis can use to making a 

profit from the market profits are only possible for investors who have private information 

which is not available to the market.   

 Strong form of efficiency 

In strong form of efficiency, no further profits can be made and investment in the market is 

wasting of time. The strong-form efficiency includes both the weak and the semi-strong 

form since public and private information as well as past price history are given. This 

means that all known and available information is already priced at the market price.  

The EMH might not be actual in a workout because of many market participant proves that 

they constantly beat the marketplace. The validity of EMH is always a debatable issue due 

to the fact there is massive evidence that markets aren't absolutely efficient [9]–[13]. It is 

far feasible to predict the future stock price or indices with effect, which is higher than 

random trading [14]. The market participant has given importance to EMH while 

forecasting market, because of it contradicts all others kind of predicting methodology. If 

EMH stand, then random guessing provides better prediction result than technical, 
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fundament or other time series analysis. In practice, stock market crashes in October 1987, 

October 2002, Oct 2007, September 2008, June 2015 and so on are contradicted the EMH 

due to the fact that they may be no longer largely based on the randomly occurring 

information. The research done here would be well thought-out violations of the above 

two, RWH and EMH, for short-term trading return for selected top ten global indices. 

1.1.2 Fundamental Analysis 

The fundamental analysis is the second example of second category notion. Fundamental 

analysis is the material study of a company in terms of its product sales, company balance 

sheet, company future growth, manpower, quality, infrastructure etc. to understand its 

influence in the stock market and ultimately its profit on investment [15]. Fundamental 

analysis is a detailed analysis of the fundamental factors affecting the performance of the 

companies that will evaluate company‘s intrinsic valuation. Fundamental analysts compare 

company‘s intrinsic value with company‘s present market price and take decision for 

investment. Fundamental analysis is a very effective way to forecast monetary conditions, 

but not necessarily exact market costs. This kind analysis more concerned with the 

company fundamental rather than stock valuation. The major factor involved in the 

fundamental analysis; to identifies company‘s stock valuation, projection on company 

business performance, evaluate its management and internal business decisions and to 

calculate its risk.  Fundamental analysts select stock based on company fundamentals 

rather than stock historical price movement. Fundamental analysis is costly due to the 

involvement of human and economic resources as well as suitable only for long-term 

investment so that it is not suitable for this research work. 

1.1.3 Technical Analysis 

Technical analysis fits into the third category notion. Technical indicators are a 

fundamental part of technical analysis. Technical analysts determine the stock price based 

on the past historical patterns of the stock price by applying technical indicators. 

 “Technical analysis is the study of market action, primarily through the use of 

charts, for the purpose of forecasting future price trends. The term „market action‟ 

includes the three principal sources of information available to the technician-

price, volume, and open interest”[16]. 
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 “The art of technical analysis, for it is an art, is to identify a trend reversal at a 

relatively early stage and ride on that trend until the weight of the evidence shows 

or proves that the trend has reversed. Therefore, technical analysis is based on the 

assumption that people will continue to make the same mistakes they have made in 

the past” [17]. 

Technical analysts assume that history repeats itself (due to human psychology) and it 

includes a presumption that the past openly accessible data has some prescient relationship 

to future stock price. The technical approach is based on the theory that the price is a 

reflection of active stock market participant psychology. The market participant 

psychology moves between fear, panic and pessimism on one hand, confidence, excessive 

optimism, and greed on the other hand [18]. The technical indicator has been derived by 

applying a mathematical formula to security‘s historical price data. In general, there are 

five attributes included in time series data. These five attributes of time series are open 

price, close price, highest price, lowest price and traded volume. Substituting these five 

attributes of time series into mathematical formula technical indicators are formed. Any 

combination of the open, high, low, close and traded volume over a period can be include 

while Substituting into the mathematical formula.  This is a very popular approach used to 

predict the market because of its only required historical price data. However, the problem 

of this analysis is that the trading rules extracted from chart analysis by technical analyst 

are highly subjective. As a result, different technical analysts extract different trading rules 

studying the same charts. This research work uses technical analysis approach where the 

artificial neural network (ANN), one of the popular soft computing tools, does the job of 

technical analyst more accurately. This will remove the limitation of subjective analysis of 

different human technical analysts. 

There are plentiful technical indicators derived for predicting the financial market, namely 

moving average convergence-divergence, relative strength index, moving average, 

exponential moving average, weighted moving average, on-balance volume, Williams %R, 

Accumulator/Distribution and many more. The technical indicators broadly classified into 

two types: leading indicators and lagging indicators. The leading technical indicators 

predict price by using a shorter period and they leading the price movement. The leading 

indicators give trade signals when the trend is about to start. The lagging technical 

indicators give a signal after the trend reversal has started. The lagging indicator generally 
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follows the price action and used to determine a trend. These two types further divided into 

various categories such as trend indicators, momentum indicators, volatility indicators, 

volume indicators, Oscillators etc. Table 1.1 Illustrates some of the most popular technical 

indicators apply to forecasting the stock market.  

Table 1.1: Technical indicators with their types and categories  

In this thesis work, we make use of the following technical indicators as a feature of stock 

time series in order to achieve effective price direction prediction for GSDPM model. 

 Moving Average Convergence Divergence (MACD) [16] 

Gerald Appel developed the Moving Average Convergence/Divergence indicator (MACD) 

in 1970. The MACD is a collection of three signals that are calculated using exponential 

moving averages.  First, the MACD line called faster line, which is the difference between 

a 12-day and a 26-day exponential moving average (EMA). Second, calculate the signal 

line called slower line, which is the 9-day EMA of the MACD line. Finally, there is the 

MACD histogram, which is the difference between the MACD line and the signal line.  

The MACD fluctuates above and below the zero line as the moving averages converge, 

cross and diverge. It is also referred to as Price Oscillator when the MACD has different 

values for the moving averages. MACD used to identify changes in the direction, strength 

and momentum of a security. 

Technical Indicators Type Category 

Moving Averages Trend Indicator Leading 

Exponential Moving Average Trend Indicator Leading 

Moving Average Convergence Divergence Trend and Momentum Indicator Leading 

Accumulation/distribution oscillator Trend Indicator Leading 

Parabolic Stop and Reverse Trend Indicator Lagging 

Bollinger Band Volatility Indicator Lagging 

Average True Range Volatility Indicator Lagging 

Standard Deviation Volatility Indicator Lagging 

Stochastic Oscillator Momentum Indicator Leading 

Commodity Channel Index Momentum Indicator Leading 

Relative Strength Index Momentum Indicator Leading 

Chaikin Oscillator Volume Indicator Leading 

On-Balance Volume Volume Indicator Leading 

Volume Rate of Change Volume Indicator Lagging 

William %R Momentum Indicator Leading 
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MACD Line=EMA(12)-EMA(26) 

Signal Line=9-day EMA of MACD Line 

MACD Histogram=MACD-Signal 

 Relative Strength Index (RSI) [16] 

An oscillator, which was introduced by J. Welles Wilder, Jr., and presented in 1978 his 

book ―New concepts in technical trading systems” [19]. The RSI indicator represents the 

difference between average gains versus average loss over a given period. This indicator is 

a momentum indicator, which produced values between from 0 to 100. It is used to 

measure the velocity and direction of price movements. The technical analyst considers 

past 14 data sample of stock securities as the time frame for RSI indicator. The time frame 

can be days, weeks, months or intraday. The RSI indicator is calculating as per the 

Equation (1.1). 

𝑅𝑆𝐼 = 100 −
100

1 +
 𝑈𝑝𝑡−1/𝑛𝑛−1
𝑖=0

 𝐷𝑤𝑡−1/𝑛𝑛−1
𝑖=0

     (1.1) 

Where, 

Upt is the upward price change at time period t,  

Dwt  is the downward price change at time period t, 

n is a number of past trading duration to calculate the RSI indicator. 

 William %R  

Williams %R was developed by Larry Williams. Williams %R is the inverse of the Fast 

Stochastic Oscillator. This is momentum indicator in relation to its high and low of the past 

n periods. This indicator oscillates between 0 to –100. Generally, technical analyst 

interprets 0 to 20 are an overbought signal for stock securities and –80 to –100 are 

considered as oversold for securities. Williams %R calculation shown in Equation (1.2). 

Generally, technical analyst considers past 14 data sample of stock securities as the period 

for Williams %R. 
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%𝑅 =
𝐻𝑛 − 𝐶𝑡
𝐻𝑛 − 𝐿𝑛

 × (−100)     (1.2) 

Where, 

Hn is the highest high of n time period, 

Ct is the closing price at time period t, 

Ln is the lowest low of n time period. 

 Accumulator/Distribution  

Accumulation/Distribution technical indicator was developed by Marc Chaikin, which 

determined by the changes in price and volume. It is the basis for the Chaikin Oscillator, 

which measures price-weighted volume momentum. The calculation of 

Accumulation/Distribution technical indicator is calculating as per the Equation (1.3). 

 𝐶𝑡 − 𝐿𝑡 −   𝐻𝑡 − 𝐶𝑡 

 𝐻𝑡 − 𝐿𝑡 
 𝑋 𝑉𝑜𝑙𝑢𝑚𝑒    (1.3) 

Where, 

Ct is the closing price at time period t, 

Ht is the high price at time period t, 

Lt is the low price at time period t. 

 On Balance Volume (OBV) [16] 

On-Balance Volume (OBV) is simplest and well-known a price and volume indicators, 

which was developed by Joseph E. Granville [20] and represented in his 1963 book, 

―Granville's New Key to Stock Market Profits‖. It was one of the first indicators to 

measure positive and negative volume flow. Granville noted in his research that OBV 

would often move before price [20]. The OBV calculation is very simple and it is 

represented in Equation (1.4). If the close price of the present day is higher than that of the 

previous day, the volume of the present day is added to OBV of the previous day. If the 

present day close price is lower than of the previous day, the present day‘s volume is 

subtracted from the previous day‘s OBV. The technical analyst can look for divergences 

between OBV and price to forecast price movements or use for price trend confirmation.  
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𝑂𝐵𝑉𝑃𝑟𝑒𝑣 +  

𝑉𝑜𝑙𝑢𝑚𝑒, 𝑖𝑓 𝐶𝑙𝑜𝑠𝑒 > 𝐶𝑙𝑜𝑠𝑒𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠
0, 𝑖𝑓 𝐶𝑙𝑜𝑠𝑒 = 𝐶𝑙𝑜𝑠𝑒𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠

−𝑉𝑜𝑙𝑢𝑚𝑒, 𝑖𝑓 𝐶𝑙𝑜𝑠𝑒 < 𝐶𝑙𝑜𝑠𝑒𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠

   (1.4) 

The market traders and investors use various forecasting techniques to maximize profits on 

their investment from the stock market. These market participants are not relaid on a single 

technique to provide information about the trend of the market, instead of, they used a 

spread of strategies to obtain essential signals for trading. The neural network is on a 

regular basis skilled for both technical and essential signal.  

1.2 Scope of the Research Work 

The scope of this research work is related to the financial domain and soft computing 

technique for predicting stock securities price direction. In this research, the artificial 

neural network architecture used to develop price direction predicting model. The neural 

network parameters are selected by an empirically and prominent research study.  Across 

the globe, popular benchmark indices have been selected for testing prediction 

performance of the proposed model. The proposed model‘s output predicts stock price next 

day direction and provide direction to investor/trader for buy or sell stock. Model‘s output 

doesn't predict the how much price will move rather it provides in which direction price 

will be move. The stock data used is daily closing data of respective stock securities. We 

measure the model prediction performance is measured in terms of percentage prediction 

and rate of return. The research work is not limited to stock indices but it also provides 

scale to predict any stock securities. 

1.3 Objectives of the Research Work 

 To study and review the related work in the field of prediction the price direction of 

stock securities. 

 To identify an important feature of stock securities, for predicting the direction of 

stock price. 

 To design GSDPM based on soft computing technique to guide stock market 

participants to buy/sell stock securities. 
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 To identify a number of hidden layer‘s node for ANN. 

 To identify the reliable tuned model for GSDPM. 

 To measure and test the performance of price direction prediction model. 

 To validate GSDPM model output performance. 

1.4 Original Contribution by the Thesis 

The research identifies an important feature of stock securities, which will help to predict 

the direction of stock price. This research work provides effective data sampling 

distribution for the model training, tuned model‘s reliability testing and model prediction 

testing. The research proposes a heuristic based technique to find reliable tuned model 

using holdout dataset. Here we propose the simplified design of developing the generalized 

stock direction prediction model. The proposed GSDPM has the capability to prove that 

only changing few parameters and retrain other parameters of the artificial neural network 

model, it is possible to develop a generalized prediction model, which will efficiently 

predict stock securities price direction. This will give advantages to others researchers to 

save their time for selection of model parameter. After developing generalized stock 

security direction prediction model, the challenge is to test its predictive validity because 

of two reasons; first, it is difficult to find an identical model to compare their validity and 

second, due to a variety of stock securities come from various stock exchanges. To 

overcome this problem here we propose SPR, which will help to validate the model against 

randomize prediction. 

1.5 Thesis Organization 

A brief description of this thesis organization is given below 

Chapter 2 represents the comprehensive literature survey and related works done in the 

field of stock market prediction. In this chapter, the different approaches used to forecast 

financial market is covered. 

Chapter 3 represents an overview of Artificial Neural Network, which has been most 

popular technique and widely accepted into the field of stock market prediction. An 
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artificial neural network is the heart of this research work for implementation of proposed 

price prediction model. In this chapter, artificial neural network formation, basic 

parameters used to initialize neural network and common architecture of neural network 

are discussed.  

Chapter 4 is very important part of this research work. The design of proposed Generalized 

Stock Direction Price Prediction model is described. The proposed model each of phase 

has discussed in this chapter. 

Chapter 5 is a central part of this research work and presents the detail implementation of 

each phase of proposed model‘s design. In this chapter, preparation of input data for the 

prediction model is discussed. The data distribution of model is covered in this chapter. 

Procedure for the preparation and effective distribution of training, testing and validation 

dataset for processing unit of the prediction model has covered in detail. The processing 

unit of the model, which is a crucial unit in prediction model design, implemented are 

covered in this chapter. In this research, we used three different neural network 

architecture to implement processing unit of the proposed model for testing model robust 

design and it generalized acceptance. The inputs selection, necessary parameters setting of 

processing units, training and testing are discussed in this chapter. A heuristic technique to 

an effectively select number of the hidden node for neural network and process to identify 

proper tuned neural network model has found in this chapter.  

In Chapter 6, represents the experimental result of implemented models and provides detail 

discussion on the result of performed experiments. In this chapter, we introduced Success 

Prediction Ratio for validating model‘s output performance against other performance 

measures. The SPR is helpful to others researchers for validating their model when 

identical data or model not found. 

Chapter 7 includes a summary and the conclusion drawn from the research study and 

possible future research scope. 
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CHAPTER 2 

Artificial Neural Network 

It has been found from many kinds of literature, soft computing based stock prediction 

models have successfully applied to specific stock index and/or stock securities for price 

prediction. An artificial neural network is one of the widely used tools among others soft 

computing tools. McCulloch and Pitts [21] created a computational model for neural 

networks based on mathematics and algorithms. Researchers have examined the 

application of ANNs to financial and investment decisions for many years. The artificial 

neural network was developed as an effort to imitate the human brain [22]. A neural 

network may be characterized as a computing design that consists of an oversized range of 

straightforward highly interconnected data processing parts referred to as neurons. These 

designed neurons have to match the storing and learning capability of the human brain and 

also playing the task of pattern recognition. The power to resolve the nonlinear problem 

and do not need reprogramming once neural network properly tune (trained), which will 

make ANN widespread in the research community. 

2.1 Biological Neurons 

The brain is composed of numerous biological neurons known as neural cells, every neural 

cell consisting of a cell body, dendrites and an axon [22] as shown in Figure 2.1. These 

neurons are interconnected with each other. The connections are made between the 

dendrite of one neuron and the axon of other neuron, which is referred to as synapses [23]. 

These numerous neurons that are interconnected to each other using synapses produced 

complex and a larger biological neural system. When a neuron gets a signal via the axon, it 

either inhibits or excites this signal and passes it on via its dendrites to all linked 

neurons [22]. 
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Figure 2.1: Biological Neuron  

2.2 Artificial Neurons 

The artificial neural network modified into advanced as an effort to mimic the human brain 

as described in Figure 2.2. The synapses of the biological neuron are modelled as weights, 

where input signals are received. The weight of the synapse determines the strength of the 

input signal and can be negative or positive [23]. A negative weight demonstrates an 

inhibitory connection, while positive values designate excitatory connections [24]. The 

acquired knowledge is stored within the interconnections in the form of weights. The 

weighted input signal can then be calculated by multiplying the input signal with the 

associated synapse weight. The primary boundaries for growing ANN as effective as the 

human brain are the shortage of computing power and storage space [22]. 
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Figure 2.2: Artificial Neuron 

All inputs signal are summed altogether and net input signal n is computed as per 

Equation (2.1) by utilizing the weights [25]. The net input signal is then reduced all the 

way through subtracting the bias term. When the net input reaches certain activation stage, 

the artificial neuron emits an output signal as shown in Equation (2.2). An activation 

function ∅ •  controls the amplitude of the outcome [22], [23]. 

𝑛 =  𝑤𝑖𝑥𝑖

𝑛

𝑖=1

     (2.1) 

𝑧 = ∅   𝑤𝑖𝑥𝑖

𝑛

𝑖=1

      (2.2) 

2.3 Activation Function 

The activation function additionally referred to as the transfer function of a neural network 

system. The relationship between the inputs and the output of a node and a network has 

mathematically defined using activation function. It determines the output of the neuron 

based on the net input and bias and restricted the range of the output to a few intervals 

[22], [25]. There exist many different types of activation functions, some of that are the 

linear function, threshold function and nonlinear function etc. The nonlinear activation 

function consists of the sigmoid function, hyperbolic tangent function, the sine or cosine 

etc. The sigmoid functions are the most common type of activation functions and they are 

monotonically increasing, continuous and differentiable [22]. 
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 Linear activation function 

A linear activation function is a straight-line function in which activation is proportional to 

the input. To produce neuron output, a linear activation function multiplies a constant 

value k with the net input. The mathematical representation of linear activation function 

illustrated in Equation (2.3). The boundary of the linear activation function is defined 

between from –∞ to ∞ [22]. 

𝜙(𝑥) = 𝑘𝑥      (2.3) 

 Threshold activation function (step function) 

The threshold activation function, also sometimes refers to step function is a binary valued 

function which takes value either 0 or 1. The neurons used this kind of activation function 

often referred to as McCulloch-Pitts model [25]. There is also exist bipolar threshold 

activation function, which takes value either –1 or 1. The mathematical representation of 

the unipolar threshold activation functions shows in Equation (2.4). The mathematical 

representation of the bipolar threshold activation functions shows in Equation (2.5) and 

graphical representation shows in Figure 2.3. 

𝜙(𝑥) =  
1 𝑖𝑓 𝑥 ≥ 1
0 𝑖𝑓 𝑥 < 0

       (2.4) 

 

𝜙(𝑥) =  
1 𝑖𝑓 𝑥 ≥ 1

0 𝑖𝑓 𝑥 < −1
     (2.5) 

 

 

Figure 2.3: Graphical representation of threshold activation function 
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 Sigmoid activation function 

A sigmoid (―S‖ shape) function is a bounded differentiable real function. it takes value in 

between 0 to 1 and it has a non-negative derivative at each point [26]. The sigmoid 

activation function is a special case of the logistic activation function. Sigmoid activation 

function graph is shown in Figure 2.4 and it is defined as per Equation (2.6) formula. The 

parameter a controls the slope of the function. As a value goes in the direction of infinity, 

the sigmoid function act as threshold function [26]. 

𝜙(𝑥) =
1

1 +  𝑒−𝑎𝑥
     (2.6) 

 

 

Figure 2.4: Sigmoid activation function 

 Hyperbolic tangent function 

The hyperbolic tangent (tanh) activation function is a sigmoid function, nonlinear and 

takes value in the range between –1 to 1 [26]. The hyperbolic tangent function is almost 

linear close to 0 as shown in Figure 2.5. It is also popular and widely selected as activation 

function to the neural network in the research community. The Equation (2.7) represents 

the mathematic formula of the hyperbolic tangent activation function. 

𝜙 𝑥 = 𝑡𝑎𝑛ℎ 𝑥 =
2

1 +  𝑒−2𝑥
− 1    (2.7) 
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Figure 2.5: Hyperbolic tangent activation function 

2.4 Artificial Neural Network Architecture 

The architecture of an artificial neural network (ANN) explains how the arrangement of 

neurons into layers and interconnection in-between and within layer [23]. There are 

various types of neural networks architectures: Feed forward neural network, feedback 

loop neural network, recurrent neural networks, time-delay neural networks etc., and some 

of them briefly discuss in this section. The different types of neural networks broadly 

categorized into two categories; feed forward neural network and recurrent neural network. 

Figure 2.6 illustrates a different type of neural network topology.  

 

Figure 2.6: Taxonomy of feed-forward and recurrent/feedback Neural Networks 
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The architecture of artificial neural network has an input layer, an output layer and one or 

more hidden layers they all are interconnected between each other by weights. 

 Input layer 

The input layer received information and passes it on to the rest of the neural network [23].  

 Hidden layer 

The hidden layer located in between input layer and an output layer. The major 

computation is done at hidden layer via the weighted connection [23]. 

 Output layer 

The output layer provides a net computational response to outside world [23]. 

2.4.1 Feed Forward Neural Network  

In Feed Forward Neural Network (FFNN), the information enters at the inputs and passes 

through the network, one layer to next layer, until it arrives at the outputs. Throughout 

processing operation, there is no feedback between layers. This is the reason it is referring 

to as feed-forward neural networks. Examples of FFNN are the Perceptron and Adaline. In 

single layer neural network, the input layer and output layer directly connected to each 

other without the hidden layer. In a multi-layer neural network, there has one or more 

hidden layer unit into to the network. 

2.4.2 Multi-Layer Perceptron (MLP) Neural Network   

When the hyperbolic tangent or logistic smooth functions are used in multi-layer feed 

forward neural network is referred to multi-layer perceptron network. Figure 2.7 illustrates 

simple multi-layer feed forward neural network. The MLP network can approximate any 

continuous function when it contains one or more hidden layer with a sufficiently large 

number of hidden neurons [22], [25]. The MLP network with one hidden layer is the most 

popular neural network type in financial applications [27]. 
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Figure 2.7: Simple multi-layer feed-forward neural network 

2.4.3 Feedback Loop 

A feedback loop is system structure that causes the output from one node to eventually 

influence input to that same node, either directly or indirectly through other previous 

neurons [25]. Figure 2.8 illustrates a single-loop feedback that feeds the output of the 

neuron back to the same neuron using a unit delay operator z
-l
. In a single loop, the neuron 

is directly affected. To retain the memory of the network, the unit delay operator plays a 

key role, which gives the network dynamic behaviour [25]. In Recurrent Neural Network 

(RNN) feedback loop affects the neuron indirectly and can be seen in Figure 2.9. 

 

Figure 2.8: Single-loop feedback 
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2.4.4 Recurrent Neural Network  

If a neural network has one or more feedback loops, where neurons are indirectly affected, 

it is known as a Recurrent Neural Network (RNN) as shown in Figure 2.9. The RNN 

enable to learn temporal characteristics of the data because they can retain memory [22], 

[25]. This is the reason the RNN also appropriate for predicting the financial time series, 

where data represented in time domain [27]. However, a problem with RNN is that they 

have a tendency to concentrate on the recent data, thus lowering their capability to learn 

temporal structures [27]. The example of recurrent networks has been presented by 

Anderson (Anderson, 1977), Kohonen (Kohonen, 1977), Hopfield (Hopfield, 1982), 

Jordan (Jordan, 1986) and Elman RNN (Elman, 1990). 

 

Figure 2.9: Jordan's recurrent neural network 

2.4.5 Auto-Associative Network 

The key feature of an auto-associative network is a dimensional bottleneck between input 

and output. The simplified representation of the auto-associative network is illustrated in 

Figure 2.10. In Figure 2.10, n and m refer to the number of input units and/or neurons, 

where n greater than m. The n dimensional input space is transformed into m dimensional 

space and then reconstructed to n dimensional space [23]. The weight matrix A is referred 

to as a compression matrix and the matrix B as a decompression matrix [23], [24]. 
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Figure 2.10: Simplified Auto-Associative Network 

The feed forward back-propagation neural network, Elman backpropagation neural 

network and cascade-forward backpropagation neural network is discussed in chapter 5, 

section 5.5. 

2.5 Learning of Artificial Neural Network 

The process of mapping input space to an output space of the neural network is commonly 

referred to neural network training. A common example of neural network training is 

backpropagation training. The set of rules to achieve the neural network training is referred 

as training function. A set of rules decides how individual weights and thresholds would be 

manipulated is commonly referred as learning function or neural network learning. The 

network learning example includes Error-Correction learning rules, Error-backpropagation 

learning, gradient descent etc.  

There are various different learning functions, with different characteristics. These learning 

functions are divided into three major categories: supervised learning, unsupervised 

learning and reinforcement learning. 
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2.5.1 Supervised Learning 

In supervised learning, the network is learned by providing input and corresponding 

matching output patterns. An external teacher or the self-supervised neural network system 

can provide these input-output pairs. The neural network learning is proceeds until network 

reflects desired mapping outputs to inputs patterns. The teacher can be removed once the 

neural network able to produce mapping among input-output pairs on the training dataset. 

The network is not capable of learning anything outside teacher‘s knowledge is the major 

drawback of supervised learning. The example of this kind of training is Error correction 

which includes gradient descent and stochastic [25]. 

2.5.2 Unsupervised Learning 

In unsupervised learning, network extracts a silent feature from input data on unknown 

outcome. The input to output mapping is not available for the network. The network finds 

the patterns in form of different cluster without a present of the teacher. There are no 

teacher‘s instructions available for the network that guides the network for outcome 

correctness. This kind of learning has the ability to solve complex problems using just the 

input data and commonly used in classification kind of application. The Hebbian learning 

and Competitive learning is an example of unsupervised learning [23]. 

2.5.3 Reinforcement Learning 

In reinforcement, network learns through trial and error, where the good outcome of the 

network is reinforced (rewarded) and other outcome is punished. In this kind of learning, 

there is simple reinforcement feedback is available after some action with some time delay 

for the neural network. This reinforcement feedback rewards when an action performed is 

good and punished when an action performed is not good. The reinforcement or weakening 

of some action will then encourage or discourage the neural network to take the same 

action again [23], [25]. The self-organizing neural learning may be categorized under this 

kind of learning. 

The Figure 2.11 illustrates some of the popular learning function apply to train artificial 

neural network along with their categories. The subsequent section describes some of the 

learning function in brief. 
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Figure 2.11: Artificial neural network learning functions 

 Error-correction learning 

The objective of error correction learning is to minimize the error function, such that 

difference between network output and actual output is minimized. The goal of error 

functions to optimize net error produced by the network. The neural network is trained 

with the input data for which desired output is already known. An error function computes 

an error E by comparing the difference between the neural network outputs tk to the actual 

output yk as presented in Equation (2.8). This error is then used for adjusting the network‘s 

synaptic weight value during training and network‘s learning take place.  

𝐸 = 𝑡𝑘 − 𝑦𝑘      (2.8) 

The learning can be divided into two steps, a forward pass and a backward pass. In the 

forward pass, the input is given to the neural network, which computes the network output 

with unchanged synaptic weights. In the backward pass, the error function is used to adjust 

the weights in the network [23]. The backward pass can be divided into several smaller 

steps, where the first step is to find the error information. The error backpropagation 

algorithm using this error information has found the gradient of the network error function, 

with respect to the synaptic weights [23]. Finally, an optimization algorithm to adjust the 

synaptic weights in the neural network uses this gradient [23]–[25]. 
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 Error backpropagation 

The limitation of the multi-layer neural network is that the error information is not 

available at hidden layers and it is only available in the output layer. The backpropagation 

error optimization removes this limitation by propagated the error information back 

through the network‘s hidden layers from the network‘s output layer [22]. In order to 

overcome this limitation, the first partial derivatives of the error function with respect to 

the synaptic weights has provided by the error backpropagation algorithm [22]. The 

gradient of the neural network‘s error function has formed by these partial derivatives. To 

minimize the error function, these partial derivatives have used by an optimization 

algorithm [22].  
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CHAPTER 3 

Literature Review 

3.1 Work Done 

As the level of an investment and trading grew, the market participant looked for 

mechanism and techniques that might increase their reward while minimizing their risk. 

The traditional techniques i.e., statistical analysis, technical analysis, fundamental analysis 

and linear regression, etc., are attempt used to make a profit from the market. 

Unfortunately, for continuously and accurate prediction tool, none of these techniques have 

to be proved. However, these techniques are successfully used to extract an important 

feature of time series at a base level. These extracted features are useful to the neural 

network as an input. Time series forecasting is an active research area that has drawn 

considerable attention for applications in a diversity of areas. The historical observations of 

the same variable are analyzed to develop a model in describing the underlined market‘s 

relationship. Over the past several decades, much effort has been devoted to the 

development and improvement of time series forecasting models. 

3.1.1 Soft Computing Contribution in Financial Market 

An overview of prediction technique applied in the financial domain has been presented by 

B. Kovalerchuk and E. Vityaev [28] in his book. Authors divided various prediction 

models into three major classes; statistical numerical models such as ARIMA model, 

Instance-based learning, neural network etc., rule-based models such as decision tree and 

DNF learning, hidden Markov model etc., and relation data mining such as inductive logic 

programming. It has observed that soft computing approaches able to handle uncertainty 

and noise more effectively among other approaches described [28], [29]. 



Literature Review 

26 

The study by A. M. Panchal and J. M. Patel [30] has concluded that soft computing 

methods successfully solve nonlinear problems compared to hard computing. Artificial 

neural network, fuzzy logic and probabilistic methods make a solid set, either in its pure 

form or hybrid form [3]. These methods can effectively solve nonlinear problems where 

statistical ARMA or GARCH econometric models failed. The growing interest in soft 

computing techniques in the financial domain is justified by the study and introduces 

domains of application such as stock market, currency market prediction, trading, portfolio 

management, credit scoring or financial distress prediction areas [30]. 

While predicting nonlinear financial time series,  Refenes et al. [31] predict the 30-day 

stock returns of the Paris Stock Exchange using feed forward back-propagation neural 

network.  Refenes et al. [31] indicate that conventional statistical techniques are reached 

their limitation. A. Lapedes and R. Farber [32] observed that neural network have the 

capability to satisfactorily represented the characteristics of the stock markets and 

successfully decode the nonlinear time series data.  

B. Vanstone and C. Tan [29] surveyed the literature on the utilization and successes of soft 

computing techniques in financial domain. The authors categorized reviewed papers 

according to; the style of soft computing used in their investment discipline, and the degree 

to which they demonstrate their success, as well as their practicality for use as real world 

trading models [29]. Within the area of soft computing, authors find that, the majority of 

research within the area of classification and pattern reorganization. Also, it has been 

found many system approach base is technical analysis [29]. 

3.1.2 Work Done using Artificial Neural Network  

There exist literature [33]–[36], which can prove that artificial neural network (ANN) can 

reasonably predict stock price direction. Examples  using neural networks in equity  market  

applications include forecasting the value of a stock index [31], [37], [38], recognition of 

patterns in trading charts [39], rating  of corporate bonds [31] and estimation  of the market 

price  of options [40], [41]. The research study [42] by D. Brezak et. al, measures 

forecasting performances of feed-forward neural network and RNN by training them with 

different learning algorithms. Breazak, once again confirmed the potential efficiency of 

NN in modelling and predicting nonlinear problem such as financial time-series. The stock 

market prices prediction done by Ramon Lawrence [34], reveals the ability of NN to find 
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out patterns in nonlinear time-series more accurately than other current forecasting tools. 

The study proposes that in 91 percent cases NN correctly predicted the future price trend as 

compared to 74 percent using multiple discriminate analysis (MDA).  

In their work, I. Kaastra and M. S. Boyd [43] has introduced the non-technical design of a 

neural network forecasting model for financial time series. The design procedure has been 

divided into eight different steps. These steps was a variable selection, data collection, data 

preprocessing, network training, testing and validation data distribution, neural network 

architecture, evaluation criteria, neural network training and last one was implementation. 

Three main finding has been drawn from the study [43]. The first, due to the financial 

markets characteristics, neural network consumed time and hence, researchers must have 

patience and time during the experiment. Second, the researcher must find out techniques, 

which would be optimizing the network performance. Third, any change of neural 

network‘s parameters significantly affects the performance of the neural network. Hence, 

research must record a list of all parameters for each tested neural network‘s experiments. 

K. Kamijo and T. Tanigawa [44] has been proposed the application of ―Elman recurrent 

neural network (ERNN) for the recognition of stock patterns. The time series features have 

been extracted from daily raw stock price data in form of triangle patterns which generally 

found on the daily high, low and closing price of the stock chart. The sixteen triangles 

patterns have extracted, which has divided into two groups. The first group contains fifteen 

patterns, has been used for ERNN training. The last remaining pattern has been used for 

network testing propose. The ERNN has been trained to recognize this pattern for the stock 

price prediction. The experiment has been performed on three years of corporations listed 

in the first section of the Tokyo Stock Exchange [44]. The sixteen patterns recognition 

experiments have been carried out in which groups were cyclically used. The authors claim 

that fifteen out of sixteen experiments, the test triangle patterns was accurately 

recognized [44]. 

The application of neural networks in prediction problems is very promising. Traditional 

methods such as linear regression and logistic regression are model based while Neural 

Networks are self-adjusting methods based on training data, so they have the ability to 

solve the problem with a little knowledge about its model and without constraining the 

prediction model by adding any extra assumptions. Besides, neural networks can find the 
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relationship between the input and output of the system even if this relationship might be 

very complicated because they are general function approximations. 

3.1.3 Forecasting Work Done on Diverse Stock Market Index 

Majumder and Hussian [45] used a computational approach for predicting the S&P CNX 

NIFTY 50 Index simple called NIFTY. The direction of the movement of the closing value 

of the stock NIFTY index has been predicting using a three-layer feed-forward back 

propagation neural network based model. Feed forward back-propagation neural network 

architecture with ten input node, five hidden nodes and one output node has been 

constructed for predicting experiment. To identify optimal forecasting model, various 

features of the neural network model has been studied. The preprocessed dataset of the 

NIFTY index‘s closing value has been applied to the model. The NIFTY index ten years 

data from 2000 to 2009 has been used for the model to predict the direction of the closing 

price. The model has been validated across four years of the trading days. Authors 

concluded that neural network gives a promising direction to the study of prediction of the 

markets and other economic time series [45]. 

Another attempt to predict daily returns of BSE SENSEX that is benchmark index of the 

Indian stock exchange, by M. thenmozhi et al [46] using feed forward back-propagation 

neural network. The neural network has been trained using error backpropagation 

algorithm. The daily closing value of SENSEX period from 1980 to 1997 has been used as 

processing data for the neural network model. M. thenmozhi et al [46] found that recent 

stock data is significantly influenced the prediction of the neural network model. 

The volatility between SENSEX and NIFTY index has been compared by J. K. Mantri et 

al. [47] using conventional statistic model and ANN. A volatility of these two indices are 

calculated using fourteen years of historical data of SENSEX and NIFTY applying 

different methods i.e. GARCH, EGARCH, GJR- GARCH, IGARCH & ANN. J. K. Mantri 

et al. [44] found from his study that estimated volatilities for SENSEX and NIFTY by 

these models are same. 

A. Ganatr and Y.P.Kosta [48] used technical and fundamental data as input to the BPNN 

model. The input includes closing price, turnover, global indices, interest rate, and 

inflation. The study attempts to understand network parameter like momentum, learning 
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rate, number of neurons etc. the data has been collected from 1994 to 2008 for various 

inputs. The dataset has been divided into two sets, training dataset and testing dataset. The 

testing set size has taken 10% to 30% (200 records) and remaining dataset belongs to 

training dataset (3300 records). R. Vashisth and A. Chandra [49] test the forecasting ability 

of artificial neural network models in case of NIFTY index returns. The data included daily 

high, low, open, close and traded volume of the index for a period of 2 years from 2008 to 

2009. Technical indicators are used as input to the model. 

G. Dutta et. al. [50] studied the efficacy of ANN in modelling the Bombay Stock Exchange 

(BSE) SENSEX weekly closing values. The proposed network has been examined with 

stock facts obtained from the Indian stock market BSE Index. They evolved networks with 

inputs as the weekly closing price, fifty two-week moving average of the weekly SENSEX 

closing values, a five-week moving average of the identical, and 10-week Oscillator for the 

past two hundred weeks for one neural network. For the other network, the inputs are the 

weekly closing price, fifty two-week moving average of the weekly SENSEX closing 

values, a five-week moving average of the identical and the five-week volatility for the 

past two hundred weeks. An evaluate the overall performance of the networks they used 

the neural networks to forecast the weekly closing SENSEX values for the two-year 

duration beginning January 2002. The root mean square error (RMSE) and mean absolute 

error (MAE) are selected as indicators of overall performance of the networks.  

J. Wang et. al. [51] developed an architecture which combined Elman recurrent neural 

networks with stochastic time effective function (ST-ERNN) to predict price direction of 

stock indices. The research is performed in testing the predictive effects of SSE, Taiwan 

Stock Exchange Capitalization Weighted Stock Index (TWSE), Korean Stock Price Index 

(KOSPI), and Nikkei 225 Index (Nikkei225) with the established model. The Mean 

Absolute Error (MAE), the Root Means Square Error (RMSE), and the correlation 

coefficient (MAPE) error evaluation criteria have been used to analyze the forecasting 

performance of four considered forecasting models, which are ST-ERNN, backpropagation 

neural network (BPNN), the stochastic time effective neural network (STNN), and the 

Elman recurrent neural network (ERNN) [51]. The proposed ST-RNN model of authors 

has been analyzed using the linear regression, complexity invariant distance (CID), and 

multiscale CID (MCID) analysis methods. The output of ST-ERNN has been compared 

with the three established models, which include BPNN, ERNN and STNN. The data has 

been covered the time period from 2006 to 2014 of SSE, TWSE, KOSPI and NIKKEI 
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indices. Furthermore, before processing indices data, it has been normalized between 

0 and 1. The entire dataset has been divided into two sets: training and testing dataset. The 

training dataset with 75% of data was used for model building; and the testing set, with the 

last 25%, was used to test on the out-of-sample set for the predictive part of a model. 

Hidden node has been set 9, 12, 10, 15 for SSE, TWSE, KOSPI, and Nikkei225 

respectively. Learning rate has been set 0.001, 0.001, 0.05, and 0.01 for SSE, TWSE, 

KOSPI, and Nikkei225 respectively. Authors drew the conclusion from the experiment 

that, the proposed ST-ERNN has the advantage of improving the precision of forecasting. 

R.-J. Li and Z.-B. Xiong [52] used the fuzzy neural network to forecast indices and prices 

of Shanghai stock market. The SSE index data has been used to test the experiment result 

using hybrid fuzzy neural network (fuzzy inference system and neural network) approach. 

Authors suggested that this hybrid approach could be an efficient system to forecast SSE 

stock index. 

Z. Chen and X. Du [53] has studied the interaction between social media and financial 

markets. The Chinese stock forum online data has been used to predict the trading volume 

and price of stocks using sentimental analysis methods. To calculate essential 

characteristics of the stock market, authors build a Social Behavior Graph based on the 

online behaviour of a human for each stock. The correlation between trading volume/price 

and those essential characteristics have been found. The BPNN model has been used to 

predict the trading volume and price of stocks from the SSE. The result has been compared 

with the SSE index return. Authors observed that proposed approach achieved 56.28 % 

return compared to SSE 1.17% return for a period of three months [53]. The study again 

proves the efficiency of BPNN to predicting SSE stocks return. 

The application of neural network in a real environment has been done by T. Kimoto et al 

in [54] on Tokyo Stock Exchange price indices. The prediction system was developed by 

Fujitsu and Nikko Securities and this research work [54] seems to be the first research 

applied in a real environment. Instead of predicting the stock price, the proposed work to 

predict the best time to buy/sell for future one month. A moving average of weekly average 

data of each index (from January 1985 to September 1989) has been used by processing 

environment. The technical (vector curve, turnover and DJIA index) and economic 

(foreign exchange rate and interest rate) index data have fed to the neural network at input 

layer. The prediction performance is compared with multiple regression analysis. Authors 
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found that the calculated correlation coefficient of neural network (0.991) was very high 

compared to a correlation coefficient of multiple regression analysis (0.543) on testing 

dataset [54]. 

N. O‘Connor and M. G. Madden [55] has examined the influence of external indicators for 

DJIA prediction using FFNN. The study used the foreign exchange rate and crude oil price 

as external indicators. The DJIA index data from 1987 to 2004 has been used for network 

training and testing purpose. The four thousand data samples from 1987 to 2002 of DJIA 

index were used for training the network while five hundred data samples from 2002 to 

2004 of DJIA index were used for testing the network performance in terms of 

profitability. The different combination with daily close/open price of DJIA index and 

external indicators has been fed as input to the FFNN for conducting six different 

experiments. From the different experiments result, authors concluded that the prediction 

performance in terms of profitability of neural network has been improved using external 

indicators [55]. 

M. Klassen [56] explained the need to select a large volume data to keep the 

dimensionality of input vectors small. Technical indexes commonly used for stock market 

prediction using neural networks are investigated to determine its effectiveness as inputs. 

The feed forward neural network of the Levenberg-Marquardt algorithm was applied to 

perform one-step ahead forecasting of NASDAQ and Dow stock prices. The author 

observed that using a small number of relevant and good attributes make the neural 

network training time short and generalize better. 

M. Lam [57] compared the performance of BPNN with the average return from the top 

one-third returns (maximum benchmark) in the market and with the overall market average 

(minimum benchmark) return. In this matter, he approximates perfect information whilst 

using a highly diversified market. The predictor attributes include 16 financial statement 

variables and 11 macroeconomic variables, covering financial data of 364 S&P 500 

companies from 1985 to 1995. The statistical significance of mean differences considered 

by applying paired t-tests, while neural networks retrained with a rule extraction technique 

of how to implement symbolic classification rules. The author considered single or 

multiple-year financial statement data. M. Lam determined that the ability of neural 

networks to integrate fundamental and technical analysis outperforms the minimum 

benchmark. This indicates the forecast ability of neural networks on a highly diversified 
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investment strategy. Nevertheless, the results do not outperform the maximum benchmark. 

Experimental results have been shown that the average return of 0.25398 from extracted 

rules is the only compatible result to the maximum benchmark of 0.2786 [57].  

A. F. Sheta et. al. [58] explore the use of ANNs and Support Vector Machines (SVM) to 

build prediction models for the S&P 500 stock index. Authors present a comparison 

between traditional regression model, the ANN model and the SVM model for predicting 

the S&P 500 stock index. Forecasting ability of these models has been accessed using 

Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and correlation 

coefficient R. A 27 economic and financial variables select as input to the models.  

The MLP and probabilistic neural network (PNN) has used by K. Schierholt and C. H. 

Dagli [59] to predict S&P 500 index next day change. The processing data has collected 

from 1994 to 1995 for both models. The index‘s present-day value, the past five days 

difference and the past two weeks difference has selected as the input of the models for 

predicting index next day change. Total 400 different patterns have identified. These 

patterns have divided equally into four groups; three used for models training and 

remaining one used for model testing. The output of model consisted with three neurons, 

which was directed buy, sell or hold for next day trading. The output of both models has 

compared with the maximum possible performance and the performance of the S&P 500 

index. Authors concluded with the result that, the performance of MLP and performance of 

PNN model better than the performance of the index. While comparing the performance of 

the model with each other, authors found PNN performance is a little bit better than 

MLP [59].  

C. D. Tilakaratne at.el. [60]  predicted the next day direction of the Australian all ordinary 

index (AORD). The current day's relative return of the close price of the US S&P 500 

index, the UK FTSE 100 index, French CAC 40 index and German DAX index, as well as 

the AORD, have used to predict the next day direction. The next day‘s relative return of 

the AORD has classified into three classes; buy, sell and hold. The dataset has collected 

from 1997 to 2005 and continuously divided for testing, validating and training dataset. 

The most recent 10% of data was used for testing. The next most recent 20% of data was 

used for validation while the remaining 70% was used for training. The prediction 

performance has tested on FFNN and PNN. After evaluating both model prediction 

performances, Authors found FFNN perfumed better than PNN with 
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classification/misclassification rate as well as trading simulations and suggested that 

predicting trading signal has useful for short-term trading.  

A long-term price relationships among stocks has determined by Ramnik Arora [61] using 

ANN. The divergence from these relationships has used to make a profit from the market. 

Author work based on the hypothesis ―stock prices move in a complex fashion, yet this 

pattern can be ‗learnt‘ over the short term using technical tools like ANN. Learnt on 

historical data, and in between periods of company specific news, ANN‘s can be deployed 

to produce a feasible trading strategy‖ [61]. In addition, Authors assumed that the relations 

between the different pricing elements of the market can be derived in the absence of all 

the non-specific macroeconomic news. The closing price and opening price of seven 

Indian stock market securities data from February 2008 to November 2008 used as the 

input vector to the ANN. The model performance has tested on stock securities data of 

Indian Construction sector and US Technology sector. For the price prediction of intra-day 

data, two and three hidden layers architecture has developed. The range of between 5 to 8 

neuron per each hidden layer has selected. The neural network has trained with the 

Levenberg-Marquart algorithm and MSE has used for output performance measured. 

Authors [61] concluded from experiment result that, use of intra-day data is advantageous 

over the use of end-of-day data. 

3.2 Methodology 

The research study [33] by G. Atsalakis and K. Valavanis have surveyed more than 100 

published articles that focus on soft computing techniques applied to forecast the financial 

market. This research study [33] is a good reference for other researchers for the time 

series analysis, prediction modelling, performance measures used for testing prediction 

ability of neural network and characterization. Authors made three classifications: input 

data, forecasting methodology and performance measures. Five summary tables were 

represented in this study viz. author‘s respective model for stock market (sample data), 

input variables to the stock market model (technical indicators and/or fundamental 

parameters), author‘s specific approach (processing techniques), summarized comparisons 

made against other techniques and summary of performance measure techniques. This 

study expressed that predicting the market is possible in many ways, but no identical 

model is available.  
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D. Brezak et. al [42] compared forecasting performance of these NN with the performance 

of NN using the Mackey-Glass nonlinear chaotic time series. Authors conclude that neural 

network successfully solves non-linear time series. D. A. Kumar and S. Murugan [62] 

paper investigate the various training algorithm with Multi-Layer Perceptron Feed Forward 

Neural Network (MLPFFNN).  The neural network model was used to predict the closing 

price of one day in advanced. The dataset has consisted of Sensex 100 closing stock index 

price for the period from 2007 to 2011 and Nifty Midcap50 closing stock index price for 

the same period. Thirteen various training algorithm has applied and neural network result 

has analyzed. For all training algorithms, 1-5-1 multi-layer perceptron feed forward neural 

network architecture has been used. Training, validation and testing dataset has divided as 

60%, 20% and 20% respectively. Authors analyzed forecasting accuracy of various 

training algorithm, and conclude that the Levenberg-Marquard algorithm has been found as 

best training algorithm. 

A. Ganatr and Y.P.Kosta [48] has done four experiment using various input combination. 

The first experiment has been done on each four individual nifty stock‘s (RIL, ITC, SBI, 

INFY) closing price data. The neural network has been trained using 15 input nodes and 

decay 0.01 to 0.1. The experiment has been conducted with a different number of hidden 

nodes like 10, 15, 20, and 25. The second experiment has been done using closing price 

and traded volume on each data. The neural network has been trained using 30 input nodes 

and decay 0.1. The experiment has been conducted with a different number of hidden 

nodes like 20, 25, 30, 35 and 40. The third experiment has been done on each data of 

closing price of global indices NASDAQ, FTSE and NIKKEI. The neural network has 

been trained using 45 input nodes and decay 0.1. The experiment has been carried out with 

a different number of a hidden node like 20, 35 and 45. The fourth experiment has been 

conducted on each data, in which used 45 input nodes and closing price, interest rate and 

inflation data. The neural network has been trained using a different number of a hidden 

node like 25, 35 and 45 with decay 0.01. Authors conclude that experiment four gives a 

better result than other experiments conducted for next day price prediction. 

A high-level demonstration model has been presented by Bao [63] in his research work. 

The author considered local minima/maxima point, which exists periodically in stock 

market‘s time series, as critical point and developed Critical Point Model (CPM). The 

CPM can integrate multiple stock analysis techniques into one framework. The trend 

reversal prediction, the data smoothing and the technical indicators recognition have 
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combined to develop a system, which can verify the utility of the CPM model. The 

probabilistic neural network has selected as neural network architecture. The thirteen 

technical indicators have used to identify trend reversal patterns at each turning point. 

These turning points and their technical indicators have used to train probabilistic neural 

network. The system has tested on the CBOT Soybeans futures prices from period January 

1970 to December 2006 [63]. The obtained results compared with the S&P 500 index 

return. 

R. Vashisth and A. Chandra [49] used ten technical indicators are taken as input 

parameters and one output parameters are used in proposed tree layer backpropagation 

architecture of ANN. One hidden layer has been used with four neurons and output layer 

has one neuron. Activation function has been selected as tan-sigmoid function and mean-

square error has been used for measure performance of the model. Fifteen neural networks 

have been used for prediction of consecutive 15 days closing index starting from the test 

day.  

A combined result to an overall output has obtained with use of post-processing unit in the 

research work by T. Kimoto et al in [54]. Authors used neural network approach where 

each neural network has one hidden layer. The network has trained with backpropagation 

algorithm and sigmoid transfer function used in the output layer. The model predicted 

output as weighted sum of the logarithm of the ratio of the TOPIX at the end of a current 

week to the TOPIX value at the end of previous week.  

Patel et al. [64] study compared four predictive models: naive Bayes, random forests, 

ANNs and SVM on Indian stock exchange benchmark index CNX Nifty, S&P BSE Sensex 

indices. This study used two approaches for these models. The first approach focused on 

input data involvement in the computation of ten technical parameters using stock trading 

data (open, high, low & close prices). On the other hand, the second approach focused on 

representing trend deterministic data of those technical parameters.  The authors concluded 

that the performance of all the prediction models improve when those technical parameters 

have represented as trend deterministic data.  

L. Ertuna [65] two learning methods were examined backpropagation and Resilient 

backpropagation. Apple Inc daily stock prices were taken for a period from January 2000 

to January 2016. Different sizes of testing sets were used: 1%, 10% and 20% of the 
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provided historical data. Three major models of neural networks, had one, five and thirty 

inputs correspondingly for stock prices time series forecasting were analyzed. Hidden 

layers were varied for these networks: one hidden layer, two hidden layers and ten hidden 

layers with the same amount of neurons on each layer. It was demonstrated that resilient 

backpropagation training method worked equally well with most network structures, 

showing more predictable error behaviour, and it was, in general, more reliable than 

backpropagation. Among other neural network structures, a special case, deep neural 

networks, was analyzed and it was shown to be not very effective. Authors conclude that 

neural networks are a great tool for time series forecasting with huge computing power, 

capable of learning chaotic time series with no underlying mathematical model. 

A. F. Sheta et. al. [58] proposed multi layer perceptron (MLP) neural network architecture 

consists of three layers with a single hidden layer having 20 neurons. Twenty-seven 

financial and economic variables have been selected as input to the models. The input layer 

has 27 input nodes while the output layer consists of one node that gives the predicted next 

week value. The backpropagation algorithm is used to train the MLP and update its weight. 

Another model developed for the S&P 500 index based on SVM with Radius Basis 

Function (RBF) kernel. The best performance of SVM can be obtained with C value 100 

and gamma value 0.01. The S&P 500 index dataset from 2009 to 2014 has been used The 

dataset has been sampled on a weekly basis. The experiment has been used total 143 

samples were dataset split into 100 samples as training dataset and data for 43 samples as 

testing dataset. Authors [58] concluded that prediction performance of SVM outperformed 

the MLP and Multi Layer Regression (MLR) models in both training and testing cases. 

Similar to, D. C. Sansom et al. [66] evaluated utilizing ANNs and SVMs for wholesale 

electricity price forecasting. The SVM required less time to optimally train than the ANN, 

while the SVM and ANN forecasting accuracies were found to be very similar [66].  

Yakup Kara [67] predicted the direction of movement in the daily closing of Istanbul Stock 

Exchange (ISE) National 100 Index. The model was based on two ANN architectures: 

ANN and support vector machines (SVM). Five technical indicators have applied to the 

proposed model. Mean square error has used as model performance measured. The 

research data used in this study is the daily closing price of the Istanbul Stock Exchange 

National 100 index the period from 1997 to 2007. Twenty percent of entire dataset is used 

for parameter setting and remaining dataset divided equally for training and holdout 

dataset. To minimize RMSE of the weight update algorithm the gradient-descent method 
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has used. A tangent sigmoid transfer function was selected on the hidden layer. On the 

other hand, a logistic sigmoid transfer function was used in the output layer. That is, the 

outputs of the model will vary between 0 and 1. If the output value is smaller than 0.5, then 

the corresponding case is classified as a decreasing direction; otherwise, it is classified as 

an increasing direction in movement. Kara compared the prediction performance of ANN 

with SVM and concluded that average performance of ANN model (75.74%) was better 

than that of SVM (71.52%).  

S.-C. Huang and T.-K. Wu [68] have presented a model for financial time series analysis 

using discrete wavelet transform. The proposed model uses Recurrent Self-Organizing 

Map (RSOM) neural network for partitioning and storing the temporal context of the 

feature vector space. It uses multiple kernel partial least squares regression for forecasting 

purposes. The authors concluded that the proposed system achieves the lowest root-mean-

squared forecasting errors in comparison with the other traditional model.  

The predictive relationships of numerous financial and economic variables have evaluated 

by D. Enke and S. Thawornwong [69] using machine learning for data mining. To 

improved generalize ability of models, a cross-validation technique has employed. The 

model processing data has consists of thirty-one economic/financial variables and 286 

periods of monthly data from March 1976 to December 1999. Authors were used three 

neural network based models; BPNN, PNN and Generalized Regression Neural Network 

(GNN) for estimate the level and classify the direction of excess stock returns on the S&P 

500 index portfolio using economic and financial variables. The fifteen variables out of 

thirty-one variables have used as input to the neural network models. The results showed 

that the neural network for classification models generate higher risk adjusted profits than 

buy-and-hold, linear regression model and the level estimate based forecast strategies.  

A hybrid artificial intelligent method called clustering-genetic fuzzy system (CGFS), using 

GA and self-organizing map (SOM), has presented by E. Hadavandi et al. [70] for 

forecasting stock price. Authors work has divided into three phase. The most relevant 

factors have determined for stepwise regression analysis in the first phase. In the second 

phase, k clusters have formed by dividing their raw data using self-organizing map (SOM). 

The clustering algorithm has divided into two groups; the agglomerative hierarchical 

algorithms and the nonhierarchical clustering. At the last phase, all clusters were fed into 

GFS model. A daily stock price of IBM, Dell Corporation, British Airline and Ryanair 
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Airline from 2003 to 2005 has used to implement CGFS. The dataset has continuously 

divided into a training dataset and testing dataset. Four attributes of a raw stock data: open, 

high, low and close price has used to form the model input vector. The model's output has 

compared with the previous predicting methods using MAPE. Authors [70] concluded that 

CGFS forecasting accuracy of CGFS outperforms the rest of approaches in terms of  

MAPE evaluation and can be used for forecasting tool to predict stock price.  

The research by P. B. Patel and T. Marwala [71] focuses on a pattern classification 

problem utilized within an application that could assist an individual as well as institutional 

investors in making financial decisions. These designs were implemented using Artificial 

Neural Networks, Fuzzy Inference Systems as well as Adaptive Neuro-Fuzzy Inference 

Systems (ANFIS). The research [71] focuses on the ‖Buy low, sell high‖ trading strategy. 

The design that employed 4 classifiers achieved low complexity and high scalability. The 

Dow Jones Industrial Average, the JSE Securities Exchange (JSE) All Share, Nasdaq 100 

and Nikkei 225 Stock Average indices have been considered for testing forecasting 

performance. The data has divided into training, validation and test set. This design has 

consisted of four classifiers. Each classifier has four inputs and four outputs. Three designs 

of the component have been implemented and compared regarding their complexity as well 

as scalability.  

The research provides the groundwork for financial trading using some of the familiar soft 

computing models by B. Doeksen et. al. [72]. Three different artificial intelligence 

techniques: ANN, a Mamdani Fuzzy Inference System (FIS) Takagi Sugeno Fuzzy 

Inference System (TSKFIS) has used to predict the direction of Microsoft and Intel stock 

prices from January 1990 to August 2003. The most recently last year dataset from 2002 to 

2003 has been used for testing performance of proposed soft computing models. A 

backpropagation and conjugate gradient algorithm has been applied to train ANN. For 

setup  Mamdani FIS,  the membership function parameters have prepared using 200 epochs 

gradient descent algorithm and 50 generations of GA. For the GA, a population size of 

fifty and uniform crossover has used. The authors [72] concluded that the worst soft 

computing model for Microsoft stock data has outperformed over the best soft computing 

model on Intel stock data. 

B. B. Nair et. al. [73] proposed hybrid decision tree-neuro-fuzzy system for prediction of 

the stock market. Automated stock market trend prediction system is proposed by using 
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decision tree adaptive neuro-fuzzy hybrid system. They used different techniques like 

technical analysis and decision tree. The first technical analysis which is generally used by 

stock traders for feature extraction and second decision tree for feature selection. By using 

technical analysis and decision tree that used for the reduced dataset applied to the adaptive 

neuro-fuzzy system for next day stock price prediction. Authors proposed system has 

tested on four major international stock market. Their experimental results show the 

proposed hybrid system produces much higher accuracy when compared to stand- alone 

decision tree based system and ANFIS based system without feature selection and 

dimensionality reduction [73]. 

3.3 Key Observations 

More than 100 researchers survey by G. S. Atsalakis and K. P. Valavanis [33] proves that 

there is no absolute model available for stock market prediction. R. K. Dase and D. D. 

Pawar [74] found that predicting stock index with traditional time series analysis was 

proven to be difficult but an ANN may be suitable for this task. From the past literature, 

they found that ANN is very useful for predicting world stock markets. They suggested, 

this is a newly emerging field and there is considerably large scope for the use of Artificial 

Neural Network for accurate prediction of the stock market index.  

D. A. Kumar and S. Murugan [62] observe the various training algorithm on multi-layer 

perceptron feed forward neural network and conclude that Levenberg–Marquardt provides 

the best result in less time while BFGS quasi-Newton backpropagation always gives a 

negative result. A. Ganatr and Y.P.Kosta [48] has observed that as input node increase or 

more hidden node or high initial weight will lead to network take more iterations to 

converge. The future extraction is not explained in the study of T. Kimoto et al [54]. 

D. Bao [63] used different trend reverse pattern, with the help of thirteen technical 

indicators developed CMP model which will identify trend reverse of time series.  

After going through thoroughly various literature study, following key observation has 

drawn related to the prediction of the stock market. 

 A Neural Network has the ability to extract useful information from a large set of 

data. 
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 There is no common standard stock database available for research experiment. 

 Unfortunately, there is no common benchmark available for comparing prediction 

result in the financial system domain. 

 Almost all study rely their result on their selected stock securities. 

 There is no absolute method available for effectively identify parameters of ANN 

and hence, a heuristic technique or trial and error is widely used by most of the 

researchers.  

 The nature and complexity of time series also differ as we move from one stock 

exchange to other stock exchange as well as one stock securities to other stock 

securities.  

 The prediction accuracy highly depends on the selection of input variables, model 

topology and model parameters. 

A review paper [30], [75] provide evidence that soft computing techniques effectively 

solve stock market prediction problem. The backpropagation (BP) based neural network is 

one of the most popular techniques [76]–[84] in the field of artificial neural network for 

analysis of stock data, which we have applied here to develop GSDPM model in this 

research work. There is a possibility to make generalized price prediction model, which 

will be giving more returns compared to random buy/sell. 

3.4 Limitations of the Existing Solution 

While using an econometric statistical model such as linear regression, Auto-regression 

and Auto-regression Moving Average (ARMA) models, linearity and stationary of the 

financial time-series data assumptions need to be considered. Such non-realistic 

assumptions can degrade the quality of prediction results [85]. 

It has been found from various research studies, that to predict stock securities, applied soft 

computing model stores pattern by learning from historical data. The approaches used by 

these models are either technical analysis or fundamental analysis. The technical analysis 

approach uses historical data, assuming that history predicts the future. The technical 
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analysis becomes less accurate or sometimes fail when the market changes drastically. 

Fundamental analysis involves human resource, the limitation of a human such as bias, 

human error to interpretation data, lack of team coordination, etc., that will make a less 

accurate prediction. 

The soft computing model requires large training data. If enough historical data is not 

available, prediction performance will be affected. Also, there is an assumption that testing 

dataset has a co-relation with training dataset. If market participant changes or market 

condition changes, then re-training is required for consistent performance. 

Although an ANN can be a very useful tool for the prediction of stock market returns, 

several studies have shown that ANNs have some limitations because stock market data 

contain a tremendous amount of noise, non-stationary characteristics, and complex 

dimensionality [86], [87]. D. A. Kumar and S. Murugan [62] work are limited to identify 

best performance training algorithm rather than analyzed prediction accuracy. D. Boa [63] 

use more than thirteen technical indicators that will increase neural network computation 

time. Work done by R. Vashisth and A. Chandra [49]  limited very shorter duration also 

authors mention that results of this study cannot be generalized. 

The market condition and market participants are periodically changed with time and 

hence, patterns formation also changed. To make a continuous profit from the market, the 

model retraining and validation is required periodically so that it can remember newly 

formed patterns [45].  

It has been found from various literatures that there is rarely any generalized model 

available for stock price direction prediction. It has also been observed from the literature 

that research community find difficulty to compare and validate the performance of their 

prediction models or methodology. To overcome above limitation, here we have proposed 

GSDPM model. The design of this model is discussed in chapter 4 and implementation 

details are given in chapter 5. We introduced Success Prediction Ratio (SPR) that will help 

where the identical model does not available for validating the prediction model. The SPR 

serves as generalized performance indicator in the financial domain. The experimental 

result and model validation are presented in chapter 6. 
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CHAPTER 4 

Research Methodology 

Soft computing based artificial neural network architecture and technical analysis are used 

as an approach to this research work. Generally, research community follow two different 

approaches for prediction: First, Price magnitude prediction which predicts how much 

price will move in specific duration. Second, price direction prediction which predicts 

whether price will move up or down. This research work concentrates on the second 

approach. We collect data samples from reputed stock exchanges. The research data are the 

daily closing price of traded stock securities. The entire collected data sample is divided 

into subset as per model‘s processing requirement. We train model until it tunes properly. 

Using holdout dataset, the reliable tuned (properly tuned) model is selected from generated 

tuned models. Testing data is applied to reliable tuned model and output of the model is 

evaluated. Based on the output of processing unit, the decision will be taken whether stock 

security direction will go up or down. For testing model prediction performance, testing 

data is fed to model and model performance is analyzed. The proposed GSDPM 

performance is tested in terms of percentage prediction and percentage rate of return 

(ROR). To validate the model, Success Prediction Ratio (SPR) is calculated and validity of 

model is tested against random generated buy/sell signal. 

4.1 Generalized Stock Direction Prediction Model (GSDPM) Design 

The GSDPM design is shown in Figure 4.1. The processing data samples are from 

financial domain. Model design contains six units: 1) Stock Database Selection, 2) Raw 

Input Data Sample, 3) Features Extraction, 4) Data Sampling, 5) Processing Framework, 6) 

Output. 
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Figure 4.1: Generalized Stock Direction Prediction Model (GSDPM) 

4.1.1 Stock Database Selection 

The stock database includes benchmark stock index and/or specific stock securities. Here 

we can select benchmark index and/or traded stock securities that are domain specific to 

selected stock exchange. The database may be from the single stock exchange or from 

multiple stock exchanges. While selecting stock data one can ensure larger data sample 

available throughout the period for processing. Avoid the stock securities, which do not 

have too much historical data. Also, avoid stock securities which traded volume is very 

low because those securities do not reflect the actual market knowledge and hence, the 

matching pattern would be misunderstood by processing unit. To fulfil the objective of this 

research, a benchmark stock index from multiple stock exchanges has been selected. The 

movement of one stock exchange‘s index is different from other stock exchanges until 

global policy not influences them.  

4.1.2 Raw Input Data Sample 

This kind of unit contains a selection of data sample and refinement of raw price data 

sample. There is a variety of raw data influencing stock security future price movement 

other than stock security-demand supply. These factors broadly classified into two 

categories: fundamental and technical analysis factor. Fundamental factor includes 

economic factor and company valuation. Economic factors are the interest rate, inflation 

rate, change in economic policy, speculation in the market, GDP to market ratio, Exchange 

Rates, the stability of government etc. while company valuation determines by company 

earnings per share (EPS), company management profile, dividend yield, company cash 

reserve ratio etc. The fundamental factor influences stock price movement indirectly rather 
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than directly. Also, the effect will be visible on longer time rather than shorter span. This 

kind of raw data samples usually selected while determining company intrinsic valuation.  

Technical analysis factor covers data samples of security with a specific period. Each data 

sample of traded securities includes minimum attributes: high price, low price, open price, 

closing price and traded volume on a specified period. These attributes of stock securities 

contain important features of time series. Every stock market provides real time as well as 

historical data to authorized users. The real-time data will be used to initiate trade while 

historical market data can be used to project pricing trends. The interval may be a minute, 

hour, day, weekly, monthly and so on. Selection of the most suitable interval is often 

challenging task because of vast varities of security and they have their own different 

intrinsic characteristics. It is also found that one-time interval is good for one security but 

bad for another one. Each data test interval has their own advantages and disadvantages. If 

we choose shorter duration data design, time series fluctuation is very high but provide 

more trading opportunity. Contrast to this, if we select longer duration data sample, time 

series varies less but provides less trading opportunity.  

According to selected raw data sample, the subsequent model phase will be constructed. 

This raw data sample may be fundamental base or technical base or mixed-up both. A 

selected raw data sample must have the capability to represent a relation among data 

sample and represent important features, which will help to extract knowledge about stock 

security future price movement. In this research, technical based raw data sample has been 

selected for model‘s subsequent processing.  

4.1.3 Feature Extraction 

With regards to machine learning, mapping techniques might be seen as a preliminary 

feature extraction step, after which design acknowledgement calculations are connected. 

During the feature extraction phase, meaningful and significant features are extracted from 

a number of available features. The feature extraction begins from an initial set of 

measured facts and builds derived values intended to be informative and non-redundant, 

facilitating the following learning and generalization steps, and in some cases leading to 

higher human interpretations. The raw input data samples are independent with each other. 

In this phase relationship between raw input data sample is established in such a way that it 

will represent important knowledge of time series.  
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4.1.4 Data Sampling 

This unit is responsible for distribution of the entire collected dataset. The distributed 

datasets are used for model learning, model over-fitting testing and model prediction 

validation by applying domain independent method. The prediction performance of the 

model may also depend on how data distribution is done. In this research, the entire 

collected data is divided into three independent subsets. The first subset, containing larger 

data samples, is used for training model. Second, holdout dataset is used for setting the 

model parameters and to find reliable tuned model. The third subset, testing dataset is used 

for testing prediction performance. 

4.1.5 Processing Framework 

The processing framework consists of domain independent soft computing based 

architecture. The architecture may be either specific or hybrid. This will be capable of 

solving the nonlinear problem. This unit involves selection of architecture parameters, 

model learning, model over-fit testing, identification of the reliable tuned model and 

generation of an output based on input patterns appeared. Inputs are fed to model, the 

model will match input pattern with their stored memory and output is given. The model 

processing speed, prediction accuracy, and validity to generalize acceptance depends on 

the selection of these parameters. In this research work, artificial neural networks are 

selected as soft computing architecture. 

4.1.6 Output  

After processing input data, the output of the model is used to predict next day price 

direction by some domain independent technique. Depending on the type of output 

produced by the model, appropriate method will be applied, which will directly or 

indirectly predict the future direction of stock security.  
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CHAPTER 5 

Generalized Stock Direction Prediction Model (GSDPM) 

Implementation 

5.1 Stock Database Selection 

An Index is used to give information about the price movements of products in the 

financial, commodities or any other markets. The stock market indexes are meant to 

capture the overall behavior of equity markets. In this research work, ten different top 

benchmark stock indices are selected from reputed stock exchanges across the globe as 

illustrated in Table 5.1. Table 5.2 shows the overall economic strength of the country 

which these indices belong. The selection of benchmark index criteria covers across the 

globe with enough historical data for research. The selected four indices (NIFTY, 

SENSEX, NIKKEI and SSE) from Asia continent, three indices (SNP500, NASDAQ and 

DJIA) from North America continent and three indices (FTSE, CAS and DAX) from 

Europe continent. All indices mixed of developed an as well underdeveloped market that 

will represent world stock exchanges‘ overall picture. In addition, the index has one more 

advantage compared to individual stock that fluctuation of the index is less compared to 

individual stock security. Table 5.3 shows the summary data statistics of selected ten 

benchmark stock indices. 
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Table 5.1: The benchmark index data and their description. 

Sr. 

No. 
Index Description Country 

Total 

data sample 

(Years) 

Data collected from 

1.  NIFTY National Stock Exchange of 

India 

India (Asia) 3368 (14) www.nseindia.com 

2.  SENSEX Bombay Stock Exchange India (Asia) 3325 (14) www.nseindia.com 

3.  NIKKEI Nikkei Stock Average Japan (Asia) 3325 (14) www.stooq.com 

4.  SSE Shanghai Stock Exchange China (Asia) 3294 (14) www.stooq.com 

5.  SNP500 Standard & Poor's 500 United State 3913 (16) www.stooq.com 

6.  NASDAQ NASDAQ Composite United State 3915 (16) www.stooq.com 

7.  DJIA Dow Jones Industrial 

Average 

United State 3913 (16) www.stooq.com 

8.  FTSE London Stock Exchange England (Europe) 3683 (15) Yahoo finance 

9.  CAS French stock market index France(Europe) 3733 (15) Yahoo finance 

10.  DAX DeutscherAktien Index Germany(Europe) 3706 (15) www.nseindia.com 

The data collected for NIFTY, SENSEX, NIKKEI and SSE from July 2003 to January 2017. The data collected for S&P 

500, DJIA and NASDAQ from July 2001 to January 2017. The data collected for FTSE, CAS and DAX from July 2002 to 

January 2017. 

Table 5.2: The country-wise Gross Domestic Product (GDP) 2016 

 

Ranking 

 

Economy 

(millions of 

US dollars) 
Selected indices 

1 United States 18,569,100 Standard & Poor's 500 (SNP500), NASDAQ Composite 

(NASDAQ) and Dow Jones Industrial Average (DJIA) 

2 China 11,199,145 Shanghai Stock Exchange (SSE) 

3 Japan 4,939,384 Nikkei Stock Average (NIKKEI) 

4 Germany 3,466,757 DeutscherAktien Index (DAX) 

5 United 

Kingdom 

2,618,886 London Stock Exchange (FTSE) 

6 France 2,465,454 French stock market index (CAS) 

7 India 2,263,523 National Stock Exchange of India (NIFTY) and Bombay Stock 

Exchange (SENSEX) 

World Development Indicators database, World Bank, 17 April 2017 

Table 5.3: Summary data statistics of selected ten indices 

Index Min Max Mean 
Standard  

Deviation 

NIFTY 1109.20 8996.25 4975.21 2122.48 

SENSEX 3741.66 29681.77 16636.00 6976.84 

NIKKEI 7054.98 20868.03 13180.27 3474.50 

SSE 1011.50 6092.06 2517.78 961.10 

SNP500 676.53 2369.75 1385.90 386.52 

NASDAQ 1114.11 5865.95 2796.22 1152.58 

DJIA 6547.05 20837.44 12440.18 3120.85 

FTSE 3287.00 7337.81 5612.29 922.85 

CAS 2403.04 6168.14 4104.55 777.23 

DAX 2202.96 12374.73 6721.08 2376.36 

The data collected for NIFTY, SENSEX, NIKKEI and SSE from July 2003 to January 2017. The data collected for S&P 

500, DJIA and NASDAQ from July 2001 to January 2017. The data collected for FTSE, CAS and DAX from July 2002 to 

January 2017. 
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The following section describes a brief description of selected indices. 

NIFTY: The NIFTY 50 index also refers as NIFTY is National Stock Exchange of India's 

benchmark stock market index for Indian equity market, launched on 21st April 1996. The 

nifty 50 covers 13 sectors of the Indian economy and offers investment managers exposure 

to the Indian market in one portfolio. The nifty 50 index could be a free float capitalization 

weighted index. The index was at the start calculated on full capitalization methodology. 

From June 26, 2009, the computation was modified to free float methodology. The base 

period for the CNX Nifty index is November 3, 1995, that marked the completion of one 

year of operations of National Stock Exchange (NSE) market segment. The bottom value 

of the index has been set at 1000, and a base capital of Rs 2.06 trillion. 

BSE (BOMBAY STOCK EXCHANGE) SENSEX: The term Sensex was coined by 

Deepak Mohoni, a stock market analyst. It‘s a portmanteau of the words Sensitive and 

Index. BSE SENSEX is also called the BSE 30 or simply the SENSEX is a free-float 

market-weighted stock market index of 30 well-established and financially sound firms 

listed on Bombay (at now this city name changed to Mumbai) stock market. The 30 

component companies which are some of the biggest and most actively traded stocks are 

representative of varied industrial sectors of the Indian economy. Published on 1 January 

1986, the S&P BSE SENSEX is considered the heartbeat of the domestic stock markets in 

the Republic of India. 

NIKKEI: Nikkei Stock Average is a stock market index for the Tokyo Stock Exchange 

(TSE). The Nikkei 225 began to be calculated on September 7, 1950, retroactively 

calculated back to May 16, 1949. Since January 2010, the index is updated every 15 

seconds during trading sessions. Nikkei 225 index is a price-weighted average index, and 

its components are reviewed once a year. The Nikkei is equivalent to the Dow Jones 

Industrial Average Index in the United States. 

SHANGHAI STOCK EXCHANGE (SSE): SSE is a stock exchange that is based in the 

city of Shanghai, China. It is one of the two stock exchanges operating independently in 

the People's Republic of China, the other being the Shenzhen Stock Exchange. Two main 

classes of stock for every listed company are traded on the exchange: A-shares and B-

shares. B-shares are quoted in U.S. dollars and are generally open to foreign investment. 
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A-shares are quoted in yuan and are only available to foreign investment through a 

qualified program known as QFII. 

DOW JONES INDUSTRIAL AVERAGE (DJIA) [88]:  The Dow Jones Industrial 

Average (DJIA) is one of the oldest, most well-known and most often used indices within 

the world. Charles Dow invented the DJIA back in 1896. The thirty of most prestigious 

and the biggest corporation stock within the U.S.A. market is included in the DJIA. The 

DJIA index value is calculated based on price-weighted. It had been originally computed 

by adding up the per share value of the stocks of every company within the index and 

dividing this total by a number of companies, this is the reason behind why it is also 

referred to as an average [88]. 

THE STANDARD & POOR 500 [89]: Standard & Poor‘s 500 Index is could be the 

world most diverse and largest index. In 1923, it had been introduced on a small scale. In 

1926, it had been extended to ninety stocks. In 1957, finally, it had expanded to leading 

diversify 500 stocks. The S&P 500 represents almost 80% of the overall worth of U.S.A. 

stock market. Because the S&P 500 index is market weighted (also stated as capitalization 

weighted), each stock within the index is described in proportion to its total market 

capitalization [89]. 

NATIONAL ASSOCIATION OF SECURITIES DEALERS AUTOMATED 

QUOTATIONS (NASDAQ) COMPOSITE INDEX  [90]: The NASDAQ Composite 

Index was introduced in 1971, with a starting value of 100. There is speculation that the 

NASDAQ is the exchange on where technology related stock securities are traded, this is 

due to the major listed company at NASDAQ from technology sectors. However, the 

NASDAQ Composite index also includes stock securities from other sectors such as 

financial, insurance, transportation industries and others. There are some companies 

outside of U.S.A. are also listed on NASDAQ stock exchange. The NASDAQ Composite 

includes large and small companies, however, in contrast to the DJIA and the S&P 500, it 

conjointly includes several speculative firms with small market capitalizations [90]. 

FINANCIAL TIMES STOCK EXCHANGE (FTSE): FTSE also called the FTSE 100 

Index is a share index of the 100 companies listed on the London Stock Exchange with the 

highest market capitalization. The index began on 3 January 1984 at the base level of 1000. 

In the FTSE indices, share prices are weighted by market capitalization, so that the larger 
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companies make more of a difference to the index than smaller companies. The FTSE 100 

is often regarded as an indicator of prosperity among qualifying United Kingdom 

companies and the economy in general. However, a rather large section of the companies 

included in this index is based in other countries around the world.  

COTATION ASSISTÉE EN CONTINU (CAS): The index was developed with a base 

level of 1,000 as of December 31, 1987. The Continuous Assisted Quotation (CAC) 40, the 

most widely-used indicator of the Paris market, reflects the performance of the 40 largest 

equities listed in France, measured by free-float market capitalization and liquidity. 

Despite the fact that the CAC 40 is sort of completely composed of French-domiciled 

groups, approximately 45% of its listed stocks are owned by overseas traders, greater than 

any other principal European index. German, Japanese, American and British investors are 

among the most considerable holders of CAC 40 stocks. This massive percent is because 

of the reality that CAC 40 organizations are more global, or multinational than some other 

European marketplace. CAC 40 corporations conduct over thirds of their enterprise and 

employ over thirds in their workforce outdoor France. 

DEUTSCHER AKTIEN INDEX (DAX): German inventory Index DAX 30 was formerly 

called Deutscher Aktien Index 30. It includes the 30 predominant German companies 

trading at the Frankfurt stock exchange. DAX 30 was launched on 30 December 1987 & 

was started out with a base value of 1000. The electronic Xetra trading system offers the 

prices. It calculates the index after every one minute. 

5.2 Raw Input Data Sample 

The research input raw data sample used in this study is the daily data sample of 

benchmark indices from their respective stock exchange. This data sample represents end 

of the day data values. Each data sample contains basic attributes: high price, low price, 

open price, close price and traded volume of a respective stock security. The high price 

represents the maximum price of the index during intra-day trading. The low price 

represents the minimum price of the index during intra-day trading. Open price indicates 

the first traded price of the index on a day. Close rate indicates the price of the index when 

the marketplace closes. The traded volume represents a total number of shares traded on a 

particular day. These data samples are independent of each other and there is no 
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relationship between them. As participant trade security, their price and volume move 

accordingly.  

5.3 Feature Extraction 

During the feature extraction phase, meaningful and significant features are extracted from 

a number of available features. The goal of feature extraction process is to create an 

optimal feature vector to maximize the efficiency and to support the pattern-matching 

process of the processing unit. Technical indicators are selected feature of the model. Stock 

raw data point does not have any relation with previously raw data point because they are 

independent of each other. As price moves up or down, accordingly technical indicators 

generate various patterns. These patterns contain important knowledge regarding the future 

movement of price. Technical indicator makes the relation between these raw data points. 

At a data point, combining multiple technical indicators form a specific pattern. Technical 

analyst assumes that these patterns do repeat and hence, accordingly future price will 

follow. The model learns this knowledge during training and stores into its memory. 

Five technical indicators for each case are used as input variables to the neural network 

model compared to research study [67], [91]–[93], where more than nine technical 

indicators were used as input to the neural network. The selection of five technical 

indicators is done by the review of domain experts and prior research [94]–[96]. Technical 

indicators are broadly classified trend following, price oscillators and price momentum. 

Some technical indicators are effective under cyclical markets or consolidation market and 

others perform better during trading markets [97]. While selecting technical indicators as 

input to the model here we make sure that, each category of indicators is covered and 

redundancy avoided. Table 5.4 shows the description for selected five technical indicators, 

their categories and their mathematical formula as an input variable to the neural network 

for this research work. In this research study, we have considered day interval for each 

selected indicators. For MACD we subtract 12-day EMA from 26-day EMA and getting 

MACD. The past 14 daily data sample of stock securities time frame set for RSI and 

Williams %R. 
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Table 5.4: Technical indicators description 

Indicator Description Types  Formula 

MACD 

Difference of two 

EMAs that shows a 

stock's momentum 

and direction 

Trend 

Indicator 
MACD(n)t-1+

2

n+1
 X (DIFFt-MACD(n)t-1) 

Relative Strength Index 

(RSI) 

Shows how strongly 

a stock is moving in 

its current direction 

Momentum 

Indicator 

100 −
100

1 +
 𝑈𝑝𝑡−1/𝑛𝑛−1
𝑖=0

 𝐷𝑤𝑡−1/𝑛𝑛−1
𝑖=0

 

William %R 

Uses Stochastic to 

determine 

overbought and 

oversold levels 

Momentum 

Indicator 

𝐻𝑛 − 𝐶𝑡
𝐻𝑛 − 𝐿𝑛

 𝑋  −100  

Accumulator/Distribution 

Combines price and 

volume to show how 

money may be 

flowing into or out 

of a stock 

Trend  

Indicator 

 𝐶𝑡 − 𝐿𝑡 −   𝐻𝑡 − 𝐶𝑡 

 𝐻𝑡 − 𝐿𝑡 
 𝑋 𝑉𝑜𝑙𝑢𝑚𝑒 

On Balance Volume 

(OBV) 

Combines price and 

volume in a very 

simple way to show 

how money may be 

flowing into or out 

of a stock 

Volume 

Indicator 
𝑂𝐵𝑉𝑃𝑟𝑒𝑣 +  

𝑉𝑜𝑙𝑢𝑚𝑒, 𝑖𝑓 𝐶𝑙𝑜𝑠𝑒 > 𝐶𝑙𝑜𝑠𝑒𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠
0, 𝑖𝑓 𝐶𝑙𝑜𝑠𝑒 = 𝐶𝑙𝑜𝑠𝑒𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠

−𝑉𝑜𝑙𝑢𝑚𝑒, 𝑖𝑓 𝐶𝑙𝑜𝑠𝑒 < 𝐶𝑙𝑜𝑠𝑒𝑃𝑟𝑒𝑣𝑖𝑜𝑢𝑠

  

DIFFt: EMA(12)t - EMA(26)t, EMA is exponential moving average, EMA(k)t: EMA(k)t-1  + α X(Ct - EMA(k)t-

1),   α smoothing factor: 2/(1 + k), k is time period of k day exponential moving average, Upt  means the 

upward price change, Dwt means the downward price change at time t. Ct  is the closing price, Lt: the low 

price, Ht  : the high price at time t [67].  

5.4 Data Sampling 

The entire data distribution is illustrated in Figure 5.1. The entire collected raw dataset 

divided into three independent subsets: tuning dataset, holdout dataset, and prediction 

testing dataset. The first dataset, known as tuning dataset, is used during training. The 

tuning dataset is further divided into three subsets: model training dataset, model testing 

dataset and model validating dataset. 

The entire Tuning dataset is divided into different groups having 7 data samples. Every 

sixth data sample of each group is combined to form model testing dataset and every 

seventh data sample of each group is combined to form a model validating dataset. The 

remaining data samples of each group are combined to form model training dataset. The 

process of getting model training dataset, model testing dataset and model validating 

dataset is illustrated in Figure 5.2. In this way, during model tuning all types of samples are 

involved which will produce better tuned model, capable to respond on any kind of future 

sample data. In a way, 66% of entire tuning dataset belongs to model training dataset, 17% 
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belong to the model testing dataset and remaining 17% belong to model validating 

dataset [79].  

 

Figure 5.1: General flows for the model data distribution 

 

Figure 5.2: General distribution flow of the Tuning dataset 

Approximately one-year duration (250 data sample) before last year are used in holdout 

dataset to validate model whether model properly tunes or not. It has been found in 

research study [55], [62], [67], researchers validates their model during training and rarely 

used holdout data set for validating their model. The holdout dataset serves two purposes: 

first, to identify number of hidden layer‘s neuron of ANN (discussed in ―MODEL 

PARAMETER SETTING‖, sub section of section  5.3.3), and second, to identify best 

tuned reliable model. The motivation behind use of holdout dataset is to find better reliable 

model, which is near to optimum solution among generated various multiple models 

(explained in ―FIND RELIABLE TUNED MODEL‖ sub section of section 5.3.3.). The 

third dataset of last two years (500 data sample), known as prediction testing dataset, is 

used to test prediction performance of the model. The testing dataset and holdout dataset, 

Data Set

Tuning Data Set

(70-76%) 

Model 
Training 
Data Set 

(66%)

Model 
Testing 

Data Set 
(17%)

Model 
Validating 
Data Set 

(17%)

Holdout Data 
Set 

(8-10%)

To test model 
tuned 

reliability.

Prediction 
Testing Data 
Set (16-20%)

To test 
prediction 

performance
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which is independent of the training dataset, is divided continuously. The training dataset 

is used to train the model. 

The first 25 data samples from the parameter setting datasets have not reflected the 

technical indicator value, so they are ignored. Table 5.5 shows the duration of Training 

dataset, Holdout dataset and Testing dataset and Table 5.6 shows a number of data sample 

included for Tuning dataset, Holdout dataset and Testing dataset.  

Table 5.5: Training, Holdout and Testing dataset duration 

 

Table 5.6: Number of data sample distribution for Tuning dataset, Holdout dataset 

and Testing dataset 

 

Index Training dataset Holdout dataset Testing dataset 

NIFTY 05-Aug-2003 To 28-Jan-2014 29-Jan-2014 To 06-Feb-2015 09-Feb-2015 To 27-Feb-2017 

SENSEX 10-Sep-2003 To 03-Feb-2014 04-Feb-2014 To 16-Feb-2015 18-Feb-2015 To 27-Feb-2017 

NIKKEI 06-Aug-2003 To 04-Feb-2014 05-Feb-2014 To 12-Feb-2015 13-Feb-2015 To 27-Feb-2017 

SSE 06-Aug-2003 To 27-Jan-2014 28-Jan-2014 To 04-Feb-2015 05-Feb-2015 To 27-Feb-2017 

SNP500 07-Aug-2001 To 06-Mar-2014 07-Mar-2014 To 04-Mar-2015 05-Mar-2015 To 27-Feb-2017 

NASDAQ 07-Aug-2001 To 06-Mar-2014 07-Mar-2014 To 04-Mar-2015 05-Mar-2015 To 27-Feb-2017 

DJI 07-Aug-2001 To 06-Mar-2014 07-Mar-2014 To 04-Mar-2015 05-Mar-2015 To 27-Feb-2017 

FTSE 05-Aug-2002 To 11-Mar-2014 12-Mar-2014 To 06-Mar-2015 09-Mar-2015 To 27-Feb-2017 

CAS 05-Aug-2002 To 25-Mar-2014 26-Mar-2014 To 18-Mar-2015 19-Mar-2015 To 27-Feb-2017 

DAX 05-Aug-2002 To 13-Mar-2014 14-Mar-2014 To 11-Mar-2015 12-Mar-2015 To 27-Feb-2017 

Index Total data sample Training data sample Holdout data sample Testing data sample 

NIFTY 3368 2618 250 500 

SENSEX 3325 2575 250 500 

NIKKEI 3325 2575 250 500 

SSE 3294 2544 250 500 

SNP500 3913 3163 250 500 

NASDAQ 3915 3165 250 500 

DJIA 3913 3163 250 500 

FTSE 3683 2933 250 500 

CAS 3733 2983 250 500 

DAX 3706 2956 250 500 
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Figure 5.3 shows Nifty Index Tuning dataset chart while Figure 5.4 and Figure 5.5 shows 

Nifty index Holdout dataset chart and Testing dataset chart respectively. Table 5.7 to 

Table 5.16 illustrates summary data statistics for Tuning data sample, Holdout data sample 

and Testing data sample of their respective indices.  

 

Figure 5.3: NIFTY index- Tuning dataset chart from 05-Aug-03 to 23-Dec-13  
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Figure 5.4: NIFTY index- Holdout dataset chart from 24-Dec-13 to 01-Jan-15 
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Figure 5.5: NIFTY index- Testing dataset chart from 02-Jan-15 to 28-Feb-17 

Table 5.7: Summary data sample statistics for NIFTY index 

 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -357.33 4.87 -98.34 1.91 587902712.00 

 Max 277.17 96.78 -0.81 98.24 28693592586.00 

 Mean 13.63 55.54 -39.40 52.83 17873856054.99 

 Standard Deviation 76.29 18.08 31.81 28.65 7618427663.01 

Holdout Dataset Min -56.65 19.21 -98.10 3.87 26326986710.00 

 Max 182.56 96.25 -1.22 98.00 35406433165.00 

 Mean 64.06 61.49 -33.90 50.91 31822150826.88 

 Standard Deviation 62.51 18.45 29.93 26.65 2100545556.23 

Testing Dataset Min -199.91 8.10 -98.78 2.87 30230191595.00 

 Max 139.16 91.19 -0.93 97.16 38022181248.00 

 Mean 1.36 51.71 -44.32 46.54 33738398707.74 

 Standard Deviation 79.93 16.76 32.25 28.36 1515626182.16 
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Table 5.8: Summary data sample statistics for SENSEX 

Table 5.9: Summary data sample statistics for NIKKEI 

Table 5.10: Summary data sample statistics for SSE 

 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -1146.29 5.06 -98.92 2.09 250833850.00 

 Max 920.97 99.45 0.00 100.00 3919401311.00 

 Mean 46.15 55.51 -40.16 50.26 2846532849.63 

 Standard Deviation 252.93 18.13 32.15 29.23 953511817.78 

Holdout Dataset Min -198.72 16.07 -98.17 2.87 3773603938.00 

 Max 597.66 95.83 -0.75 98.19 4267650906.00 

 Mean 210.23 60.93 -34.83 49.45 4079552750.28 

 Standard Deviation 206.40 18.29 29.37 28.05 129341931.94 

Testing Dataset Min -676.16 7.15 -98.75 2.28 3968134310.00 

 Max 413.76 88.88 -1.03 98.44 4348321939.00 

 Mean -8.07 51.33 -45.15 44.44 4172925959.82 

 Standard Deviation 254.20 16.62 32.12 29.17 76463769.20 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -1031.35 7.12 -100.00 0.00 -14864256.00 

 Max 616.29 99.56 0.00 100.00 198114665167.00 

 Mean 15.91 53.04 -43.26 50.33 74075877040.65 

 Standard Deviation 194.75 16.92 32.89 29.29 44131304914.74 

Holdout Dataset Min -360.11 17.24 -99.81 0.54 175524401359.00 

 Max 487.60 93.18 0.00 99.67 216730159759.00 

 Mean 52.51 54.94 -38.84 50.75 191621495405.46 

 Standard Deviation 176.70 15.21 30.08 28.63 11783240358.12 

Testing Dataset Min -686.57 9.93 -100.00 0.75 215110278031.00 

 Max 469.73 96.45 0.00 100.00 288209153807.00 

 Mean 24.58 54.23 -39.56 51.71 254225179452.82 

 Standard Deviation 251.37 16.20 31.26 28.44 15627598815.49 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -261.71 4.32 -99.83 0.32 -21807763040.00 

 Max 236.68 98.40 0.00 100.00 2511368360288.00 

 Mean 1.57 51.00 -46.48 52.15 1255259285798.74 

 Standard Deviation 65.83 19.15 33.76 28.95 948101853703.91 

Holdout Dataset Min -22.36 19.46 -99.14 3.70 2362030266720.00 

 Max 158.19 98.61 0.00 99.54 3589733417824.00 

 Mean 31.00 59.52 -32.95 57.54 2645225083801.34 

 Standard Deviation 45.60 15.53 28.31 27.28 347456677249.66 

Testing Dataset Min -284.37 18.19 -100.00 0.23 3388581020512.00 

 Max 225.35 94.54 0.00 100.00 5551412395360.00 

 Mean -0.13 54.12 -39.08 56.90 4936982334234.37 

 Standard Deviation 94.08 18.12 31.02 27.79 446595505374.47 
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Table 5.11: Summary data sample statistics for S&P 500 

Table 5.12: Summary data sample statistics for NASDAQ 

Table 5.13: Summary data sample statistics for DJIA 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -77.20 4.78 -100.00 0.00 -54841148017.00 

 Max 25.81 99.30 0.00 100.00 215411676830.00 

 Mean 1.37 53.80 -40.75 52.75 94022477869.68 

 Standard Deviation 13.86 15.67 32.16 30.45 82461735399.65 

Holdout Dataset Min -29.27 22.74 -100.00 0.00 212525022558.00 

 Max 25.62 96.05 0.00 100.00 229922226270.00 

 Mean 6.92 57.97 -33.85 55.35 222898872974.64 

 Standard Deviation 10.76 16.79 30.90 30.09 4733264645.92 

Testing Dataset Min -47.64 14.55 -100.00 0.00 213655783822.00 

 Max 32.13 94.69 0.00 100.00 227708704094.00 

 Mean 3.24 53.97 -37.87 52.34 221398944519.47 

 Standard Deviation 16.33 14.90 29.77 29.64 3192495337.83 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -150.35 4.03 -100.00 0.00 -23977630976.00 

 Max 64.27 99.62 0.00 100.00 440216071543.00 

 Mean 4.79 54.02 -41.46 52.30 161969483015.38 

 Standard Deviation 32.03 16.32 32.61 29.77 138659112247.27 

Holdout Dataset Min -77.49 25.43 -100.00 0.90 424385063393.00 

 Max 73.85 94.63 0.00 99.48 491161042055.00 

 Mean 17.28 57.55 -35.96 54.74 453858784644.44 

 Standard Deviation 34.92 17.31 31.23 29.36 17166630253.67 

Testing Dataset Min -144.29 14.07 -100.00 0.62 467934302550.00 

 Max 91.03 94.92 0.00 100.00 520651583906.00 

 Mean 11.88 54.53 -36.31 53.25 492044913799.06 

 Standard Deviation 47.52 15.72 30.57 28.23 11405329598.19 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -624.38 4.79 -100.00 0.00 -7999035113.00 

 Max 223.58 97.08 0.00 100.00 27713002515.00 

 Mean 12.46 53.69 -40.99 52.65 11041361252.06 

 Standard Deviation 119.63 16.33 32.15 30.00 10411172441.30 

Holdout Dataset Min -205.20 15.94 -100.00 0.00 26876423011.00 

 Max 235.71 95.60 0.00 100.00 30071570768.00 

 Mean 50.09 57.23 -35.83 54.57 28602341372.18 

 Standard Deviation 86.45 16.99 30.50 29.92 907143878.25 

Testing Dataset Min -421.06 14.55 -100.00 0.00 27680298440.00 

 Max 330.53 95.80 0.00 100.00 30351253944.00 

 Mean 32.20 54.44 -39.43 52.48 29098016693.86 

 Standard Deviation 155.78 16.53 30.68 29.65 626025529.03 
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Table 5.14: Summary data sample statistics for FTSE 

Table 5.15: Summary data sample statistics for CAS 

Table 5.16: Summary data sample statistics for DAX 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -318.06 8.57 -100.00 0.00 -45077154624.00 

 Max 127.88 98.56 0.00 100.00 105297348136.00 

 Mean 5.78 53.56 -41.44 52.60 52165098483.12 

 Standard Deviation 56.65 15.68 31.09 30.24 34663733259.41 

Holdout Dataset Min -125.85 17.48 -100.00 0.00 77060736606.00 

 Max 83.31 86.11 0.00 100.00 90469881814.00 

 Mean 3.14 52.49 -40.62 52.66 83827247556.94 

 Standard Deviation 45.46 17.03 31.07 29.09 2865388836.36 

Testing Dataset Min -162.59 8.75 -100.00 0.00 81502193518.00 

 Max 131.37 100.00 0.00 100.00 109175096606.00 

 Mean 5.24 51.59 -44.17 51.34 91718374992.67 

 Standard Deviation 57.89 15.50 31.57 30.11 5574079430.83 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -240.64 7.85 -100.00 0.00 -3916638494.00 

 Max 102.29 97.06 0.00 100.00 3849948011.00 

 Mean 1.82 53.22 -41.34 50.61 -21164230.57 

 Standard Deviation 52.58 15.23 31.54 28.07 1705950105.34 

Holdout Dataset Min -104.98 16.43 -100.00 0.00 -411472888.00 

 Max 111.62 91.61 0.00 100.00 3244628216.00 

 Mean 13.95 54.90 -36.30 51.17 1306880890.06 

 Standard Deviation 50.25 16.40 30.89 28.06 798924301.51 

Testing Dataset Min -129.62 17.89 -100.00 1.81 2469177470.00 

 Max 92.02 86.82 0.00 100.00 5322566628.00 

 Mean 0.35 51.81 -43.77 50.07 3637345295.37 

 Standard Deviation 52.24 15.05 30.72 26.54 532579093.28 

Dataset  Statistics MACD RSI WPCTR ACD OBV 

Tuning Dataset Min -404.51 3.30 -100.00 0.00 -2891708020.00 

 Max 179.88 98.77 0.00 100.00 31543943888.00 

 Mean 12.77 54.71 -39.88 52.38 18364936326.16 

 Standard Deviation 85.93 16.52 31.71 27.73 10793972341.82 

Holdout Dataset Min -238.34 8.48 -100.00 1.02 28911968717.00 

 Max 288.84 94.27 0.00 98.91 33511451565.00 

 Mean 41.14 56.01 -35.87 52.39 30598162704.04 

 Standard Deviation 120.09 18.68 31.38 27.81 1050901328.66 

Testing Dataset Min -346.84 14.91 -100.00 0.86 31835721474.00 

 Max 316.72 93.88 0.00 99.20 34615896259.00 

 Mean 9.82 52.91 -42.98 50.03 33118482573.32 

 Standard Deviation 142.23 15.50 31.16 27.06 561099867.55 
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5.5 Processing Framework 

In this research, the data processing model consists of artificial neural network. ANN 

approaches to predict the market have suffered from difficulties with generalization and 

producing models that can over-fit the data [98]. This may be due to random nature of 

stock securities and multi-parameters architecture of the artificial neural network. In ANN, 

selecting proper parameters is always challenging for researchers. To changing, one or 

more parameters of selected ANN model will affect model prediction performance. 

Unfortunately, there is no absolute method available for specifying of ANN's parameters. 

The number of hidden layer‘s node stores important knowledge regarding prediction. In 

this research work, total numbers of hidden layer‘s nodes are empirically selected for ANN 

by applying one epoch training on holdout dataset.  

For testing model‘s design robustness, GSDPM has tested on Feed Forward 

Backpropagation Neural Network (FFBPNN), Elman Backpropagation Recurrent Neural 

Network (EBPRNN) and Cascade Forward Backpropagation Neural Network (CFBPNN) 

for each of selected global indices dataset. Proposed GSDPM output performance is tested 

in terms of percentage prediction and percentage rate of return (ROR). The Validity of 

models is tested against randomly generated data buy/sell signal. 

5.5.1 Feed Forward Backpropagation Neural Network (FFBPNN)  

A simplified view of the feed-forward backpropagation artificial neural network 

(FFBPNN) is shown in Figure 5.6. 

The relation between output yk and the inputs (x1, x2,….,xp) as expressed in Equation (5.1). 

y
k
=w0+ wj∙

q

j=1

 f w0,j+ wi,j∙ xi,j

p

i=1

      

Where f is a nonlinear function to be approximated, wi,j (i=0,1,2,…,p, j=0,1,2,…,q) and wj 

(j=0,1,2,…,p, j=0,1,2,…,q) are the weights, p is the number of inputs neurons in the input 

layer, and q is the number of neurons in hidden layer [22], [23]. The weight wi,j is updated 

such that total squared error of the output computed by the net is minimized. The total 

square error E is expressed in Equation (5.2). 
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E =
1

2
  tk-y

k
 

2

k

     (5.2)  

Where tk is targeted output. 

 

Figure 5.6: Simplified three-layer feed-forward neural network 

Table 5.17 Illustrates parameters set for architecture and training of feed forward back 

propagation neural network. The input layer consists of five neurons, the hidden layer 

neurons are identified by proposed heuristic technique and output layer has one neuron. 

The initial values of weight are randomly assigned. Levenberg-Marquardt [99], [100] 

backpropagation learning algorithm is used to train the ANN. Among various training 

algorithm, Levenberg-Marquardt produces the best result with a minimum number of the 

epoch, less time in execution and lowest prediction error in performance [101], [102]. For 

smaller size input, Levenberg-Marquardt algorithm is faster and has achieved better 

performance than other algorithms in training [103]. The main drawback of the 

Levenberg–Marquardt algorithm is that it requires the storage of some matrices that can be 

quite large for certain problems. The mean square error is used to evaluate the performance 

of the ANN model at hidden layer as well as the output layer. The hyperbolic tangent 

sigmoid transfer function is used. We initialize a layer's weights and biases according to 

the Nguyen-Widrow initialization algorithm [104]. 
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Table 5.17: Parameter set for architecture and training of FFBPNN 

Parameters Value 

Number of inputs 5 

Number of outputs 1 

Number of layers 3  

Transfer function for hidden layer Hyperbolic tangent sigmoid 

Transfer function for output layer Hyperbolic tangent sigmoid 

Training function Levenberg-Marquardt backpropagation 

Performance function MSE 

Number of epoch 100 

Goal 0.01 

Initial weights and bias value Generated randomly 

Maximum  validation fails 6 

mu increase factor 10 

5.5.2 Elman Backpropagation Recurrent Neural Network (EBPRNN)  

The Elman Recurrent Neural Network (RNN) was published in a paper ―Finding structure 

in time‖ [105] by Jeff Elman in 1990. The Elman RNN network is similar to Jordan 

network. In Elman RNN, the context units (a set of extra neurons) are a feedback loop 

from hidden layer unlike Jordan network, context unit is a feedback loop from output layer. 

This creates an internal state of the network, which allows it to reveal dynamic temporal 

behaviour. The EBPRNN can use their internal memory to process arbitrary sequences of 

inputs. The common structure of EBPRNN is illustrated in Figure 5.7. 



Generalized Stock Direction Prediction Model (GSDPM) Implementation 

64 

 

Figure 5.7: Simplified structure of an Elman recurrent network 

The proposed EBPRNN is trained with gradient descent with momentum and adaptive 

learning rate backpropagation. The learning rate set to 0.01 and momentum constant set 

to 0.9 for gradient descent learning algorithm. The input layer contains five neurons and 

hidden neurons are identifying by proposed heuristic technique. A hyperbolic tangent 

sigmoid transfer function employs at both hidden layers and output layers. The mean-

square error is used for testing the performance of the network. The parameters used for 

architecture and training of the EBPRNN has been presented in Table 5.18. 
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Table 5.18: Parameter set for architecture and training of EBPRNN 

Parameters Value 

Number of inputs 5 

Number of outputs 1 

Number of layers 3  

Transfer function for hidden layer Hyperbolic tangent sigmoid 

Transfer function for output layer Hyperbolic tangent sigmoid 

Training function Gradient descent with momentum and adaptive learning rate 

backpropagation 

Learning rate 0.01 

Ratio to increase learning rate 1.05 

Ratio to decrease learning rate 0.7 

Momentum constant. 0.9 

Minimum performance gradient 1.00e-10 

Performance function MSE 

Number of epoch 100 

Goal 0.01 

Initial weights and bias value Generated randomly 

Maximum  validation fails 6 

5.5.3 Cascade-Forward Backpropagation Neural Network (CFBPNN)  

A CFBPNN is a feed forward neural network. The architectural difference between 

cascade forward and feed forward is that, in cascade forward network, a connection is 

introduced from the input and every previous layer to successive layers [23]. With the aid 

of two or more layer, CFBPNN can learn any finite input-output relationship. Besides, a 

direct weighted connection from its input to output layer allows the inputs to directly 

control the output nodes, which enables it to learn highly complex patterns [106]. Figure 

5.8 represents the simple CFBPNN architecture. A hyperbolic tangent sigmoid transfer 

function employs at both hidden layers and output layers. The mean-square error is used 

for testing the performance of the network. Levenberg-Marquardt backpropagation is used 

to train the CFBPNN.  
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Figure 5.8: Simplified structure of Cascade-Forward Neural Network 

The parameters used for the training and architecture of the CFBPNN are presented in 

Table 5.19. 

Table 5.19: Parameter set for architecture and training of CFBPNN 

Parameters Value 

Number of inputs 5 

Number of outputs 1 

Number of layers 3  

Transfer function for hidden layer Hyperbolic tangent sigmoid 

Transfer function for output layer Hyperbolic tangent sigmoid 

Training function Levenberg-Marquardt backpropagation 

Performance function MSE 

Number of epoch 100 

Goal 0.01 

Initial weights and bias value Generated randomly 

Maximum  validation fails 6 

mu increase factor 10 

MODEL PARAMETERS SETTING: The number of neurons (h) in the hidden layer of 

model‘s parameters will be efficiently determined for each of the neural network models. 

Five levels of h (10, 15, 20, 25, and 30) were tested in the parameter setting experiments. It 

has been observed from various experiments that one epoch training on M models involved 

less computation time than M epoch training of a single model. For each level of h neuron, 

the twenty-trained models are generated by applying only one epoch training on holdout 

dataset for each index. The model output is measured in terms of the percentage prediction. 

The similar treatment applies to all indices and respective model parameters are evaluated. 

The parameter setting experiments yield 5 x 20 =100 treatments for each index. For each 

level of h neuron, percentage prediction is evaluated for all generated model. The level of h 

neuron is selected based on the model having max percentage prediction. Table 5.20, 
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Table 5.22 and Table 5.24 illustrates minimum, average and maximum percentage 

prediction output of FFBPNN, EBPRNN and CFBPNN respectively on holdout dataset for 

parameters setting experiment. The selected FFBPNN's number of hidden layer‘s node, 

EBPRNN‘s number of hidden layer‘s node and CFBPNN‘s number of hidden layer‘s node 

for each index has been illustrated in Table 5.21, Table 5.23 and Table 5.25 respectively.  

Table 5.20: Prediction performance (%) of FFBPNN in parameter setting 

Table 5.21: Selected number of nodes for the FFBPNN’s hidden layer 

Index Best prediction (%) Best hidden layer’s nodes 

NIFTY 64.8 30 

SENSEX 60.4 15 

NIKKEI 56 30 

SSE 59.6 10 

SNP500 56.8 20 

NASDAQ 57.6 10 

DJIA 56.4 10 

FTSE 56 25 

CAS 59.6 15 

DAX 60.4 10 

Table 5.22: The Prediction performance (%) of EBPRNN in parameter setting 

 

Hidden layer’s  

neurons: 10 

Hidden layer’s  

neurons: 15 

Hidden layer’s  

neurons: 20 

Hidden layer’s  

neurons: 25 

Hidden layer’s  

neurons: 30 

Index Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. 

NIFTY 40.4 49.92 63.2 40 46.4 59.6 38 50.32 60 40.4 49.18 59.6 38.8 49.96 59.6 
SENSEX 36.4 48.58 63.2 40.8 49.26 60 40.8 48.08 61.6 40.8 49.34 59.2 39.6 45.96 59.2 

NIKKEI 44.8 50.82 54.8 44 49.08 54.8 44 48.98 54.8 42.8 50.26 54.8 45.2 51.22 55.2 

SSE 43.2 50.6 56.8 43.2 48.72 56.8 42.8 51.34 57.2 40.8 51.96 58.4 43.2 51.6 57.2 
SNP500 44.4 51.1 55.2 44.4 49.76 55.2 44.8 50.22 57.2 44.8 48.84 55.2 44.8 50.18 55.2 

NASDAQ 42.4 50.1 57.6 40 48.54 57.6 42.4 52.2 58.8 42 48.76 57.6 42.4 52.12 57.6 

DJIA 44.8 48.5 55.2 44.8 51.26 55.2 44.8 49.42 55.2 44.8 49.32 55.2 44.8 49.08 55.2 
FTSE 46.8 50.44 54 45.6 49.56 54 46.8 50.44 54.8 47.2 50.14 52.4 47.6 51.36 54.8 

CAS 44 49.82 54.8 45.6 51.16 54 42 48.44 54 46 50.54 54.8 45.2 50.04 56.8 

DAX 39.6 49.18 60 40 50.52 60 40 48.74 60 40 50.92 61.2 40 52.14 60 

  

 

Hidden layer’s  

neurons: 10 

Hidden layer’s  

neurons: 15 

Hidden layer’s  

neurons: 20 

Hidden layer’s  

neurons: 25 

Hidden layer’s  

neurons: 30 

Index Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. 

NIFTY 40.4 50.1 61.2 40 47.1 59.6 40 49 60 39.6 49.3 59.6 40 48.02 64.8 
SENSEX 40.4 50.12 59.2 37.6 47.76 60.4 40.8 47.38 60.4 37.2 48.94 60.4 40 48.28 60 

NIKKEI 44.8 49.08 54.8 45.2 49 55.2 44.8 49.1 55.2 43.2 48.76 55.6 44 48.16 56 

SSE 42.8 50.94 59.6 43.2 50.7 57.2 42.8 52.26 58 43.2 52.02 57.2 42.4 51.54 58.8 

SNP500 43.2 50.64 55.2 43.2 50.4 55.2 45.2 52.14 56.8 44.8 50.76 56.4 44.8 50.4 56.4 

NASDAQ 42.4 50.56 57.6 42 49.56 57.6 41.2 50.52 57.6 42.4 51.06 57.6 40.4 48.62 57.6 

DJIA 44.8 49.2 56.4 43.6 49.56 55.2 44 50.66 55.2 44.4 50.26 55.2 45.2 51.22 56.4 
FTSE 46 50.16 52.8 47.2 51.1 53.6 46.4 50.38 52.8 47.2 50.4 56 46.4 51.58 55.6 

CAS 43.6 49.82 54.8 44 49.46 59.6 43.2 49.44 55.2 42 49.02 56 40.8 48.98 54 

DAX 40 50.74 60.4 40 50.76 59.6 43.2 50.6 60 40 48.72 60 40 46.84 60 
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Table 5.23: Selected number of nodes for the EBPRNN’s hidden layer 

Index Best prediction (%) Best hidden layer’s nodes 

NIFTY 63.2 10 

SENSEX 63.2 10 

NIKKEI 55.2 30 

SSE 58.4 25 

SNP500 57.2 20 

NASDAQ 58.8 20 

DJIA 55.2 10 

FTSE 54.8 20 

CAS 56.8 30 

DAX 61.2 25 

Table 5.24: The prediction performance (%) of CFBPNN in parameter setting 

 

Hidden layer’s  

neurons: 10 

Hidden layer’s  

neurons: 15 

Hidden layer’s  

neurons: 20 

Hidden layer’s  

neurons: 25 

Hidden layer’s  

neurons: 30 

Index Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. Min. Avg. Max. 

NIFTY 37.6 47.38 62.8 39.6 49.12 62.4 40 47.38 60 40 48.92 60.8 40.4 49.84 60.4 
SENSEX 39.6 48.62 61.2 40.8 47.56 59.2 40 47.68 61.2 40 45.54 61.6 37.6 47.04 59.6 

NIKKEI 44.8 48.52 55.2 44.8 48.44 54 44 48.48 55.6 44 49.38 55.2 45.2 50.42 55.2 

SSE 40 52.12 57.6 45.6 52.78 58 43.2 50.98 57.2 42 50.44 58.4 41.2 50.68 57.2 
SNP500 44.8 50.88 56 43.6 51.44 55.6 43.6 49.96 55.2 44.8 51.28 57.6 45.6 51.36 55.6 

NASDAQ 42 52.46 57.6 40.8 46.34 58.4 38.4 50.34 57.6 42.4 50.64 58.4 42 48.78 57.6 

DJIA 44 50.92 55.2 44.8 49.58 55.2 44.4 49.98 56.4 44.8 50.96 55.2 44.8 51.04 56 
FTSE 46.4 50.46 56.4 45.2 51.34 58 46.8 50.86 55.2 45.6 51.36 56.4 47.2 51.24 56 

CAS 44 50.04 57.6 42.8 50.1 54.8 45.6 50.18 56.4 42.8 49.02 56 41.2 48.98 56.4 

DAX 39.2 49.04 60 40 46.9 60 39.6 48.58 59.6 39.6 47.66 56 39.6 51.38 60 

  

Table 5.25: Selected number of nodes for the CFBPNN’s hidden layer 

Index Best prediction (%) Best hidden layer’s nodes 

NIFTY 62.8 10 

SENSEX 61.6 25 

NIKKEI 55.6 20 

SSE 58.4 25 

SNP500 57.6 25 

NASDAQ 58.4 15 

DJIA 56.4 20 

FTSE 58 15 

CAS 57.6 10 

DAX 60 10 

FIND RELIABLE TUNED MODEL: While solving the non-linear problem most of the 

soft computing model generates multiple solutions. Among these generated solutions, to 

select the optimum solution or near to optimum solution (reliable solution) is always 

challenging to researchers. To overcome this limitation here we proposed a heuristic based 

technique to select a reliable tuned model (near to optimum solution) using holdout dataset. 

After setting model parameters, the neural network is trained until one of these conditions 

is true: training epoch reaches to 100 or goal reach to 0.01 or maximum validation fail to 

reach count six. Here we generated n tuned models (T1, T2 …Tn) by training dataset. 

Holdout dataset is applied on all n tuned models to get percentage prediction (P1, P2…Pn) 
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of model‘s output. From generated tuned models, we select that model as a reliable tuned 

model whose percentage prediction output is maximum. The selection of the reliable tuned 

model process is illustrated in Figure 5.9. 

 

Figure 5.9: Process to select reliable tuned model 

5.6 Output  

The output layer of the model gives values between 0 and 1. If this value is less than the 

specified threshold, than next day price direction is considered as ―0‖ (down), otherwise, 

next day price direction is considered as ―1‖ (Up). Here 0.5 is used as a threshold value. If 

next day prediction output of the model is up, then Buy trade will be initiated. If next day 

prediction output of the model is down, then Sell trade will be initiated.  
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CHAPTER 6 

Experiment Results and Discussions 

The Testing data sample of approximately last two year from respective benchmark index 

fed to selected reliable tuned model for each of the neural networks and model‘s output 

performance is measured. To change initial weight and retaining other parameters, tuned 

model parameters will settle in a different way and hence, the newly tuned model is 

generated. Applying above process, different tuned models are generated by initializing 

weight value and preparing five different cases from CASE1 to CASE5 for all indices. 

This way all global benchmark indices are tested and analyzed to evaluate whether model 

outperforms in terms of respective performance measures. We have prepared result set in 

form of result-matrix according to generated GSDPM‘s output. 

6.1 Calculation of the Percentage Rate of Return (ROR) 

A rate of return is the total gain/loss on an investment over a specific time interval. The 

following Table 6.1 and Table 6.2 demonstrate the calculation of the rate of return (ROR) 

for GSDPM generated output on NIFTY index six data point. If the next day value dt+1 

higher than present-day dt value than target value takes 1, or else it takes 0. This way target 

vector is prepared. The model produces an output between 0 to 1. After applied threshold 

function on model generated output, the output vector is converted to binary value 1 or 0. 

This targeting vector is compared with the model generated target vector and calculated the 

Hit rate. As shown in Table 6.1, the NIFTY data point from 19, December 2016 to 

26, December 2016 generates targeted vector [0 0 0 1 0 1]. After applying threshold (0.5) 

of neural network output, the model generates target vector [0 0 0 0 0 0 ] on these data 

point. By comparing NIFTY index target vector with model target vector, we get four Hit 

and two miss, which yield 66% prediction on Hit rate. Based on this Hit rate the percentage 

of ROR calculated as described in Table 6.2. 
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Table 6.1: Calculation of GSDPM model’s ROR 

Data point Date Close 
Absolute  

change (X) 

NN 

output 

Model  

output 

Target 

output 
Hit Gain Loss 

d1 19-Dec-16 8104.35 21.95 0.2919 0 0 1 21.95 0 

d2 20-Dec-16 8082.4 21.1 0.2723 0 0 1 21.1 0 

d3 21-Dec-16 8061.3 82.2 0.2769 0 0 1 82.2 0 

d4 22-Dec-16 7979.1 6.65 0.2835 0 1 0 0 6.65 

d5 23-Dec-16 7985.75 77.5 0.4752 0 0 1 77.5 0 

d6 26-Dec-16 7908.25 124.6 0.2928 0 1 0 0 124.6 

Total 

 

-196.1 

 

 

   

202.75 131.25 

NIFTY index data from 19 December 2016 to 26 December 2016 

Table 6.2: Calculation of percentage ROR for sample data points 

ROR Calculation 

Absolute change: dn=dn+1-dn 

Hit: if Model output = Target output than 1, else 0 

Gain: if Hit=1 than Absolute change, else 0 

Loss: if Hit=0 than Absolute change, else 0 

Absolute ROR: Total Gain-Total Loss (202.75-131.25=71.5) 

% ROR: Absolute ROR *100/absolute index (First data point) 

%ROR: (71.5*100/8104.35)=0.88% 

6.2 Calculation of the Success Prediction Ratio (SPR) 

To calculate SPR, model output result is represented in form of result-matrix as per 

Table 6.3 [107]. 

Table 6.3: The generalized representation of experiment’s result-matrix 

Stock Security CASE1 CASE2 CASEm 
Total Cases With 

(PM>β) 

Ind1 ∝1,1 ∝1,2 ∝1,𝑚   (∝1,𝑗> 𝛽)

𝑚

𝑗=1

 

Ind2 ∝2,1 ∝2,2 ∝2,𝑚   (∝2,𝑗> 𝛽

𝑚

𝑗=1

) 

Inds ∝𝑠,1 ∝𝑠,2 ∝𝑠,𝑚   (∝𝑠,𝑗> 𝛽)

𝑚

𝑗=1

 

Total Indices   

With (PM >β) 
 (∝𝑖 ,1> 𝛽)

𝑠

𝑖=1

  (∝𝑖 ,2> 𝛽

𝑠

𝑖=1

)  (∝𝑖 ,𝑚> 𝛽)

𝑠

𝑖=1

 𝑆𝑇 =   (∝𝑖 ,𝑗> 𝛽)

𝑚

𝑗=1

𝑠

𝑖=1

 

Where Ind is any stock security/index, s is Total stock securities, m is Total generated cases, ∝ is the performance value 

of the Model, β is Constant Threshold Value, PM is Performance Measure and ST is Total success prediction test. 

Here αi,j  represents performance of the prediction model for the i
th

 stock security and j
th

 

test case. If αi,j is greater than β, it is considered as 1 in summation equation, otherwise it is 
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considered as 0. The last column in this table represents summation of success rates for 

individual stock securities for all test cases. Similarly, the last row in this table represents 

summation of success rates for individual test cases for all given stock securities. 

SPR is the ratio of total success prediction test with respect to total prediction test. It will 

serve as generalized performance indicator to perform prediction measures in financial 

domain. The formula for calculating SPR is expressed in Equation (6.1) [107]. 

𝑆𝑃𝑅 =
𝑆𝑇

𝑠 × 𝑚
     (6.1) 

Where s is total stock securities, m is total cases and ST is total success prediction test. 

SPR value 0 indicates 100% failure in all test and SPR value 1 indicates 100% success in 

all test. The value of SPR higher than 0.5 suggests that model will outperform in terms of 

performance measure and less than 0.5 suggest that model will underperform. Table 6.3 

shows model output in form of generalized representation result-matrix for various 

treatments. This research work uses ten different benchmark indices and five cases are 

prepared for each index to test all models [107]. 

6.3 The Output Performance of the Model 

The Model‘s performance is measured in terms of percentage prediction and percentage 

ROR. When we test x sample, there are two possible prediction outcomes; hit or miss. 

Both outcomes are equally likely hence, the probability of each outcome is 50%. A higher 

than 50% probabilities suggest that the model outperforms in terms of percentage 

prediction. If model percentage prediction is higher than 50%, then it is considered as a 

successful prediction model for respective stock securities. Based on the model output hit 

rate, percentage ROR is calculated. If percentage ROR is positive, then again, it is 

considered as a successful prediction model in terms of percentage ROR. Three different 

neural networks – FFBPNN, EBPRNN and CFBPNN – has been tested based on GSDPM 

design and output of each model‘s prediction performance has been measured. 

6.3.1 Experimental Result of FFBPNN Model 

The testing dataset target vector is compared with the FFBPNN model‘s generated vector 

and Hit rate is evaluated. Based on this Hit rate the percentage prediction is calculated. 
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Table 6.4 illustrates the result of FFBPNN model in terms of  percentage prediction by 

applying testing dataset on FFBPNN model‘s selected reliable model. In Table 6.4, total 41 

prediction tests are greater than 50% and total cases are 50, which evaluates to SPR value 

0.82. The SPR value 0.82 of Table 6.4 is higher than 0.5 shows that model will outperform 

in terms of percentage prediction. Table 6.5 illustrates the result of FFBPNN model in 

terms of percentage ROR, calculated as per Table 6.2. The SPR value 0.76 of Table 6.5 

shows that model will outperform in terms of percentage ROR. 

Table 6.4: The percentage prediction of FFBPNN model 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>50 

NIFTY 50.4 50.8 51.4 50 52.4 4 

SENSEX 51 52 51.4 52.4 50.6 5 

NIKKEI 51 48.8 53.6 52.4 50 3 

SSE 51.4 49 44.2 45.8 53.4 2 

SNP500 51 50.8 51.6 49.6 51.4 4 

NASDAQ 53 52 53.4 51.4 53.6 5 

DJIA 52.4 50.8 51.8 53 51 5 

FTSE 52.6 54.8 50.8 48.8 51 4 

CAS 52.4 53.8 54.6 51 49.2 4 

DAX 52.8 51.2 51.6 54.8 53 5 

Total Indices>50 10 8 9 6 8 41 

s =10, m = 5, PM is prediction (%), α=Model‟s prediction (%), β is 50 (%), ST=41, SPR=0.82. 

It can be observed from Table 6.4 for FFBPNN experiment, percentage prediction 

performance of SENSEX, NASDAQ, DJIA and DAX outperform in all cases, which is the 

best among these indices. The prediction performance of SSE is only outperforming in two 

cases, which is the worst among all indices. Nifty, S&P 500, FTSE and CAS outperform in 

four cases out of five cases. The percentage prediction of NIKKEI index is outperforming 

in three cases. It can also be observed from Table 6.4 that CASE1 is the best CASE out of 

all five generated different cases where all the indices outperform in terms of percentage 

prediction. In the CASE4, six indices outperform in terms of percentage prediction out of 

ten indices, which is the worst CASE among all generated cases.  
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Table 6.5: The percentage ROR of FFBPNN model 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>0 

NIFTY -4.56 15.55 -4.96 7.26 -1.66 2.00 

SENSEX -0.76 15.48 11.94 17.87 1.80 4.00 

NIKKEI -8.13 14.69 3.35 60.37 -10.53 3.00 

SSE -5.33 50.87 8.72 10.18 28.51 4.00 

SNP500 11.80 9.87 13.75 9.89 17.34 5.00 

NASDAQ -3.30 2.82 17.64 11.16 17.26 4.00 

DJIA 15.07 16.15 24.40 17.93 7.48 5.00 

FTSE 15.65 55.11 1.95 11.49 -10.83 4.00 

CAS 16.01 41.19 46.76 34.58 -10.94 4.00 

DAX 0.20 -25.36 -2.80 18.96 0.84 3.00 

Total Indices >0 5.00 9.00 8.00 10.00 6.00 38.00 

s=10, m = 5, PM is ROR (%), α= Model‟s ROR (%), β is 0, ST=38, SPR=0.76. 

It can be observed from Table 6.5 for FFBPNN experiment, the ROR of S&P 500 and 

DJIA outperform in all cases, which is best for these indices. The ROR of NIFTY index is 

only outperforming in two cases, which is worst among all indices. The ROR of SENSEX, 

SSE, NASDAQ, FTSE and CAS indices outperform in four cases out of five cases. The 

ROR of NIKKEI and DAX index is outperforming in three cases out of five cases. It also 

examines from Table 6.5 that five generated different CASEs, CASE4 is the best CASE 

out of all cases where all the indices outperform in terms of the percentage ROR. In the 

CASE5, six indices have outperformed in terms of the percentage ROR out of ten indices, 

which is the worst CASE among all generated cases. 

6.3.2 Experimental Result of EBPRNN Model 

The testing dataset target vector is compared with the EBPRNN model‘s generated vector 

and Hit rate is evaluated. Based on this Hit rate the percentage prediction is calculated. 

Table 6.6 illustrates the result of EBPRNN model in terms of percentage prediction by 

applying testing dataset on EBPRNN model‘s selected reliable model. In Table 6.6, total 

40 prediction tests are greater than 50% and total cases are 50, which evaluates to SPR 

value 0.80. The SPR value 0.80 of Table 6.6 is higher than 0.5 shows that model will 

outperform in terms of percentage prediction. Table 6.7 illustrates the result of EBPRNN 

model in terms of percentage ROR, calculated as per Table 6.2 on the testing dataset. The 

SPR value 0.78 of Table 6.7 shows that model will outperform in terms of percentage 

ROR. 
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Table 6.6: The percentage prediction of EBPRNN model 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>50 

NIFTY 51.6 51.8 52.4 51.6 52 5 

SENSEX 52.6 52.4 49 49.4 51.2 3 

NIKKEI 54.2 55 54.2 54.6 51 5 

SSE 56.4 56.4 48.8 47.8 46.8 2 

SNP500 52.2 51 52 50.4 54.8 5 

NASDAQ 54.2 53.4 53.6 53.4 53.4 5 

DJIA 47.4 52 47 46.4 51.8 2 

FTSE 48 49.8 52.6 50.4 54.2 3 

CAS 51.4 51 51.4 53 51 5 

DAX 52 50.6 52.2 51 53 5 

Total Indices>50 8 9 7 7 9 40 

s=10, m = 5, PM is prediction (%), α= Model‟s prediction (%), β is 50 (%), ST=40, SPR=0.80. 

It observes from Table 6.6 for Elman BPNN experiment, the percentage prediction of 

NIFTY, NIKKEI, S&P 500, NASDAQ, CAS and DAX outperform in all cases, which is 

best for these indices. The percentage prediction of SSE and DJIA are outperforming in 

two cases, which is the worst among all indices. The percentage prediction of SENSEX 

and FTSE index outperform in three cases out of five cases. It also observes from Table 6.6 

that among five generated different CASEs, CASE2 and CASE5 are the best CASE out of 

all cases where nine indices outperform in terms of percentage prediction. In the CASE3 

and CASE4, seven indices are outperforming in terms of percentage prediction out of ten 

indices. 

Table 6.7: The percentage ROR of EBPRNN model 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>0 

NIFTY -6.77 4.34 14.15 15.63 8.47 4 

SENSEX 15.80 8.83 -18.25 0.52 4.92 4 

NIKKEI 6.67 30.11 6.67 13.12 8.89 5 

SSE -2.72 2.94 85.33 23.84 29.66 4 

SNP500 13.15 12.79 19.00 7.56 21.51 5 

NASDAQ 20.08 17.64 10.46 17.64 17.64 5 

DJIA -34.14 9.97 -14.74 7.27 7.96 3 

FTSE 1.82 19.70 27.23 7.76 2.25 5 

CAS 17.54 -3.81 -2.78 17.60 -3.81 2 

DAX 8.88 -31.47 -3.73 -27.34 1.68 2 

Total Indices >0 7 8 6 9 9 39 

s=10, m = 5, PM is ROR (%), α= Model‟s ROR (%), β is 0, ST=39, SPR=0.78. 

It shows that from Table 6.7 EBPRNN experiment, the ROR of NIKKEI, S&P 500, 

NASDAQ and FTSE indices outperform in all cases, which is the best for these indices. 

The ROR of CAS and DAX index is only outperforming in two cases, which is the worst 

among all indices. The ROR of NIFTY, SENSEX and SSE indices outperform in four 

cases out of five cases, while the ROR of DJIA index is outperforming in three cases out of 

five cases. It also observes from Table 6.7 that among five generated different tested 
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CASEs, CASE4 and CASE5 are the best CASE out of all cases where nine indices 

outperform in terms of the ROR. In the CASE3, six indices have outperformed in terms of 

the ROR out of ten indices. 

6.3.3 Experimental Result of CFBPNN Model 

The experimental result of percentage prediction by applying testing dataset on CFBPNN 

model‘s selected reliable model is illustrated in Table 6.8. In Table 6.8, total 40 prediction 

tests are greater than 50% and total cases are 50, which evaluates to SPR value 0.80. The 

SPR value 0.80 of Table 6.8 is higher than 0.5 shows that model will outperform in terms 

of percentage prediction. Table 6.9 illustrates the result of CFBPNN model in terms of 

percentage ROR on the testing dataset. The SPR value 0.84 of Table 6.9, which is higher 

than 0.5, shows that model will outperform in terms of percentage ROR (%). 

Table 6.8: The percentage prediction of CFBPNN model 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>50 

NIFTY 52.2 54.8 53 50.2 50.6 5 

SENSEX 53.6 54.8 53.2 51 50.2 5 

NIKKEI 52 49.4 49.4 51 54.8 3 

SSE 53.2 52 43.6 47.6 50.6 3 

SNP500 49.4 51 52.8 50.8 52.4 4 

NASDAQ 49.8 53 52.2 48.2 53 3 

DJIA 50.4 52 49.4 51.6 51.8 4 

FTSE 51.2 50.2 51.6 53 50.2 5 

CAS 51.8 54 51 53.8 54.2 5 

DAX 49.8 50.4 51.8 54.6 49.2 3 

Total Indices>50 7 9 7 8 9 40 

s=10, m = 5, PM is prediction (%), α= Model‟s prediction (%), β is 50 (%), ST=40, SPR=0.80. 

It can be shown from Table 6.8 for CFBPNN experiment that the percentage prediction of 

NIFTY, SENSEX, FTSE and CAS outperform in all cases, which is the best for these 

indices. The percentage prediction of S&P 500 index outperforms in four cases out of five 

cases. The percentage prediction of NIKKEI, SSE, NASDAQ and DAX indices are 

outperforming in three cases. It can also be observed from Table 6.8 that among five 

generated different CASEs, CASE2 and CASE5 are the best case out of all cases where 

nine indices outperform in terms of percentage prediction. In the CASE1 and CASE3, 

seven indices have been outperformed in terms of percentage prediction out of ten indices. 
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Table 6.9: The percentage ROR of CFBPNN model 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>0 

NIFTY 40.44 43.71 20.48 -2.42 7.70 4 

SENSEX 21.12 25.05 25.36 2.13 7.17 5 

NIKKEI 31.89 45.54 14.83 24.15 22.85 5 

SSE 78.03 65.74 -52.57 -57.85 -39.18 2 

SNP500 11.01 9.09 21.93 7.95 28.96 5 

NASDAQ -24.32 17.29 12.85 -35.64 12.18 3 

DJIA 11.90 10.23 2.64 22.84 -1.51 4 

FTSE 22.37 1.85 38.67 28.19 18.56 5 

CAS 26.02 29.12 6.11 16.76 42.93 5 

DAX 0.17 -31.29 15.09 16.07 4.97 4 

Total Indices >0 9 9 9 7 8 42 

s=10, m = 5, PM is ROR (%), α= Model‟s ROR (%), β is 0, ST=42, SPR=0.84. 

It examines from Table 6.9 for CFBPNN experiment, the ROR of SENSEX, NIKKEI, 

S&P 500, FTSE and CAS indices outperform in all cases, which is best for these indices. 

The ROR of SSE index is only outperforming in two cases, which is worst among all 

indices. The ROR of NIFTY, DJIA and DAX indices outperform in four cases out of five 

cases, while the ROR of NASDAQ index is outperforming in three cases out of five cases. 

It also shows from Table 6.9 that among five generated different CASEs, CASE1, CASE2 

and CASE3 are the best CASE out of all cases where nine indices outperform in terms of 

the percentage ROR. In the CASE4, seven indices out of ten indices outperform in terms of 

the percentage ROR. 

6.3.4 The Prediction Performance of the Model Against Respective Index 

The performance of the implemented GSDPM model, using each of neural networks, is 

compared with respective index in terms of percentage ROR. Table 6.10 shows the 

selected ten indices percentage ROR during testing dataset periods. From the Table 6.10 

shows that the SENSEX and CAS produced negative return during the Testing dataset 

periods, while other indices produced a positive return. The NASDAQ index produced the 

highest return compared to other indices in the same periods. The CAS index produced the 

worst return compared to other indices in the same duration. 
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Table 6.10: Selected index ROR (%) on Testing dataset duration 

Index Duration Percentage ROR 

NIFTY 09-Feb-2015 To 27-Feb-2017 4.34 

SENSEX 18-Feb-2015 To 27-Feb-2017 -1.73 

NIKKEI 13-Feb-2015 To 27-Feb-2017 6.67 

SSE 05-Feb-2015 To 27-Feb-2017 2.94 

SNP500 05-Mar-2015 To 27-Feb-2017 12.79 

NASDAQ 05-Mar-2015 To 27-Feb-2017 17.64 

DJI 05-Mar-2015 To 27-Feb-2017 14.90 

FTSE 09-Mar-2015 To 27-Feb-2017 5.48 

CAS 19-Mar-2015 To 27-Feb-2017 -3.81 

DAX 12-Mar-2015 To 27-Feb-2017 0.20 

The output percentage ROR of the FFBPNN model for each index is compared against the 

respective index in terms of percentage ROR and result-matrix is prepared as per the 

Table 6.3. If the percentage ROR of the FFBPNN is higher than the percentage ROR of the 

respective index then result-matrix takes 1 value, otherwise it takes 0 value. The result-

matrix of the FFBPNN model‘s percentage ROR (see Table 6.4) against percentage ROR 

of respective index is illustrated in Table 6.11. This result-matrix shows that in 28 tests out 

of 50 tests the percentage ROR of FFBPNN model outperforms against percentage ROR of 

respective index. The FFBPNN model has produced reasonably better performance while 

comparing to respective index percentage ROR. The FFBPNN model outperforms in all 

CASES for the percentage ROR of SENSEX index, which is the best case for the FFBPNN 

model. The FFBPNN failed to outperform the percentage ROR of NASDAQ index in all 

cases, which is the worst case for the FFBPNN. 

Table 6.11: ROR of FFBPNN model v/s ROR of respective index 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 0 1 0 1 0 2 

SENSEX 1 1 1 1 1 5 

NIKKEI 0 1 0 1 0 2 

SSE 0 1 1 1 1 4 

SNP500 0 0 1 0 1 2 

NASDAQ 0 0 0 0 0 0 

DJI 1 1 1 1 0 4 

FTSE 1 1 0 1 0 3 

CAS 1 1 1 1 0 4 

DAX 0 0 0 1 1 2 

Total 4 7 5 8 4 28 

s=10, m = 5, PM is ROR (%), α= Model‟s ROR (%)>Index ROR (%), β = 0, ST=28, SPR=0.56 

The result-matrix of the EBPRNN model percentage ROR (see Table 6.7) against the 

percentage ROR of respective index is illustrated in Table 6.12. The EBPRNN model 

outperforms in 29 tests out of 50 tests in terms of above respective index ROR and 

evaluates to SPR value 0.58. The percentage ROR of the EBPRNN model against the 
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percentage ROR of CAS index outperforms in all cases, which is the best case found in 

EBPRNN experiment. In contrast to this, the EBPRNN failed to produce higher return 

compared to DJIA index, which is worst case in EBPRNN experiment. 

Table 6.12: ROR of EBPRNN model v/s ROR of respective index 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 0 0 1 1 1 3 

SENSEX 1 1 0 1 1 4 

NIKKEI 0 1 0 1 1 3 

SSE 0 1 1 1 1 4 

SNP500 1 1 1 0 1 4 

NASDAQ 1 0 0 0 0 1 

DJI 0 0 0 0 0 0 

FTSE 0 1 1 1 0 3 

CAS 1 1 1 1 1 5 

DAX 1 0 0 0 1 2 

Total 5 6 5 6 7 29 

s=10, m = 5, PM is ROR (%), α = Model‟s ROR (%)>Index ROR (%), β=0, ST=29, SPR=0.58 

The experiment result-matrix prepared using CFBPNN model for testing model percentage 

ROR (see Table 6.9) against the percentage ROR of respective index is illustrated in Table 

6.13. The CFBPNN produced better result compared to FFBPNN and EBPRNN in terms 

of percentage ROR to beat the respective index return. The percentage ROR of CFBPNN 

model beats return of SENSEX, NIKKEI and CAS index, which are the best cases in 

CFBPNN experiments. Similar to FFBPNN, CFBPNN is also failed to beat NASDAQ 

index return. 

Table 6.13: ROR of CFBPNN model v/s ROR of respective index 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 1 1 1 0 1 4 

SENSEX 1 1 1 1 1 5 

NIKKEI 1 1 1 1 1 5 

SSE 1 1 0 0 0 2 

SNP500 0 0 1 0 1 2 

NASDAQ 0 0 0 0 0 0 

DJI 0 0 0 1 0 1 

FTSE 1 0 1 1 1 4 

CAS 1 1 1 1 1 5 

DAX 0 0 1 1 1 3 

Total 6 5 7 6 7 31 

s=10, m = 5, PM is ROR (%), α= Model‟s ROR (%)>Index ROR (%), β=0, ST=31, SPR=0.62 
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6.4 Model Validation 

The GSDPM model performance validation done against randomly generated buy/sell 

trading signals on the Testing dataset. Instead of following the model buy/sell trade, simple 

random buy/sell trade is initiated on a number of the testing data sample and result matrix 

is generated. This randomly generated data has a value between 0 and 1, with 0.5 mean and 

0.2 standard deviation values. The output of randomly generated target vector is compared 

with target output and hit rate is calculated. Based on hit rate, the percentage prediction 

and percentage ROR is calculated for the randomly generated trading signals.  

6.4.1 Validation of the FFBPNN Model  

The FFBPNN model validation is done by comparing randomly generated buy/sell signals 

on the Testing dataset. These results are shown in Table 6.14 in terms of percentage 

prediction and it evaluates to SPR value 0.48, which is below 0.5. Table 6.15 (SPR value 

0.46) shows the percentage ROR of randomly generated trading signal on a Testing dataset 

for all indices. 

The FFBPNN model‘s validation in terms of percentage prediction (Table 6.4) against 

random data percentage prediction (Table 6.14) is illustrated in Table 6.16. The SPR value 

of Table 6.16 is 0.60. It shows that FFBPNN model‘s percentage prediction (SPR value 

0.82) effectively outperforms against this random data percentage prediction (SPR value 

0.48). The FFBPNN model‘s validation in terms of percentage ROR (Table 6.5) against 

random data percentage ROR (Table 6.15) is illustrated in Table 6.17. The SPR value of  

Table 6.17 is 0.66. It shows that the FFBPNN model‘s percentage ROR (SPR value 0.76) 

effectively outperforms against random data percentage ROR (SPR value 0.46). 
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Table 6.14: The percentage prediction of randomly generated buy/sell signals 

for FFBPNN 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>50 

NIFTY 50.6 48.6 48.8 53 54.2 3 

SENSEX 46.2 46.6 49.6 49.2 53.8 1 

NIKKEI 51.2 53.4 49.2 52.2 48.8 3 

SSE 52.6 48 46.8 50.6 53.8 3 

SNP500 48.8 56.4 50.8 50.6 49.8 3 

NASDAQ 53.8 49 48.6 51 50.8 3 

DJIA 52.2 55.2 50.2 49 47.4 3 

FTSE 50 48.2 46.8 49.4 54.2 1 

CAS 49.4 48.4 49.2 54.8 53 2 

DAX 49.4 52 43.8 49.8 54.4 2 

Total Indices>50 5 4 2 6 7 24 

s=10, m = 5, PM is prediction (%), α= randomly generated trading prediction (%), β is 50 (%), ST=24, SPR=0.48 

Table 6.15: The percentage ROR of randomly generated buy/sell signals for FFBPNN 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>0 

NIFTY -14.95 -9.27 -0.09 23.33 17.58 2.00 

SENSEX -48.87 -35.36 -5.75 -8.83 20.57 1.00 

NIKKEI -17.40 58.24 -10.57 -14.64 -5.31 1.00 

SSE 27.39 -57.57 -57.13 0.42 6.86 3.00 

SNP500 -6.22 35.67 1.47 -15.96 -19.67 2.00 

NASDAQ 12.52 -23.24 6.21 1.26 -8.78 3.00 

DJIA 17.40 35.91 -21.95 0.48 2.39 4.00 

FTSE 3.87 -14.23 -20.48 -12.47 22.67 2.00 

CAS -1.85 -38.84 -35.39 46.78 -4.45 1.00 

DAX 33.22 35.63 -40.19 12.19 56.78 4.00 

Total Indices>0 5.00 4.00 2.00 6.00 6.00 23.00 

s=10, m = 5, PM is % prediction, α= randomly generated trading ROR (%), β is 0, ST=23, SPR=0.46 

Table 6.16: The prediction of the FFBPNN model v/s prediction of randomly trading 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 0 1 1 0 0 2 

SENSEX 1 1 1 1 0 4 

NIKKEI 0 0 1 1 1 3 

SSE 0 1 0 0 0 1 

SNP500 1 0 1 0 1 3 

NASDAQ 0 1 1 1 1 4 

DJIA 1 0 1 1 1 4 

FTSE 1 1 1 0 0 3 

CAS 1 1 1 0 0 3 

DAX 1 0 1 1 0 3 

Total 6 6 9 5 4 30 

s=10, m = 5, PM is % prediction, α= Model‟s prediction(%)>randomly trading prediction (%), β is 0, ST=30, SPR=0.60 
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Table 6.17: ROR of the FFBPNN model v/s ROR of random trading 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 1 1 0 0 0 2 

SENSEX 1 1 1 1 0 4 

NIKKEI 1 0 1 1 0 3 

SSE 0 1 1 1 1 4 

SNP500 1 0 1 1 1 4 

NASDAQ 0 1 1 1 1 4 

DJIA 0 0 1 1 1 3 

FTSE 1 1 1 1 0 4 

CAS 1 1 1 0 0 3 

DAX 0 0 1 1 0 2 

Total 6 6 9 8 4 33 

s=10, m = 5, PM is % ROR, α= Model‟s ROR (%)>randomly trading ROR (%), β is 0, ST=33, SPR=0.66. 

6.4.2 Validation of the EBPRNN Model 

The EBPRNN model validation is done by comparing randomly generated buy/sell signals 

on the Testing dataset. These results are shown in Table 6.18 in terms of percentage 

prediction and it evaluates to SPR value 0.52. Table 6.19 (SPR value 0.46) shown the 

percentage ROR of randomly generated trading signal on a Testing dataset for all indices. 

The EBPRNN model‘s validation in terms of percentage prediction (Table 6.6) against 

random data percentage prediction (Table 6.18) is illustrated in Table 6.20. the SPR value 

of Table 6.20 is 0.66. It shows that EBPRNN model‘s percentage prediction (SPR value 

0.80) effectively outperforms against this random data percentage prediction (SPR value 

0.52). The EBPRNN model‘s validation in terms of percentage ROR (Table 6.7) against 

random data percentage ROR (Table 6.19) is illustrated in Table 6.21. the SPR value of 

Table 6.21 is 0.64. It shows that the EBPRNN model‘s percentage ROR (SPR value 0.78) 

effectively outperforms against random data percentage ROR (SPR value 0.52). 
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Table 6.18: The percentage prediction of randomly generated buy/sell signals 

for EBPRNN 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>50 

NIFTY 47.4 56.2 50.8 53.8 52.2 4 

SENSEX 47.8 52 46.6 52 50.8 3 

NIKKEI 49 47.8 49 50.6 49 1 

SSE 49.4 49 50.8 51.6 49.4 2 

SNP500 46.4 50.2 53 51.2 50.2 4 

NASDAQ 51.4 47.4 45.8 52.8 49.2 2 

DJIA 50.2 48.2 54.6 48.8 48.4 2 

FTSE 54.8 49 47.2 55.4 45 2 

CAS 50.4 49 52 51 50.6 4 

DAX 49.2 51.2 49 48.6 53 2 

Total Indices>50 4 4 5 8 5 26 

s=10, m = 5, PM is prediction (%), α= randomly generated trading prediction (%), β is 50 (%), ST=26, SPR=0.52. 

Table 6.19: The percentage ROR of randomly generated buy/sell signals for EBPRNN 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>0 

NIFTY -5.77 50.78 17.65 17.36 20.34 4 

SENSEX 1.45 22.64 -35.01 4.28 -10.74 3 

NIKKEI 3.04 -33.39 -0.05 -26.06 -4.44 1 

SSE -38.08 -51.98 66.82 82.55 -12.23 2 

SNP500 -26.25 -3.35 9.55 10.81 14.07 3 

NASDAQ -6.30 11.63 -42.32 15.78 -23.62 2 

DJIA 5.50 -0.15 24.96 4.85 -16.17 3 

FTSE 45.51 -1.17 -19.22 29.66 -60.10 2 

CAS -13.89 -26.96 25.93 -16.57 22.08 2 

DAX -29.61 -15.06 -27.28 -5.15 39.31 1 

Total Indices>0 4 3 5 7 4 23 

(s=10, m = 5, PM is % ROR, α= randomly generated trading ROR (%), β is 0, ST=23, SPR=0.46 

Table 6.20: The prediction of the EBPRNN model v/s prediction of randomly trading 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 1 0 1 0 0 2 

SENSEX 1 1 1 0 1 4 

NIKKEI 1 1 1 1 1 5 

SSE 1 1 0 0 0 2 

SNP500 1 1 0 0 1 3 

NASDAQ 1 1 1 1 1 5 

DJIA 0 1 0 0 1 2 

FTSE 0 1 1 0 1 3 

CAS 1 1 0 1 1 4 

DAX 1 0 1 1 0 3 

Total 8 8 6 4 7 33 

s=10, m = 5, PM is % prediction, α= Model‟s prediction(%)>randomly trading prediction (%), β is 0, ST=33, SPR=0.66 
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Table 6.21: ROR of the EBPRNN model v/s ROR of randomly trading 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 0 0 0 0 0 0 

SENSEX 1 0 1 0 1 3 

NIKKEI 1 1 1 1 1 5 

SSE 1 1 1 0 1 4 

SNP500 1 1 1 0 1 4 

NASDAQ 1 1 1 1 1 5 

DJIA 0 1 0 1 1 3 

FTSE 0 1 1 0 1 3 

CAS 1 1 0 1 0 3 

DAX 1 0 1 0 0 2 

Total 7 7 7 4 7 32 

s=10, m = 5, PM is % ROR, α= Model‟s ROR (%)>randomly trading ROR(%), β is 0, ST=32, SPR=0.64. 

6.4.3 Validation of the CFBPNN Model 

The CFBPNN model validation is also done by comparing randomly generated buy/sell 

signals on the Testing dataset. These results shown in Table 6.22 in terms of percentage 

prediction and it evaluates to SPR 0.44, which is below 0.5. The percentage ROR of the 

randomly generated trading signal on Testing dataset is illustrated in Table 6.23 (SPR 

value 0.52). 

The CFBPNN model‘s validation in terms of percentage prediction (Table 6.8) against the 

percentage prediction of randomly generated trading (Table 6.22) is illustrated in Table 

6.24. The SPR value of Table 6.24 is 0.72. It shows that CFBPNN model‘s percentage 

prediction (SPR value 0.80) effectively outperforms against random data percentage 

prediction (SPR value 0.44). The CFBPNN model‘s validation in terms of percentage ROR 

(Table 6.9) against random data percentage ROR (Table 6.23) is illustrated in Table 6.25. 

The SPR value of Table 6.25 is 0.72. It shows that the CFBPNN model‘s percentage ROR 

(SPR value 0.84) effectively outperforms against random data percentage ROR (SPR value 

0.52). 
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Table 6.22: The percentage prediction of randomly generated buy/sell signals 

for CFBPNN 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>50 

NIFTY 50.6 51 52.6 45.4 48.4 3 

SENSEX 47.6 46.8 48.6 46.8 51 1 

NIKKEI 48.6 51.2 52.2 49.4 45.6 2 

SSE 51.6 43.8 52.8 47.6 49 2 

SNP500 49 51.8 50.2 48.2 50.6 3 

NASDAQ 52 46.2 50.6 49.8 49 2 

DJIA 48.6 51.4 50.6 45.4 50.8 3 

FTSE 49.2 48.8 53.2 49.8 50.4 2 

CAS 50.4 45.8 49.4 49.8 50.6 2 

DAX 50 53 48.4 45.4 51.8 2 

Total Indices>50 4 5 7 0 6 22 

s=10, m = 5, PM is prediction (%), α= randomly generated trading prediction (%), β is 50 (%), ST=22, SPR=0.44. 

Table 6.23: The percentage ROR of randomly generated buy/sell signals for CFBPNN 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total Cases>0 

NIFTY 18.73 4.09 17.59 -37.24 -12.52 3 

SENSEX -10.55 -19.64 1.52 -11.85 22.44 2 

NIKKEI -1.30 10.03 14.42 -23.60 -61.06 2 

SSE 13.10 -64.44 71.12 37.64 -40.18 3 

SNP500 -13.42 -8.11 1.95 -12.14 -4.67 1 

NASDAQ 20.40 -10.52 13.28 31.41 -8.56 3 

DJIA 7.28 16.09 17.42 -15.07 8.49 4 

FTSE -22.30 0.38 45.25 29.18 2.43 4 

CAS -10.59 -67.59 5.78 -16.79 -10.56 1 

DAX 6.39 13.98 -6.27 -52.78 7.12 3 

Total Indices>0 5 5 9 3 4 26 

(s=10, m = 5, PM is % ROR, α= randomly generated trading ROR (%), β is 0, ST=26, SPR=0.52 

Table 6.24: Prediction of the CFBPNN model v/s prediction of randomly trading  

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 1 1 1 1 1 5 

SENSEX 1 1 1 1 0 4 

NIKKEI 1 0 0 1 1 3 

SSE 1 1 0 0 1 3 

SNP500 1 0 1 1 1 4 

NASDAQ 0 1 1 0 1 3 

DJIA 1 1 0 1 1 4 

FTSE 1 1 0 1 0 3 

CAS 1 1 1 1 1 5 

DAX 0 0 1 1 0 2 

Total 8 7 6 8 7 36 

s=10, m = 5, PM is % prediction, α= Model‟s prediction(%)>randomly trading prediction (%), β is 0,ST=36, SPR=0.72. 
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Table 6.25: ROR of the CFBPNN model v/s ROR of randomly trading 

Index CASE1 CASE2 CASE3 CASE4 CASE5 Total 

NIFTY 1 1 1 1 1 5 

SENSEX 1 1 1 1 0 4 

NIKKEI 1 1 1 1 1 5 

SSE 1 1 0 0 1 3 

SNP500 1 1 1 1 1 5 

NASDAQ 0 1 0 0 1 2 

DJIA 1 0 0 1 0 2 

FTSE 1 1 0 0 1 3 

CAS 1 1 1 1 1 5 

DAX 0 0 1 1 0 2 

Total 8 8 6 7 7 36 

s=10, m = 5, PM is % ROR, α= Model‟s ROR (%)>randomly trading ROR (%), β is 0, ST=36, SPR=0.72. 

6.4.4 The Prediction Performance using Randomly Generated Buy/Sell Trading 

Signal on Testing Dataset 

Instead of following the output of GSDPM model, by generating random buy/sell trading 

signal, 1000 experiments conducted to analyze random data performance. The generated 

random target vector has sample size as a Testing dataset for each of the respectively 

selected index. The randomly generated data has a value between 0 and 1, with 0.5 mean 

and 0.2 standard deviation values. The generated randomly target vectors converted into a 

binary value using threshold value 0.5. As per Hit rates, the percentage prediction and 

percentage ROR are evaluated on the Testing dataset using these randomly generated 

vectors. We have also created five CASEs by randomly generated buy/sell trade on each of 

index and prepared result-matrix. From the result-matrix, SPR value is evaluated as per 

(6.1). A histogram of SPR value is plotted by conducting 1000 randomly generated 

experiments on each index. Figure 6.1 shows SPR value‘s histogram of the percentage 

prediction for 1000 randomly generated experiments.  

The result shows from the Figure 6.1 that majority experiments produce result below 0.5 

and failed to outperform in terms of percentage prediction for the randomly generated 

signal. The maximum SPR value of percentage prediction found is 0.7 on randomly 

generated experiments, while the same value for the tested neural network models were 

above 0.80 (see Table 6.26).  
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Figure 6.1: A histogram of the percentage prediction for randomly generated data 

(Total 1000 experiments) 

 

Figure 6.2: A histogram of the percentage ROR for randomly generated data 

(Total 1000 experiments) 

Figure 6.2 shows SPR value‘s histogram of the percentage prediction for 1000 randomly 

generated trading signal experiments. The result from the Figure 6.2 shows that majority 

experiments produce result below 0.5 and failed to outperform in terms of percentage ROR 

for the randomly generated signal. The maximum SPR value of the percentage ROR found 

is 0.7 in randomly generated trading single experiments which underperforms compared to 

experiments conducted by GSDPM models (see Table 6.26). 

Table 6.26 summarized various performance measures of GSDPM for all indices and all 

cases on different neural networks. The SPR value of Table 6.26 proves that GSDPM 
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effectively outperforms in terms of percentage prediction and percentage ROR. These 

results have also been validated  against prediction of randomly generated buy/sell signals. 

It can be observed from Table 6.26 that CFBPNN provides better results in terms of the 

percentage ROR compared to FFBPNN, EBPRNN as well as randomly generated buy/sell 

signals, while the percentage prediction of FFBPNN model is higher than EBPRNN and 

CFBPNN. 

Table 6.26: Summary of various performance measures for all indices and all cases 

on different NN.  

Result tests 

FFBPNN  EBPRNN CFBPNN  

Total  

success test 
SPR 

Total  

success test 
SPR 

Total  

success test 
SPR 

Model Prediction (%)  >50 41 0.82 40 0.8 40 0.8 

Model ROR (%) > 0 38 0.76 39 0.78 42 0.84 

Random data prediction (%) > 50 24 0.48 26 0.52 22 0.44 

Random data  ROR (%) >0 23 0.46 23 0.46 26 0.52 

Model prediction (%) v/s. 

randomly trading prediction(%) 
30 0.6 33 0.66 36 0.72 

Model ROR (%) v/s random 

trading ROR (%) 
33 0.66 32 0.64 36 0.72 
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CHAPTER 7 

Conclusion and Future Work 

7.1 Conclusion 

The resulted histogram of SPR values on randomly generated trade signal from Figure 

6.1and Figure 6.2 proves that blindly trading market unable to produce any profit and 

hence, prediction tools are required to make profits from the financial market. The output 

of GSDPM result from Table 6.26 proved that soft computing tools have the capability to 

effectively predict price direction of stock securities. The prediction performance of 

proposed GSDPM model in terms of percentage prediction, percentage positive ROR and 

against randomly generated buy/sell trade are outperformed in all implemented neural 

network based models. Each of tested neural network performance on ten different global 

indices shows that there is no relationship between indices and their price movement is 

independent. In addition, the experiments result by comparing the percentage ROR 

GSDPM model with the percentage ROR of the respective index shows that the GSDPM 

model reasonably outperformed against the respective index in terms of the percentage 

ROR.   

The proposed GSDPM model design provides based for other researchers to develop 

prediction model fast and easy way for analyzed any kind of securities. The each unit of 

the GSDPM design provides flexibility to extend enhancement for achieving optimum 

profitability on specific stock securities. Instead of following random buy/sell trade, 

following model output will always outperform respect to percentage prediction as well as 

percentage ROR. That will prove that in a random time series, using technical indicators 

and soft computing models will able to make the relationship between these random data 

points and gain profit from the market is possible in short-term investment.  
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The proposed methodology to select reliable model will help research community to select 

their reliable model, where soft computing model may generate multiple solutions. The 

model validation methodology adopted will help other researchers to validate their 

prediction model performance whose model has multiple parameters along with input data 

having random nature. A new term, called Success Prediction Ratio, is proposed to assess 

the validity of the model. The SPR can be useful in the validation of other researcher‘s 

models, where identical models are not available for model‘s output comparison. GSDPM 

is not limited to indices; other researchers can apply other indices and/or stock security and 

test model prediction performance. There is future scope for other researchers to improve 

prediction quality. The research is not limited to artificial neural network architectures, 

indeed it provides an opportunity to other researchers to use other soft computing 

technique to test the prediction performance and validity of the model. 

7.2 Future work 

The proposed GSDPM model has been implemented based on neural network architecture, 

which can effectively predict the price direction of global indices. The proposed work 

concentrates on predict price direction rather than price value. This work can be further 

enhancing to predict the price value. Furthermore, GSDPM model robustness will also test 

on other soft computing techniques such as Fuzzy Logic, ANFIS, or hybrid soft computing 

techniques. This research study also provides scope to improve prediction performance of 

the GSDPM model in the following direction. 

 Extending post-processing unit to GSDPM model will improve profitability to 

investors. 

 Test model‘s robustness by applying other stock securities. 

 Identify proper time frame of dataset other than daily timeframe. 

 Identify re-tuning criteria of the model. 
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