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ABSTRACT 

     This study focuses on a novel application of Artificial Neural Networks (ANNs) in 

Financial Engineering. Here Artificial Neural Networks are applied for simulating both 

direct and inverse of some financial models. This study comprises of four parts. In first 

two parts, the ANNs are applied to forecast via forward/direct functions the future 

volatilities of crude oil future prices. In parts three and four, the ANNs are to simulate the 

inverse functions of option and compound options pricing models.  

     Considering the recent importance of commodities in the world economy, it is very 

important to have a precise prediction of the price volatilities. In order to forecast crude 

oil futures prices return volatilities, two types of the ANNs have been applied in this 

study. The results of these ANNs are compared with the GARCH model, which is a 

commonly used model for volatility modeling and prediction. In this part of the study, the 

crude oil future prices data from the NYMEX are used for volatility modeling. The 

results prove that the ANNs (Both types of the used ANNs in this study) are performing 

better than the traditional GARCH model in crude oil future prices volatilities.  

     In second study, the forecast of the crude oil future prices return volatility based on 

the information from the intra markets variables is attempted. According to the recent 

allegation that speculators participations affect the market trends and commodity prices, 

the speculation activity impact on the volatility prediction is analyzed. The historical 

value of some explanatory variables other than the historical volatilities has been used to 

forecast the future volatilities of crude oil. Results of this part of the study prove that the 

introduced variables can predict the future volatilities and both types of ANNs, which 

have been used in this study, are performing better than the traditional GARCH model. 
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Also, is shown speculation plays an important role in forecasting volatility in absence of 

historical volatility. But, when the historical volatilities are available, it is observed that 

they have enough information of future and the information of the speculative activity is 

encompassed by the historical volatilities. 

     In the third and forth parts the inverse functions of option and compound option 

pricing models are simulated. Two models are developed based on Black-Scholes (BS) 

model which is a well-known model for pricing options. The BS model calculates the 

option price using 5 inputs including the underlying volatility. Having a good estimation 

of volatility as a risk measure is also very important to calculate a fair option price. 

Simulating the direct function of the BS model with ANNs having 5 inputs is straight 

forward; but it is difficult to simulate the inverse function of the BS model and to have an 

estimation of the comprising variables such as implied volatility based on the option 

price. When the number of the outputs is more than the number of the inputs, the ANNs 

cannot approximate an inverse solution appropriately; that is, the network’s precision 

decreases.  In these studies, a novel method is presented to improve the simulation power 

of the ANNs models for simulating the inverse functions in the case that there are more 

output variables than input variables. The results show that the proposed novel method 

outperforms the current simulation method. The proposed novel method is applied on the 

Compound option pricing model as well in the fourth part. The results show that the 

proposed method outperforms the current simulation method as well for both the Radial 

Basis Function Network and the Feed Forward Back Propagation Network. 

Keywords: Artificial Neural Network, Crude oil, Forecasting, GARCH, Volatility, 

Future price, Inverse Function Estimation  
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1. CHAPTER 1: INTRODUCTION 

 

This study focuses on the application of Artificial Neural Networks (ANNs) in finance; 

especially, in Financial Engineering. In this chapter, different classes of the general 

applications of Artificial Neural Networks in Finance is presented. The technical body of 

the Thesis is discussed as well.  

 

1.1 Applications of ANNs in Finance 

A survey of the current literature studying the application of the ANNs in Finance shows 

that this tool has been considered more and more in recent years. According to the 

dynamic nature of the financial market, this tool has shown very good capabilities in 

modeling this type of systems. An overview of these applications shows that ANNs have 

various applications in different areas of finance such as, (Wong et al., 1997, Wonga and 

Selvi, 1998): 

• “Predicting the bankruptcy of companies and corporations 

• Predicting the performance of stocks and selecting them for trade 

• Predicting the bankruptcy of thrifts and banks 

• Trading the bonds 

• Analyzing the applications of commercial loans 

• Forecasting financial distress 

• Evaluating real estates 
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• Evaluating and rating bonds  

• Evaluating Credits 

• Forecasting commodities futures prices  

• Predicting the performance of securities  

• Forecasting various indexes of capital markets   

• Evaluating overdrafts of checking accounts  

• Predicting the claims over construction contract bonds  

• Estimating corporate health  

• Decision-making for Federal reserve 

• Interpreting and analyzing financial statements 

• Hedging Future options   

• Pricing Future options  

• Predicting the spot rates of Futures 

• Forecasting the volume of Futures trading  

• Examining the Insurance problem  

• Predicting the rates of Interest  

• Evaluating the Loans  

• Classifying the Loan payment defaults  

• Predicting the rates of Mortgage prepayments  

• Managing Mortgage-backed security portfolios 

• Forecasting asset value of Mutual funds  

• Selecting and optimizing the stock portfolio 

• Managing the stocks portfolios 
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• Evaluating the value of residential properties 

• Evaluating and forecasting the period return of Stock market  

• Forecasting the volatility of stock markets  

• Forecasting the systematic risk of the Stocks  

• Predicting the Treasury bond market”  

Here, the study focuses on the application of ANNs in Financial Engineering; in 

particular on the financial markets.  First, a literature review is made on the application of 

the ANNs in different areas of financial markets such as Forecasting stock prices and 

returns, Predicting the financial time series, predicting volatilities and etc. The detailed 

classes of these applications are discussed in chapter 2. 

 

1.2 Technical Body of the Thesis 

After doing the literature review, taking into account the recent attention to the volatility 

concept and derivatives pricing; the forecasting of the volatility of commodity markets, 

i.e. crude oil, is attempted using ANNs and derivatives pricing models. In one part of the 

study, the forecast of the crude oil future prices volatility is done just using the lagged 

volatilities data.  Meanwhile in another study some intra markets data variables are used 

to forecast the crude oil future prices volatilities. Comparing with previous study, 

previous volatilities, which are used in first study as the input variable, have not been 

considered as explanatory variable of the model. In this study, one of the newly 

introduced variables, speculation activity is used to see if it has enough information to be 

used for forecasting volatility or not.  
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In order to have a baseline to evaluate and compare the considered ANNs results, the 

GARCH model is used.  GARCH stands for Generalized Auto Regressive Conditionally 

Heteroscedastic. GARCH model is introduced by Engle (1982) and Bollerslev (1986). 

GARCH model has different verisions. This model is comprehensively used for modeling 

volatility and can be used for forecasting volatility. There are different studies which used 

GARCH model for forecasting volatility (Akgiray (1989), Pagan and Schwert (1990), 

Bollerslev et al. (1992), West and Cho (1995); Frances and van Dijk (1996); Brailsford 

and Faff (1996); Brooks and Persand, (2002, 2003), Meade (2002); McKenzie and 

Mitchell (2002); Sadorsky (2006)). The GARCH and some of other variations of 

GARCH model are used in these studies. Generally, the results of these studies show that 

the GARCH and its variations perform very well in modeling and forecasting volatility. 

These models outperform other volatility modeling tools like exponential smoothing, 

moving average, and linear regression. In this study, the performance of the GARCH 

model is also compared with two different types of the ANNs including the Feed Forward 

Back Propagation Network (FFBPN) and the Radial Basis Function Network (RBFN). 

In the third part of the study, a novel method is presented for improving the 

approximation power of ANNs. In this case, the inverse function approximation of the 

Black-Scholes model which used for option pricing, one of the most well-known 

financial models in finance scope, is performed.  

In the fourth part, the introduced method is applied on the compound option pricing 

model as well.  
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In the next Chapters, a draft of the literature review; a short introduction to the two types 

of the ANNs: the Feed Forward Back Propagation Network, and the Radial Basis 

Function Network, used in this thesis, are provided.  

The technical body of the thesis is divided into four parts: 

 Forecasting Return Volatility of Crude Oil Future Prices using Artificial Neural 

Networks. 

 Forecasting Return Volatility Of Crude Oil Future Prices Using Artificial Neural 

Networks; Based On Intra Markets Variables and Focus on The Speculation 

Activity. 

 A Novel Method for Estimating the Inverse Function Of BLACK-SCHOLES 

Option Pricing Model, using Artificial Neural Networks. 

 Estimating the Inverse Function of the Compound Option Pricing Model using 

Artificial Neural Networks 

 

In each part the summary of the study, literature review, model technical explanations, 

data, results and discussions, and conclusion have been presented in details. 
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1.3 Summary 

In this Chapter, a draft introduction to the whole study is presented. First of all, 

applications of Artificial Neural Networks in Finance are classified based on the studies 

which have been done in this area. Secondly, it specifically focuses on the ANNs 

application in Financial Engineering.  Finally, it discusses the technical body of the thesis 

which is divided into four parts including Forecasting Return Volatility of Crude Oil 

Future Prices using Artificial Neural Networks, Forecasting Return Volatility Of Crude 

Oil Future Prices Using Artificial Neural Networks; Based On Intra Markets Variables 

and Focus on The Speculation Activity, Novel Method for Estimating the Inverse 

Function Of BLACK-SCHOLES Option Pricing Model, using Artificial Neural 

Networks, and Estimating the Inverse Function of the Compound Option Pricing Model 

using Artificial Neural Networks. 
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2. CHAPTER 2: LITERATURE REVIEW 

 

In the recent past, there have been many studies on the applications of the Artificial 

Neural Networks (ANNs) in Financial Engineering. According to the areas of the 

applications, all of them can be classified here into some general sections.  

 

2.1 ANNs Applications in Financial Engineering 

The studies which have been done on the applications of the Artificial Neural Networks 

in Financial Engineering can be classified as followings (Wong et al., 1997),( Wonga  

and Selvi,1998): 

- “Forecasting stock prices and returns 

- Predicting the financial time series 

- Forecasting stock market indices/returns 

- Developing strategies for Stock trading  

- Forecasting price of currencies and exchange rates 

- Pricing derivative   

- Forecasting volatility  

- Evaluating the performance of Stocks, managing and optimizing the 

portfolios  

- Forecasting the systematic risk 

- Predicting the financial performance and crashes 
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- Forecasting future prices of commodities” 

 

2.2 An Overview to the Applications of ANNs in Financial Engineering 

Here a short summary of the studies done on each of the above classes is presented. The 

summaries are presented in a chronological order form the most recent ones to the older 

ones. 

 

2.2.1 Forecasting stock prices and returns  

Surveying the studies which have used ANNs in the area of forecasting the stock prices 

or stock returns, shows that in all of these studies the ANNs independently or as a main 

part of a hybrid model are used for forecasting the study variables. In some studies, the 

historical values of stock prices and/or some explanatory variables have been used to 

train the Artificial Neural Networks for forecasting.  In 2012, Pei-Chann Chang, Di-di 

Wang, and Chang-le Zhou worked on a paper which used Artificial Neural Networks for 

forecasting the stock price trends. In this study, some technical analysis variables have 

been considered as inputs to the model. The results of the proposed model of this study 

are compared with the Feed Forward Back Propagation Network and Takagi-Sugeno 

Fuzzy System‘s results. The finding of the study shows that the Artificial Neural 

Networks proposed model outperforms the other models results (Chang et al., 2012). In 

2011, Ling-Feng Hsieh, Su-Chen Hsieh, Pei-Hao Tai worked on a paper to predict the 

changes in stock prices using a model which is a combination of Artificial Neural 

Networks and the design of experiment models. In this study, a joint model of the design 



9 
 

of experiment method, the Taguchi method, and the Feed Forward Back Propagation 

Network were built to forecast the changes in stock prices. The results of the research 

prove the capability of the model on predicting the price changes (Hsieh et al., 2011). In 

2010, Melike Bildirici, Elçin A. Alp, and Özgür Ö. Ersin developed a model to predict 

the exchange rates and stock returns using a special type of Artificial Neural Network. In 

this study the authors tried to use to improve a model which has been introduced in 2002 

by Hansen and Seo to forecast exchange rates or stock returns. The results of applied 

model on the Istanbul Stock Exchange show that the model is better than the compared 

model (Bildirici et al., 2010). In 2007, Hyun-jung Kim and Kyung-shik Shin developed a 

model based on the Artificial Neural Networks. They used genetic algorithms as well to 

recognize patterns in the price trends. In this study, a hybrid model of genetic algorithms 

along with Artificial Neural Networks has been used to detect the patterns in the stock 

prices. Two different Artificial Neural Networks are used in this study. The finding of the 

study shows that the proposed model performs better than each of the other models (Kim 

and Shin, 2007). In 2003, Dennis Olson and Charles Mossman used Artificial Neural 

Networks to forecast the Canadian stock returns using accounting ratios. In this paper, the 

performance of the ordinary Artificial Neural Networks is compared with the ordinary 

least squared and logistic regression techniques in forecasting the return of a bunch of 

Canadian stocks. Over 50 accounting ratios have been used in this study as the inputs to 

the system. The findings of the study show that the Feed Forward Back Propagation 

Network outperforms the other two methods (Olson and Mossman, 2003). 
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2.2.2 Predicting the financial time series 

Surveying the studies which have used Artificial Neural Networks in predicting the time 

series shows that generally according to the volatile and inconsistent nature of time 

series, the Artificial Neural Networks are an efficient tool in this area. They can be used 

in different applications such as time series feature selection, trend selection, prediction, 

and simulation. In all of these studies, the Artificial Neural Networks independently or as 

a main part of a hybrid model are used for modeling the time series. In 2010, Sven 

F.Crone and Nikolaos Kourentzes used Artificial Neural Networks as a feature selection 

tool for time series prediction. The proposed model can be considered as a combined 

filter and wrapper approach for Artificial Neural Networks. In this study some methods 

are proposed for designing Artificial Neural Networks to improve their ability in 

simulating the time series and increasing their power for their forecasting. One important 

point in this regard is determining the network architecture to be in accordance with the 

appropriate time series. Since the time series have different trends in each range of time, 

it is necessary to have an appropriate method to design the network. In this case, it should 

be capable of the time series simulation in each range of time. The suggested model is 

completely data driven and selects the different features of the model data. It evaluates 

the distinguished features and transforms them to pre specified model features. The 

findings of the study show that the model is capable of forecasting time series (Crone and 

Kourentzes, 2010). In 2010, J.M. Matías, M. Febrero-Bande, W. González-Manteiga, and 

J.C. Reboredo used the GARCH model and Artificial Neural Networks as a prediction 

machine for the heteroscedastic time series. In this study, a combined model of three 

tools including GARCH model, Artificial Neural Networks and boosting techniques have 
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been used to develop a model for forecasting the heteroscedastic financial time series. 

The main power of the proposed model is that it can simultaneously estimate the 

conditional mean and volatility through the maximization of likelihood. In order to test 

the model, the return index of S&P 500 data has been used and for comparison a type of 

GARCH model is used. The findings of the study show that the proposed model is 

superior to the compared GARCH model (Matías et al., 2010). In 2009, Lean Yu, 

Shouyang Wang, and Kin Keung Lai used Artificial Neural Networks to forecast the 

financial time series. In this study, they tried to introduce a Neural Network model which 

can be used for forecasting the noisy financial time series. Financial data series are 

usually very noisy. In order to have a good and accurate prediction, it is very important to 

handle the noisy nature of time series. Artificial Neural Networks are used in this study to 

model noisy nature of time series. For the first step, the data set of the study has been 

divided to some parts using some data sampling methods. In order to model each data 

sample, an independent Artificial Neural Networks has been used to model similar data 

samples. In this study the principal component analysis technique has been used to de-

noise the data of each part and finally an Artificial Neural Network is used simulate the 

data of each part. In order to test the model, four different financial time series has been 

used. The findings of the study show that the proposed model is very good in financial 

time series prediction (Yu et al., 2009). In 2002, Francis E.H. Tay, L.J. Cao used a type 

of Artificial Neural Networks to simulate the financial time series. In this study, an 

updated type of the SVM was introduced for modeling the financial time series. The data 

from the Chicago Market was used to test the model. The results show that the new 
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versions of the introduced ANN yield better forecasts than the standard SVM model (Tay 

and Cao, 2002). 

 

2.2.3 Forecasting stock market indices and returns 

Surveying the Artificial Neural Networks studies to forecast the stock market indices or 

stock market returns shows that in all of these studies the Artificial Neural Networks 

independently, or as a main part of a hybrid model, are used to forecast the study 

variables. In some studies, the historical values of stock indices and/or some explanatory 

variables have been used to train the Artificial Neural Networks to forecast the stock 

indices. In 2012, Ching-Ping Wang, Shin-Hung Lin, Hung-Hsi Huang and Pei-Chen Wud 

used an Artificial Neural Network to predict the price of TXO. The forecasting has been 

done under different volatility models in this study. They used the Feed Forward Back 

Propagation Network under different volatility forecasting model to forecast the TXO 

price. Historical, implied, deterministic and GARCH models are used in this study to 

forecast volatilities. The data from 2008 to 2009 are used for testing the models. The 

finding of this paper is that the forecasting performances is strongly related to the money-

nesses, appropriate volatility models, and the number of neurons of each layer of the 

Artificial Neural Network. Implied and deterministic volatility function models show best 

performance (Wang et al., 2012). In 2011, Yakup Kara, Melek Acar Boyacioglu and 

Ömer Kaan Baykan introduced a model to predict the stock price index trends using 

Artificial Neural Networks. They used Support Vector Machines as well. In this study, 

they tried to predict the stock markets trends. They used two different models including 

Artificial Neural Networks and support vector machines. Because of the complex nature 
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of the stock markets, they decided to develop models using Artificial Neural Networks 

and support vector machines to predict the future movements of the market. The data for 

the daily Istanbul Stock Exchange National 100 Index has been used for testing the 

proposed models. In this study, some technical indicators of the stock markets were 

selected and considered as the input variables for the forecasting models. The final results 

show that the performance of the Artificial Neural Networks is better than the support 

vector machines in this case (Kara et al., 2011). In 2011, David Enke, Manfred Grauer, 

and Nijat Mehdiyev used the Neural Network along with some other models such as 

Multiple Regression and Fuzzy Clustering to predict the stock market indices. In this 

study, a process for forecasting the stock market using three different tools such as 

Artificial Neural Networks, regression analysis, and fuzzy system were introduced. At 

first, using the regression model the important input variables either financial or 

economic are chosen. Then the fuzzy clustering method is applied to create a prediction 

model. Finally, a Fuzzy Neural Network has been used to forecast the stock price. The 

findings of the study show that the proposed model outperforms the traditional 

forecasting model (Enke et al., 2011). In 2011, Chi-Jie Lu and Jui-Yu Wu again used the 

Artificial Neural Networks to forecast the stock indices. In this study, a type of Neural 

Network has been introduced for predicting the stock market index. The data from the 

Nikkei 225 and Taiwan Stock Exchange Capitalization Weighted Stock Indexes has been 

used for testing the model. For comparison, the results of the model are compared with 

the Support Vector regression and a Feed Forward Back Propagation Network. The 

findings of the study show that the proposed model is superior to the other two models 

(Lu and Wu, 2011).  In 2011, Erkam Guresen, Gulgun Kayakutlu, Tugrul U. Daim used 
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the Artificial Neural Networks to predict the stock market index. In this study, they 

analyzed the performance of different Neural Networks in forecasting the stock market 

index. Multi-layer perceptron and dynamic Artificial Neural Network are the two 

different Neural Networks which have been applied in this study. A hybrid Neural 

Network which uses a generalized autoregressive conditional heteroscedasticity is also 

used in this study to extract new input variables. The Mean Squared Error and Mean 

Absolute Deviate are two measures which have been used for comparing the results of 

different models with each other in this study. The data of the NASDAQ Stock Exchange 

index has been used for testing the models. The findings of the study show that the Multi-

layer perceptron model outperforms both other models (Guresen et al., 2011). In 2011, 

Jian-Zhou Wang, Ju-Jie Wang, Zhe-George Zhang and Shu-Po Guo used Back 

Propagation Neural Networks to forecast stock indices. In this research, they used a new 

method for forecasting the stock prices using a type of Neural Network. They showed 

that it is a good algorithm for predicting the stock prices. Stock prices time series are 

inconsistent and very volatile because too many factors are effective on the stock price 

trends. Considering this volatile nature of stock market, the introduced ANN was 

effective. In this paper, the data from Shanghai Composite Index from January 1993 to 

December 2009 are used to test the model, and conclude that the proposed Neural 

Network model is capable of predicting the stock index. The model results are compared 

with the single back propagation Neural Network using the real data set. According to 

this paper, the prediction power of ANNs without dropping the noise from the trends is 

not sufficient (Wang et al., 2011). In 2010, Chi-Jie Lu tried to estimate the stock market 

prices. They used a combination of independent component analysis-based de-noising 
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model with Neural Networks. They suggest this model to overstate the volatile nature of 

the stock prices to drop the noise from the stock prices and empower their model and 

improve their predictions. In this model, the ICA is used for detecting independent 

components among all the variables at first. After that, the ICs which have noises are 

deleted. The remained variables which are those that have the lowest noises are used as 

the inputs to the Neural Network model. In order to test the model, the data from the 

TAIEX index and Nikkei 225 index are used. As the comparison models, BPN model and 

a random walk model have been considered. The BPN model used a set of variables 

which used for forecasting. The results show that the proposed model has better 

performance than the other models in forecasting the stock market indexes (Lu, 2010). In 

2010, Melek Acar Boyacioglu and Derya Avci used an Adaptive Network-Based Fuzzy 

Inference System (ANFIS) to predict the stock market returns. In this study, the monthly 

return of Istanbul Stock Exchange National 100 Index is forecasted using an adaptive 

inference fuzzy system based on Artificial Neural Networks. This fuzzy system is 

adaptive because it is based on the Neural Network. This study used ANFIS to check its 

capability in forecasting the market returns. In this forecasting model, the ANFIS system 

has six macroeconomic variables and three indices as the inputs. The finding of the study 

shows that the ANFIS is capable of forecasting the stock indices returns (Boyacioglu and 

Avci, 2010). In 2009, Zhang Yudong and Wu Lenan used a special type of back 

propagation Neural Networks to predict S&P 500 index. In this study, they suggested an 

integrated model of improved bacterial chemo taxis optimization and back propagation 

Neural Network to forecast the S&P 500 index. The results of the study show that the 

suggested model performs better comparing to each of the combined models (Yudong 



16 
 

and Lenan, 2009). In 2009, E.L. de Faria, Marcelo P. Albuquerque, J.L. Gonzalez, J.T.P. 

Cavalcante and Marcio P. Albuquerque used Neural Networks along with some adaptive 

exponential smoothing methods. They used these methods for the Brazilian stock market 

index prediction. In this paper, they tried to forecast the Brazilian stock market index 

using two different methods namely Artificial Neural Networks and adaptive exponential 

smoothing method. They compare the results of each method with each other to find out 

which one makes a better forecast of the future trends of the market. In particular, the 

sign of the market returns is going to be predicted in this study. The results show that 

both methods do similar in case of forecasting the market index returns but the Artificial 

Neural Network does better than the adaptive exponential smoothing method in 

forecasting the market movements (Faria et al., 2009). In 2008, Xiaotian Zhu, Hong 

Wang, Li Xu and Huaizu Li used Neural Networks to predict the stock index increments. 

In their study they analyzed the trading volume variable effect in index prediction for 

various time periods. In this paper, they tried to study the effect of trading volume on 

improving the forecast-ability of stock indexes using Artificial Neural Networks. 

According to previous studies, it has been shown that the trading volume has a positive 

effect on forecasting the stock index, so they tried to assess it using Artificial Neural 

Networks under various periods. The stock returns and volumes data from Dow Jones 

Industrial Average (DJIA), NASDAQ and STI indices were used for training the system. 

The results show that the trading volume of the stocks has a positive effect on the 

forecasting ability of Neural Networks especially for the short term horizon and it has a 

modest effect for the medium and long term horizons (Zhu et al., 2008). In 2006, Niall 

O’Connor and Michael G. Madden proposed a model for forecasting the trends of the 
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stock exchange using some variables applied to the Neural Networks. They tried to 

analyze the effect of external indicators including commodity prices and currency 

exchange rates on the trends of stock indexes. The data of the Dow Jones Industrial 

Average index has been used for testing the model of the study. For testing the model 

they tried to compare the profitability of the model results with the simple strategy of 

buying and selling the DJIA index in the range of the data of the study. The results of the 

study show that applying the Artificial Neural Network for generating trading decision; 

the profitability of the model is much more than the simple movement of the DJIA index 

per annum (O’Connor and Madden , 2006). In 2005, David Enke and Suraphan 

Thawornwong used data mining methods along with Artificial Neural Networks to 

forecast stock market returns. In this study, a combination of Artificial Neural Networks 

and data mining tools has been used to forecast the stock market returns. They used the 

data mining tool as the variable chooser tool and Artificial Neural Network as their 

forecasting machine for forecasting the stock market returns. They applied and evaluate 

different trading strategies using their model. The basic comparison strategy was the buy 

and hold strategy. The results show that the proposed model performs better considering 

new trading strategies (Enke and Thawornwong, 2005). In 2003, An-Sing Chen, Mark T. 

Leung and Hazem Daouk used Neural Networks to forecast the Taiwan Stock Index. In 

this study, the authors tried to model the movements of market index of the Taiwan Stock 

Exchange (TSE) to forecast the index return using Artificial Neural Networks. In this 

case, the probabilistic Artificial Neural Network has been applied to handle the 

probabilistic nature of the financial market. In order to evaluate the results, the 

probabilistic Neural Networks forecasts are compared with the results of other models 
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such as generalized methods of moments and random walk model. In order to check the 

applicability of the forecasted results of each model, the results are applied on different 

trading strategies to check if the results are satisfactory or not. The basic buy-and-hold 

strategy is used as the basic trading strategy for modeling. The finding of the study shows 

that the probabilistic Neural Network results are better according to the amount of profit 

which they generate (Chen et al., 2003). In 2002, William Leigh, Russell Purvis, James 

M. Ragusa used a combination of the tools such as technical analysis, pattern recognizer, 

Artificial Neural Networks, and genetic algorithms to forecast the NYSE composite 

index. In this study, they tried to forecast the stock market index, NYSE composite index, 

using Artificial Neural Networks and genetic algorithms. In this model, pattern 

recognition has been used to distinguish stock prices trends using technical analysis tools. 

The technical analysis tools use different numerical indicators of stock trading data. The 

findings of the paper prove that the proposed model performs quite well in forecasting 

NYSE composite index (Leigh et al., 2002). 

 

2.2.4 Developing strategies for Stock trading 

Studying the literature in the stock trading strategy developments shows that different 

types of Artificial Neural Networks have been used in this area as the stock selection 

machine, or in combination with the technical analysis tools to give some indicators for 

trading, or as a simulation machine for empowering technical analysis tools to forecast 

technical indicators. In 2011, Alejandro Rodríguez-González, Ángel García-Crespo, 

Ricardo Colomo-Palacios, Fernando Guldrís Iglesias, and Juan Miguel Gómez-Berbís 
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used Artificial Neural Networks to improve the performance of the trading systems which 

work based on technical analysis. In this paper, an Artificial Neural Network model has 

been developed for calculating a technical analysis indicator, namely the relative strength 

indicator (RSI). RSI is a very useful indicator in forecasting the stock prices in the short 

term. In this paper, a set of techniques for estimating the RSI using intelligent tools is 

introduced as well. In this study, the Feed Forward Artificial Neural Network has been 

used for calculating the RSI. The new RSI which is calculated in this way is more 

accurate. The results of the study which has been applied on the Spanish IBEX 35 stock 

market, show that the introduced techniques which work with the new RSI perfom  very 

good in forecasting the Spanish IBEX 35 stock market (Rodríguez-González et al., 2011). 

In 2008, Thira Chavarnakul and David Enke used Artificial Neural Networks to improve 

the performance of technical analysis tools as well. Trading volume is an important 

indicator in stock market analysis and analyzing stock prices trends which is used in 

technical analysis widely. Considering this, equi-volume charting is generated to show 

the future trends of the stock prices. The volume adjusted moving average and the ease of 

movement are two technical indicators which are developed from equi-volume charting. 

In this paper, they tried to improve the trading strategies using an Artificial Neural 

Network model. The generalized regression Neural Network (GRNN) is used as the 

special Neural Network model for the study. S&P 500 index data has been used for 

testing the model. The results show that the stock trading using the Neural Networks with 

the volume adjusted moving average and ease of movement indicators outperforms the 

results of stock trading generated from them without Neural Networks (Chavarnakul and 

Enke, 2008). In 1999, Tong-Seng Quaha and Bobby Srinivasan used an Artificial Neural 
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Network as a selection machine for their portfolio to improve the returns on stock 

investment.  In this study, they tried to use the ANN in stock selection. Because of the 

generalization power of ANN, they can learn the patterns of the stocks movements and 

apply it on the future forecasts. Considering this fact that the stock prices movements are 

a sign of the management quality of the underlying company which determines the 

profitability of the stock and this information are contained in the some explanatory 

financial variables, the Artificial Neural Network can extract this relationship and make a 

relation between the explanatory variables and stock price movements. The results of the 

study show the good performance of Artificial Neural Networks application in this case 

(Quaha and Srinivasan, 1999). 

 

2.2.5 Forecasting price of currencies and exchange rates 

Surveying the studies that used Artificial Neural Networks to forecast the currency prices 

or exchange rates shows that in all of these studies the Artificial Neural Network 

independently, or as a main part of a hybrid model, is used for forecasting the study 

variables. In some studies, the historical values of currency prices and in others some 

explanatory variables has been used to train the Artificial Neural Networks to forecast 

currency prices and exchange rates. The general finding of literature shows that Artificial 

Neural Networks generally outperform the other tools in this regard. In 2007, 

Chakradhara Panda and V. Narasimhan used Artificial Neural Networks to forecast 

exchange rates. In this study, an Artificial Neural Network is used to forecast the weekly 

Indian currency to US currency as the exchange rate. The linear autoregressive and 

random walk models have been considered as the comparison models to compare the 
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results of the Artificial Neural Network. The results of the study show that the Artificial 

Neural Network outperforms both the other models in forecasting the exchange rates 

(Panda and Narasimhan, 2007). In 2000, Jingtao Yao and Chew Lim Tan used Artificial 

Neural Networks to forecast the Forex market. In this study, they applied Artificial 

Neural Networks to forecast the rates of Forex market. In this study, the exchange rates 

of the American dollar to different foreign currencies such as British Pound, Japanese 

Yen, Deutsch Mark, Swiss Franc and Australian Dollar have been forecasted. The 

historical data of the exchange rates with some technical variables such as moving 

average have been considered as the inputs to the Neural Networks. The efficiency of 

each of the data set has been analyzed before feeding the data to the Artificial Neural 

Networks. The results confirm the good performance of proposed model in forecasting 

the exchange rates of the FOREX market (Yao and Tan, 2000). In 2000, Mark T. Leung, 

An-Sing Chen, and Hazem Daouk used another type of Neural Networks, general 

regression Neural Networks to forecast exchange rates. In this study, the generalized 

regression Neural Networks have been used for forecasting the Taiwan Exchange market 

rates. As the comparison model, they compared the results with the Feed Forward Back 

Propagation Network, multivariate transfer function, and random walk models. The 

findings of the study show that the GRNN model performs better than all the other three 

models (Leung et al., 2000). In 1999, Mona R. El Shazly and Hassan E. El Shazly used a 

combination of Neural Network and genetic algorithm to forecast the currency prices.  In 

this study, they tried to develop a hybrid system based on an Artificial Neural Network. 

In this model, they used genetic algorithm to improve the training function of the 

Artificial Neural Network. The system has been used for forecasting four different 
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currency prices. These currencies are such as the British pound, the German mark, the 

Japanese yen, and the Swiss franc. In order to evaluate the results, the network forecasts 

have been compared with the rates which have been calculated using futures and 

forwards. The results show that the Artificial Neural Networks outperform futures and 

forwards (Shazly and Shazly, 1999). In 1997, Mona R. El Shady, Hassan E. El Shazly 

used Artificial Neural Networks to forecast exchange rates. In this paper, they tried to 

forecast the rates of three currencies using Artificial Neural Networks and compare with 

the results of the forward rates. The analyzed currencies were the British pound, the 

German mark and the Japanese yen. The correct movement direction of the exchange rate 

and the amount of change has been considered as two measures of comparison. The 

results show that the Artificial Neural Network performance is better than the forward 

rates in both measures in all the three currencies (Shady and Shazly, 1997) 

 

2.2.6 Pricing the derivatives 

Derivative pricing is another interesting field which has been considered in the Artificial 

Neural Network applications. Reviewing the literature shows that different types of 

Artificial Neural Networks, independently or as a part of a hybrid model, are used for 

pricing the derivatives or forecasting the derivative prices. They are used for simulating 

the derivative pricing models such as Black-Scholes too. The general results of these 

studies show the considerable capability of Artificial Neural Networks in this scope.  In 

2009, Xun Liang, Haisheng Zhang, Jianguo Xiao and Ying Chen used Artificial Neural 

Networks and support vector regressions (SVRs) for forecasting option prices. Since 

most of the different methods which exist for pricing the options, including parametric 
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and nonparametric option pricing methods, use the current price of the underlying asset 

as an input, forecasting the future option prices is very complicated. It is because of the 

lack of knowledge about the future price of the underlying asset. Considering this fact, it 

can be said that having a good estimation of the analytical price for an option is very 

important. In this study, a method to predict option prices using ANNs and support vector 

regressions (SVRs) has been suggested. In this paper, the parametric option pricing 

methods has been improved and ANNs and SVRs are used to decrease the forecasting 

errors of those methods. The study is tested using the Hong Kong option market data and 

the results prove that the ANNs and SVRs improve the forecasts from the parametric 

methods for option pricing (Liang et al., 2009). In 2009, Yi-Hsien Wang proposed a 

Hybrid GJR–GARCH model based on a Artificial Neural Network. The used the 

proposed model for pricing the Taiwan stock index option. In this study, the author tried 

to develop a hybrid model of symmetric volatility tools and the Artificial Neural Network 

to price the options of the Taiwan stock index. The results of the study are compared to 

the other volatility approaches such as GARCH and Grey-GJR. The findings of the study 

show that the introduced volatility model outperforms the other volatility models (Wang, 

2009). In 2009, Po-Chang Ko introduced a neural regression model for option pricing. 

The model is based on the application of Artificial Neural Networks. In the proposed 

model, in contrast to the linear regression model which the coefficients are estimated 

using the least squared method, the coefficients are estimated using an Artificial Neural 

Network model. In this model, the input variables are the similar to the input variables of 

the Black-Scholes model, but the option price is calculated using a regression model. The 

coefficients of the regression model are calculated using the Artificial Neural Network. 
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For results of the model are compared with the results from the Black-Scholes model. 

The results show that the model performs better than the Black-Scholes model (Ko, 

2009). In 2008, Panayiotis C. Andreou, Chris Charalambous and Spiros H. Martzoukos 

used a combination of Artificial Neural Networks and parametric models for pricing 

European options. In this paper, they tried to determine European call option price of 

S&P 500 using two different option pricing model such as Black-Scholes and Corrado 

and Su models. They compare the results of these models with the results from the 

Artificial Neural Networks model. The data of S&P 500 index has been used to test the 

model. The results show that the hybrid model which is based on the Black-Scholes 

model has the best results among the other models including the ANN model, the Black-

Scholes, and the Corrado and Su model individually. The results show that the proposed 

hybrid model outperforms the other models. The generated option price data from the 

new model were closer to the realized option prices than the others (Andreou et al., 

2008). In 2004, Marco J. Morelli, Guido Montagna, Oreste Nicrosini, Michele Treccani, 

Marco Farina, and Paolo Amato used Artificial Neural Networks to price financial 

derivatives. In this study, multi layer perceptron and Radial Basis Functions Networks are 

applied to price all the three European options, American options, and Greek letters. The 

results show that the Artificial Neural Networks perfrom very good in pricing all these 

three options (Morelli et al., 2004). In 2004, L. Xua, M. Dixon, B.A. Eales, F.F. Cai, B.J. 

Read, J.V. Healy used Artificial Neural Networks for pricing a special type of the 

options, Barrier options. In this study, the Artificial Neural Networks have been used for 

determining the call option price for barrier options. The results show the acceptable 

performance of Artificial Neural Networks in this application (Xua et al., 2004). In 2003, 
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Guido Montagna, Marco Morellia, Oreste Nicrosinia, Paolo Amatoc, and Marco Farina 

used two methods including Neural Networks for pricing derivatives. In this study, two 

algorithms were used for pricing the options. The first one is based on a path integral 

approach to option pricing and the second one uses the Neural Networks. The results 

show that the Neural Networks work better (Montagna et al., 2003). In 2000, Jingtao 

Yao, Yili Li, Chew Lim Tan used Artificial Neural Networks for forecasting option 

prices. In this study, the authors tried to forecast the option prices using the Feed Forward 

Back Propagation Network. The model is applied on the Nikkei 225 index futures. In 

order to compare the results of the model, the Black-Scholes model is considered. The 

results show that the Artificial Neural Networks perform better in option pricing than the 

Black-Scholes model when the market is volatile and the Black-Scholes model works 

better for at-the-money options (Yao et al., 2000). In 2000, Rene Garcia and Ramazan 

Gencay used Artificial Neural Networks for pricing and hedging derivatives. They 

introduced something which is called homogeneity hint for their pricing model. In this 

paper, a new formula which is something similar to the Black-Scholes model for pricing 

the options is developed using feed forward Artificial Neural Networks. This formula is 

generated for the situation in which the option pricing function with respect to the 

underlying asset price and the strike price is of degree one or is homogenous. The results 

of the study show that when there is a homogeneity hint, the Neural Network works 

better comparing to the situation when there is no homogeneity hint. Both the Artificial 

Neural Networks (with and without hint) perform better than the Black-Scholes model in 

pricing the options (Garcia and Gencay, 2000). 
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2.2.7 Forecasting volatility  

The application of Artificial Neural Networks in volatility modeling and forecasting is 

novel. According to the importance of volatility as a measure of market risk, a basis of 

the risk management and considering its non-stationary behavior, Artificial Neural 

Networks recently have received great attention in this area. Reviewing the literature on 

the application of Artificial Neural Networks show that different type of Artificial Neural 

Networks, independently or as a part of hybrid model, have been used for simulating the 

volatility models or forecasting the volatility. In some studies, the historical volatilities 

and/or the explanatory variables are used as the training data which have been fed to the 

models. Generally, the comparison models which have been used in different studies are 

the GARCH family models. It can be concluded that Artificial Neural Networks show a 

very good performance in simulating the volatility models and volatility forecasting. In 

2011, E. Hajizadeh a, A. Seifi, M.H. Fazel Zarandi and I.B. Turksen proposed a model to 

predict the S&P 500 index returns volatilities. In this study, they used a hybrid model. 

Their model includes a combination of EGARCH and ANNs. Their model is used to 

forecast the volatility of S&P 500 index return. According to the literature, different types 

of GARCH models have been used in finance area for forecasting the volatility. In this 

study, authors tried to mix the EGARCH model with the ANNs to improve the 

forecasting ability of the EGARCH model. In this study, two joint models of EGARCH 

and Artificial Neural Networks have been proposed to forecast the S&P 500 index 

volatility. In the first model, the volatility is forecasted using the EGARCH model. The 

EGARCH is an asymmetric volatility model which helps to decrease both the stochastic 

and nonlinearity of the error. It helps to handle the asymmetric volatility of the prices as 
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well. The forecasted volatilities are fed as inputs to an Artificial Neural Network to 

forecast the volatility again. For the second model, both series of the EGARCH model 

forecasted volatilities and some historical values of some explanatory variables are fed as 

the inputs to the model and the volatility is forecasted again. The forecasted results of 

each model are compared with the EGARCH model’s results and realized volatilities. 

The final results show that the second model has a better ability in forecasting the 

volatility (Hajizadeh et al., 2011). In 2009, Melike Bildirici and Özgür Ömer Ersin used 

an Artificial Neural Network to improve the GARCH model to forecast the volatility of 

daily returns of Istanbul Stock Exchange index. In this study, the generalized auto 

regressive conditional heteroscedasticity model (GARCH) which is normally used for 

forecasting the volatility is improved using Artificial Neural Networks. The daily returns 

data from the Istanbul Stock Exchange index were used for testing the model. A hybrid 

model is proposed to improve the forecasting performance of a special type of the 

GARCH family models. The results show that the proposed model performs well for 

volatility forecasting (Bildirici and Ersin, 2009). In 2009, Ling-Bing Tang, Ling-Xiao 

Tang, and Huan-Ye Sheng used a special type of Artificial Neural Networks, wavelet 

support vector machine, to forecast the volatility. In this study, a multidimensional 

wavelet kernel function, which was applied in a Support Vector Machine, has been 

introduced. The wavelet function used to improve the clustering capability of the Support 

Vector Machine for clustering the volatilities. The results of the study show the good 

performance of the proposed model in forecasting the volatilities (Tang et al., 2009). In 

2008, Chih-Hsiung Tseng, Sheng-Tzong Cheng, Yi-Hsien Wang and Jin-Tang Peng used 

an Artificial Neural Network along with an EGARCH volatility model to forecast 
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volatility and price the options of the Taiwan stock index based on the forecasted 

volatilities. The forecasting model which was suggested by them was a joint model of the 

EGARCH model and Artificial Neural Networks. The final results of the study show that 

the hybrid model of ANN with EGARCH volatility improves the volatility forecasting 

ability of the model in comparison to the other volatility forecasting models (Tseng et al., 

2008). In 2007, Tae Hyup Roh used Artificial Neural Networks for volatility prediction 

of stock price index. In this study, the author tried to forecast the volatility of the stock 

market using a hybrid model of Artificial Neural Networks and time series models. The 

findings of this study show that the suggested model is good in forecasting the market 

volatility (Roh, 2007). In 2004, Shaikh A. Hamid and Zahid Iqbal used Artificial Neural 

Networks for forecasting S&P 500 Index futures prices volatility. In this study, the 

Artificial Neural Networks have been used for forecasting the return volatility of S&P 

500 Index futures prices. The model results were compared with the implied volatility 

results. These comparison analytical methods were Whaley and Barone-Adesi models. 

The findings of the study show that the Artificial Neural Network results outperform the 

other models (Hamid and Iqbal, 2004). In 2003, Valeriy V. Gavrishchaka and Supriya B. 

Ganguli again used the SVM to forecast the volatility. This study specifically works on 

the markets which are affected by big data. The results of the study prove that the 

Support Vector Machine is an appropriate tool for forecasting volatility of these markets 

(Gavrishchaka and Ganguli, 2003). In 1999, Michael Y. Hu and Christos Tsoukalas used 

an Artificial Neural Network to forecast the volatility of European Monetary System 

exchange rates. In this study, the authors studied the application of four different 

conditional volatility methods in forecasting the volatility of exchange rates of the 
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European Monetary System. They calculated the volatility using each method and 

calculate the simple average of the calculated results. They fed the results into an 

Artificial Neural Network afterwards. The findings of the study show that the Artificial 

Neural Network performs better than each single model in forecasting the volatilities (Hu 

and Tsoukalas, 1999). In 1997, R. Glen Donaldson and Mark Kamstra used an Artificial 

Neural Network along with GARCH model to forecast the international stock return 

volatility. In this study, a hybrid model which is a GARCH model which has been based 

on the Artificial Neural Networks was introduced to forecast the return volatility of stock 

prices. The data from the financial market of London, New York, Tokyo and Toronto, 

were used for testing the model. The GARCH, EGARCH and GJR models were 

considered for comparisons. The final results show that the introduced hybrid model 

outperforms the other models (Donaldson and Kamstra, 1997a). In 1996, Mary Malliaris 

and Linda Salchenberger used Artificial Neural Networks to forecast the S&P 100 

implied volatilities. In this study, an Artificial Neural Network has been used to forecast 

the implied volatility of S&P 100 index. Historical volatilities and some other option 

market factors are considered as the inputs to the network. For comparison, the results 

were compared with the realized volatilities. The results approve the good performance 

of ANN in forecasting the volatility (Malliaris and Salchenberger, 1996). 

 

2.2.8 Evaluating the performance of Stocks and managing the portfolios  

Other areas which have been considered for the application of Artificial Neural Networks 

are: Stock Performance, Stock Selection Prediction and Portfolio Optimization. The 

application of Artificial Neural Networks in these areas has been also successful. In 2009, 
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Fabio D. Freitas, Alberto F. DeSouza, and Ailson R. deAlmeida used Artificial Neural 

Networks to introduce an optimization model for portfolio prediction. In this study, a 

model for portfolio optimization was developed. This model has been built based on the 

Artificial Neural Networks to forecast the stock returns. The model tries to find occasions 

in the stock market based on its predictions. The system works based on capturing stock 

returns and calculating a measure of the amount of the risk which is related to them. For 

testing the system, the data from the Brazilian stock market has been used. For 

comparison, the results are compared with the mean-variance model. The findings of the 

study show that the introduced model is working better than the mean-variance model 

(Freitas et al., 2009).  In 2008, Po-Chang Ko and Ping-Chen Lin used Artificial Neural 

Networks for portfolio selection. Portfolio selection is considered as resource assignment 

in the finance field. The investors decide based on the returns and risk of each investment 

and they need a model to determine how much of their money should be allocated to each 

stream of investment. Since Artificial Neural Networks show a great ability in simulating 

complex systems; it appeared to be a good tool for solving the resource allocation 

problems or portfolio selection. For testing the model, the data from the Taiwan Stock 

Exchange (TSE) was used. The finding of the study shows that the proposed model 

generates feasible allocation weights as the portfolio selection weights. The calculated 

ROI of the study shows that the results of the Artificial Neural Network model are better 

(Ko and Lin, 2008). In 2008, Tong-Seng Quah used an Artificial Neural Network for the 

stock selection of the DJIA. In this study, a method has been proposed for selecting 

stocks according to fundamental analysis variables using Artificial Intelligence models. 

Three different methods have been used in this study including MLP, ANFIS and RBFN. 
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This study compares these three models. The finding of the study shows that the Radial 

Basis Function is slower than other two methods and it is not as good as the other two 

methods (Quah, 2008). 

 

2.2.9 Forecasting the systematic risk 

In 1996, Hans-Georg Wittkemper and Manfred Steiner used Artificial Neural Networks 

to forecast the stocks systematic risk. They compared the results from an Artificial Neural 

Network with some other different methods. For testing their model, they used the data 

from the stock prices of some German companies for a period of years. In order to 

improve their results, they improved the Artificial Neural Network training process using 

genetic algorithms. The findings of the study show that the Artificial Neural Network has 

the best forecast in comparison to other methods in forecasting the systematic risks of 

stocks (Wittkemper and Steiner, 1996). 

 

2.2.10 Predicting the financial performance and crashes  

Financial performance prediction and financial crashes prediction are other fields in 

which Artificial Neural Networks have been applied too. Reviewing the literature in these 

areas shows that again different types of Artificial Neural Networks have been applied in 

these areas. The performance of the Artificial Neural Networks is again quite good and 

can be consider for future applications. In 2004, Monica Lam integrated both 

fundamental and technical analysis using Artificial Neural Networks to predict the 

financial performance. In this study, she tried to forecast the rate of return of the equity of 
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shareholders of some of S&P companies using Artificial Neural Networks. She used 

some technical and fundamental analysis indicators in her study as the inputs for the 

Artificial Neural Networks. The data of the some companies among the S&P 500 

companies were chosen. The study’s results were compared with the average return of the 

top one-third returns of the market as the upper limit. Upper limit can be considered as 

the situation where the information is complete. The overall market average also was 

considered as the lower limit of the comparison and lower limit can be considered as the 

situation where the risk is completely diversified. The results of the study prove the 

power of Artificial Neural Networks in outperforming the lower limit of the market 

return, but it cannot overcome the upper limit. The Artificial Neural Network with both 

financial and macroeconomic data as the input cannot outperform any of the lower and 

upper limit of the market returns (Lam, 2004).  In 2004, G.Rotundo used Artificial Neural 

Networks to forecast the large financial crashes. They tried to consider bubbles. The 

bubbles have been explained in macroeconomics when some investors try to change the 

company stock price with the external factors other than the stock market regular demand 

and supply rule. This study tried to detect this emergence in the index according to the 

crashing times using Artificial Neural Networks (Rotundo, 2004). 

 

2.2.11 Forecasting future prices of commodities 

Surveying the studies in which Artificial Neural Networks are used to forecast the 

commodity prices shows that in all of these studies the Artificial Neural Network, 

independently or as a main part of a hybrid model, was used for forecasting the study 

variables. In some studies, the historical values of commodity and/or some explanatory 
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variables were used to train the Neural Networks to forecast the commodity prices. The 

general finding from the literature shows that Artificial Neural Networks outperform the 

other tools in this regard. In 2011, Rania Jammazi and Chaker Aloui worked on a paper 

which used Artificial Neural Networks for forecasting crude oil price. In this study, the 

results from wavelet decomposition and ANNs modeling have been used. In their study, 

they combined the FFBPN and another model as a Hybrid model to predict crude oil 

price. They work on crude oil price because of its importance and market complexity. In 

this study, instead of applying different architecture of Artificial Neural Networks, they 

try to study the effect of the transfer function selection. They believe that this may 

empower the simulations power of ANNs. In their modeling, they used wavelet oil price 

signals. Their study is based on the work of Yonaba, H., Anctil, F., and Fortin, V., which 

have been done in 2010. The three different activation functions have been used in this 

study. The study shows that the results of the suggested model outperform the 

conventional Feed Forward Back Propagation Network (Jammazi and Aloui, 2011). In 

2008, Lean Yu, Shouyang Wang and Kin Keung Lai used an Artificial Neural Network to 

forecast the crude oil price. In this study, the authors tried to forecast the spot price of 

crude oil using a special type of Artificial Neural Network. For doing this forecasting, 

first of all, the crude oil data set was divided into small pieces. For each piece of data a 

function is assigned. Then, each of the functions is simulated using a Feed Forward Back 

Propagation Network. The data of the West Texas Intermediate and Brent crude oil spot 

prices have been used for testing the model. The results of the simulation of the model 

prove the capability of the model in forecasting the crude oil spot prices (Yu et al., 2008). 

In 2008, Antonino Parisi, Franco Parisi, and David D´ıaz used two special types of 
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Artificial Neural Networks for forecasting gold price changes. This study tried to forecast 

the one-step-ahead sign variation on gold price using Feed-forward and ward Neural 

Networks. The findings of the study show that the rolling ward Neural Networks perform 

better than the recursive ward and feed-forward Neural Networks (Parisi et al., 2008). 

2.3 Summary 

In this Chapter, an overview of the different areas of Artificial Neural Networks 

applications in Financial Engineering has been presented. These areas have been 

extracted from the studies done in literature. These areas include different classes such as 

Forecasting stock prices and returns,  Predicting the financial time series, Forecasting 

stock market indices/returns, Developing strategies for Stock trading, Forecasting price of 

currencies and exchange rates, Pricing derivative, Forecasting volatility, Evaluating the 

performance of Stocks, managing and optimizing the portfolios, Forecasting the 

systematic risk, Predicting the financial performance and crashes, Forecasting future 

prices of commodities.  

In all of them, different types of Artificial Neural Networks such as the Feed Forward 

Back Propagation Network and the Radial Basis Function Networks, independently or as 

a part of a hybrid model, are used for forecasting different indexes of financial markets 

under different situations. 
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3. CHAPTER 3: AN INTRODUCTION TO ARTIFICIAL 

NEURAL NETWORKS 

 

This Chapter provides a short introduction to the Artificial Neural Networks (ANNs), as 

the main technique which have been used in this study. Finally, a brief introduction is 

given to the two types of the ANNs used in this study: the Feed Forward Back 

Propagation Network (FFBPN), and the Radial Basis Functions Networks (RBFN). 

 

3.1  Artificial Neural Networks 

Artificial Neural Networks are generated based on the design and performance of the 

human brain’s neurons. ANN’s emergence is from Biology. They are non linear and non 

parametric units which process information. They model the relationships of the input 

and outputs of the models (Kalman and Kwasny, 1997; Hornik, 1989; Zhang et al., 

1998).  

There are some features of the Artificial Neural Networks which make them very useful 

and applicable. ANNs can simulate and approximate the relationships between the input 

data set and output data set of a system. This feature makes them very applicable for 

simulating complex systems especially financial models. Artificial Neural Netwoek can 

explore and distinguish the existing patterns in the data. ANNs can approximate any type 

of the functions which is continuous. Specially, they can adopt the trained model to the 

new conditions or new data (Haoffi et al., 2007). One important feature of the ANNs is 
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that they adopt themselves to the data. They do not consider any special assumption 

about the data (Davies, 1995).  

Every system can be considered as a black box which transforms some inputs to some 

outputs. Artificial Neural Networks, simulate this Black box and transforms inputs to 

outputs. The Artificial Neural Networks simulate the performance of the human brain. 

Similar to the brains neurons, they comprise of many parallel processing units, entitled 

neurons.  These neurons are working parallel to empower the processing and simulation 

power of the technique. Working parallel, the speed of the model improves as well. Each 

neuron can be considered as a function which transforms an input to an output. All of the 

nurons are structured according to a parallel structure, layers. Each layer, includes 

different number of the neurons which work in parallel as well to transform some input of 

the layer to some output of the layer. ANNs structure, is made of 3 different layers 

entitled input layer, hidden layer and output layer. Hidden layer can be called middle 

layer as well. Different neurons across different layers of the ANN structure are 

connected to each other using some connection lines. A weight factor is assigned to each 

of these connection lines which determine the strength of that connection. This strength 

determines the amount of the effect of the input neuron to the output neuron. These 

weight factors are variables which are determined using a process which is called training 

process. ANNs can adopt themselves to their input-output data sets according to this 

training process. In order to design a neural network, some structural parameters should 

be specified. The number of the layers, the number of the neurons in each layer, and the 

transfer functions of each layer are these parameters. The weight factors of the 

connection lines between the neurons are determined during the training process. 
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The Feed Forward and Feedback networks are two general classes of Artificial Neural 

Networks (Sturrock and Begley, 1995).  

In the Feed Forward Networks, the neurons which are located in the same layer are not 

connected to each other and their outputs can just influence the neurons which are located 

in the succeeding layers but these do not apply for the Feed Back Networks architectures. 

Two important types of Feed Forward networks are the Radial Basis Functions Networks 

and the Feed Forward Back Propagation Networks (Kohonen, 1987; Li et al., 1989).  

There are different types of the simulation models in Finance. One of the most widely 

used models is the tome series. Time series normally are for financial data simulations 

and prediction. According to the nonstationary and volatile nature of the financial time 

series, current time series simulation methods, such as statistical methods, are not 

working satisfactory and simulation models are not performing appropriate. Considering 

these nonstationary, noisy nature, Artificial Neural Networks can be considered as an 

appropriate simulation model in this area. 

The Radial Basis Functions Networks and the Feed Forward Back Propagation Network 

are employed in this study as the simulation tool for forecasting the crude oil futures 

prices volatilities. Among different types of the ANNs, the Feed Forward Back 

Propagation Network is one of the most applied models for financial time series 

simulation in financial engineering scope (Ko, 2009; Tseng et al., 2008; Wang, 2009). 

Both the Radial Basis Functions Networks and the Feed Forward Back Propagation 

Network are further explained in the next two sections. 
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3.2   Feed Forward Back Propagation Networks 

The Feed Forward Back Propagation Network is one of the most used types of the ANNs 

in Financial time series modeling. The structure of this network is specified with the term 

Feed Forward and its training method is specified by the term Back Propagation. Pattern 

recognition, classification, and prediction are some of the most important applications of 

the Feed Forward Back Propagation Networks. Lippmann introduced the Back 

Propagation training algorithm in 1987 (Lippmann, 1987).  

The inputs of each neuron in each layer just come from the neurons which are located in 

previous layers in Feed Forward Back Propagation Networks. In order to explain the 

performance of an ANN, it should be known that what is going on in each neuron. In an 

ANN, each neuron receives different inputs from different neurons. Each input has a 

special weight factor which determines the amount of the effect of that input on the 

output of the neuron, so the neuron generates a weighted sum based on its inputs and 

their weight factors. Each neuron needs to have an activation function in order to 

generate an output based on its inputs. This activation function determines the amount of 

the output of the neuron based on the weighted sum of its inputs. Transfer function is 

another name of this activation function. Linear function, Gaussian function, and sigmoid 

function are some types of transfer functions. 

During the training process, the input data set is applied to the network at first In Feed 

Forward Back Propagation Network. The network starts with some initial values which 

are assigned to each connection between the neurons. According to these initial weight 

factors, input variables, and the transfer functions, the output of the network is calculated. 

Afterwards, the error vector of the network which is the difference between the calculated 
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network output vector and expected network outputs vector is calculated. Least-mean-

squared error and gradient descent methods are two methods which are used for breaking 

down the error between the neurons in the networks. According to this process, the 

weight factors of the network connections are to be updated. The output of the network is 

calculated again based on the new updated weight factors. Another error vector is 

calculated again and the weight factors are updated again. This process continues till the 

amount of the difference between the network output and desired network be at an 

acceptable range. This process is called Back Propagation (Rumelhart et al., 1986). 

In order to design this type of the network, the number of the layers, the number of the 

neurons in the input and hidden layers and the types of the transfer functions of all the 

three layers of the network should be determined. A simplified model of a Feed Forward 

Back Propagation Network can be considered as figure 3.1. 
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Figure  3.1: Feed Forward Back Propagation Network 
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3.3  Radial Basis Functions Networks 

Another type of the Feed Forward Neural Network is the Radial Basis Functions 

Networks (RBFN). RBFN is one of the most applicable types of ANNs. Signal 

processing, pattern recognition, approximation, and interpolation are some of the 

different applications of this type of the Artificial Neural Networks (Krzyzak et al.,1996; 

Poggio & Girosi,1990; Chen et al.,1993). One of the most important features of these 

types of the network which is different forms Feed Forward back Propagation Network is 

their hidden layer. The Radial basis layer is the term which is used for the hidden layer in 

RBFN (Billings & Zheng, 1995). The Radial Basis Functions Networks are fast working 

ANNs and they use more neurons in their structure comparing with other types of ANNs 

such as standard the Feed Forward Back Propagation Network. When there are enough 

data set for the network training, these networks work better (Chen et al., 1991). 

Similar to the Feed Forward Back Propagation Network, the Radial Basis Functions are 

feed forward networks which have three layers in their structure. One input and one 

output layer and one hidden layer which is called radial basis layer as well. The number 

of the neurons in the input layer is equal to the number of the input variables and the 

number of the output layer’s neurons is equal to the number of the output variables. The 

training process determines the number of the radial basis layer’s neurons. An abstract 

model of a Radial Basis Function Network is as figure number 3.2. 
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Figure  3.2: Radial Basis Function Network 
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Considering Fig 3.2, if the vector X be considered as 𝑋 =  (𝑥1, 𝑥2, . . . , 𝑥𝑚) as a 

multidimensional vector which has a dimension equal to m; and 𝑊 =  (𝑤1,𝑤2, . . . ,𝑤𝑛) 

can be considered as the vector of the weight factors of the output layer. In RBFNs 

structure, input layer and the hidden layer do not have any connection weights between 

their neurons. The radial basis transfer function of the radial basis layer (hidden layer), 

denoted as 𝑓𝑖(𝑋) , assuming a Logistic or Gaussian function, can be written as equation 

3.1 (Shen et al.,2011):  

 

𝑖 =  1, 2, . . . ,𝑛;   𝑛 : the number of neurons in radial basis layer 

𝑓𝑖(𝑋)  =  𝑓𝑖(||𝑋 −  𝐶𝑖||),                                     (Eq.3.1) 

|| ∗ || : Euclid norm 

𝐶𝑖 = Center of  ith transfer function 

 Assuming a Gaussian function, the output of the ith neuron in radial basis layer can be 

written as equation 3.2 (Shen et al.,2011): 

𝑅𝑖(𝑋) =  𝑓𝑖��|𝑋 −  𝐶𝑖|�� = exp (− �|𝑋− 𝐶𝑖|�
2

2𝜎𝑖
2 )                      (Eq.3.2) 

𝜎𝑖 = Width of the receptive field 

In order to specify the value of the width, different methods can be employed. Least-

squared method or the Gradient decent methods are two of these methods. Using these 

methods, after fixing the nonlinear parameters (𝐶𝑖,𝜎𝑖), the output layer’s weights, 𝑤𝑖, can 
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be specified and refined. The transfer function of the output layer can be written as 

equation number 3.3(Shen et al.,2011): 

𝑦 = ∑ 𝑤𝑖𝑅𝑖𝑛
𝑖=1                                                   (Eq.3.3) 

  

3.4  Summary 

In this Chapter, a short introduction to the Artificial Neural Networks is presented. 

Having roots in biology, Artificial Neural Networks as units for information processing 

can be considered as a black box that approximates and simulates the relationship 

between inputs and outputs of a target system. Being designed based on the human brain, 

their architecture includes layers, neurons which are located in layers, and transfer 

functions.  

Here, the two types of the Artificial Neural Networks including the Feed Forward Back 

Propagation Network (FFBPN) and the Radial Basis Functions Networks (RBFN) which 

are the main tools of this study are described in detail. The required architectures of these 

networks are explained here in more detail for the design of networks that are considered 

in the next Chapters. 

 

 

  



45 
 

4. CHAPTER 4: FORECASTING RETURN VOLATILITY OF 

CRUDE OIL FUTURE PRICES USING ARTIFICIAL NEURAL 

NETWORKS1 

 

 

Considering the recent importance of commodities in the world economy, it is very 

important to have a precise prediction of the price volatilities. In order to forecast return 

volatilities of crude oil futures prices, two types of ANNs has been applied in this study. 

The results of these ANNs are compared with the GARCH model which is one of the 

most popular models for volatility modeling and prediction. In this part of the study, the 

crude oil future prices data from the NYMEX are used for volatility modeling. The 

results prove that the ANNs (Both types of the used ANNs in this study) are performing 

better than the traditional GARCH model in crude oil future prices volatilities 

forecasting.  

The explicit contribution of this part of the study is the application of two types of the 

Artificial Neural Networks, including the Feed Forward Back Propagation Network and 

the Radial Basis Function Network in forecasting return volatilities of crude oil future 

prices. 

 

  

                                                 
1 Shafiee Hasanabadi, H., Mayorga, R.V., Khan, S.,  “Forecasting Return Volatility of Crude Oil Futures Prices using 
Artificial Neural Networks”, International Research Journal of Applied Finance, ISSN 2229 – 6891, Vol – III Issue – 9 
September, 2012 
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4.1 Introduction 

Commodity markets along with equity markets absorbed lots of attention as a new 

investment stream among many investors in recent years. Considering this growing 

importance, many researchers tried to pay attention more to these markets and their 

dynamics.  Financialization of commodities is the term which has been used for 

explaining this phenomenon. To explain more in depth, it can be considered as the 

entrance of different types of the new investor companies to the new emerging market 

such as pension funds and hedge funds (Buyuksahin and Robe, 2011a). 

According to this importance, it is much more important to have an appropriate overview 

about the future of these markets. Because of this, more researchers tried to forecast the 

volatility of these markets. An asset’s Riskiness can be measured using volatility. 

Volatility as an estimation or measure of the market risk, is an important input to many 

financial models and is considerable factor in risk management (Poon and Granger, 2010) 

Many financial models, value-at-risk models need to have an estimation of volatility as 

their inputs. Black-Scholes model, which is one of the most popular option pricing 

models, needs volatility, as the measure of the underlying asset risk, as one of its input 

parameters. It can be concluded that the volatility analysis and modeling is one of the 

important issue in Finance scope (Mitra, 2011).  

In this study, volatility of the Crude oil future prices is going to be analyzed and modeled 

and finally forecasted. The sweet crude oil future prices data from NYMEX (New York 

Mercantile Exchange) has been used in this study for training and testing the model. 

Crude oil as a commodity among the most liquid traded commodities at the NYMEX is 

overally correlated to the economy (Hamilton, 2009).  
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According to the literature, the economy is influenced by the price of the crude oil in both 

its macro and micro levels. Any changes in the price of the crude oil affect the different 

businesses who are working in the fields related to the crude oil (Chen and Chen, 2007). 

It can be said that any fluctuation in the oil price and the volatility of crude oil can 

influence the global economy (Chang and Wong, 2003; Lee et al., 1995; Aloui and 

Jammazi, 2009; Driesprong et al., 2008; Doroodian and Boyd, 2003; Huang et al., 2005; 

Ferderer, 1996; Lardic and Mignon, 2006; Huntington, 1998).  

Many models which are used for derivative pricing need the volatility as the riskiness of 

the underlying asset among their pricing parameters. Crude oil Option pricing models 

such as Black-Scholes model need the crude oil volatility as the input to the model 

(Mohammadi and Su, 2010; Cheong, 2009;  Cabedo and Moya, 2003; Morana, 2001; 

Agnolucci, 2009;  Giot and Laurent, 2003;  Narayan and Narayan, 2007; Adrangi et al., 

2001; Kang et al., 2009; Fong and See, 2002;  Sadorsky, 2006; Sadeghi and Shavvalpour, 

2006; Kolos and Ronn, 2008; Wei et al.,2010;  Aloui and Mabrouk, 2010;). 

It is necessary to have an appropriate tool to model all of dynamics which exist in 

financial markets, especially the crude oil futures market, to simulate the volatility 

movements and forecast it. According to the literature, Artificial Neural Networks 

(ANNs) can be used for modeling the non-linear relationships between some inputs and 

some outputs of a model. They are kind of an information processing technology which 

has been developed based on the construction of the human brain. They are organized in 

some layers that each layer includes a set of interconnected processing elements (nodes) 

(Malliaris and Salchenberger, 1996). Having a non stationary and noisy financial time 

series model from the crude oil future price markets, ANN is an appropriate non 
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parametric tool which enables us to model the dynamic non-linear relationships between 

the input and output variables of the model. ANNs let us to incorporate the internal 

dynamics of the crude oil future markets into the model through using the input variables 

and exploiting their background information. In this Chapter, the ANNs and historical 

volatilities from the crude oil future market are used to forecast the volatility of 

commodity prices, crude oil future prices. 

A survey of the journal papers which study the application of the Neural Networks in 

Finance shows that this tool absorbed more attentions in recent years. According to the 

dynamic nature of the financial markets, this tool showed very good capability in 

modeling this type of systems. There have been reported different applications of ANNs 

in a vast variety of areas of finance such as predicting financial time series, forecasting 

stock prices or returns, forecasting stock market indices or returns, developing stock 

trading strategies, forecasting currency prices or exchange rates, pricing derivatives, 

forecasting volatility, optimizing the investment portfolio, forecasting the systematic risk, 

predicting the financial crashes and forecasting commodity prices (Wang et al., 2012; 

Wang et al., 2011; Boyacioglu and Avci, 2010; Wang, 2009; Yu et al., 2009; Rapach and 

Wohar, 2005;Shachmurove, 2005; Jasic and Wood, 2004; Shively, 2003; Maasoumi and 

Racine, 2002; Zhang and Berardi, 2001; Kanas, 2001; Kanas and Yannopoulos1, 2001; 

Donaldson and Kamstra, 1996a,b; Hutchinson et al., 1994).  Investigating the literature 

on volatility forecasting, shows that ANNs which have been used in forecasting the 

volatility comparing to linear models show better performance in most of the cases in 

simulating the nonlinearity and dynamics of financial markets (Hajizadeh et al, 2011; 

Tang et al. 2009; Bildirici and Ersin, 2009; Tseng et al., 2008; Roh, 2007; Hamid & 
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Iqbal, 2004; Gavrishchaka and Ganguli, 2003; Dunis and Huang, 2002; Meissner and 

Kawano, 2001; Schittenkopf et al., 2000; Hu and Tsoukalas, 1999; Miranda and Burgess, 

1997; Donaldson and Kamstra,1997; Ormoneit and Neuneier, 1996; Malliaris and 

Salchenberger, 1996). Finally, the literature shows that ANNs did a considerable 

effective job in capturing complex relationships in which linear models fail to perform 

well (Hamid & Iqbal, 2004). 

In this Chapter, two different types of the Artificial Neural Networks, the Radial Basis 

Function Network (RBFN) and the Feed Forward Back Propagation Network (FFBPN), 

have been used for forecasting the future volatilities. Different lagged historical 

volatilities are used as the inputs to the ANNs to forecast future volatilities of crude oil 

future prices.  

As the comparison model, the GARCH model is used. Engle (1982) and Bollerslev 

(1986) introduced the GARCH model for the first time. GARCH stands for the 

Generalized Autoregressive conditionally heteroscedastic. GARCH family models have 

been widely used in finance area for volatility modeling and forecasting. It is the most 

widely used model in finance. The results from some studied which used the GARCH 

models as their volatility simulation model show that the GARCH family models 

outperform other traditional volatility modeling techniques such as historical volatilities, 

exponential smoothing, moving average, and linear regression (Pagan and Schwert, 1990; 

West and Cho, 1995; Brailsford and Faff, 1996; Akgiray, 1989; McKenzie and Mitchell, 

2002; Bollerslev et al., 1992; Frances and van Dijk, 1996; Brooks and Persand,2002, 

2003; Meade, 2002; Sadorsky, 2006). 
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The rest of this study is organized as followings. At the Section 4.2, the data of the study 

is used for the simulations is presented and analyzed. Section 4.3, is going to explain the 

GARCH model briefly. Section 4.4 provides explanations over the forecasting models 

more in details. Section 4.5, presents the results of the models simulations. The 

comparisons between the GARCH model and two different types of the ANNs are 

presented in this section. The discussion of the results is presented at this section as well. 

The section 4.6, as the final section of this chapter provides the conclusion of this study. 

4.2 Data 

First of all, the Crude oil future price data should be prepared for the analysis. The data is 

obtained from New York Mercantile Exchange (NYMEX) as the US dollars per barrel. 

The data range is between 4th of March 1987 and 29th of February 2012. In order to test 

and train the Artificial Neural networks, the data from March 1987 to February 2006 is 

assigned to the training set and data from February 2006 to February 2012 is assigned for 

the testing set. The date of the testing data which is assigned to the testing set should be 

after the date of the data which is assigned to the training set. In order to calculate the 

volatility, the spot price of the crude oil should be considered, so it is defined as the 

closest to maturity futures price. Crude oil data source is the Energy Information 

Administration of the US Department of Energy. The plot of the crude oil futures prices 

is as Fig.4.1. For calculating volatility, the weekly return of the future prices is calculated 

based on the equation 4.1 as following:  

𝑟𝑡 = 𝐿𝑛 � 𝑃𝑡
𝑃𝑡−1

�                                                (Eq.4.1) 

for 𝑡 = 1,2, … ,𝑇 

Pt is the spot price at time t and 𝑟𝑡 is the logarithmic return 
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The plot of the crude oil’s weekly continuous returns is as Fig.4.2.  
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Figure  4.1: Crude oil futures prices diagram 
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Figure  4.2 : Crude oil Futures prices weekly returns 
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According to Daly, volatility is calculated based on the standard deviation of returns 

which is called realized volatility as well (Daly, 2008). The realized volatility, as the 

bserved values of volatilities, is modeled by the equation 4.2. The input to the equation is 

the future price returns series for the last 6 month:   

𝑉 = �∑ (𝑟𝑡−𝑟𝑡� )2𝑇
𝑡=1

𝑇−1

2
                                               (Eq.4.2) 

𝑟𝑡� : The average of the crude oil weekly logarithmic return series   

The plot of the return volatilities is as Fig.4.3: 
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Figure  4.3: Crude oil Futures prices weekly returns volatility (6 months volatility) 
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4.3  Introduction to the GARCH model 

Fluctuations in the prices or other market indexes such as returns are called volatility. 

Volatility is the base of many decisions which has been made in finance scope. Any 

variation in the volatility during the time or because of the deficiency in the estimation 

method affects validity and efficiency of estimators that use the volatility. Standard 

deviation is the reqular formula for Volatility calculation in statistics (Daly, 2008).  In 

1986, for the first time, Bollerslev developed a model called Generalized Auto 

Regressive Conditionally Heteroscedastic (GARCH) model to simulate the volatilities. 

This model has both conditional mean and conditional variance. GARCH models have 

many popular finance, especially for forecasting volatility.  

GARCH family models are introduced as alternatives to the historical and implied 

approaches. GARCH model enables to model the conditional variance. GARCH family 

models generate the volatility according to conditional and unconditional variance in the 

estimation process based on the observations of historical daily asset prices (Tseng et al., 

2008). They let dependency for variances of different time lags meaning that the variance 

in each time step can be dependent to its previous lags in time. GARCH(p,q) models the 

current conditional variance as a formula which incorporates q lags of the squared error 

and p lags of the conditional variance. The GARCH model formulas are as following 

with equations 4.3 and 4.4 (Brooks, 2008) 

𝑢𝑡 = 𝜎𝑡𝑧𝑡                                                        (Eq.4.3) 

𝜎𝑡2 = 𝛼0 + 𝛼1𝑢𝑡−12 + 𝛼𝑞𝑢𝑡−𝑞2 + 𝛽1𝜎𝑡−12 + 𝛽2𝜎𝑡−22  + ⋯+ 𝛽𝑝𝜎𝑡−𝑝2        (Eq.4.4) 

 

The equation 4.4 in short can be written as equation 4.5: 
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𝜎𝑡2 = 𝛼0 + ∑ 𝛼𝑖𝑢𝑡−𝑖2𝑞
𝑖=1 + ∑ 𝛽𝑗𝜎𝑡−𝑗2𝑝

𝑗=1                            (Eq.4.5) 

 

𝑧𝑡 has mean of zero and a variance of unity. It can be considered as a sequence of 

identically distributed (i.i.d.) random variables. It is also independent. 𝑢𝑡 considered as  a 

serially uncorrelated sequence with zero mean and the conditional variance of 𝜎𝑡2  which 

may be nonstationary. 

GARCH(1,1) has been considered as the simplest case of conditional variance equation, 

as equation 4.6: 

𝜎𝑡2 = 𝛼0 + 𝛼1𝑢𝑡−12 + 𝛽 𝜎𝑡−12                                      (Eq.4.6) 

Where 𝛼0,𝛼1,𝛽  are non negative coefficients. 𝜎𝑡2 is the conditional variance because its 

calculation is based on the past information. GARCH model is very parsimonious 

comparing to ARCH. A GARCH (1,1) model is generally enough to model the volatility 

clustering in the data (Brooks, 2008).  The maximum likelihood method is used for 

estimating the parameters of GARCH model. The log-likelihood function is computed 

from the product of all conditional densities of the prediction residuals. 

 

4.4 Prediction models Development 

4.4.1 Volatility prediction with ANNs models 

For developing neural networks models, the input and output sets of the networks should 

be determined at first. The input and output variables should be pre processed to be ready 

for feeding into the networks. Preprocessing helps ANNs to have a better simulation. The 

neural networks should be designed and their structural design should be established. For 
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designing neural networks some parameters should be determined. These parameters are 

the number of the layers, the number of the neurons at each of the input, hidden and 

output layers. The activation functions at each layer, training algorithm, the goal of the 

training process should be specified. For the Radial Basis Function Network, the value of 

the spread should be determined as well. The training and testing data set also should be 

determined and distinguished. Since the future volatilities are going to be forecasted, the 

testing data set should not have overlap with the training data set. 

After designing Neural Networks, the training data sets are preprocessed and fed into the 

networks. Based on the training process performance, the architecture of the ANNs is 

refined and the network is redesigned to reach the best possible performance. 

After finishing the training process, the testing data set is fed into the networks to test the 

generalization power of the trained neural networks. At this step, the parameters of the 

networks is refined again according to the precision and accuracy of the predictions. The 

whole process is repeated until the results are in an acceptable range. 

 According to the provided general overview of the simulation process, the input 

variables of the ANNs should be determined. Different lagged historical return volatilities 

of the crude oil future prices are the input variables to the ANNs in this study. As the 

volatility of crude oil is calculated based on the volatility of weekly returns of crude oil 

futures prices for the last six months, different lagged volatilities from 1 week to 4 weeks 

are specified as the input variables of the models. The input data are preprocessed to be in 

range [0,1] because ANNs perform better when the inputs are in this range. 
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According to different architecture of the Radial Basis Functions Networks and the Feed 

Forward Back Propagation Networks, their designs are different. The number of the 

neurons in the input layer assumed equal to the number of the input variables for the first 

run. According to the ANNs design, the number of the neurons in the last layer or output 

layer should be equal to the number of the output variables as well, so they are 

considered equal to the number of the output variables which is one in this part of the 

study. A 3 layered network is considered for the initial design of the Forward Back 

Propagation Network. The number of the layers is changed in order to reach the best 

design to get the best results. The number of the neurons in the first layer, input layer, and 

the number of the hidden layers and their assigned neurons is changed during the training 

process as the parameters of the ANNs to improve the results. The range of the output 

variable of the study is more than one, so “pure linear” function is considered as the 

transfer function for the output layer. “Logarithmic sigmoid” transfer function is also 

considered for the input and other hidden layers for the Feed Forward Back Propagation 

Network. Training algorithm is set as the Levenberg-Marquardt algorithm, and a goal of 

1e-8 is set as the network goal for the mean squared error performance function. 

In contrast to the Feed Forward Back Propagation Network, the Radial Basis Function 

Network has just 3 layers, input layer, radial basis layer, and output layer. The number of 

the neurons in input layer is equal to the number of the input variables and the number of 

the neurons in the output layer is equal to the number of the output variables. The number 

of the neurons in the radial basis layer is also determined automatically during the 

training process, so it does not need to be determined. 
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Again, because the range of the output variable of the study is more than one, “pure 

linear” function is considered as the transfer function for the output layer. The “radial 

Basis function” transfer function is also the prespecified transfer function for the radial 

basis layer in Radial Basis Function Networks. Spread is another parameter of the RBFN. 

The spread should be large enough to allow the active input regions of the radial basis 

neurons overlap enough. The Training algorithm is set as the Levenberg-Marquardt 

algorithm, and a goal of 1e-8 is set as the network goal for the mean squared error 

performance function. 

After finishing the networks designs, the training data can be fed into the neural 

networks. According to the available data sets, around 1274 weeks of crude oil 

volatilities are the data pool which needs to be assigned to both training and testing sets. 

Training set contains 75% of the data pool and the remaining 25% is considered as the 

testing set. Finally, 961 data points from March 1987 to February 2006 are in the training 

set and 313 data points from March 2006 to February 2012 are in the testing set. These 

data sets are fed to both networks for training and testing processes.  

For starting training process, various combinations of lagged volatilities are fed into the 

networks to find the best combination which generate the best results as the input to the 

networks.  

It should be mentioned that the ANNs implementations are done using Matlab and its 

Toolboxes. The related programming parts for simulations are done using the Matlab     

M-files as well. 
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4.4.2 Developing GARCH model for volatility prediction 

According to the literature, in this study for modeling the return volatility of crude oil 

future prices, a GARCH(1,1) model has been chosen. According to the Bollerslev et al. 

(1994), the GARCH(1,1),works good in most applied situations, and Sadorsky’s study 

(2006)  shows that this model is appropriate for modeling the crude oil volatility. 

Table 4.1 presents the descriptive statistics summary for the crude oil futures returns. 

It should be mentioned that the GARCH implementations are done using Matlab and its 

Toolboxes. The related programming parts for simulations are done using the Matlab     

M-files as well. 
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Table  4.1: Descriptive analysis of the weekly returns of crude oil futures price data 

 
Mean 0.001331973 

Standard Error 0.001434008 

Median 0.003328308 

Standard Deviation 0.051184248 

Sample Variance 0.002619827 

Kurtosis 2.551330635 

Skewness -0.27476805 

Range 0.564098166 

Minimum -0.292136423 

Maximum 0.271961743 
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According to the descriptive analysis, it can be concluded that the return series of crude 

oil prices is fat-tailed distributed because of the Kurtosis value in comparison to Gaussian 

distribution. The distribution is skewed to the left because of the negative skewness of the 

data series as well. 

In order to check the presence of ARCH effect in the data series, the Engle’s ARCH is 

applied on the return series data. The results demonstrate strong ARCH effects in the 

data. For checking the presence of linear correlation, the Ljung-Box-Pierce Q-test is 

applied to the fitted innovations (residuals). The results demonstrate strong linear 

dependency as well. According to these findings, the GARCH model can be a good 

simulation model for simulating the volatility time series of the return time series data. 

In order to check if a conditional mean is needed in the GARCH model too, the presence 

of auto correlation (ACF) and partial autocorrelation (PACF) should be checked among 

data in return series.  

The ACF and PACF diagrams for return series with the 5% limits are as figures 4.4 and 

4.5. Considering diagrams, it cannot be concluded that a conditional mean should be 

considered in the GARCH model because there is not ACF or PACF in diagrams for the 

5% limit. 

. 
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Figure  4.4: Auto Correlation Function diagram for crude oil futures prices return series 
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Figure  4.5: Partial Auto Correlation Function diagram for crude oil futures prices return 
series 
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The ACF and PACF diagrams for the squared return series with the 5% limits are as 

figures 4.6 and 4.7. Considering diagrams, it can be concluded that a conditional variance 

should be considered in the GARCH model because there is strong ACF or PACF in 

diagrams for various orders for the 5% limit. 
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Figure  4.6: Auto Correlation Function diagram for crude oil futures prices squared return 
series 
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Figure  4.7: Partial Auto Correlation Function diagram for crude oil futures prices squared 
return series 
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The GARCH model which is chosen to forecast the crude oil futures price is as presented 

in equation 4.7 and 4.8: 

𝑟𝑡 = 𝜇 + 𝑢𝑡 = 𝜇 + 𝜎𝑡𝑧𝑡                                            (Eq.4.7) 

𝑢𝑡~𝑁(0,𝜎2)  or    𝑧𝑡~𝑁(0,1) 

𝜎𝑡2 = 𝛼0 + 𝛼1𝑢𝑡−12 + 𝛽 𝜎𝑡−12                                    (Eq.4.8) 

 

𝑟𝑡 was defined previously as the crude oil futures prices’s return time series.  

Conditional normality and non-negativity are two different constraints which should be 

applied on the models. The parameters of the GARCH model are calculated using 

Berndt-Hall algorithm and maximum likelihood function (Hall and Hausman, 1974). The 

future volatilities are calculated based on equation 4.9: 

𝜎�𝑡+12 = 𝛼�0 + 𝛼�1𝑢𝑡2 + �̂�𝜎�𝑡2                                      (Eq.4.9) 

As it was described earlier, a simple GARCH(1,1) model is chosen for forecasting the 

volatility of crude oil futures prices, as shown in equations 4.10 and 4.11: 

𝑟𝑡 = 𝜇 + 𝑢𝑡                                                   (Eq.4.10) 

𝜎𝑡2 = 𝛼0 + 𝛼1𝑢𝑡−12 + 𝛽 𝜎𝑡−12                                      (Eq.4.11) 
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4.4.3 Results evaluations 

Results evaluation is done based on three measures including the mean absolute error 

(MAE) which is calculated according to equation 4.12; the mean squared error (MSE) 

which is calculated according to equation 4.13; and the mean absolute percentage error 

(MAPE) which is calculated according to equation 4.14. Generally, these measures 

calculate the difference between the simulated volatilities with the actual desired values 

which is calculated based on the realized volatilities.  A smaller value demonstrates better 

results and better forecasting. 

𝑀𝐴𝐸 =
∑ �𝑉 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡−𝑉𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑�𝑁
𝑖=1

𝑁
                                     (Eq.4.12) 

𝑀𝑆𝐸 =
∑ (𝑉 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡−𝑉𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑)2𝑁
𝑖=1

𝑁
                                (Eq.4.13) 

𝑀𝐴𝑃𝐸 =
∑ �

𝑉𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑−𝑉 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡
𝑉𝑟𝑒𝑎𝑙𝑖𝑧𝑒𝑑

�𝑁
𝑖=1

𝑁
                     (Eq.4.14) 

Among these evaluation measures, the MAPE, which is suggested by Makridakis, can 

make more sense over the performance of the predictions (Makridakis, 1993). 
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4.5 Empirical results and discussion 

As explained before, the 1, 2, 3 and 4 weeks lagged volatilities are fed into the networks 

as the different options for the input variables of the models. The training and testing 

process results show the combination which generates the best results as the network 

inputs. Table 4.2 represents the training and testing results of the simulations for the best 

combination. 1 week lagged volatilities, is the input variable which forecast the best 

among the all different combinations of input variables.  

The GARCH model parameters are also estimated based on the data from the training set. 

Then, the testing data set is applied to the estimated GARCH model. The results of the 

forecasting process are as table 4.3. 

 The Table 4.4 summarizes the testing results of the all three simulation models including 

GARCH model, the Radial Basis Function Network (RBFN), and the Feed Forward Back 

Propagation Network (FFBPN).  
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Table  4.2: Neural Networks training and testing results 

Network Type 
'MAPE' 

% 
'MSE' 'MAE' 

FFBPN 
Training 3.04 6.29E-06 1.39E-03 

Testing 2.79 6.56E-06 1.42E-03 

RBFN 
Training 3.05 6.34E-06 1.38E-03 

Testing 2.80 6.47E-06 1.42E-03 

 

  



73 
 

Table  4.3: Forecasting results of the return volatility using GARCH model 

Model 
Measure 

MAPE(%) MSE 'MAE' 

GARCH Model 11.33 9.06E-05 6.04E-03 
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Table  4.4: Comparison analysis for Neural Networks and GARCH model’s results 

Model type 
'MAPE' 

% 
'MSE' 'MAE' 

FFBPN 2.79 6.56E-06 1.42E-03 

RBFN 2.80 6.47E-06 1.42E-03 

GARCH Model 11.33 9.06E-05 6.04E-03 
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Results comparisons based on the table 4.4 demonstrate the better performance of both 

types of the Artificial Neural Networks to GARCH model. The results show that ANNs 

outperform GARCH model in forecasting return volatilities of crude oil future prices. 

The MAPE of the Radial Basis Function Network is 2.8% and the MAPE of the Feed 

Forward Back Propagation Network is 2.79% while the MAPE of the GARCH model is 

around 11.33% which proves better performance of the introduced ANNs to the 

traditional GARCH model. Other measures comparisons are the same.  

 

4.6  Conclusions 

In this Chapter, in order to predict the return volatilities of crude oil, the Radial Basis 

Function Network and the Feed Forward Back Propagation Network are employed. For 

checking the forecasting power of these two types of Artificial Neural Networks, the 

GARCH model, which is one of the most widely used models in finance for the volatility 

forecasting, is used as well. The predicted volatilities values from the Artificial Neural 

Networks are compared with the GARCH model. The findings of the study show that 

both the Radial Basis Function Network and the Feed Forward Back Propagation 

Network outperform the GARCH model in forecasting the return volatilities of crude oil 

future prices. 
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5. CHAPTER 5: FORECASTING RETURN VOLATILITY OF 

CRUDE OIL FUTURE PRICES USING ARTIFICIAL NEURAL 

NETWORKS; BASED ON INTRA MARKETS VARIABLES 

AND FOCUS ON THE SPECULATION ACTIVITY2 

 

 

Considering the strong linkages between commodity and equity markets during the few 

past years, the motivation of the study in this Chapter is to forecast the crude oil future 

prices return volatilities of based on the information from the intra markets variables. 

According to the recent allegation that speculators participations affect the market trends 

and commodity prices, it is also necessary to analyze the speculation activity impact on 

the volatility prediction in this study. Speculation activity which is measured by workings 

“T” absorbed many attentions recently. The historical value of some explanatory 

variables other than the historical volatilities, which is normally used in the volatility 

forecasting models such as GARCH models, has been used to forecast the future 

volatilities of crude oil. The empirical data of light sweet crude oil future prices from the 

NEW YORK mercantile exchange market has been used to train and test the model. The 

results of the Radial Basis Function Network and the Feed Forward Back Propagation 

Network have been compared with each other and with the results from the GARCH 

model as well. The findings of this part of the study show that both the Radial Basis 

Function Network and the Feed Forward Back Propagation Network are working better 

than the GARCH model in forecasting the crude oil future prices return volatilities and 

                                                 
2 Refer to: http://ourspace.uregina.ca/bitstream/handle/10294/5318/HSafiee-RVMayorga-1.pdf?sequence=1 
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speculation plays an important role in forecasting volatility in absence of historical 

volatility. But when the historical volatilities are available it is observed that they have 

enough information of future and the information of the speculative activity is 

encompassed by the historical volatilities. The explicit contribution of this part of the 

study is the application of two types of the Artificial Neural Networks, including the Feed 

Forward Back Propagation Network and the Radial Basis Function Network in 

forecasting return volatilities of crude oil future prices using some intra markets variables 

especially with focus on the speculation activity. 
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5.1  Introduction 

Financialization of commodity markets is a recent considerable concept in finance. New 

investment products along with considerable returns of commodity markets attract more 

individuals to involve and invest in these markets (Domanski and Heath, 2007). These 

new participants are playing an important and growing role in financialization of 

commodities, so determining both commodity markets behaviors and trends and the 

factors affecting them are being more and more important to investors, researchers and 

financial policy makers (Acharya et al., 2009; Korniotis, 2009; Tang and Xiong, 2010; 

Etula, 2010; Hong and Yogo, 2010; Stoll and Whaley, 2010; Buyuksahin and Robe, 

2011a).   

Commodity prices volatility, a measure of riskiness of a commodity, is a widely used 

variable in many financial models so having an accurate forecast of volatility is crucial 

(Poon and Granger, 2003). Volatility as an input to most of the models in the finance 

scope is the base of many financial decisions.  

In this Chapter, a combination of some variables is used to forecast the volatility of crude 

oil. The linkages between commodity and equity markets have been growing faster and 

stronger over the past few years (Tang and Xiong, 2010). Different studies reported that 

the correlation between the crude oil prices and different commodities or equity markets 

has been increased recently. Tang and Xiong reported that prices of the crude oil are 

strongly correlated to the prices of non-energy commodities (Tang and Xiong, 2010), or 

Silvennoinen and Thorp reported the increased correlation between crude oil future 

returns and other commodities like agricultural commodities (Silvennoinen and Thorp, 

2010). It is reported that the correlation between the returns of the U.S. stock index and 
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returns of the commodity futures increased recently (Büyükşahin et al., 2010; 

Silvennoinen and Thorp, 2010). The Crude oil prices volatilities and variations make 

impacts in both macro and micro economic levels. Uncertainty in the oil price has 

considerable effects on financial markets because it affects the macro economy (Lee et 

al., 1995; Ferderer, 1996; Huntington, 1998; Chang and Wong, 2003; Doroodian and 

Boyd, 2003; Huang et al., 2005; Lardic and Mignon, 2006; Driesprong et al., 2008; Aloui 

and Jammazi, 2009). The high volatility of crude oil affects the cash flows of the 

businesses which are related to oil supply or consumption (Chen and Chen, 2007). 

Models which have been used for pricing the derivatives such as options on crude oil 

need to have an estimation of the oil price volatility. According to the importance of 

options in portfolio management and handling the risk of oil related businesses, having an 

accurate estimation and forecast of crude oil volatility is very important in finance and 

absorbed many attention recently (Morana, 2001; Adrangi et al., 2001; Fong and See, 

2002;  Cabedo and Moya, 2003; Giot and Laurent, 2003; Sadorsky, 2006; Sadeghi and 

Shavvalpour, 2006; Narayan and Narayan, 2007; Kolos and Ronn, 2008; Cheong, 2009; 

Agnolucci, 2009; Kang et al., 2009; Mohammadi and Su, 2010; Aloui and Mabrouk, 

2010; Wei et al.,2010). 

Analysis of the crude oil futures market for the period 2000–2008 shows that the crude 

oil prices increased coincidentally by the increasing number of financial participants in 

the market during this cycle which made the allegation that the oil prices are affected by 

the speculation or the increased financialization of oil futures markets (Buyuksahin and 

Harris, 2011; Fattouh et al., 2012). The economic definition of speculation is buying the 

crude oil not for the current consumption, but for future usage (Kilian and Murphy, 
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2010). This issue brought lots of attention to this emerging concept, the impact of 

speculation activity on the commodity markets. The literature investigates that the 

financialization of oil futures markets, participation of speculators, impacts the market in 

different aspects such as changing the volatility of the prices, increasing correlation 

between oil, financial asset, and commodity prices (Fattouh et al., 2012). The markets 

linkage naturally increases the trading activity compositions and probably this 

composition affects the market prices in different situation (Buyuksahin and Robe, 

2011b). This can be explained generally as this fact that in normal situation, because 

many of the current traders of a market already have their own settled market related 

constraints (because of their trading strategies), the arrival of traders with fewer market 

related restrictions could help to control the fluctuations in the market prices (Rahi and 

Zigrand, 2009) also they can help to transfer the risk among markets (Başak and Croitoru, 

2006). On the other hand, during the times which one market is under stress, those traders 

who link the markets together try to liquidate their risky investments in another markets 

so they transfer the stress to other markets (Kyle and Xiong, 2001; Kodres and Pritsker, 

2002; Broner et al., 2006; Pavlova and Rigobon, 2008).  

Investigating the literature shows that there is an ambiguity on the impacts of the 

speculation activity on the future markets. For instance in the study by the Buyuksahin 

and Harris which studied the connection and correlation between prices of crude oil and 

the trading positions of different types of traders in futures market, they found some type 

of evidences that show the oil prices are affected by the speculation (Buyuksahin and 

Harris, 2011) or it is proved that when the speculators participation increases in the 

markets, commodity-equity co-movements increase (Buyuksahin and Robe, 2011b). In 
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another study by the Brunetti and Büyükşahin it has been reported that speculative 

activity does not affect the commodity prices but they affect the volatility and they reduce 

it(they analyze 5 different commodities including crude oil) (Brunetti and Büyükşahin, 

2009). Contrary to current idea that speculation affects the market prices, there are some 

studies that cannot prove the impact of speculation on the markets. Korniotis studied the 

effect of the speculation on the level of the metal spot prices but he did not find any 

evidence to show that speculative activity drives the spot prices (Korniotis, 2009). Also it 

has been shown that macroeconomic fundamentals were most probable source of 

variations behind the price cycles rather than the speculation (Hamilton, 2009; Kilian and 

Murphy, 2010; Fattouh et al., 2012). In another work which studied the asset return 

predictability it has been proved that, in the commodity future markets, variations of the 

open interest affects the returns of the commodity prices rather than the compositions of 

them  (Hong and Yogo, 2010). Leuthold also did not find any evidence to relate the 

changes in the prices to the levels of speculation in livestock (Leuthold, 1983).  

Considering all of these findings and discussions, the speculation activity is included as 

an input variable in the model for volatility forecasting along with some other intra 

market variables. In this Chapter, it is going to be checked if the speculation activity has 

enough information about the future to be used for forecasting the crude oil volatility. It 

means that if it can be used as a significant variable in the model to explain the changes 

in the prices presented in the form of the volatility. Because most of the volatility 

forecasting models in finance, such as GARCH family models, use lagged volatilities as 

their input here the information of speculation activity is compared with the lagged 
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volatilities to see if speculation activity has some information more than the historical 

volatilities to improve the volatility forecasting models. 

As mentioned before, the linkages between commodity and equity markets have been 

growing faster and stronger over the past few years; therefore, it can be assumed that 

variables from one market can impact other markets in a complex manner.  As previously 

mentioned, some studies which reported that the crude oil prices are correlated strongly 

with other commodity prices or equity market indexes recently. It is proved that the 

macroeconomic fundamentals were affecting the prices of commodities (Korniotis, 2009; 

Hamilton, 2009; Kilian and Murphy, 2010). Also the crude oil price changes affect the 

stock returns to some extend (Kilian and Park, 2009). Considering these points and 

assuming the increased linkage between the equity and commodity markets the equity 

market index is used as an input variable in the model for forecasting the crude oil 

volatility too. Here it is assume the S&P 500 as a crude index of US stock market. Since 

stock market indexes are affected directly by the macroeconomic fundamentals, the S&P 

500 is considered as one of the variables in the model to forecast the return volatility of 

crude oil. It can be assumed that this variable incorporate the information from equity 

markets and considering it as an input in the model can be considered as a type of linkage 

of the equity and  commodity markets which transfers the effect of fundamental changes 

which affect the equity market to the model which is for commodity market. 

It is necessary a tool to incorporate all of these non-linear relationships in one model to 

forecast the volatility. According to the literature, Artificial Neural Networks (ANNs) can 

be used for modeling the complex relationships between some inputs and some outputs of 

a model. They are kind of an information processing technology which has been 
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developed based on the architecture of the brain’s neurons. They are organized in some 

layers that each layer includes a set of interconnected processing elements (nodes) 

(Malliaris and Salchenberger, 1996). Since financial markets are dynamic and non 

stationary, ANN is an appropriate tool which enables us to model this dynamics. ANNs 

let us to incorporate the internal dynamics of the equity and commodity markets into the 

model through using the input variables and exploiting their background information. In 

this Chapter the ANNs and variables from the commodity and equity markets are used to 

forecast the volatility of commodity prices, crude oil future prices. 

A survey of the journal papers which study the application of the Neural Networks in 

Finance shows that this tool absorbed more attentions in recent years. According to the 

dynamic nature of the financial market, this tool showed very good capability in 

modeling this type of systems. There have been reported different applications of ANNs 

in a vast variety of areas of finance such as forecasting stock prices or returns, predicting 

time series, forecasting stock market indices or returns, developing stock trading 

strategies, forecasting currency prices or exchange rates, pricing derivatives, forecasting 

volatility, optimizing the investment portfolio, forecasting the systematic risk, predicting 

the financial crashes and forecasting commodity prices (Shafiee et al., 2012; Wang et al., 

2012; Wang et al., 2011; Boyacioglu and Avci, 2010; Wang, 2009; Yu et al., 2009; 

Rapach and Wohar, 2005;Shachmurove, 2005; Jasic and Wood, 2004; Shively, 2003; 

Maasoumi and Racine, 2002; Zhang and Berardi, 2001; Kanas, 2001; Kanas and 

Yannopoulos1, 2001; Donaldson and Kamstra, 1996a,b; Hutchinson et al., 1994).   

Investigating the literature on volatility forecasting, shows that ANNs which have been 

used in forecasting the volatility comparing to linear models show good performance in 
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most of the cases in simulating the nonlinearity and dynamics of financial markets 

(Shafiee et al.,2012; Hajizadeh et al, 2011; Tang et al. 2009; Bildirici and Ersin, 2009; 

Tseng et al., 2008; Roh, 2007; Hamid & Iqbal, 2004; Gavrishchaka and Ganguli, 2003; 

Dunis and Huang, 2002; Meissner and Kawano, 2001; Schittenkopf et al., 2000; Hu and 

Tsoukalas, 1999; Miranda and Burgess, 1997; Donaldson and Kamstra,1997; Ormoneit 

and Neuneier, 1996; Malliaris and Salchenberger, 1996). It should be mentioned that 

there was some inconsistency in some cases too. However, ANNs did a considerable 

performance in modeling complicated relations which cannot be modeled using linear 

models and tools (Hamid & Iqbal, 2004). 

To  author’s knowledge this is the first study that employs Artificial Neural Networks, in 

conjunction with the speculation activity to forecast crude oil futures prices volatility. It 

is also in the stream of studies which studies the effect of speculation activity on the 

commodity market. 

As the comparison model, the GARCH model is used. Engle (1982) and Bollerslev 

(1986) introduced the GARCH model for the first time. GARCH stands for the 

Generalized Autoregressive conditionally heteroscedastic. GARCH family models have 

been widely used in finance area for volatility modeling and forecasting. It is the most 

widely used model in finance. 

In this Chapter the results from two different types of Neural Networks: the Feed 

Forward Back Propagation Network (FFBPN), and the Radial Basis Function Network 

(RBFN), are compared with the GARCH model. 

The rest of this study is organized as follows. At the Section 5.2, the data of the study 

which is used for the simulations is presented and analyzed. Section 5.3 provides more 
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explanations that are detailed over the forecasting models. Section 5.4, presents the 

results of the models simulations. The comparisons between the GARCH model and two 

different types of the ANNs are presented at this section. The discussion of the results is 

presented at this section as well. The section 5.5, as the final section of this chapter 

provides the conclusion of this study. 

 

5.2  Data 

The data which has been used in the model to generate appropriate variables are as 

following:  

- Crude oil futures price 

- Crude oil Implied volatility 

- S&P 500 index 

- S&P 500 value weighted return 

- S&P 500 equal weighted return 

- Commitment of traders’ data. 

The Crude oil future price data should be prepared for the analysis as well. The data is 

obtained from New York Mercantile Exchange (NYMEX) as the US dollars per barrel. 

The data range is between 4th January 1995 and 26th of May 2004. In order to test and 

train the Artificial Neural networks, the data from January 1995 to May 2004 is assigned 

to the training set and data from March 2002 to May 2004 is assigned for the testing set. 

The date of the testing data which is assigned to the testing set should be after the date of 

the data which is assigned to the training set. In order to calculate the volatility, the spot 

price of the crude oil should be considered, so it is defined as the closest to maturity 
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futures price. Crude oil data source is the Energy Information Administration of the US 

Department of Energy. The plot of the crude oil futures prices is as Fig.5.1. 

In order to calculate the volatility, first of all the weekly continuous return series is 

generated as follows:  

𝑟𝑡 = 𝐿𝑛 � 𝑃𝑡
𝑃𝑡−1

�                                                 (Eq.5.1) 

for 𝑡 = 1,2, … ,𝑇 

Pt is the spot price at time t and 𝑟𝑡 is the logarithmic return 

The plot of the crude oil’s weekly continuous returns is as Fig.5.2. 

The crude oil implied volatility data was obtained from Bloomberg.  S&P index, S&P 

value weighted return, S&P equal weighted return data was obtained from CRSP. The 

commitment of trader’s data was obtained from Commodity Futures Trading 

Commission (CFTC).  

  



87 
 

 

Figure  5.1: Crude oil futures prices diagram 
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Figure  5.2: Crude oil Futures prices weekly returns 
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According to Daly, volatility is calculated based on the standard deviation of returns 

which is called realized volatility as well equation 5.2 (Daly, 2008).  

𝑉 = �∑ (𝑟𝑡−𝑟𝑡� )2𝑇
𝑡=1

𝑇−1

2
                                            (Eq.5.2) 

𝑟𝑡� : The average of the crude oil weekly logarithmic return series   

The plot of the return volatilities is as Fig 5.3: 

The crude oil implied volatility data was obtained from Bloomberg.  S&P index, S&P 

value weighted return, S&P equal weighted return data was obtained from CRSP. The 

commitment of trader’s data was obtained from Commodity Futures Trading 

Commission.  
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Figure  5.3: Crude oil Futures prices weekly returns volatility (6 months volatility) 
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5.3 Prediction models Development  

In the next subsections, a discussion is presented on the details of o forecasting models 

and the information variables.  

5.3.1 Volatility prediction with ANNs models 

First step in forecasting process is networks input variables determination. This step 

identifies the variables that contribute the most to forecasting the target variable. Too 

many variables can unnecessarily overload the system. If important variables are omitted, 

probably the performance of the Neural Networks is affected significantly. The type and 

nature of the markets affect input data. The variables which were used for the forecasting 

model according to the knowledge about the market are as following: 

 

S&P 500 index: S&P 500 is one of the most used stock markets indices which have been 

used in different studies. It is the index of American economy. As this index is an 

indicator of the US stock market, it is convenient to include it to account for the 

increasing level of market integration pointed out in the literature quoted earlier. In 

addition to the level of the index, also the S&P equal weighted return and value weighed 

returns are included. If an equal weights be considered for the different stocks in the 

index and the return of the index be calculated based on the equal values for each stock in 

the index, it can be said that the return is equally weighted. If different stocks which 

contribute to the index, be considered according to their value in the index, the return can 

be calculated according the assigned weights to each stock in the index. This return is 

called value weighted return. 
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Implied Volatility: Given the price of a traded option, it is possible to determine the 

volatility forecast over the lifetime of the option implied by the option’s price. The 

implied volatility data is obtained from Bloomberg. 

T-value: The growth of speculative activity is calculated by an index called the “T” 

(Working, 1960).  T-value is a measure of the level of involvement of speculators in the 

futures market. “T” calculates the amount of the exceeding limit of the speculator 

comparing to the required level to offset the remaining hedging level which is still 

unbalanced at the market-clearing price. The “T” is calculated based on the data for every 

Tuesday from 1995 to 2004 using the following formula, equation 5.3. (Büyükşahin et 

al., 2011)    

Ti,t =

⎩
⎪
⎨

⎪
⎧1 +

SSi
HLi,t + HSi,t

         if  HSi,t ≥ HLi,t 

1 +
SLi

HLi,t + HSi,t
           if  HLi,t ≥ HSi,t

�   

                                                                                                                                              (Eq.5.3) 

𝑺𝑺 stands for Speculators Short, 𝑺𝑳 for Speculators Long, 𝑯𝑺 for Hedgers Short and 𝑯𝑳 

for Hedgers long. The position of traders’ data is obtained from the CFTC. The CFTC’s 

gathers the number of the open interest contracts for each commodity regarding to the 

various types of the traders in the market in all futures and options-on futures contracts. 

All of this information is gathered according to each trader type who has more than a 

special level of transactions. This level is determined according to the specifications of 

each market. The CFTC also collects information from each large trader about the 

purpose of its positions in different U.S. futures markets (hedging or speculation). The 
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CFTC data is gathered day to day (Büyükşahin et al., 2011).  In the weekly analysis, the 

focus is on the Tuesday reports. 

This variable is used as an input to the Neural Network to incorporate the widely held 

view of market participants that speculative activity affects commodity price volatility. 

The weekly data of following variables was considered as the candidate inputs to the 

model. 

1. S&P value weighted return 

2. S&P equal weighted return 

3. S&P index 

4. Weekly future price of crude oil 

5. net T-value index on crude oil future contracts  

6. Implied volatility of crude oil price 

And the model output is: 

1. Crude oil future prices return volatility-six month 

Since sometimes making a change in the data make them much more appropriate for the 

prediction model, four additional variables are generated using the existing ones as 

follows: 

1. 6 month rolling volatility of  logarithmic daily returns of S&P index 

2. Average of last 6 months returns crude oil future price 

3. 1 month Lagged T-value  

4. Volatility of T value 
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The statistical correlation between the target and the potential input variables are used as 

a measure for choosing among the candidate input variables. Based on this measure, if 

each candidate variable shows an important effect in regressing the output, it is included 

in the model as an input. 

In order to choose the optimal group of variables from the pool of these 10 variables; here 

it is  calculated the correlations of these variables with both nearest to maturity crude oil 

returns and the six month realized returns volatility of l crude oil future price.  

Also a regression is applied between each of these variables and the crude oil return 

volatility. A variable is selected if one of the following conditions is satisfied: 

- The summation of absolute correlation between that variable and each of the 

return volatility and future prices goes over 10 percent (McCormick, 1992). 

- It has an important effect in regressing the volatility. 

Since the 1 month lagged T-value, outperformed the T-value in regression analysis, it is 

replaced with T and it is not considered a T-value anymore.  

• Regression analysis between realized volatilities as the dependent variable and wkly cl1, T 

value, dayly implvltyCL, vwretd, mean 6month lg%chngwklycl1 and spindx as 

independent variables Table 5.1 

• Regression analysis between realized volatilities as the dependent variable and vwretd, sp 

6 mo lgdaylyvtly, wkly cl1 , T value, dayly implvltyCL, mean 6month lg%chngwklycl1 

and spindx as independent variables Table 5.2 
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• Regression analysis between realized volatilities as the dependent variable and T value, 

dayly implvltyCL, mean 6month lg%chngwklycl1 and spindx as independent variables 

Table 5.3 

• Regression analysis between realized volatilities as the dependent variable and price6mo 

lgvtly cl1, price6mo prev lgvtly cl1, T value, dayly implvltyCL, mean 6month 

lg%chngwklycl1 and spindx as independent variables Table 5.4 

• Regression analysis between realized volatilities as the dependent variable and price6mo 

lgvtly cl1, price6mo prev lgvtly cl1, dayly implvltyCL, mean 6month lg%chngwklycl1 

and spindx as independent variables Table 5.5 

• Regression analysis between realized volatilities as the dependent variable and T value, 

price6mo lgvtly cl1, price6mo prev lgvtly cl1, dayly implvltyCL, mean 6month 

lg%chngwklycl1 and spindx as independent variables Table 5.6 

• Regression analysis between realized volatilities as the dependent variable and spindx as 

independent variable Table 5.7 

• Regression analysis between realized volatilities as the dependent variable and sp 6 mo 

lgdaylyvtly as independent variable Table 5.8 

• Regression analysis between realized volatilities as the dependent variable and dayly 

implvltyCL as independent variable Table 5.9 

• Regression analysis between realized volatilities as the dependent variable and vwretd as 

independent variable Table 5.10 

• Regression analysis between realized volatilities as the dependent variable and mean 

6month%chngwklycl1 as independent variable Table 5.11 
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• Regression analysis between realized volatilities as the dependent variable and T value as 

independent variable Table 5.12 

• Regression analysis between realized volatilities as the dependent variable and wkly cl1 as 

independent variable Table 5.13 

• Regression analysis between realized volatilities as the dependent variable and sp 6 mo 

lgdaylyvtly, T value, dayly implvltyCL and vwretd as independent variables Table 5.14 
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Table  5.1: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.616369 
    R Square 0.379911 
    Adjusted R Square 0.371512 
    Standard Error 0.009144 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 6 0.022695 0.003782 45.23558 3.89E-43 
Residual 443 0.037042 8.36E-05 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.05314 0.024459 -2.17251 0.030347 -0.10121 -0.00507 -0.10121 -0.00507 
wkly cl1  -0.00014 9.39E-05 -1.47001 0.142269 -0.00032 4.65E-05 -0.00032 4.65E-05 
T value 0.07309 0.024285 3.009713 0.002764 0.025363 0.120818 0.025363 0.120818 
dayly implvltyCL 0.000218 7.07E-05 3.081194 0.00219 7.89E-05 0.000357 7.89E-05 0.000357 
vwretd -0.00072 0.038337 -0.0187 0.985086 -0.07606 0.074629 -0.07606 0.074629 
mean 6month 
lg%chngwklycl1 -0.34047 0.060703 -5.60873 3.59E-08 -0.45977 -0.22116 -0.45977 -0.22116 
spindx 2.17E-05 2.5E-06 8.653302 9.32E-17 1.67E-05 2.66E-05 1.67E-05 2.66E-05 
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Table  5.2: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.616554 
    R Square 0.380139 
    Adjusted R 

Square 0.370322 
    Standard Error 0.009153 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 7 0.022709 0.003244 38.72335 2.53E-42 
Residual 442 0.037029 8.38E-05 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.05075 0.025185 -2.01519 0.04449 -0.10025 -0.00126 -0.10025 -0.00126 

vwretd -0.00175 0.038458 -0.04543 0.963786 -0.07733 0.073837 -0.07733 0.073837 
sp 6 mo 
lgdaylyvtly 0.065927 0.16337 0.403544 0.686743 -0.25515 0.387005 -0.25515 0.387005 

wkly cl1  -0.00014 9.43E-05 -1.49627 0.135296 -0.00033 4.42E-05 -0.00033 4.42E-05 

T value 0.070624 0.025064 2.81772 0.005053 0.021364 0.119884 0.021364 0.119884 

dayly implvltyCL 0.000202 8.1E-05 2.495353 0.012947 4.29E-05 0.000361 4.29E-05 0.000361 
mean 6month 
lg%chngwklycl1 -0.33578 0.061862 -5.42785 9.42E-08 -0.45736 -0.2142 -0.45736 -0.2142 

spindx 2.16E-05 2.51E-06 8.611963 1.28E-16 1.67E-05 2.65E-05 1.67E-05 2.65E-05 
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Table  5.3: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.613879 
    R Square 0.376847 
    Adjusted R 

Square 0.371246 
    Standard Error 0.009146 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 4 0.022512 0.005628 67.27768 1.68E-44 
Residual 445 0.037225 8.37E-05 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat 
P-

value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.03464 0.021026 -1.64764 0.100132 -0.07597 0.006679 -0.07597 0.006679 

T value 0.052793 0.020036 2.634876 0.00871 0.013416 0.092171 0.013416 0.092171 

dayly implvltyCL 0.000229 7E-05 3.27547 0.001137 9.17E-05 0.000367 9.17E-05 0.000367 
mean 6month 
lg%chngwklycl1 -0.37895 0.054666 -6.93219 1.46E-11 -0.48639 -0.27152 -0.48639 -0.27152 

spindx 2.08E-05 2.43E-06 8.566139 1.77E-16 1.6E-05 2.56E-05 1.6E-05 2.56E-05 
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Table  5.4: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.975646 
    R Square 0.951884 
    Adjusted R 

Square 0.951233 
    Standard Error 0.002547 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 6 0.056863 0.009477 1460.666 3E-288 
Residual 443 0.002874 6.49E-06 

  Total 449 0.059737       
 

  
Coeffici

ents 
Standar
d Error t Stat P-value 

Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.00078 0.005883 -0.133 0.894255 -0.01234 0.010779 -0.01234 0.010779 

price6mo lgvtly cl1 1.006757 0.047612 21.14488 4.02E-69 0.913183 1.100331 0.913183 1.100331 

price6mo prev lgvtly cl1 -0.04353 0.047728 -0.91201 0.362257 -0.13733 0.050273 -0.13733 0.050273 

T value 0.001754 0.005634 0.31139 0.755651 -0.00932 0.012827 -0.00932 0.012827 

dayly implvltyCL 1.56E-05 1.98E-05 0.78843 0.430867 -2.3E-05 5.44E-05 -2.3E-05 5.44E-05 
mean 6month 
lg%chngwklycl1 -0.00902 0.016055 -0.5621 0.57433 -0.04058 0.022529 -0.04058 0.022529 

spindx 2.92E-07 7.33E-07 0.398051 0.690784 -1.1E-06 1.73E-06 -1.1E-06 1.73E-06 
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Table  5.5: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.97564 
    R Square 0.951874 
    Adjusted R 

Square 0.951332 
    Standard Error 0.002545 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 5 0.056862 0.011372 1756.352 7.2E-290 
Residual 444 0.002875 6.48E-06 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat 
P-

value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.00104 0.000581 1.79064 0.074032 -0.0001 0.002182 -0.0001 0.002182 

price6mo lgvtly cl1 1.006452 0.047554 21.16449 2.96E-69 0.912994 1.099911 0.912994 1.099911 

price6mo prev lgvtly cl1 -0.04267 0.0476 -0.89644 0.370503 -0.13622 0.050879 -0.13622 0.050879 

dayly implvltyCL 1.42E-05 1.92E-05 0.738115 0.460835 -2.4E-05 5.2E-05 -2.4E-05 5.2E-05 
mean 6month 
lg%chngwklycl1 -0.00844 0.015928 -0.52976 0.596541 -0.03974 0.022866 -0.03974 0.022866 

spindx 3.09E-07 7.31E-07 0.423161 0.672383 -1.1E-06 1.75E-06 -1.1E-06 1.75E-06 

 

  



102 
 

Table  5.6: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.975646 
    R Square 0.951884 
    Adjusted R 

Square 0.951233 
    Standard Error 0.002547 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 6 0.056863 0.009477 1460.666 3E-288 
Residual 443 0.002874 6.49E-06 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat 
P-

value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.00078 0.005883 -0.133 0.894255 -0.01234 0.010779 -0.01234 0.010779 

T value 0.001754 0.005634 0.31139 0.755651 -0.00932 0.012827 -0.00932 0.012827 

price6mo lgvtly cl1 1.006757 0.047612 21.14488 4.02E-69 0.913183 1.100331 0.913183 1.100331 

price6mo prev lgvtly cl1 -0.04353 0.047728 -0.91201 0.362257 -0.13733 0.050273 -0.13733 0.050273 

dayly implvltyCL 1.56E-05 1.98E-05 0.78843 0.430867 -2.3E-05 5.44E-05 -2.3E-05 5.44E-05 
mean 6month 
lg%chngwklycl1 -0.00902 0.016055 -0.5621 0.57433 -0.04058 0.022529 -0.04058 0.022529 

spindx 2.92E-07 7.33E-07 0.398051 0.690784 -1.1E-06 1.73E-06 -1.1E-06 1.73E-06 
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Table  5.7: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.540520584 
    R Square 0.292162502 
    Adjusted R Square 0.290582507 
    Standard Error 0.009715177 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.017453012 0.017453012 184.9136292 1.6829E-35 
Residual 448 0.042284332 9.43847E-05 

  Total 449 0.059737344       
 

  Coefficients 
Standard 

Error t Stat P-value Lower 95% Upper 95% Lower 95.0% Upper 95.0% 

Intercept 0.022417 0.0019492 11.500471 5.353E-27 0.0185862 0.0262477 0.0185862 0.0262477 

spindx 2.457E-05 1.807E-06 13.598295 1.683E-35 2.102E-05 2.813E-05 2.102E-05 2.813E-05 
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Table  5.8: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.3558807 
    R Square 0.1266511 
    Adjusted R 

Square 0.1247016 
    Standard Error 0.0107914 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.0075658 0.0075658 64.967937 6.989E-15 
Residual 448 0.0521715 0.0001165 

  Total 449 0.0597373       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.03489 0.001726 20.21859 4.55E-65 0.031499 0.038281 0.031499 0.038281 
sp 6 mo 
lgdaylyvtly 1.15893 0.143783 8.060269 6.99E-15 0.876357 1.441503 0.876357 1.441503 
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Table  5.9: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.455468 
    R Square 0.207451 
    Adjusted R 

Square 0.205682 
    Standard Error 0.01028 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.012393 0.012393 117.2648 1.98E-24 
Residual 448 0.047345 0.000106 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat 
P-

value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.03151 0.00161 19.5229 7.2E-62 0.02834 0.03468 0.02834 0.03468 
dayly 
implvltyCL 0.00059 5.5E-05 10.8289 2E-24 0.00049 0.0007 0.00049 0.0007 
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Table  5.10: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.021445 
    R Square 0.00046 
    Adjusted R 

Square -0.00177 
    Standard Error 0.011545 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 2.75E-05 2.75E-05 0.206125 0.650042 
Residual 448 0.05971 0.000133 

  Total 449 0.059737       
 

  
Coefficient

s 
Standar
d Error t Stat P-value 

Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercep
t 0.04819 0.00054 

88.515
1 6E-286 

0.0471
2 

0.0492
6 

0.0471
2 

0.0492
6 

vwretd -0.0217 0.04777 -0.454 
0.6500

4 -0.1156 0.0722 -0.1156 0.0722 
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Table  5.11: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.102549 
    R Square 0.010516 
    Adjusted R 

Square 0.008308 
    Standard Error 0.011487 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.000628 0.000628 4.761406 0.029624 
Residual 448 0.059109 0.000132 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.04855 0.00057 85.5445 1E-279 0.04744 0.04967 0.04744 0.04967 
mean 
6month%chngwklycl1 -0.14855 0.06808 

-
2.18206 0.02962 

-
0.28234 

-
0.01476 

-
0.28234 

-
0.01476 
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Table  5.12: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.0546617 
    R Square 0.0029879 
    Adjusted R 

Square 0.0007624 
    Standard Error 0.0115301 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.0001785 0.0001785 1.3425929 0.2471945 
Residual 448 0.0595589 0.0001329 

  Total 449 0.0597373       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.0184144 0.0256954 0.7166414 0.4739688 -0.032084 0.0689129 -0.032084 0.0689129 

T value 0.0285448 0.0246351 1.1587031 0.2471945 -0.01987 0.0769595 -0.01987 0.0769595 
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Table  5.13: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.010171 
    R Square 0.000103 
    Adjusted R 

Square -0.00213 
    Standard Error 0.011547 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 6.18E-06 6.18E-06 0.046348 0.829643 
Residual 448 0.059731 0.000133 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.047744 0.002103 22.70064 1.71E-76 0.04361 0.051877 0.04361 0.051877 
wkly cl1  1.83E-05 8.51E-05 0.215285 0.829643 -0.00015 0.000186 -0.00015 0.000186 
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Table  5.14: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.477166 
    R Square 0.227687 
    Adjusted R Square 0.220745 
    Standard Error 0.010182 
    Observations 450 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 4 0.013601 0.0034 32.79789 5.59E-24 
Residual 445 0.046136 0.000104 

  Total 449 0.059737       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.02453 0.024356 -1.00715 0.314408 -0.0724 0.023337 -0.0724 0.023337 
sp 6 mo lgdaylyvtly 0.303272 0.178233 1.701552 0.089538 -0.04701 0.653555 -0.04701 0.653555 
T value 0.051795 0.023332 2.219967 0.026924 0.005942 0.097649 0.005942 0.097649 
dayly implvltyCL 0.000541 7.11E-05 7.61508 1.59E-13 0.000402 0.000681 0.000402 0.000681 

vwretd 0.011226 0.042332 0.265194 0.790983 -0.07197 0.094421 -0.07197 0.094421 
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In order to check which type of the T value is more appropriate for the model, the 

regression analysis is tested for different type of the T as following: 

 

• Regression analysis between realized volatilities as the dependent variable and just T 

value as independent variable Table 5.15 

• Regression analysis between realized volatilities as the dependent variable and 3week 

lagged T value as independent variable Table 5.16 

• Regression analysis between realized volatilities as the dependent variable and 4 week 

lagged T as independent variable Table 5.17 

• Regression analysis between realized volatilities as the dependent variable and T return as 

independent variable  Table 5.18 

• Regression analysis between realized volatilities as the dependent variable and 3 week 

lagged T return as independent variable Table 5.19 

• Regression analysis between realized volatilities as the dependent variable and 4 week 

lagged T return as independent variable Table 5.20 

• Regression analysis between realized volatilities as the dependent variable and T volatility 

as independent variable Table 5.21 

• Regression analysis between realized volatilities as the dependent variable and 3 week 

lagged T volatility as independent variable Table 5.22 

• Regression analysis between realized volatilities as the dependent variable and 4 week 

lagged T volatility as independent variables Table 5.23 

 

  



112 
 

Table  5.15: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.052792 
    R Square 0.002787 
    Adjusted R 

Square 0.000556 
    Standard Error 0.011501 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.000165 0.000165 1.249278 0.264291 
Residual 447 0.059127 0.000132 

  Total 448 0.059293       
 

 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.019542 0.02567 0.761283 0.44689 -0.03091 0.069992 -0.03091 0.069992 
X Variable 1 0.027507 0.02461 1.117711 0.264291 -0.02086 0.075872 -0.02086 0.075872 
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Table  5.16: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.088074 
    R Square 0.007757 
    Adjusted R 

Square 0.005537 
    Standard Error 0.011472 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.00046 0.00046 3.49449 0.062227 
Residual 447 0.058833 0.000132 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.00049 0.026067 -0.01879 0.985014 -0.05172 0.050739 -0.05172 0.050739 
X Variable 1 0.046745 0.025006 1.869356 0.062227 -0.0024 0.095889 -0.0024 0.095889 
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Table  5.17: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.091265 
    R Square 0.008329 
    Adjusted R 

Square 0.006111 
    Standard Error 0.011469 
    Observations 449 
     

 
     ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.000494 0.000494 3.75445 0.053297 
Residual 447 0.058799 0.000132 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.0024 0.026134 -0.09181 0.92689 -0.05376 0.048961 -0.05376 0.048961 
X Variable 1 0.048578 0.025071 1.93764 0.053297 -0.00069 0.097849 -0.00069 0.097849 
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Table  5.18: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.030621 
    R Square 0.000938 
    Adjusted R 

Square -0.0013 
    Standard Error 0.011512 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 5.56E-05 5.56E-05 0.41953 0.517504 
Residual 447 0.059237 0.000133 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.048234 0.000543 88.77088 5E-286 0.047166 0.049302 0.047166 0.049302 
X Variable 1 -0.04309 0.06652 -0.64771 0.517504 -0.17382 0.087646 -0.17382 0.087646 
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Table  5.19: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.00724 
    R Square 5.24E-05 
    Adjusted R 

Square -0.00218 
    Standard Error 0.011517 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 3.11E-06 3.11E-06 0.02343 0.878413 
Residual 447 0.05929 0.000133 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.048228 0.000544 88.7335 6E-286 0.04716 0.049296 0.04716 0.049296 
X Variable 1 -0.01037 0.067776 -0.15307 0.878413 -0.14357 0.122824 -0.14357 0.122824 
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Table  5.20: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.02776 
    R Square 0.000771 
    Adjusted R 

Square -0.00146 
    Standard Error 0.011513 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 4.57E-05 4.57E-05 0.344725 0.557411 
Residual 447 0.059247 0.000133 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.048235 0.000543 88.75703 5.4E-286 0.047167 0.049303 0.047167 0.049303 
X Variable 1 -0.03952 0.067308 -0.58713 0.557411 -0.1718 0.092761 -0.1718 0.092761 
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Table  5.21: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.089047 
    R Square 0.007929 
    Adjusted R 

Square 0.00571 
    Standard Error 0.011471 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.00047 0.00047 3.572766 0.059381 
Residual 447 0.058823 0.000132 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.044748 0.001919 23.31527 2.93E-79 0.040976 0.048519 0.040976 0.048519 
X Variable 1 0.436357 0.230855 1.890176 0.059381 -0.01734 0.890052 -0.01734 0.890052 
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Table  5.22: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.048863 
    R Square 0.002388 
    Adjusted R 

Square 0.000156 
    Standard Error 0.011503 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 0.000142 0.000142 1.069798 0.30155 
Residual 447 0.059151 0.000132 

  Total 448 0.059293       
 

  Coefficients 
Standard 

Error t Stat P-value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.04632 0.001923 24.08678 8.73E-83 0.042541 0.050099 0.042541 0.050099 
X Variable 1 0.238142 0.230243 1.03431 0.30155 -0.21435 0.690635 -0.21435 0.690635 
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Table  5.23: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.032628 
    R Square 0.001065 
    Adjusted R 

Square -0.00117 
    Standard Error 0.011511 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 1 6.31E-05 6.31E-05 0.476375 0.490427 
Residual 447 0.05923 0.000133 

  Total 448 0.059293       
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Based on mentioned measures and according to table 5.24, 8 of the 9 variables satisfy 

those conditions and can be considered as network inputs.  

S&P equal weighted return did not fulfill the criteria and was dropped off from the input 

variables. The following table shows the value of the correlation between input variable 

and the realized volatility as well as the crude oil future price and the regression between 

input variable and the realized volatilities. 

According to the conditions, the 8 variables as chosen as in Table 5.25: 
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Table  5.24: Evaluating the candidate variables based on correlation and regression 

Variables 

Corr. 

 with 

future  

price 

Corr. 

with 

return 

volatility 

�| | Regression 

S&P value weighted return -9.15% -3.02% 12.17% √ 

S&P equal weighted return -6.39% 0.01% 6.40% − 

S&P index 21.75% 54.13% 75.89% √ 

6 month rolling volatility 

of  logarithmic daily 

returns of S&P index 

14.19% 36.25% 50.44% √ 

1 month Lagged T-value 51.65% 9.41% 61.05% √ 

Volatility of T value 23.11% 9.25% 32.36% √ 

Weekly crude oil future 

price 
100.00% -0.53% 

100.53

% 
− 

Average of last 6 months 

returns crude oil future 

price 

42.33% -17.55% 59.88% √ 

Implied volatility of crude 

oil price 
0.73% 46.01% 46.74% √ 
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Table  5.25: Choosing the candidate variables based on correlation and regression 

Variables �| | Regression candidate 

S&P value weighted return 12.17% √ √ 

S&P equal weighted return 6.40% − − 

S&P index 75.89% √ √ 

6 month rolling volatility of  logarithmic 

daily returns of S&P index 
50.44% √ √ 

1 month Lagged T-value 61.05% √ √ 

Volatility of T value 32.36% √ √ 

Weekly crude oil future price 100.53% − √ 

Average of last 6 months returns crude oil 

future price 
59.88% √ √ 

Implied volatility of crude oil price 46.74% √ √ 
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After choosing these 8 variables, the regression model is applied on the 8 candidate 

variables and the following 3 variables are dropped because they didn’t show an 

important effect in regressing the return volatilities: 

- S&P value weighted return 

- 6 month rolling volatility of  logarithmic daily returns of S&P index 

- 1 month Lagged T-value 

 

• Regression analysis between realized volatilities as the dependent variable and S&P value 

weighted return, S&P index, 6 month rolling volatility of  logarithmic daily returns of 

S&P index, 1 month Lagged T-value, Volatility of T value, Weekly crude oil future price, 

Average of last 6 months returns crude oil future price and Implied volatility of crude oil 

price as independent variables Table 5.26 
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Table  5.26: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.65507 
    R Square 0.429116 
    Adjusted R 

Square 0.417413 
    Standard Error 0.008765 
    Observations 449 
    

      ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 9 0.025348 0.002816 36.66482 2.69E-48 
Residual 439 0.033723 7.68E-05 

  Total 448 0.059071       
 

  Coefficients 
Standard 

Error t Stat 
P-

value 
Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept -0.02086 0.02536 -0.82256 0.411206 -0.0707 0.028982 -0.0707 0.028982 

Vwretd -0.06495 0.106289 -0.61106 0.541476 -0.27385 0.143949 -0.27385 0.143949 

Ewretd 0.072163 0.110386 0.653735 0.513625 -0.14479 0.289113 -0.14479 0.289113 

Spindx 2.51E-05 2.49E-06 10.08269 1.21E-21 2.02E-05 3E-05 2.02E-05 3E-05 

sp 6 mo lgdaylyvtly -0.11218 0.158102 -0.70952 0.478378 -0.42291 0.198555 -0.42291 0.198555 

wkly cl1  -0.00023 8.98E-05 -2.60375 0.009534 -0.00041 -5.7E-05 -0.00041 -5.7E-05 
mean 6month 
lg%chngwklycl1 -0.27452 0.060368 -4.54747 7.03E-06 -0.39317 -0.15588 -0.39317 -0.15588 

dayly implvltyCL 0.000248 7.74E-05 3.200443 0.001472 9.56E-05 0.0004 9.56E-05 0.0004 

4w laged T 0.030427 0.025808 1.178963 0.239052 -0.0203 0.081149 -0.0203 0.081149 

T 6 m vlty 1.409907 0.220821 6.384825 4.37E-10 0.975908 1.843905 0.975908 1.843905 
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Eventually, the final variables for Neural Networks are as followings: 

1. S&P index 

2. Volatility of T value 

3. Weekly crude oil future price 

4. Average of last 6 months returns crude oil future price 

5. Implied volatility of crude oil price 

In order to finalize the variable selection, another regression analysis is done on them as 

in Table 5.27 to make sure all of them are significant: 
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Table  5.27: Regression and ANOVA Statistics 

Regression Statistics 
    Multiple R 0.663278 
    R Square 0.439937 
    Adjusted R 

Square 0.433616 
    Standard Error 0.008658 
    Observations 449 
     

 
     ANOVA 
     

  Df SS MS F 
Significance 

F 
Regression 5 0.026085 0.005217 69.5965 1.26E-53 
Residual 443 0.033208 7.5E-05 

  Total 448 0.059293       
 

  
Coeffici

ents 
Standar
d Error t Stat P-value 

Lower 
95% 

Upper 
95% 

Lower 
95.0% 

Upper 
95.0% 

Intercept 0.007958 0.002783 2.859906 0.004438 0.002489 0.013427 0.002489 0.013427 

Spindx 2.59E-05 2.44E-06 10.62991 1.16E-23 2.11E-05 3.07E-05 2.11E-05 3.07E-05 

wkly cl1  -0.0002 7.79E-05 -2.52323 0.011977 -0.00035 -4.3E-05 -0.00035 -4.3E-05 
mean 6month 
lg%chngwklycl1 -0.28391 0.057492 -4.93831 1.12E-06 -0.3969 -0.17092 -0.3969 -0.17092 

dayly implvltyCL 0.000212 6.62E-05 3.201785 0.001464 8.19E-05 0.000342 8.19E-05 0.000342 

T 6 m vlty 1.525987 0.196611 7.761433 5.86E-14 1.13958 1.912394 1.13958 1.912394 
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It can be seen that all of the selected variables are important in regressing the realized 

volatilities. After choosing appropriate variables, it is necessary to preprocess the input 

data in order to prepare them to feed to the Neural Network. The input data are 

preprocessed to be in range [0,1] because ANNs perform better when the inputs are in 

this range. 

According to different architecture of the Radial Basis Functions Networks and the Feed 

Forward Back Propagation Networks, their designs are different. The number of the 

neurons in the input layer assumed equal to the number of the input variables for the first 

run. According to the ANNs design, the number of the neurons in the last layer or output 

layer should be equal to the number of the output variables as well, so they are 

considered equal to the number of the output variables which is one in this part of the 

study. A 3 layered network is considered for the initial design of the Forward Back 

Propagation Network. The number of the layers is changed in order to reach the best 

design to get the best results. The number of the neurons in the first layer, input layer, and 

the number of the hidden layers and their assigned neurons is changed during the training 

process as the parameters of the ANNs to improve the results. The range of the output 

variable of the study is more than one, so “pure linear” function is considered as the 

transfer function for the output layer. “Logarithmic sigmoid” transfer function is also 

considered for the input and other hidden layers for the Feed Forward Back Propagation 

Network. Training algorithm is set as the Levenberg-Marquardt algorithm, and a goal of 

1e-8 is set as the network goal for the mean squared error performance function. 

In contrary with the Feed Forward Back Propagation Network, the Radial Basis Function 

Network has just 3 layers, input layer, radial basis layer, and output layer. The number of 
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the neurons in input layer is equal to the number of the input variables and the number of 

the neurons in the output layer is equal to the number of the output variables. The number 

of the neurons in the radial basis layer is also determined automatically during the 

training process, so it does not need to be determined. 

Again, because the range of the output variable of the study is more than one, “pure 

linear” function is considered as the transfer function for the output layer. The “radial 

Basis function” transfer function is also the pre specified transfer function for the radial 

basis layer in the Radial Basis Function Networks. Spread is another parameter of the 

RBFN. The spread should be large enough to allow the active input regions of the radial 

basis neurons overlap enough. The Training algorithm is set as the Levenberg-Marquardt 

algorithm, and a goal of 1e-8 is set as the network goal for the mean squared error 

performance function. 

After finishing the networks designs, the training data can be fed into the neural 

networks. Since the Neural Network learns from experience, the past data is fed to the 

network. The network based on the input data and the number of variables simulates the 

function that transforms the input data to output data. If the data is both sufficient in 

amount and contains relevant information, the network can better simulate the unknown 

function that transforms inputs to the required output. According to the available data 

sets, there exist around 453 weeks of the data pool which needs to be assigned to both 

training and testing sets. Training set contains 75% of the data pool and the remaining 

%25 is considered as the testing set. Finally, 335 data points from January 4, 1995 to 

March 13, 2002 are in the training set and 114 data points from March 20, 2002 to May 
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26, 2004 are in the testing set. These data sets are fed to both networks for training and 

testing processes.  

It should be mentioned that the ANNs implementations are done using Matlab and its 

Toolboxes. The related programming parts for simulations are done using the Matlab     

M-files as well. 

 

5.3.2 Developing GARCH model for volatility prediction 

According to the literature, in this study for modeling the return volatility of crude oil 

future prices, the GARCH(1,1) model is used. According to the Bollerslev et al. (1992), 

the GARCH(1,1), works well in most applied situations, and Sadorsky’s study (2006)  

shows that this model is appropriate for modeling the crude oil volatility.  

It should be mentioned that the GARCH implementations are done using Matlab and its 

Toolboxes. The related programming parts for simulations are done using the Matlab     

M-files as well. 

In order to check if a conditional mean is needed in the GARCH model too, the presence 

of auto correlation (ACF) and partial autocorrelation (PACF) should be checked among 

data in our return series.  

The ACF and PACF diagrams for the return series with the 5% limits are as figures 5.4 

and 5.5. Considering diagrams, it cannot be concluded that a conditional mean should be 

considered in the GARCH model because there is not ACF or PACF in diagrams for the 

5% limit. 
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Figure  5.4: Auto Correlation Function diagram for crude oil futures prices return series 
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Figure  5.5: Partial Auto Correlation Function diagram for crude oil futures prices return 
series 
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The ACF and PACF diagrams for the squared return series with the 5% limits are as 

figures 5.6 and 5.7. Considering diagrams, it can be concluded that a conditional variance 

should be considered in the GARCH model because there is ACF or PACF in diagrams 

for various orders for the 5% limit. 
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Figure  5.6: Auto Correlation Function diagram for crude oil futures prices squared return 
series 
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Figure  5.7: Partial Auto Correlation Function diagram for crude oil futures prices squared 
return series 
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The GARCH model that is chosen to forecast the crude oil futures price is as presented in 

equation 5.4 and 5.5: 

𝑟𝑡 = 𝜇 + 𝑢𝑡 = 𝜇 + 𝜎𝑡𝑧𝑡                                          (Eq.5.4) 

𝑢𝑡~𝑁(0,𝜎2)  or    𝑧𝑡~𝑁(0,1) 

𝜎𝑡2 = 𝛼0 + 𝛼1𝑢𝑡−12 + 𝛽 𝜎𝑡−12                                    (Eq.5.5) 

 

𝑟𝑡 was defined previously as the crude oil futures prices’s return time series.  

Conditional normality and non-negativity are two different constraints which should be 

applied on the models. The parameters of the GARCH model are calculated using 

Berndt-Hall algorithm and maximum likelihood function (Hall and Hausman, 1974). The 

future volatilities are calculated based on equation 5.6: 

𝜎�𝑡+12 = 𝛼�0 + 𝛼�1𝑢𝑡2 + �̂�𝜎�𝑡2                             (Eq.5.6) 

As described earlier, a simple GARCH(1,1) model has been chosen for forecasting the 

volatility of crude oil futures prices, as shown in equations 5.7 and 5.8: 

𝑟𝑡 = 𝜇 + 𝑢𝑡                                               (Eq.5.7) 

𝜎𝑡2 = 𝛼0 + 𝛼1𝑢𝑡−12 + 𝛽 𝜎𝑡−12                           (Eq.5.8) 

 

5.3.3 Results evaluations 

Results evaluation is done based on two measures including the mean absolute error 

(MAE) which is calculated according to equation 4.12 and the mean squared error (MSE) 

which is calculated according to equation 4.13. A smaller value demonstrates better 

results and better forecasting. 

  



137 
 

5.4 Empirical results and discussion 

The Feed Forward Back Propagation Network (FFBPN) results are provided in the table 

5.28. The best network architecture which produces these results has a three layer, 5-3-1 

architecture. The first row of the table shows the training process results and the second 

row shows the testing process results. These results are the results which the network 

produces based on the trained network in the previous step when the testing set is applied 

on it. 

The Radial Basis Function Network (RBFN) results are given in the table 5.29. The best 

network architecture which produces these results has a three layer, 5-218-1 architecture. 

Applying GARCH model on the testing set, the results are as table 5.30. 
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Table  5.28: Back propagation Neural Network results 

Network  

Type 

'MSE' 'MAE' 

FF
B

PN
 Training 1.32E-05 7.64E-03 

Testing 1.03E-04 9.21E-03 
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Table  5.29: Radial Basis Function Network results 

Network  

Type 
'MSE' 'MAE' 

R
B

FN
 Training 3.47E-05 4.57E-03 

Testing 1.01E-04 9.01E-03 
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Table  5.30: Forecasting return volatilities using GARCH model 

Model 
Measure 

MSE 'MAE' 

GARCH 1.07E-04 9.62E-03 
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Table 5.31 compares the results from the two types of Neural Networks with the GARCH 

model. It can seen that both Artificial Neural Networks including the Feed Forward Back 

Propagation Network and the Radial Basis Function Network show better performance 

than the traditional GARCH model in forecasting the volatility of crude oil future prices.  
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Table  5.31: Comparison analysis for Artificial Neural Networks and GARCH model’s 
results 

Model type 'MSE' 'MAE' 

FFBPN 1.03E-04 9.21E-03 

RBFN 1.01E-04 9.01E-03 

GARCH  1.07E-04 9.62E-03 
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Comparing the testing results from the Neural Networks with the GARCH model 

considering the evaluation measures MAE and MSE, it can be concluded that the 

Artificial Neural Networks show better performance than the traditional GARCH model. 

Comparing the FFBPN and RBFN results with each other it can be seen a better 

performance of the Radial Basis Function Network with respect to the Feed Forward 

Back Propagation Network model. 

Considering the results from the Neural Networks which has been generated based on the 

intra markets data without having an information from the volatility, it can be seen that 

the introduced variables have the ability to be used to forecast the volatility of crude oil 

comparing to the results of the GARCH model which uses the historical volatilities to 

forecast the future volatilities. Since it is desired to assess the impact of speculation 

activity in forecasting volatility, it can be concluded that in the absence of historical 

volatility, the speculation activity has an important effect in forecasting the volatility. 

Namely, it has a significant effect. The model is sensitive to all the five final variables. In 

other words, all of the of the five final input variables including S&P index, Volatility of 

T value, Weekly crude oil future price, Average of last 6 months returns of crude oil 

future price and Implied volatility of crude oil have important effect in forecasting the 

future crude oil return volatilities. If any of them be dropped from the model, the 

precision of the forecast decreases. It can be concluded that all of these 5 variables have 

an important role in forecasting the future crude oil return volatilities in absence of 

historical volatilities. In order to compare the amount of information of speculation 

activity on forecasting volatility with historical volatility, historical volatility is used as 

the input to the Neural Network like previous study. In that study, it has been proved that 
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the previous volatility has enough information to have an appropriate forecast of future 

volatilities. 1 week lagged volatility is considered as the input to the network and the 

network is simulated to forecast the future volatilities similar to the specification of the 

previous study. The results are as the table 5.32. 
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Table  5.32: Comparison analysis for Artificial Neural Networks when they have just lagged 
volatilities as input 

Model type 'MSE' 'MAE' 

FFBPN 5.04E-05 3.35E-03 

RBFN 4.98E-05 3.21E-03 
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It can be seen that the forecast from the Neural Network which has just historical 

volatility as the input are better than the Neural Network which has the intra market 

variables and speculation activity. It should be considered that this network does not have 

the volatility among its input variables. The new Neural Networks have just the historical 

volatilities as the input variable.  

Comparing these results, it can be concluded that the source of differences between the 

results is due to the difference between the input variables. In the first part of this study, 

the lagged volatilities have not been considered among the input variables, so the 

forecasted volatility is just due to the information provided by the input variables such as 

volatility of T value of crude oil future price, weekly crude oil future price, average of 

last 6 months returns of crude oil future price, implied volatility of crude oil future price 

and S&P index. It was proved that all of these five variables were significant in 

forecasting future volatilities. In the last model, the forecasted volatility is just based on 

the information provided by the historical volatilities. Better performance of the model 

which has the historical volatilities shows that the historical volatilities have enough 

information about future in comparison with the input variables of this model. In order to 

check if the T value, which describes the trader’s estimates about the future, can improve 

the volatility forecast of the second model (The model which has historical volatilities as 

its inputs), it has been added to the model with the historical volatilities. If T value has 

some information more than historical volatilities about the future, it can improve the 

results of the last model which has just the historical volatilities. In order to test this, 

speculation activity variable was added to the Artificial Neural Network which has the 

historical volatilities as its inputs. The new model which has both historical volatility and 
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speculative activity does not yield better results that the model which has just the 

historical volatility as its inputs.  It can be concluded that historical volatilities encompass 

all the information which is provided by the T value, the speculation activity about the 

future.  

 

5.5  Conclusions 

In this Chapter, some intra market explanatory variables are used in the context of 

Artificial Neural Networks to forecast the return volatility of crude oil future prices. The 

Feed Forward Back Propagation Network and the Radial Basis Function Network are the 

two types of appropriate Neural Networks for function approximation which have been 

used in this Chapter. In order to compare the model results, the GARCH model is used, 

which is one of the most well-known volatility estimation models in finance scope. 

Workings “T”, one of the recently considered variable, which measures the speculation 

activity effect in the market, is used along with some other intra markets variables such as 

crude oil future price, returns of crude oil future price, implied volatility of crude oil 

future price and S&P index to forecast the future volatility of crude oil. The results show 

a better performance of the Artificial Neural Networks in forecasting volatility in 

comparison with the traditional GARCH model using the mentioned variables. The 

results prove that the ANNs outperform GARCH model in forecasting the future crude 

oil volatility considering the introduced variables specifically the T value. According to 

this study, the performance of the Radial Basis Function Network is better than the Feed 

Forward Back Propagation Network. The better performance of the Artificial Neural 

Networks comparing with the GARCH model shows that the Artificial Neural Networks 
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have the ability to extract appropriate information from the chosen input variables to 

forecast the return volatilities of crude oil future price. An important contribution of the 

research is the usage of cross-market variables as well as speculative activity measure to 

forecast volatility in crude oil market. In summary, it can be concluded that the 

speculative activity affect the future volatilities in absence of historical volatilities.  When 

the historical volatilities are available, they have enough information about the future, 

and the information of the speculative activity is encompassed by the historical 

volatilities. 
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6. CHAPTER 6: A NOVEL METHOD FOR ESTIMATING THE 

INVERSE FUNCTION OF BLACK-SCHOLES OPTION 

PRICING MODEL USING ARTIFICIAL NEURAL 

NETWORKS3 

 

The Black-Scholes (BS) model is a well-known model for pricing options. Option is a 

derivative financial instrument which gives its owner the right of buying the underlying 

asset at a pre specified date for a pre specified price. The BS model calculates the option 

price using 5 input variables and parameters including current underlying price, strike 

price, time to maturity, interest rate and the volatility of the underlying asset price. 

Having a good estimation of volatility as a risk measure is also very important to 

calculate a fair option price. Simulating the direct function of BS model with Artificial 

Neural Networks having 5 pre mentioned inputs is straight forward. On the other hand, 

simulating the inverse function of the BS model to have an estimation of the comprising 

variables such as implied volatility based on the option price is tricky. ANNs models, 

where the number of the outputs is more than the number of the inputs, intended to 

calculate an inverse function generally don’t work well. Because of this fact, simulating 

the inverse function of the BS model using the ANNs is not normally efficient. In order 

to improve the simulation power of ANNs models, with more output variables than input 

variables, for simulating the inverse functions, a new method is presented in this study. 

This method, here called an augmented model, improves the ANNs performance in 

estimating an inverse function of the BS model. The results prove that the suggested 
                                                 
3Refer to:http://ourspace.uregina.ca/bitstream/handle/10294/5319/HShafiee-RVMayorga-2.pdf?sequence=1 
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augmented method outperforms the current regular method. Both the Feed Forward Back 

Propagation Network, and the Radial Basis Function Network, are considered in this 

study; and both demonstrate a good ability to calculate an inverse function to the BS 

model. But it is important o mention that the Radial Basis Function Network performs 

better than the Feed Forward Back Propagation Network for the cases treated here. 
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6.1  Introduction 

There is a growing interest in the application of Artificial Neural Networks (ANNs) in 

different scopes of economic and finance area. Recognizing the internal patterns of 

financial models or data series, forecasting the future financial values, and financial 

models simulations are the most well known ANNs applications in this area (Hutchinson 

et al., 1994; Donaldson and Kamstra 1996a,b ; Zhang and Berardi, 2001; Kanas, 2001; 

Kanas and Yannopoulos1, 2001; Maasoumi and Racine,2002; Shively, 2003; Jasic and 

Wood, 2004; Rapach and Wohar, 2005; Shachmurove, 2005; Wang, 2009; Yu et al., 

2009, Shafiee et al., 2012). Artificial Neural Networks (ANNs) can be used for modeling 

the non-linear relationships between some inputs and some outputs of a model. They are 

kind of an information processing technology which has been developed based on the 

construction of the human brain’s neurons. They are organized in some layers that each 

layer includes a set of interconnected processing elements (nodes). They work together 

parallels to transform the inputs to the outputs of the model (Malliaris & Salchenberger, 

1996). In case of complex system with complex relationships, which cannot be modeled 

using other models such as linear models, ANNs are appropriate (Hamid & Iqbal, 2004).  

A call option is a derivative financial instrument. It gives its owner the right of buying the 

underlying asset at a pre specified date for a pre specified price. If option can be 

exercised just at a pre specified time, it called European call option. There are some 

models for pricing European call options. One of these models is Black-Scholes model. 

The Black-Sholes model is the most renowned model for pricing options (Black and 

Scholes, 1973). According to this model there are 5 factors which affect the option price 

including current underlying asset price, the strike price, the time to expiration, the 
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volatility of the underlying asset’s price (standard deviation of its expected returns) and 

the risk-free interest rate. 

Pricing the derivatives, especially options has been a field of study in the ANNs 

applications in recent years (Wang, 2009; Ko, 2009; Andreou et al., 2008; Morelli et al., 

2004; Xua et al., 2004; Bennell and Sutcliffe, 2004; Montagna et al., 2003; Yao et al., 

2000; Garcia and Gencay, 2000; Geigle and Aronson, 1999; Malliaris and Salchenberger, 

1996,1993; Hutchinson et al., 1994). In these studies, different models have been 

introduced for the option valuation using the Artificial Neural Networks. The results of 

these studies show that the Artificial Neural Networks outperform the other valuation 

models such as Black-Scholes model, regression models or path integral approach and etc 

(Montagna et al 2003). In the study by the Amilon, it is proved that the Artificial Neural 

Network outperforms the Black-Scholes model in pricing the daily Swedish stock index 

call options because of questionable assumptions of the Black-Scholes model (Amilon, 

2003).  Saxena showed that a hybrid model of ANNs outperforms the Black-Scholes 

model in pricing the options traded at National Stock Exchange of India Ltd (Saxena, 

2008). What makes the Artificial Neural Network an appropriate tool for simulating some 

models such as the option pricing model is its ability in simulating non-linear 

relationships among the data without being restricted on the assumptions that the 

parametric approaches such as Black-Scholes model rely on them(Bennell and Sutcliffe, 

2004). 

In all of the mentioned studies, the option price as the output of an option pricing model 

is studied but none of them work on the inverse functions of the option pricing models. 

Sometimes, comprising parameters of the option pricing model including volatility 

http://www.worldscientific.com/action/doSearch?action=runSearch&type=advanced&result=true&prevSearch=%2Bauthorsfield%3A%28bennell%2C+julia%29
http://www.worldscientific.com/action/doSearch?action=runSearch&type=advanced&result=true&prevSearch=%2Bauthorsfield%3A%28bennell%2C+julia%29
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should be estimated. Volatility, as an estimation of the market risk is an important input 

to many financial models. Volatility which is estimated according to the inverse function 

of Black-Scholes model is known as the implied volatility. Implied volatility is the value 

which the market gives to the volatility or the market’s estimation of volatility for the life 

period of the option to specify price of the option. Given the price of a traded option, it is 

possible to determine the volatility forecast over the lifetime of the option implied by the 

option’s price based on the Black-Scholes model using analytical or numerical methods 

(Li, 2008). It is also possible to do this using ANNs as well. Estimating the implied 

volatility solely having the other five variables of the Black-Scholes model using ANNs 

is possible even simple. Having a precise estimation of more variables which comprise 

the option price is not a simple job. The focus of this study is to improve the simulation 

power of the inverse function of Black-Scholes model using Artificial Neural Networks 

(ANNs) for estimating input variables of Black-Scholes model such as implied volatility, 

time to maturity, moneyness and interest rate based on the option price.  

Simulating the direct model of Black-Scholes using ANNs is simple and straight forward 

because the system has 5 inputs and one output. ANNs are very powerful in function 

approximation problem when the number of input variables is more than the number of 

output variables. However, to calculate the inverse function where in the ANN model the 

number of the inputs is less than the number of the outputs, the simulation error of ANNs 

increases. Generally, the regular method of using ANNs cannot simulate the inverse 

functions properly. One reason is that there are various combinations of values for the 

input variables which generate the same value for a special set of the output variables. 

When a Artificial Neural Network is going to simulate the inverse function, there are 
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different combinations of values for the output variables which are related to that special 

value of the input variables. In conclusion, the Artificial Neural Network has a numerous 

set of related values for a special input set; so it may generate the output which is very 

noisy comparing to the desired output. Simulating the inverse function of Black-Scholes 

model enables us to have an estimation of current underlying price, strike price, time to 

maturity, interest rate and implied volatility based mainly on the option price.  

In this study, the literature of the inverse functions estimation using the ANNs is 

extended. Here, the Feed Forward Back Propagation Network (FFBPN), and the Radial 

Basis Function Network (RBFN) are employed to model an inverse function of the 

Black-Scholes option pricing model. 

In order to measure the performance of the suggested method for improving the 

simulating power of the inverse function of the Black-Scholes model using the ANNs, the 

system is simulated with two methods: in one instance using the current regular method 

of applying ANNs on the inverse function; and in another instance using the suggested 

agugmented method. Then the results are compared with each other. 

In addition, to compare the performance of regular ANN model with the suggested 

augmented method, the performance of different classes of Artificial Neural Networks 

including such as the Feed Forward Back Propagation Network and the Radial Basis 

Function Network are considered. 

The rest of this study is organized as follows. At the Section 6.2, the data of the study 

which is used for the simulations is presented and analyzed. Section 6.3,  explains the 

Black-Scholes model briefly. Section 6.4, discusses the methodology including a detailed 

explanation about how to develop the ANN model for inverse functions. It also 
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introduces the suggested augmented method. The evaluation measures are discussed in 

section 6.5. Section 6.6, provides the ANN models for inverse functions estimations and 

the out-of sample simulation results. It also discusses the results and compares the models 

based on the results captured in previous section. The section 6.7, as the final section of 

this chapter provides the conclusion of this study. 

  

6.2  Data 

The simulation data for testing and training the models are generated randomly. In order 

to provide the option pricing data for the models, random numbers are generated for input 

variables of the models according to their logical technical ranges and specifications of 

each variable as followings.  

1-The moneyness, (X
S0�  Strike price/Current underlying asset price), m ϵ [1 1.2]  

2-The volatility of the stock price, σ ϵ [20%   40%]   

3-The risk-free interest rate, r ϵ [1%    10%] 

4-The time to expiration, T ϵ [1 6] month  

 
A maximum value of 1.2 is considered for the upper limit of moneyness and the current 

price is considered equal to 1 for all the data points as explained before. The strike price 

is determined using two values, moneyness and current price. Normally, the range of 

volatility is between 20% and 40% for the normal stocks, so this range is considered for 

generating random values for this variable (Hull, 2002). The rate of interest is generated 

in a range of 1% to 10%. The maturity time is generated in a range of 1 to 6 month. 
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Random values are generated in their appropriate ranges using the uniform random 

generator function. The Call option price, C, is calculated analytically using Black-

Scholes option pricing model and generated data using equations 6.2, 6.3 and 6.4 which 

are based on the Black-Scholes formula. 1000 series of data are generated for each of the 

training and testing data sets.  

 

6.3 Black-Scholes option pricing Model 

The Black-Scholes (BS) model is one of the most well-known option pricing models in 

finance. Black, Scholes, and Merton introduced the BS model for pricing the options in 

1970 and the model absorbed lots of attentions in the field of option pricing. An option is 

a derivative financial instrument which can be considered as a contract between two 

parties to sell or buy an asset (underlying asset) at a pre specified price during a specified 

period of time or at a pre specified time. A call option is an instrument which offers the 

right of trading an asset, buying, or selling that, at a pre specified time for a pre specified 

price. The trading price is called strike price and the trading time is called as the 

expiration date, the exercise date, or the maturity. European options are options which 

have restricted time to maturity. It means that they can be exercised at some points of 

time only (Black and Scholes, 1973). 

If the expiration time is shown with 𝑇 and the current time with 𝑡 where  𝑡 < 𝑇, the 

current price of the underlying asset, 𝑆(𝑡) , is known, but the price of the underlying asset 

at maturity of the option,  𝑆(𝑇), is not known. According to the Black and Scholes, 𝑆(𝑇) 

can be considered as a random variable and using some mathematical model, the 

dynamics of the price 𝑆(𝑡) can be modeled as a function of time; Let 𝑓(𝑆(𝑡), 𝑡) be the 
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price of the option at time 𝑡, or in short 𝑓(𝑆, 𝑡). Under suitable assumptions, the value of 

the option can be formulated as Eq. 6.1(Black and Scholes, 1973; Wilmott, 2007; Hull, 

2002): 

𝜕𝑓
𝜕𝑡

+ 1
2
𝜎2𝑆2 𝜕

2𝑓
𝜕𝑆2

+ 𝑟𝑆 𝜕𝑓
𝜕𝑆
− 𝑟𝑓 = 0                                     (Eq. 6.1) 

The current value f (S0, 0), where S0= S(t=0), is the option price. The equation can be 

simplified and solved analytically if the distribution of the underlying asset assumed to be 

normal distribution. Assuming this, the European call option price can be calculated 

based on the Black-Scholes formula according to equation 6.2, 6.3, and 6.4(Black and 

Scholes, 1973; Wilmott, 2007; Hull, 2002): 

𝑐 = S0N(d1) − Xe−rTN(d2)                                              (Eq. 6.2) 

Where 

d1 =
ln�S0 X� �+�r+σ

2
2� �T

σ√T
                                              (Eq. 6.3) 

d2 =
ln�S0 X� �+�r−σ

2
2� �T

σ√T
= d1 − σ√T                                      (Eq. 6.4) 

N(x) is the cumulative of the probability function. This function is the standardized 

normal variable. In other words, if the variable has the standard normal distribution, N(x) 

is the probability which the variable has the values less than the value of x. The variable 

C is the European call option price, 𝑋 is the strike price, 𝑇 is the time to expiration, 𝜎 is 

the volatility of the underlying asset price and 𝑟 is the risk-free interest rate (Black and 

Scholes, 1973; Wilmott, 2007; Hull, 2002). 

Based on the BS model, five factors which affect option price are the current underlying 

asset price, strike price, the time to expiration, the volatility of the underlying asset price 
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and the risk-free interest rate. In this study, the inverse function of the Black-Scholes 

model is going to be simulated to estimate current underlying asset price, 𝑆, strike price, 

𝑋, the time to expiration or maturity, 𝑇, the volatility of the underlying asset price, 𝜎, and 

the risk-free interest rate, 𝑟 mainly based on the European Call Option Price, 𝐶, using 

ANNs. The model has 5 independent variables and one dependent variable so the data 

sets should include these six variables and they are fed into the networks according to 

each network’s design. In order to make the model independent of any underlying asset, 

the moneyness which is defined as the ratio of Strike price to the current price of the 

underlying asset (Equation 6.5) has been used. This ratio makes the model free of any 

specific asset and makes the model general because it uses the ratio of strike price to the 

current price which is independent of any specific price range of the underlying assets 

(Merton, 1973, Black and Scholes, 1973; Wilmott, 2007; Hull, 2002). 

𝑚 = X
S0�                                                        Eq. 6.5 

In some other studies, it has been shown that this variable has all the information which is 

in both underlying asset price and strike price. In one study, Anders et al. used both 

moneyness (X
S0� ) and current underlying price (S0) as the inputs to his Artificial Neural 

Network. He found out that dropping (S0) doesn’t change the results (Anders et al., 1998). 

In another study, Garcia and Gencay showed that the Artificial Neural Networks which 

have moneyness (X
S0� ) as their input are superior to those which have current underlying 

price (S0) and strike price (X) separately (Garcia and Gençay, 1998, 2000). According to 

these findings, the moneyness is used instead of current price of the underlying asset and 

Strike price. 
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6.4  Developing inverse models 

The forward function of the BS model uses the current underlying asset price, strike 

price, volatility of the underlying asset price, rate of interest and time to maturity as its 

inputs to calculate option price as its output. The strike price and underlying asset price 

are replaced with moneyness. The schematic view of the BS direct function is as figure 

6.1. Suppose a system which has 𝑛 input variables and 𝑚 output variables as figure 6.2.  
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Figure  6.1: schematic view of the BS direct function 
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Figure  6.2: a system with n input variables and m output variables 
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Each of the output variables can be a function of input variables of the system. The 

system equation can be written as the following system of equations: 

𝑦1 = 𝑓1(𝑥1, 𝑥2, … , 𝑥𝑛) 

𝑦2 = 𝑓2(𝑥1, 𝑥2, … , 𝑥𝑛) 

… 

𝑦𝑚 = 𝑓𝑚(𝑥1, 𝑥2, … , 𝑥𝑛) 

𝑥 ∈  ℝ𝑛  𝑦 ∈  ℝ𝑛 

Eq.6.6 

If this system is considered, there could be infinite solutions for an inverse function 

depending on the values of  m  and  n. More specifically, if  𝑚 = 𝑛 , there can be just one 

unique inverse function solution for the system. If  𝑚 > 𝑛 , there may exist one 

approximate inverse function solution for the system. Furthermore, when  𝑚 < 𝑛 , the 

inverse function has many solutions, and generally the ANN cannot properly find an 

exact solution for the inverse function. That is, since the inverse function has many 

solutions for this case, the ANN can not discern on a solution.  Hence, at best the ANN 

can only approximate roughly one particular solution among all the possible solutions. 

This issue affects adversly the ANN accuracy when calculating an inverse function. In 

summary, when  𝑚 < 𝑛 , the ANN yields a solution for the inverse function that may not 

be appropriate nor accurate.  In the case of the BS model, according to figure 6.1, the 

direct function of the Black-Scholes model can be considered as the case where  𝑚 < 𝑛 , 

so the inverse function for the system can be represented as in figure 6.3, and it has many 

solutions. 
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Figure  6.3: inverse function of BS model 
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As previously mentioned, in this case, the ANN can only approximate roughly a 

particular solution for the inverse function. One reason is that there are various 

combination of values for the input variables which give the same value for a special set 

of the output variable. In conclusion, when the Artificial Neural Network is going to 

calculate an inverse function, there are different combinations of values for the output 

variables which are related to that special value of the input variables set; so the Artificial 

Neural Network has a set of numerous related values for a special input values so it may 

generate the output which is very noisy comparing to the desired output.  

In order to have a better ANN solution in terms of accuracy; the system needs to be 

changed (augmented) to the situation where  𝑚 = 𝑛. That is, in this case the ANN tries to 

approximate a unique solution. In order to achieve this, the suggested augmented method 

in this paper is based on adding some dummy variables to the system to equalize the 

number of the inputs and outputs in the direct function system (and also in the inverse 

function model). In this manner, as there is a unique solution for the inverse function, the 

ANN can perform better. Actually, the set of “Y”s is completed with the virtual dummy 

functions as: 

𝑦𝑚+1,𝑦𝑚+2, … ,𝑦𝑛 

So that i sentences, or i functions should be added to the current m functions as: 

𝑚 + 𝑖 ∶ 𝑖 = 1, … ,𝑁          𝑤ℎ𝑒𝑟𝑒:  𝑁 = 𝑛 −𝑚 

So the system is as figure 6.4: 
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Figure  6.4: System with n inputs and n outputs 
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The final set of formula for the system is as in equation 6.7. 

𝑦1 = 𝑓1(𝑥1, 𝑥2, … , 𝑥𝑛) 
𝑦2 = 𝑓2(𝑥1, 𝑥2, … , 𝑥𝑛) 

… 
𝑦𝑚 = 𝑓𝑚(𝑥1, 𝑥2, … , 𝑥𝑛) 

 

Set of dummy functions 

⎩
⎪
⎨

⎪
⎧
𝑦𝑚+1 = 𝑓𝑚+1(𝑥1, 𝑥2, … , 𝑥𝑛)

…
𝑦𝑚+𝑖 = 𝑓𝑚+𝑖(𝑥1, 𝑥2, … , 𝑥𝑛)

…
𝑦𝑛=𝑚+𝑁 = 𝑓𝑛(𝑥1, 𝑥2, … , 𝑥𝑛)

� 

… 
𝑤ℎ𝑒𝑟𝑒, 𝑖 = 1, … ,𝑁;             𝑁 = 𝑛 −𝑚 

𝑥 ∈  ℝ𝑛  𝑦 ∈  ℝ𝑛 
 

Eq.6.7 
 

As previously mentioned, the inverse function of the Black-Scholes model is to be 

simulated. The Call option price is considered as the input, and the other 4 variables are 

considered as the outputs of the network (as previously explained, two variables, Current 

underlying asset price and strike price are combined to form one variable as the 

moneyness). The regular network which simulates the inverse of the BS model has one 

input and four outputs as figure 6.3. Since the number of the outputs is more than the 

number of the inputs for this system; the ANN could only approximate roughly a 

particular solution among the infinite number of solutions. In order to overcome this and 

according to the suggested augmented method, the set of “Y”s of the direct function is 

completed (augmented) with dummy variables (functions). Eventually, the number of the 

inputs and outputs would be the same. Three dummy variables are considered as the 

inputs of the inverse function (output set of the direct function) as figure 6.5.  
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Figure  6.5: System with dummy variables as the inputs of the inverse function 
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In summary, the model has one input and four outputs, so three dummy variables should 

be added to system to equalize the number of the inputs and outputs of the inverse 

function. Based on the system of equation 6.7, these dummy functions are functions of 

the input variables of the direct function. These functions can be defined according to the 

rationale of the field on which the system is defined. Each of these dummy variables can 

be a function of the input variables of the direct model (output variables of the inverse 

model) or a function of a combination of these variables (Eq.6.7) including moneyness, 

time to maturity, volatility and interest rate. 

In this study, the basic inverse function of BS model (without dummy variables) is 

considered as the base model and compared with the suggested augmented model. In 

other words, two different Artificial Neural Networks are designed, one simulating the 

basic inverse function of BS model as figure 6.3 as the base model; and one which 

simulates the inverse function of BS model considering the added dummy variables as 

figure 6.5. 

The base model has the European call option price as its input and the other 4 variables 

including moneyness, time to maturity, rate of interest and implied volatility as its 

outputs. The suggested modified model has 3 dummy variables as previously explained 

in addition to call option price as its inputs. In this study, two different sets of dummy 

variables are tested. For the first set, the dummy variables are considered as functions of 

3 of the 4 output variables. The three dummy functions which are defined in this step are 

as (1): squared of the estimation of moneyness;  (2): the complement of the estimation of 

the volatility (1 - the estimation of the volatility); and (3): squared of the estimation of the 

time to maturity.  
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For the second try, dummy variables are considered as functions of 2 of the 4 output 

variables. The three dummy functions which are defined in this step are as (1): the 

squared root of the estimation of moneyness; (2): the complement of the estimation of the 

volatility (1 - the estimation of the volatility); and (3): the estimation of moneyness to the 

power of 3. 

Since both the Feed Forward Back Propagation Network and the Radial Basis Function 

Network are going to be used is this study, an appropriate design is used for each of the 

two pre-mentioned models for each of the two types of networks. It means that four 

ANNs, two FFBPNs and two RBFNs for simulating the base model and the suggested 

augmented model for each set of the dummy variables, are designed and tested. 

According to the provided general overview of the simulation process, the input variables 

of the ANNs should be determined. The input data are preprocessed to be in range [0,1] 

because ANNs perform better when the inputs are in this range. 

According to different architectures of the Radial Basis Functions Networks and the Feed 

Forward Back Propagation Networks, their designs are different. The number of the 

neurons in the input layer are assumed equal to the number of the input variables for the 

first run. According to the ANNs design, the number of the neurons in the last layer or 

output layer should be equal to the number of the output variables as well, so they are 

considered equal to the number of the output variables which in this model is 4 for both 

networks. A 3 layered network is considered for the initial design of the Forward Back 

Propagation Network (FFBPN). The number of the layers are changed in order to reach 

the best design to get the best results. The number of the neurons in the first layer, input 
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layer, and the number of the hidden layers and their assigned neurons are changed during 

the training process as the parameters of the ANNs to improve the results. The range of 

the output variable of the study is more than one, so the “pure linear” function is 

considered as the transfer function for the output layer. “Logarithmic sigmoid” transfer 

function is also considered for the input and other hidden layers for the Feed Forward 

Back Propagation Network. Training algorithm is set as the Levenberg-Marquardt 

algorithm, and a goal of 1e-15 is set as the network goal for the mean squared error 

performance function. 

In contrast to the Feed Forward Back Propagation Network (FFBPN), the Radial Basis 

Function Network (RBFN) has just 3 layers, input layer, radial basis layer, and output 

layer. The number of the neurons in input layer is equal to the number of the input 

variables and the number of the neurons in the output layer is equal to the number of the 

output variables. The number of the neurons in the radial basis layer is also determined 

automatically during the training process, so it does not need to be determined. 

Again, because the range of the output variable of the study is more than one, the “pure 

linear” function is considered as the transfer function for the output layer. The “Radial 

Basis function” transfer function is also the pre specified transfer function for the radial 

basis layer in the Radial Basis Function Networks. Spread is another parameter of the 

RBFN. The spread should be large enough to allow the active input regions of the radial 

basis neurons overlap enough. The Training algorithm is set as the Levenberg-Marquardt 

algorithm, and a goal of 1e-5 is set as the network goal for the mean squared error 

performance function. 
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After completing the networks designs, the training data can be fed into the neural 

networks. Here, 1000 data points are generated randomly for each of the training and 

testing sets.  

The training of the networks is started by applying different combinations of data sets as 

the inputs to the networks. After each run, the network compares the forecasted 

moneyness, interest rate, volatility, and time to maturity with the desired ones. It 

calculates and feeds the error backward. The neurons reset their weights each time the 

errors are fed back. After training each network, the network parameters including the 

number of the hidden layers and neurons in each hidden layer are changed based on the 

performance of the training. The transfer functions of the Feed Forward Back 

Propagation Network and the value of the spread of the Radial Basis Function Network 

are changed to reach to the optimal level. 

It should be mentioned that the ANNs implementations were done using Matlab and its 

Toolboxes. The related programming parts for simulations are done using the Matlab     

M-files as well. 

 

6.5 Results evaluation 

Since there are different values of the moneyness, interest rate, volatility and time to 

maturity which are related to each value of European call option price, the forecasted 

values of the networks cannot be compared with the appropriate set of the presented data 

(initial ones) which have been applied to the network. Various sets of the forecasted 

values could generate the same option price, so this point should be considered in the 
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results evaluation. In order to resolve this problem and have a good evaluation of the 

precision of the results, the option price is calculated based on the forecasted values of 

the network (moneyness, interest rate, volatility and time to maturity) using the Black-

Scholes formula analytically or using an ANN which is trained based on option pricing 

data which are generated using BS formula. This ANN simulates the BS formula. The 

calculated option price is compared with the initial option price. The calculated error is 

considered as the measure of the performance of the networks.  

Actually, the simulation and testing process has been done in two manners. In one 

instance, in order two generate the option prices, for the situation where there exist the 

explicit pricing model, the BS formula has been used. In another run, the simulation 

process has been done using the simulated BS formula with ANNs, for modeling the 

situation where the explicit pricing model does not exist. To explain further, it can be said 

that the training and testing data series for the first run is done using the BS formula. In 

this case, in order to check the results from the inverse function, the model outputs are 

fed into the BS formula to calculate the option price and this price is compared with the 

network outputs to determine the model precision. 

The training and testing data series for the second run is done using the simulated BS 

formula with ANNs. In this case, in order to check the results from the inverse function, 

the model outputs are fed into into the simulated option pricing ANNs, which simulates 

the BS formula, to calculate the option prices and these prices are compared with the 

network outputs to determine the model precision again. This additional testing is done to 

show that when there is not an explicit function, the direct function can just be simulated 

using ANNs and these ANNs can be used for testing the inverse function.  
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Results evaluation is done based on three measures including the mean absolute error 

(MAE) which is calculated according to equation 4.12; the mean squared error (MSE) 

which is calculated according to equation 4.13; and the mean absolute percentage error 

(MAPE) which is calculated according to equation 4.14. Generally, these measures 

calculate the difference between the ANNs results and actual ones, which have been 

calculated analytically based on the BS model.  

 

6.6 Empirical results and discussion 

Different designed networks with different justifications such as hidden layers, neurons in 

each layer, transfer functions, and spreads have been trained. After training and testing 

the networks, the combination that provided the best results are chosen and are presented 

in tables 6.1, 6.2, 6.3, and 6.4.  

The result for the situation where the simulation and evaluation is done using the BS 

formula is according to tables 6.1 and 6.2. 

The result for the situation where the simulation and evaluation is done using the 

simulated BS formula with the ANNs, is according to tables 6.3 and 6.4. 

For the first set of dummy variables, the network architectures for FFBPN for the inverse 

base case is a 3 layered network with the 1-5-4 architecture and for the inverse dummy 

added case is a 5 layered network with the 4-5-6-5-4 architecture.   
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For the second set of dummy variables, the network architectures for FFBPN for the 

inverse base case is a 3 layered network with the 1-5-4 architecture and for the inverse 

dummy added case is a 5 layered network with the 4-5-6-5-4 architecture. 

For both types of Artificial Neural Networks and for both types of evaluation processes 

the results has been brought in Tables 6.1, 6.2, 6.3, and 6.4.  

  



175 
 

Table  6.1: Artificial Neural Networks training and testing results for the first dummy 
variables set- simulation and evaluation using the BS formula 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN 
Training 9.05 2.57E-06 1.11E-03 

Testing 10.64 2.11E-06 1.04E-03 

RBFN 
Training 13.42 1.74E-06 9.12E-04 

Testing 8.51 4.07E-06 1.05E-03 

System with added 

dummy 

variables(functions) 

FFBPN 
Training 3.42 7.61E-07 6.29E-04 

Testing 3.35 7.27E-07 6.38E-04 

RBFN 
Training 0.71 4.42E-08 1.50E-04 

Testing 0.95 1.75E-07 2.10E-04 
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Table  6.2: Artificial Neural Networks training and testing results for the second dummy 
variables set- simulation and evaluation using the BS formula 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 
inputs 

FFBPN 
Training 9.05 2.57E-06 1.11E-03 

Testing 10.64 2.11E-06 1.04E-03 

RBFN 
Training 13.42 1.74E-06 9.12E-04 

Testing 8.51 4.07E-06 1.05E-03 

System with added 
dummy 

variables(functions) 

FFBPN 
Training 3.61 1.05E-06 6.53E-04 

Testing 3.60 1.28E-06 7.26E-04 

RBFN 
Training 3.40 3.50E-07 4.47E-04 

Testing 3.36 5.53E-07 4.99E-04 
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Table  6.3: Artificial Neural Networks training and testing results for the first dummy 
variables set- simulation and evaluation using the simulated BS formula with the ANNs 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 
inputs 

FFBPN 
Training 14.45 2.49E-06 1.18E-03 

Testing 12.46 3.42E-06 1.26E-03 

RBFN 
Training 11.90 1.63E-06 9.28E-04 

Testing 10.88 4.03E-06 1.05E-03 

System with added 
dummy 

variables(functions)- 
simulated BS model 

with ANN 

FFBPN 
Training 5.64 9.78E-07 6.27E-04 

Testing 3.51 1.30E-06 6.61E-04 

RBFN 
Training 4.64 2.00E-07 3.24E-04 

Testing 2.59 5.51E-07 4.95E-04 
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Table  6.4: Artificial Neural Networks training and testing results for the second dummy 
variables set- simulation and evaluation using the simulated BS formula with the ANNs 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN 
Training 14.45 2.49E-06 1.18E-03 
Testing 12.46 3.42E-06 1.26E-03 

RBFN 
Training 11.90 1.63E-06 9.28E-04 
Testing 10.88 4.03E-06 1.05E-03 

System with added 

dummy 

variables(functions) 

FFBPN 
Training 9.11 2.21E-06 1.08E-03 

Testing 4.86 2.50E-06 1.13E-03 

RBFN 
Training 8.87 5.10E-07 5.26E-04 

Testing 4.16 1.29E-06 7.24E-04 
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Table 6.5 and 6.6 compare the testing results from the two types of Artificial Neural 

Networks for both of the systems (the system which has the regular inputs, and the 

augmented system with the added dummy variables among the inputs), for both sets of 

dummy variables for both evaluation processes. It can be seen that the Artificial Neural 

Networks including both the Feed Forward Back Propagation Network and the Radial 

Basis Function Network exhibit a good performance in simulating the inverse function of 

the Black-Scholes model for both the systems considering both sets of dummy variables 

and both evaluation methods.  

  



180 
 

Table  6.5: Final results comparison- simulation and evaluation using the BS formula 

System Type Network Type 
'MAPE' 

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN Testing 10.64 2.11E-06 1.04E-03 

RBFN Testing 8.51 4.07E-06 1.05E-03 

System with added 

dummy 

variables(functions) 

First set 

FFBPN Testing 3.35 7.27E-07 6.38E-04 

RBFN Testing 0.95 1.75E-07 2.10E-04 

System with added 

dummy 

variables(functions) 

Second set 

FFBPN Testing 3.60 1.28E-06 7.26E-04 

RBFN Testing 3.36 5.53E-07 4.99E-04 
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Table  6.6: Final results comparison-simulation and evaluation using the simulated BS 
model with ANN 

System Type Network Type 
'MAPE' 

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN Testing 12.46 3.42E-06 1.26E-03 

RBFN Testing 10.88 4.03E-06 1.05E-03 

System with added 

dummy 

variables(functions) 

First set 

FFBPN Testing 3.51 1.30E-06 6.61E-04 

RBFN Testing 2.59 5.51E-07 4.95E-04 

System with added 

dummy 

variables(functions) 

Second set 

FFBPN Testing 4.86 2.50E-06 1.13E-03 

RBFN Testing 4.16 1.29E-06 7.24E-04 
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Tables 6.7. 6.8, 6.9, 6.10, 6.11, and 6.12 represent some samples of inverse functions 

simulations results for different situations for the Black-Scholes option pricing model.  

Table  6.7 represents sample results for inverse option pricing system with regular inputs 

for the Feed Forward Back Propagation Network. Table  6.8 represents sample results for 

inverse option pricing system with the first set of added dummy variables for the Feed 

Forward Back Propagation Network (FFBPN), and Table  6.9 represents sample results 

for inverse option pricing system with second set of added dummy variables for the Feed 

Forward Back Propagation Network.  

Table  6.10 represents sample results for inverse option pricing system with regular inputs 

for the Radial Basis Function Network (RBFN). Table  6.11 represents sample results for 

the inverse option pricing system with the first set of added dummy variables for the 

Radial Basis Function Network, and the Table  6.12 represents sample results for the 

inverse option pricing system with the second set of added dummy variables for the 

Radial Basis Function Network. 
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Table  6.7: Sample results for inverse option pricing System with Regular Inputs- Feed 
Forward Back Propagation Network 

ANN input ANN outputs Output 

Option 

Price 

% 

Error Option 

Price 
moneyness 

Rate of 

Interest 
Volatility 

Maturity 

Time 

0.0195 1.1204 0.0554 0.2902 0.2477 0.0220 12.91 

0.0186 1.1216 0.0555 0.2893 0.2440 0.0212 14.07 

0.0209 1.1185 0.0554 0.2914 0.2529 0.0232 11.19 

0.0205 1.1190 0.0554 0.2911 0.2515 0.0229 11.64 

0.0073 1.1428 0.0553 0.2735 0.1722 0.0083 13.24 

0.0191 1.1210 0.0555 0.2898 0.2459 0.0216 13.47 

0.0182 1.1221 0.0555 0.2890 0.2425 0.0209 14.52 

0.0179 1.1227 0.0555 0.2886 0.2409 0.0205 15.00 

0.0081 1.1408 0.0553 0.2751 0.1794 0.0093 15.47 

0.0068 1.1442 0.0552 0.2724 0.1668 0.0075 11.37 
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Table  6.8: Sample results for inverse option pricing System with First set of added dummy 
variables - Feed Forward Back Propagation Network 

ANN input ANN outputs Output 

Option 

Price 

% 

Error Option 

Price 

Dummy 

1 

Dummy 

2 

Dummy 

3 
moneyness 

Rate of 

Interest 
Volatility 

Maturity 

Time 

0.0080 1.4161 0.7400 1.6852 1.1899 0.0579 0.2606 0.2586 0.0082 3.39 

0.0430 1.0609 0.6600 1.0927 1.0255 0.0515 0.3397 0.1504 0.0445 3.41 

0.0110 1.2996 0.6900 1.4815 1.1406 0.0557 0.3097 0.1576 0.0106 3.43 

0.0182 1.1449 0.7900 1.2250 1.0682 0.0491 0.2121 0.2247 0.0188 3.44 

0.0627 1.1025 0.7700 1.1576 1.0539 0.0900 0.2300 0.4953 0.0605 3.46 

0.0158 1.3225 0.7900 1.5209 1.1501 0.0562 0.2103 0.4316 0.0163 3.47 

0.0130 1.2544 0.7600 1.4049 1.1202 0.0513 0.2412 0.2385 0.0135 3.50 

0.0349 1.1664 0.6300 1.2597 1.0772 0.0503 0.3700 0.1790 0.0362 3.55 

0.0341 1.1664 0.6300 1.2597 1.0772 0.0506 0.3701 0.1741 0.0353 3.56 

0.0399 1.1025 0.6600 1.1576 1.0450 0.0508 0.3394 0.1753 0.0414 3.58 
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Table  6.9: Sample results for inverse option pricing System with Second set of added 
dummy variables - Feed Forward Back Propagation Network 

ANN input ANN outputs Output 

Option 

Price 

% 

Error Option 

Price 

Dummy 

1 

Dummy 

2 

Dummy  

3 
moneyness 

Rate of 

Interest 
Volatility 

Maturity 

Time 

0.0675 1.1025 0.7600 1.1576 1.0552 0.0949 0.2395 0.5026 0.0643 4.70 

0.0176 1.1881 0.7900 1.2950 1.0888 0.0486 0.2121 0.2801 0.0184 4.71 

0.0018 1.4161 0.6700 1.6852 1.1919 0.0577 0.3278 0.0908 0.0017 4.72 

0.0125 1.1664 0.7900 1.2597 1.0779 0.0492 0.2116 0.1884 0.0131 4.82 

0.0139 1.3689 0.7700 1.6016 1.1717 0.0579 0.2311 0.3947 0.0146 4.83 

0.0158 1.2544 0.7700 1.4049 1.1207 0.0506 0.2320 0.2961 0.0165 4.83 

0.0202 1.2321 0.7900 1.3676 1.1093 0.0507 0.2116 0.3796 0.0212 4.85 

0.0317 1.0404 0.6600 1.0612 1.0188 0.0546 0.3431 0.0824 0.0332 4.87 

0.0163 1.3689 0.7300 1.6016 1.1702 0.0569 0.2716 0.3283 0.0171 4.90 

0.0342 1.0000 0.7100 1.0000 1.0010 0.0543 0.2922 0.0855 0.0359 4.92 
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Table  6.10: Sample results for inverse option pricing System with Regular Inputs- Radial 
Basis Function Network 

ANN 

input 
ANN outputs Output 

Option 

Price 

% 

Error Option 

Price 
moneyness 

Rate of 

Interest 
Volatility 

Maturity 

Time 

0.0065 1.1449 0.0552 0.2718 0.1644 0.0072 10.44 

0.0213 1.1179 0.0553 0.2918 0.2547 0.0236 10.61 

0.0066 1.1446 0.0552 0.2720 0.1654 0.0073 10.82 

0.0209 1.1185 0.0554 0.2914 0.2531 0.0233 11.13 

0.0212 1.1181 0.0553 0.2916 0.2540 0.0235 10.82 

0.1235 1.0192 0.0774 0.3786 0.4740 0.1114 9.82 

0.0066 1.1447 0.0552 0.2719 0.1649 0.0073 10.63 

0.0217 1.1174 0.0553 0.2921 0.2560 0.0239 10.18 

0.0221 1.1169 0.0553 0.2925 0.2575 0.0243 9.68 

0.0068 1.1441 0.0552 0.2724 0.1673 0.0076 11.52 
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Table  6.11: Sample results for inverse option pricing System with First set of added dummy 
variables - Radial Basis Function Network 

ANN inputs ANN outputs Output 

Option 

Price 

% 

Error Option 

Price 

Dummy 

1 

Dummy 

2 

Dummy 

3 
moneyness 

Rate of 

Interest 
Volatility 

Maturity 

Time 

0.0449 1.1881 0.7400 1.2950 1.0928 0.0552 0.2573 0.4609 0.0438 2.45 

0.0136 1.1236 0.7000 1.1910 1.0620 0.0567 0.3022 0.0789 0.0133 2.46 

0.0445 1.1025 0.6300 1.1576 1.0463 0.0498 0.3690 0.1750 0.0456 2.47 

0.0226 1.2321 0.7500 1.3676 1.1108 0.0507 0.2510 0.3076 0.0232 2.48 

0.0338 1.2100 0.6000 1.3310 1.1007 0.0484 0.3992 0.1824 0.0346 2.49 

0.0218 1.2996 0.8000 1.4815 1.1361 0.0683 0.2009 0.4947 0.0224 2.50 

0.0496 1.1449 0.7600 1.2250 1.0725 0.0622 0.2366 0.4823 0.0483 2.50 

0.0369 1.2769 0.6300 1.4429 1.1306 0.0448 0.3716 0.2832 0.0378 2.51 

0.0114 1.3456 0.7900 1.5609 1.1620 0.0538 0.2102 0.3862 0.0117 2.52 

0.0732 1.0000 0.6400 1.0000 1.0032 0.0458 0.3606 0.2254 0.0714 2.53 
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Table  6.12: Sample results for inverse option pricing System with Second set of added 
dummy variables - Radial Basis Function Network 

ANN input ANN outputs Output 

Option 

Price 

% 

Error Option 

Price 

Dummy 

1 

Dummy 

2 

Dummy  

3 
moneyness 

Rate of 

Interest 
Volatility 

Maturity 

Time 

0.0065 1.2100 0.7900 1.3310 1.0983 0.0486 0.2105 0.1546 0.0068 4.07 

0.0040 1.3689 0.6300 1.6016 1.1704 0.0564 0.3673 0.0865 0.0041 4.09 

0.0048 1.1881 0.7500 1.2950 1.0910 0.0541 0.2488 0.0836 0.0046 4.12 

0.0179 1.3456 0.7300 1.5609 1.1604 0.0556 0.2716 0.3275 0.0186 4.12 

0.0210 1.2769 0.7600 1.4429 1.1314 0.0529 0.2418 0.3676 0.0219 4.13 

0.0335 1.1449 0.6500 1.2250 1.0656 0.0515 0.3499 0.1696 0.0349 4.14 

0.0337 1.1025 0.6700 1.1576 1.0452 0.0524 0.3298 0.1502 0.0351 4.15 

0.0323 1.1449 0.6500 1.2250 1.0658 0.0519 0.3500 0.1626 0.0336 4.16 

0.0198 1.3456 0.7600 1.5609 1.1612 0.0601 0.2417 0.4271 0.0206 4.17 

0.0125 1.3924 0.8000 1.6430 1.1786 0.0636 0.1966 0.4730 0.0119 4.18 
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Comparing the testing results from the Artificial Neural Networks with regular inputs 

with the suggested augmented system which has the first added dummy variable as the 

input, it can be concluded that the Artificial Neural Networks with the added dummy 

variables outperform the model which does not have the added dummy variables. For the 

case of evaluation process with the BS formula, in the FFBPN model, the MAPE is equal 

to 10.64% while the MAPE for the new method is 3.35% and for RBFN the MAPE is 

equal to 8.51% while the MAPE for the new method is equal to 0.95%. The other 

evaluation measures such as MAE and MSE suggest the same. For the case of evaluation 

process with the simulated BS formula with ANN, in FFBPN model, the MAPE is equal 

to 12.46% while the MAPE for the new method is 3.51% and for RBFN the MAPE is 

equal to 10.88% while the MAPE for the new method is equal to 2.59%. The other 

evaluation measures such as MAE and MSE suggest the same.  

 Comparing the testing results from the Artificial Neural Networks with regular inputs 

with the suggested augmented system which has the second added dummy variable as the 

input, it can also be concluded that the Artificial Neural Networks with the added dummy 

variables outperform the model which does not have the added dummy variables. For the 

case of evaluation process with the BS formula, in FFBPN model, the MAPE is equal to 

10.64% while the MAPE for the new method is 3.60% and for RBFN the MAPE is equal 

to 8.51% while the MAPE for the new method is equal to 3.36%. The other evaluation 

measures such as MAE and MSE suggest the same. For the case of evaluation process 

with the simulated BS formula with ANN, in FFBPN model, the MAPE is equal to 

12.46% while the MAPE for the new method is 4.86% and for RBFN the MAPE is equal 
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to 10.88% while the MAPE for the new method is equal to 4.16%. The other evaluation 

measures such as MAE and MSE suggest the same.  

Considering the values for the option prices and moneyness (strike price) in the tables 6.7 

to 6.12, it seems they are small. The reason is that they are calculated for an underlying 

asset with a cost of $1. Since the model is generalized using the moneyness variable, the 

represented data are for an underlying asset value which is equal to 1 Dollar. It means 

that all the input and output variables are scaled in a manner to be appropriate for 

different underlying assets under different financial conditions and they can be applied to 

all the different underlying assets with different values in different scopes. In order to 

calculate the option price for an underlying asset with a cost of $40, the option price and 

the moneyness as the strike price should be multiplied by the current underlying asset 

price, which in this example is 40, to calculate the related appropriate option price and 

strike price for the underlying asset. The Time to maturity reflects the portion of the year. 

For example, a Time to maturity equal to 0.0833 represents a one-month maturity time. 

The interest rate should be multiplied by 100 to be in percentage. Considering these 

clarifications, it can be said that the results are representative of financial conditions. 

These comparisons show that the proposed augmented method can decrease the 

simulation error and that it performs better than the regular method. 

Comparing the Feed Forward Back Propagation Network with the Radial Basis Function 

Network results with each other for the proposed augmented system, it can be seen that 

the Radial Basis Function Network performs better than the Feed Forward Back 

Propagation Network for the cases considered. 
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6.7  Conclusions 

In this study, Artificial Neural Networks (ANNs) have been used to simulate the inverse 

function of the Black-Scholes model which is a model for pricing the options. The Feed 

Forward Back Propagation Network and the Radial Basis Function Network are the two 

different types of ANNs that have been used. The simulated inverse function using the 

ANNs regular method is compared with the proposed augmented ANN model for 

simulating the inverse function. The results prove the better performance of the proposed 

augmented method of using Artificial Neural Networks to simulate the inverse function 

of Black-Scholes model. According to the tests, the Radial Basis Function Network 

performs better than the Feed Forward Back Propagation Network. An important 

contribution of this research is to present a new augmented method for increasing the 

precision of the simulation power of ANNs for calculating inverse functions where the 

number of the inputs is less than the number of the outputs in the ANNs models. 
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7. CHAPTER 7:  ESTIMATING INVERSE FUNCTION OF 

COMPOUND OPTIONS PRICING MODEL USING 

ARTIFICIAL NEURAL NETWORKS4 

 

Compound options are second order derivatives which give their holders the right for 

exercising over other derivatives. They are options on options. Compound options have 

many financial applications. Pricing methods for exotic options such as compounds are 

much more complex than the regular options. There are different models for pricing 

compound options. Simulating direct function of compound option pricing  model based 

on the Black-Scholes model needs 7 input variables including current underlying asset 

price, basic option strike price, the time to expiration of the basic option, the volatility of 

the underlying asset price,  the risk-free interest rate, compound option strike price, and  

time to expiration of the compound option. In this study, the inverse function of the 

compound option pricing model is going to be simulated using Artificial Neural 

Networks (ANNs). The inverse function of the compound option pricing model has 1 

input and 7 outputs. This estimation is tricky because of the ANNs weakness in 

simulating the inverse functions where the number of input variables is less than output 

variables. ANNs cannot approximate appropriately a particular solution to the inverse 

function when the number of the outputs is more than the number of the inputs, so the 

simulation power of the network decreases. In this study, the augmented model method 

introduced in previous chapter is applied to the compound option pricing model as well. 

That augmented model method has been introduced in a previous Chapter to improve the 
                                                 
4Refer to:http://ourspace.uregina.ca/bitstream/handle/10294/5320/HShafiee-RVMayorga-3.pdf?sequence=1 
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simulation power of ANNs for simulating the functions which have more output variables 

than input variables. Having an ANN with this capability, it can be possible to have a 

better estimation of the inverse function of the compound option pricing model. The 

results show that the proposed augmented method outperforms the current regular 

method. Both the Feed Forward Back Propagation Network and the Radial Basis 

Function Network used in this study show good ability for a good estimation of an 

inverse function of the compound priciong model. Furthermore, the results show that the 

Radial Basis Function Network yields the best performance.  

 

7.1  Introduction 

Compound options, as a type of exotic options are a complex type of derivatives. 

Compounds are options on options. A compound option, according to its type, gives its 

holder the right to buy or sell another option. Compound options are second order 

derivatives because they give the right for exercising over another derivative. A call 

option as a derivative financial instrument, gives its owner the right of buying the 

underlying asset at a pre specified date for a pre specified price. If that option can be 

exercised at a specified time, it is called European call option. Pricing compound options, 

according to their natures, is more complex than pricing regular options (Geske, 1977, 

1979). 

There are different methods for valuation compound option prices. First of all, Geske 

derived the analytical valuation formula for pricing compound options for the Black-

Scholes formula (Geske, 1977, 1979). Black-Scholes formula is used to price the options 
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on the basis of the geometric Brownian motion (Black and Scholes, 1973). The number 

of option layers which reaches thorough the option structure into the underlying asset is 

called the fold number of a compound option. The basic compound options are 2 folds.  

The Geske’s proposed method is for 2 fold compound options. Geske assumed that the 

stock can be interpreted as an option on the firm, so the stock option can be considered as 

an option on another option, which that option in turn it is called compound option. He 

suggested a formula for pricing the compound option using Fourier integrals when the 

firm value can be modeled as a geometric Brownian motion (Geske, 1979). In that study, 

he assumed a constant volatility to price a vanilla European call option on a European 

call option.  

Some other valuation methods considering some other assumptions have been done by 

other researchers. Fouque and Han calculate the compound option price using 

perturbation approximation. In this study, in order to approximate the price of a 

compound option, they used a combination of singular and regular perturbations 

techniques. They tried to handle the effect of stochastic volatility in their models (Fouque 

and Han, 2005). Gukhal proposed a valuation formula for pricing compound options 

when underlying asset follows a jump-diffusion process. In the proposed model, the 

parameters such as interest rate and volatility were constant (Gukhal, 2004). In another 

study by Li et al. Gukhal model has been extended. They model the valuation formula for 

pricing compound options when underlying asset follows a jump-diffusion process 

considering the time dependent parameters; because in reality the interest rate and 

volatility are not constant and they change by time, ( Li et al., 2005).  In another study 

Lee et al, introduced a generalized pricing formula for sequential compound options. 
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They provide the deterministic parameters of the model such as interest rate and volatility 

time-dependent. In this case the sequential compound options can be more flexible 

comparing to the situation where all the parameters are constant (Lee et al., 2008). In 

another study, Zhang et al. proposed a formula for pricing compound options under 

fractional Brownian motion using a partial differential equation (Zhang et al., 2011). 

Griebsch proposed a model for pricing European compound option prices when the 

volatility is stochastic. She used Fourier transform techniques in her model (Griebsch, 

2012). In 1984, Geske and Johnson introduced a formula for modeling the multi-fold 

compound options (Geske and Johnson, 1984a). Lajeri-Chaherli introduced a formula for 

pricing 2-fold compound options (Lajeri-Chaherli, 2002), then the results have been 

extended to be applied for 2 fold compound option models where the parameters are 

varying with time or time-dependent parameters (Agliardi and Agliardi, 2003; Agliardi 

and Agliardi, 2005). Some other models have been introduced for pricing the sequential 

compound call options (Thomassen and Wouwe, 2001; Chen, 2002; Chen, 2003).  

Compound options have many financial applications. Other than their regular usage, 

which is pricing compound options, they can be used for pricing some other types of 

options.  Their payoffs are functions of European options at some times in the future or 

have exotic payoffs and financial instruments such as: chooser options, capletions and 

floortions, forward start, corporate debt, and cliquet options (Chen, 2003; Geske and 

Johnson, 1984b; Rubinstein, 1992; Musiela and Rutkowski, 1998; Griebsch, 2013). 

Compound options are used for pricing the American put options (Geske and Johnson, 

1984a). One important application of compound options is their application in volatility 

risk hedging. Traders use compound options as a practical instrument to hedge the 
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volatility risk. The role of volatility risk is crucial in managing a portfolio of derivative 

securities. This volatility risk is the risk of changing the value of options due to the 

unpredictable changes in the volatility of the underlying asset. It can be hedged by using 

future of volatility of volatility swaps (Griebsch, 2013). Compound options can be used 

as a modeling formula for a sequence of rights or decisions in finance, so any sequence of 

financial decisions, for instance R&D projects, can be modeled using the compound 

options model. R&D projects can be considered as a sequential decision making process 

because in each stage which has its own objective and budget, according to the acquired 

results, it is decided to continue the project or stop it (Gong et al., 2006). They are used 

for pricing sequential exchange options as well (Carr, 1988). The studies demonstrate 

some other applications of compound options such as capital budget decision making 

(Duan et al., 2003), valuating new drugs project(Casimon et al., 2004), inventory and 

production (Cortazar and Schwartz, 1993). 

One method for calculating compound option prices based on its appropriate simulated 

model (such as Geske model or Black-Scholes model) is using numerical partial 

differential equations (PDE). Compound options are very sensitive to the values of 

volatilities.  Considering this fact that volatility is not directly observed from the market 

and the complex behavior of volatility on the other hand, calculating compound option 

prices using numerical PDE methods can be very hard and complex. They are sometimes 

time consuming as well. For example, in a two-factor stochastic volatility model case, for 

pricing the compound option, the full stochastic volatility model should be specified at 

first, then  two iterative three-dimensional PDEs should be solved. The first partial 
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differential equation generates the price of the underlying option and the second one 

calculates the price of the compound option (Fouque and Han, 2005). 

In all of the mentioned studies, the compound option price is studied as the output of a 

compound option pricing model, but none of them work on the inverse functions of the 

compound option pricing models. According to the vast and various comprehensive 

applications of compound pricing models in finance, having estimation on the inverse 

function of the compound option pricing model can be valuable. In some cases, it is 

necessary to estimate comprising variables or parameters of the compound option pricing 

model based on the compound option prices. The inverse function of compound option 

pricing model is approximated in this study. Artificial Neural Networks (ANNs) are the 

tools which are used for this estimation. ANNs enable the model to have fewer 

assumptions on the pricing model and increase the flexibility of the pricing models. This 

approach makes it possible to make pricing independent from any specific model. 

Pricing the derivatives, especially options has been a field of study in the ANN 

applications in recent years (Wang, 2009; Ko, 2009; Andreou et al., 2008; Morelli et al., 

2004; Xua et al., 2004; Bennell and Sutcliffe, 2004; Montagna et al., 2003; Yao et al., 

2000; Garcia and Gencay, 2000; Geigle and Aronson, 1999; Malliaris and Salchenberger, 

1996, 1993; Hutchinson et al., 1994). What makes the Artificial Neural Network an 

appropriate tool for simulating some models such as the option pricing model is its ability 

in simulating non-linear relationships among the data without being restricted on the 

assumptions that the parametric approaches such as Black-Scholes model rely on them 

(Bennell and Sutcliffe, 2004). 
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In this study, the method which has been introduced in a previous chapter is applied to 

improve the simulation power of ANNs in simulating the inverse function of the 

compound option pricing model. The compound options pricing model is developed 

based on the Black-Scholes model. 

Simulating the direct model of compound option pricing model using ANNs is straight 

forward because the model has 7 inputs and one output. The ANNs are very powerful in a 

function approximation problem when the number of input variables is more than the 

number of output variables. However, the current regular method of using ANNs cannot 

simulate the inverse function of these types of functions properly. One reason is that there 

are various combinations of values for the input variables which give the same value for a 

special value set of the output variables. Eventually, when the Artificial Neural Network 

is attempting to simulate the inverse function, there are different combinations of values 

for a specific set of the output variables. Hence, the ANN may generate the output which 

is different to the desired output. Simulating the inverse function of compound option 

pricing model enables us to have an estimation of current underlying price, base option 

strike price, base option time to maturity, compound option strike price, compound 

option time to maturity, interest rate and implied volatility based mainly on the 

compound option price. The focus of this study is to simulate the inverse function of the 

compound option pricing model using Artificial Neural Networks (ANNs) applying the 

augmented model presented in the previous Chapter. 

Two types of ANNs are usedto approximate an inverse function of the compound option 

pricing model including the Feed Forward Back Propagation Network (FFBPN), and the 

Radial Basis Function Network (RBFN).  
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To measure the performance of the proposed augmented method for simulating an 

inverse function of the compound option pricing, the system is simulated with both 

methods: in one instance with the current regular method of applying ANNs to estimate 

the inverse function; and in another instance using the proposed augmented method. The 

results of each simulation are compared with each other. Actually, an inverse function of 

the compound option pricing model is first estimated with current regular ANN model. 

Afterwards, the simulation is repeated using the proposed augmented method. 

In addition to compare the performance of regular ANN model with the proposed 

augmented method; the performance of two different classes of Artificial Neural 

Networks including the Feed Forward Back Propagation Networks and the Radial Basis 

Functions Networks are also compared with each other. 

The rest of this study is organized as follows. Section 7.2, is going to explain the 

Compound option pricing model briefly. Section 7.3, discusses the methodology 

including a detailed explanation about how to develop the model to estimate an inverse 

function. It also introduces the proposed augmented method. The evaluation measures are 

discussed in section 7.4. At the Section 7.5, the data of the study used for the simulations 

is presented and analyzed. Section 7.6, provides the inverse models estimations and the 

out-of sample simulation results. It also discusses the results and compares the models 

based on the results captured in previous section. The section 7.7, as the final section of 

this chapter provides the conclusion of this study. 
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7.2 Compound Option Pricing Model 

The derivatives can be categorized according to their features such as cash flows, time 

dependence, weak path dependence, strong patch dependence, dimensionality, the order 

of the option and embedded decisions related to the options. Compounds are a type of 

exotic options. Exotic options are much harder to price than the regular options. 

Compounds are options which are applied on options (Wilmott, 2007).  

A compound option, according to its type, gives its holder the right to buy or sell another 

option.  Having a compound call option on a call option, there is the right to buy a call 

option at a specified time for a specified price. If the compound option is applied or 

exercised, there is a call option to buy an underlying (a stock for example) at a pre 

specified time for a pre specified price. Compound option is a second order derivative 

because they give the right for exercising over another derivative. In this study, the 

compound options pricing model which has been developed based on the Black-Scholes 

model is considered as the base model. The Black-Scholes (BS) model is one of the most 

well-known option pricing models in finance. Fischer Black, Myron Scholes, and Robert 

Merton introduced the BS model for pricing the options in 1970 and the model absorbed 

lots of attentions in the field of option pricing (Black and Scholes, 1973). Although the 

BS model can be considered for pricing the second order contracts; it is not a satisfactory 

model for a real situation. In a real situation, when a compound option is exercised, an 

option is issued at the market price not at the calculated theoretical price. 
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Based on the BS model, in order to price the compound options, two steps should be 

followed. First, the underlying option should be priced according to the BS model as 

following.   

Showing the basic option expiration time with 𝑇 and the current time with 𝑡 where 

  𝑡 < 𝑇, the current price of the underlying asset, 𝑆(𝑡) , is known, but the price of the 

underlying asset at maturity of the option,  𝑆(𝑇), is not known. According to the Black 

and Scholes, 𝑆(𝑇) can be considered as a random variable and using some mathematical 

model, the dynamics of the price 𝑆(𝑡) can be modeled as a function of time; Let 

𝑓(𝑆(𝑡), 𝑡) be the price of the option at time 𝑡, or in short 𝑓(𝑆, 𝑡). Under suitable 

assumptions, the value of the option can be formulated as Equation 7.1 as follows (Black 

and Scholes, 1973; Wilmott, 2007; Hull, 2002): 

𝜕𝑓
𝜕𝑡

+ 1
2
𝜎2𝑆2 𝜕

2𝑓
𝜕𝑆2

+ 𝑟𝑆 𝜕𝑓
𝜕𝑆
− 𝑟𝑓 = 0                                (Eq. 7.1) 

The current value 𝑓(𝑆0, 0), where 𝑆0= 𝑆(𝑡 = 0), is the option price.  

The second step is to price the compound option again based on the BS model. But in this 

step, the underlying price is the underlying option price. And the calculated option price 

based on the BS model is the compound option price (Black and Scholes, 1973; Wilmott, 

2007; Hull, 2002).  

Showing the expiration time of the compound option with 𝑇𝐶𝑜 and the current time with 

𝑡𝐶𝑜 where   𝑡𝐶𝑜 < 𝑇𝐶𝑜 < 𝑇, the current price of the underlying option, 𝑓(𝑡𝐶𝑜), is known, 

but the price of the underlying option at maturity of the compound option,  𝑓(𝑇𝐶𝑜), is not 

known. According to the Black and Scholes, 𝑓(𝑇𝐶𝑜) can be considered as a random 
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variable and the  previous differential equation model, equation 7.1, can be replaced as 

the dynamics of the price 𝑓(𝑡𝐶𝑜) as a function of time; Let 𝐶𝑜(𝑓(𝑆(𝑡), 𝑡), 𝑡𝐶𝑜) be the 

price of the compound option at time 𝑡𝐶𝑜, or in short 𝐶𝑜(𝑓, 𝑡𝐶𝑜). Under suitable 

assumptions, the value of the compound option can be formulated as Eq. 7.2(Black and 

Scholes, 1973; Wilmott, 2007; Hull, 2002): 

𝜕𝐶𝑜
𝜕𝑡𝐶𝑜

+ 1
2
𝜎2𝑓2 𝜕

2𝐶𝑜
𝜕𝑓2

+ 𝑟𝑓 𝜕𝐶𝑜
𝜕𝑓

− 𝑟𝐶𝑜 = 0                           (Eq. 7.2) 

The current value  𝐶𝑜(𝑓0, 0), where 𝑓0= 𝑓(𝑡 = 0), is the Compound price (Black and 

Scholes, 1973; Wilmott, 2007; Hull, 2002).  

The final compound option pricing differential equation can be rewritten as the equation 

7.3 as following(Black and Scholes, 1973; Wilmott, 2007; Hull, 2002): 

𝜕𝐶𝑜
𝜕𝑡𝐶𝑜
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2
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𝜕𝑆
− 𝑟𝑓) 𝜕𝐶𝑜

𝜕(𝜕𝑓𝜕𝑡+
1
2𝜎

2𝑆2𝜕
2𝑓

𝜕𝑆2
+𝑟𝑆𝜕𝑓𝜕𝑆−𝑟𝑓 )

− 𝑟𝐶𝑜 = 0         (Eq. 7.3) 

 

Assuming that both underlying and underlying option price have the normal distributions, 

equation 7.1 and 7.2 can be simplified and be solved analytically. Assuming these, the 

basic European call option price based on the Black-Scholes formula is: 

𝐶 = S0N(d1) − Xe−rTN(d2)                                  (Eq. 7.4) 

Where 

d1 =
ln�S0 X� �+�r+σ

2
2� �T

σ√T
                                   (Eq. 7.5) 
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d2 =
ln�S0 X� �+�r−σ

2
2� �T

σ√T
= d1 − σ√T                            (Eq. 7.6) 

N(x) is the cumulative of the probability function. This function is the standardized 

normal variable. In Other words, if the variable has the standard normal distribution, N(x) 

is the probability which the variable has the values less than the value of x.  The variable 

C is the European call option price, 𝑋 is the basic option strike price, 𝑇 is the basic option 

maturity, 𝜎 is the volatility of the underlying asset price and 𝑟 is the risk-free interest 

rate(Black and Scholes, 1973; Wilmott, 2007; Hull, 2002). 

After calculating the basic option price, the option price can be considered as the 

underlying price to calculate compound option price based on the analytical solution of 

the second BS model. So, the basic compound European call option price is: 

𝐶𝑜 = CN(d3) − XCoe−rTCoN(d4)                                 (Eq. 7.7) 

Where 

d3 =
ln�C XCo

� �+�r+σ
2
2� �TCo

σ�TCo
                                     (Eq. 7.8) 

d4 =
ln�C

XCo� �+�r−σ
2
2� �TCo

σ�TCo
= d3 − σ�TCo                            (Eq.7. 9) 

 

The variable Co is the Compound European call option price, XCo is the compound option 

strike price, TCo is the compound option maturity, 𝜎 is the volatility of the underlying 

option price which is the same as the volatility of the underlying asset of the basic option 

which the compound option is calculating on that and 𝑟 is the risk-free interest rate 

(Black and Scholes, 1973; Wilmott, 2007; Hull, 2002). 

In this study, the inverse function of the compound option pricing model, equation 7.3, is 

simulated. Having a good simulation, the current underlying asset price, 𝑆, basic option 
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strike price, 𝑋, the time to expiration or maturity of the basic option, 𝑇, the volatility of 

the underlying asset price, 𝜎, the risk-free interest rate, 𝑟 , compound option strike price, 

XCo, and  maturity of the compound option, TCo can be estimated mainly based on the 

compound European Call option Price, 𝐶𝑜, using ANNs.  

The model has 7 independent variables and one dependent variable, so the data sets 

should include these seven variables and they are fed into the networks according to each 

network’s design. Again, in order to generalize the model, it should be independent of 

any special underlying asset. The moneyness which is defined as the ratio of Strike price 

to the current price of the underlying asset (Equation 7.10) is used for this generalization. 

The number of the input variables is decreased to 6 from 7 considering this new variable, 

moneyness. 

 

7.3  Developing inverse models 

The forward function of the compound option pricing model uses the current underlying 

asset price, basic option Strike price, volatility of the underlying asset price, rate of 

interest, time to maturity of the basic option, compound option strike price, and the time 

to maturity of the compound option as the inputs to calculate compound option price as 

the output of the network as the following block diagram. As previously mentioned, the 

ratio of basic option strike price to the underlying asset price is replaced with the 

moneyness. The schematic view of the direct function is as in the figure 7.1. 

According to the explanations provided in the section 6.5, considering figure 7.1, the 

direct function of the compound option pricing model can be considered as the case 
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where  𝑚 < 𝑛; so the model to estimate an inverse function is the system with a number 

of inputs smaller than the number of outpust as in the figure 7.2. 
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Figure  7.1: Schematic view of the Compound option direct function 
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Figure  7.2: The inverse function of Compound option pricing model 
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Again, considering the explanations from section 6.5, in this case the ANN can just find a 

rough approximate solution for an inverse function. In order to have a better solution, the 

system is transformed to situation where  𝑚 = 𝑛. In order to accomplish this, the 

proposed augmented method, as section 6.5, is based on adding some dummy variables to 

the system to equalize the number of the inputs and outputs. In this manner, since 

for  𝑚 = 𝑛. there is one unique solution for the system; hence, the ANN perofrms better. 

Actually, the set of inputs is completed with the virtual dummy functions. 

As previously mentioned, the inverse function of the compound option pricing model is 

to be simulated. For this model, the compound option price is considered as the input, and 

the other 6 variables are considered as the output of the network (As explained before, 

two variables including current underlying asset price and strike price are combined to 

form one variable called moneyness). The final network which simulates inverse of the 

compound option pricing model has one input and six outputs as in figure 7.2. Since in 

this system the number of the outputs is more than the number of the inputs, the ANN can 

only find a rough approximate solution. According to the proposed augmented method, 

the set of outputs of the direct function should be completed with dummy variables 

(functions). After doing this, the number of the inputs and outputs would be the same. So, 

five dummy variables are added to the function as the inputs of the inverse function 

(output set of the direct function) as figure 7.3. 
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Figure  7.3: Added dummy variables as the inputs of the inverse function 
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Shortly, the inverse function has one input and six outputs, so it needs five dummy 

variables to equalize the number of the inputs of the inverse function model to the 

number of the outputs. Based on the system of equation 7.11, these dummy functions are 

functions of the input variables of the direct function so they can be defined according to 

the rationale of the field on which the system is defined. Each of these dummy variables 

can be a function of each of the input variables of the direct model (output variables of 

the inverse model) or a function of a combination of these variables (Eq.7.11) including 

moneyness, basic option time to maturity, basic option strike price, volatility, interest 

rate, compound option strike price and compound option time to maturity. 

𝑦1 = 𝑓1(𝑥1, 𝑥2, … , 𝑥𝑛) 
𝑦2 = 𝑓2(𝑥1, 𝑥2, … , 𝑥𝑛) 

… 
𝑦𝑚 = 𝑓𝑚(𝑥1, 𝑥2, … , 𝑥𝑛) 

 

Set of dummy functions

⎩
⎪
⎨

⎪
⎧
𝑦𝑚+1 = 𝑓𝑚+1(𝑥1, 𝑥2, … , 𝑥𝑛)

…
𝑦𝑚+𝑖 = 𝑓𝑚+𝑖(𝑥1, 𝑥2, … , 𝑥𝑛)

…
𝑦𝑛=𝑚+𝑁 = 𝑓𝑛(𝑥1, 𝑥2, … , 𝑥𝑛)

� 

… 
𝑎𝑠 𝑖 = 1, … ,𝑁            𝑁 = 𝑛 −𝑚 

𝑥 ∈  ℝ𝑛  𝑦 ∈  ℝ𝑛 
 

Eq.7.11 
 

In this study, the inverse function of the compound option pricing model (without dummy 

variables) is considered as the base model. The results of the base model simulation are 

be compared with the proposed augmented method results. Two different Artificial 

Neural Networks are designed. One model for simulating the base inverse function of the 

compound option pricing model, as figure 7.2; and another one which simulates the 
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inverse function of compound option pricing model with the added dummy variables, as 

figure 7.3.   

The base model has the European call compound option price as its input and the other 6 

variables including moneyness, basic option time to maturity, basic option strike price, 

volatility, interest rate, compound option strike price, and compound option time to 

maturity, as its outputs. The proposed augmented model has 5 dummy variables, as 

previously explained, in addition as its inputs. Two different sets of dummy variables 

have been applied and tested in this study. For the first test, the dummy variables are 

defined as functions of 5 of the 5 output variables. The five dummy functions which are 

defined in this step are as (1): squared of the estimation of moneyness, (2): squared of the 

estimation of basic option time to maturity, (3): the complement of the estimation of the 

volatility (1 - the estimation of the volatility), (4): squared of the estimation of the 

compound option time to maturity, and (5): squared of the estimation of the compound 

option strike price)  

For the second try, the dummy variables are defined as functions of 3 of the 5 output 

variables. The five dummy functions which are defined in this step are as (1): the 

estimation of moneyness to the power of 2, (2): the estimation of the compound option 

strike price to the power of 2, (3): the complement of the estimation of the volatility (1 - 

the estimation of the volatility), (4): the estimation of moneyness to the power of 3, and 

(5): the estimation of the compound option strike price to the power of 3. 

Two networks are designed for each of the Feed Forward Back Propagation Network and 

the Radial Basis Function Network. Finally, the overall study includes four ANNs, two 
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FFBPNs and two RBFNs for simulating the base model and the proposed augmented 

model for each set of the dummy variables. 

According to the provided general overview of the simulation process, the input variables 

of the ANNs should be determined. The input data are preprocessed to be in range [0,1] 

because ANNs perform better when the inputs are scaled in this range. 

According to the different architectures of the Radial Basis Functions Networks (RBFN), 

and the Feed Forward Back Propagation Networks (FFBPN), their designs are different. 

The number of the neurons in the input layer are assumed to be equal to the number of 

the input variables for the first run. According to the ANNs design, the number of the 

neurons in the last layer or output layer should be equal to the number of the output 

variables as well, so they are considered equal to the number of the output variables 

which in this model is 6 for both networks. A 3 layered network is considered for the 

initial design of the Forward Back Propagation Network. The number of the layers are 

changed in order to reach the best design to get the best results. The number of the 

neurons in the first layer, input layer, and the number of the hidden layers and their 

assigned neurons are changed during the training process as the parameters of the ANNs 

to improve the results. The range of the output variable of the study is more than one, so 

“pure linear” function is considered as the transfer function for the output layer. 

“Logarithmic sigmoid” transfer function is also considered for the input and other hidden 

layers for the Feed Forward Back Propagation Network. The training algorithm is set as 

the Levenberg-Marquardt algorithm, and a goal of 1e-15 is set as the network goal for the 

mean squared error performance function. 
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In contrast to the Feed Forward Back Propagation Network (FFBPN), the Radial Basis 

Function Network (RBFN) has just 3 layers, input layer, radial basis layer, and output 

layer. The number of the neurons in input layer is equal to the number of the input 

variables and the number of the neurons in the output layer is equal to the number of the 

output variables. The number of the neurons in the radial basis layer is also determined 

automatically during the training process, so it does not need to be determined. 

Again, because the range of the output variable of the study is more than one, “pure 

linear” function is considered as the transfer function for the output layer. The “radial 

Basis function” transfer function is also the pre specified transfer function for the radial 

basis layer in the Radial Basis Function Networks. Spread is another parameter of the 

RBFN. The spread should be large enough to allow the active input regions of the radial 

basis neurons overlap enough. The Training algorithm is set as the Levenberg-Marquardt 

algorithm, and a goal of 1e-5 is set as the network goal for the mean squared error 

performance function. 

After finishing the networks designs, the training data can be fed into the neural 

networks. 1000 data points are generated randomly for each of the training and testing 

sets.  

Training the networks is started by applying different combinations of data sets as the 

input to the networks. After each run, the network compares the forecasted moneyness, 

interest rate, volatility and time to maturity with the desired ones. It calculates and feeds 

the error backward. The neurons reset their weights each time the errors are fed back. 

After training each network, the network parameters including the number of the hidden 
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layers and the number of the neurons of each hidden layer are refined based on the 

performance of the training. The transfer functions of the Feed Forward Back 

Propagation Network and the value of the spread are refined to reach to the optimal level. 

It should be mentioned that the ANNs implementations were done using Matlab and its 

Toolboxes. The related programming parts for simulations are done using the Matlab     

M-files as well. 

 

7.4 Results evaluation 

There are different values of the moneyness, interest rate, volatility and time to maturity 

for both the basic option which the compound option is applied on and also the 

compound option. So, the forecasted values of the networks cannot be compared with the 

appropriate set of the presented data (initial ones) which has been applied to the network. 

According to the model, various different sets of the forecasted values could generate the 

same compound option price so this point should be considered in the results evaluation. 

In order to resolve this problem and have a good evaluation of the results precision, the 

option price are calculated based on the forecasted values of the network (moneyness, 

interest rate, volatility and time to maturity); using the compound option pricing formulas 

analytically, or using an ANN which is trained based on compound option pricing data 

which are generated using Compound pricing formula. This ANN simulates the 

Compound option pricing formula. The calculated compound option prices are compared 

with the initial option prices. The calculated error is considered as the measure of the 

performance of the networks.  
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Actually, the simulation and testing process has been done in two manners. In one 

instance, in order two generate the compound option prices, for the situation where there 

exist the explicit pricing model, compound formula has been used. In another run, the 

simulation process has been done using the simulated compound formula with ANNs, for 

modeling the situation where the explicit pricing model does not exist. To further explain, 

it can be said that the training and testing data series for the first run is done using the 

compound formula. In this case, in order to check the results from the inverse function, 

the model outputs are fed into the compound formula to calculate the compound option 

price and this price is compared with the network outputs to determine the model 

precision.  

The training and testing data series for the second run is done using the simulated 

compound formula with ANNs. In this case, in order to check the results from the 

estimated inverse function, the model outputs are fed into into the simulated compound 

option pricing ANNs, which simulates the compound formula, to calculate the compound 

option prices and these prices are compared with the network outputs to determine the 

model precision again. This additional testing is done to show that when there is not an 

explicit function, the direct function can be simulated using ANNs and these ANNs can 

be used for testing the inverse function. 

Results evaluation is done based on three measures including the mean absolute error 

(MAE) which is calculated according to equation 4.12; the mean squared error (MSE) 

which is calculated according to equation 4.13; and the mean absolute percentage error 

(MAPE) which is calculated according to equation 4.14. Generally, these measures 
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calculate the difference between the ANNs results and actual ones, which have been 

calculated analytically based on the Compound option pricing model.  

 

7.5 Data 

In order to provide the compound option pricing data for the ANNs, random numbers are 

generated for the input variables of the models according to their logical technical ranges 

and specifications of each variable as followings.  

1-The moneyness of the basic option, (X
S0�  Strike price/Current underlying asset 

price), m ϵ [1 1.1]  

2-The volatility of the stock price, 𝜎 ϵ [20%   30%]   

3-The risk-free interest rate, 𝑟 ϵ [1%    5%] 

4-The time to expiration for the basic option, 𝑇 ϵ [2 4] month  

5-The time to expiration for the compound option, TCo ϵ [1 3] month  

6-The compound option strike price, XCo ϵ [1 1.1] * basic option price  

  

A maximum value of 1.1 is considered for the moneyness. As previously described, the 

current price is set equal to 1 for all the data points, so the strike price is determined using 

these two values, moneyness and current price. Normally, for the normal stocks the range 

of volatility is between 20% and 40% (Hull, 2002), so in this study a range of 20% to 

30% has been considered for generating random values for this variable. It is also 

considered a range of minimum 1% and maximum 5% for the rate of interest and a range 

of 2 to 4 month for the basic option maturity time. Since the maturity of the compound 
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option should be less than the maturity of the basic option, a range of 1 to 3 months is 

considered for the compound option maturity time. 

According to these ranges, random values have been generated in accordance with their 

pre defined appropriate ranges. The data are generated using the uniform random 

generator function. The compound European call option price, Co, has been calculated 

using equations 7.4, 7.5, 7.6, 7.7, 7.8 and 7.9 which are based on the Black-Scholes 

formula for the compound options. 1000 series of data have been generated for each of 

the training and testing sets. 

 

7.6 Empirical results and discussion 

Different designed networks with different justifications such as hidden layers, neurons in 

each layer, transfer functions and spreads have been trained and tested. After training and 

testing the networks, the combination that provided the best results are chosen and are 

presented in table 7.1, 7.2, 7.3, and 7.4.  

The result for the situation where the simulation and evaluation is done using compound 

formula is according to tables 7.1 and 7.2. 

The result for the situation where the simulation and evaluation is done using the 

simulated compound formula with the ANNs, is according to tables 7.3 and 7.4. 

For the first set of dummy variables, the network architectures for the Feed Forward Back 

Propagation Network (FFBPN) for the inverse base case is a 4 layered network with the 

1-4-5-6 architecture and for the inverse dummy added case is a 4 layered network with 

the 6-12-10-6 architecture.  
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For the second set of dummy variables, the network architectures for the FFBPN for the 

inverse base case is a 4 layered network with the 1-4-5-6 architecture and for the inverse 

dummy added case is a 4 layered network with the 6-12-10-6 architecture.  For both types 

of Artificial Neural Networks the results has been brought in Tables 7.1, 7.2, 7.3, and 7.4.  
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Table  7.1: Artificial Neural Networks training and testing results for first dummy variables 
set- simulation and evaluation using compound formula 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN 
Training 8.22 4.12E-09 4.69E-05 

Testing 8.04 4.96E-09 4.76E-05 

RBFN 
Training 7.98 2.41E-09 4.20E-05 

Testing 7.93 2.51E-09 4.29E-05 

System with added 

dummy 

variables(functions) 

FFBPN 
Training 4.02 1.37E-09 2.36E-05 

Testing 4.18 1.47E-09 2.37E-05 

RBFN 
Training 2.02 3.02E-10 1.11E-05 

Testing 3.19 1.21E-09 1.96E-05 
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Table  7.2: Artificial Neural Networks training and testing results for second dummy 
variables set- simulation and evaluation using compound formula 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN 
Training 8.22 4.12E-09 4.69E-05 

Testing 8.04 4.96E-09 4.76E-05 

RBFN 
Training 7.98 2.41E-09 4.20E-05 

Testing 7.93 2.51E-09 4.29E-05 

System with added 

dummy 

variables(functions) 

FFBPN 
Training 4.60 2.50E-09 2.80E-05 

Testing 4.76 2.29E-09 2.76E-05 

RBFN 
Training 4.79 1.27E-09 2.25E-05 

Testing 4.43 1.38E-09 2.38E-05 
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Table  7.3: Artificial Neural Networks training and testing results for first dummy variables 
set- simulation and evaluation using simulated compound formula with the ANNs 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN 
Training 10.15 5.24E-07 8.15E-04 

Testing 9.04 1.05E-07 7.34E-04 

RBFN 
Training 5.69 3.26E-07 5.67E-03 

Testing 7.96 1.23E-07 6.31E-04 

System with added 

dummy 

variables(functions)- 

simulated Compound 

model with ANN 

FFBPN 
Training 6.95 6.84E-09 6.95E-05 

Testing 5.39 5.62E-09 5.09E-05 

RBFN 
Training 4.57 1.31E-09 2.30E-05 

Testing 5.10 2.94E-09 2.77E-05 
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Table  7.4: Artificial Neural Networks training and testing results for second dummy 
variables set- simulation and evaluation using simulated compound formula with the ANNs 

System Type Network Type 'MAPE'  

% 
'MSE' 'MAE' 

System with regular 

inputs 

FFBPN 
Training 10.15 5.24E-07 8.15E-04 

Testing 9.04 1.05E-07 7.34E-04 

RBFN 
Training 5.69 3.26E-07 5.67E-03 

Testing 7.96 1.23E-07 6.31E-04 

System with added 

dummy 

variables(functions)- 

simulated Compound 

model with ANN 

FFBPN 
Training 5.76 3.35E-09 3.54E-05 

Testing 6.14 3.27E-09 3.65E-05 

RBFN 
Training 5.62 4.31E-09 3.56E-05 

Testing 5.92 5.36E-09 3.93E-05 
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Table 7.5 and 7.6 compares the testing results from the two types of Artificial Neural 

Networks for both of the systems (the regular system which has the regular inputs, and 

the augmented system with the added dummy variables among the inputs), for both sets 

of dummy variables for both evaluation processes. It can be seen that both the Artificial 

Neural Networks including the Feed Forward Back Propagation Network and the Radial 

Basis Function Network exhibit a good performance in simulating the inverse function of 

the compound option pricing model for both the systems considering both sets of dummy 

variables and both evaluation processes. 
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Table  7.5: Final results comparison- simulation and evaluation using compound formula  

System Type Network Type 'MAPE'  

% 

'MSE' 'MAE' 

System with regular 

inputs 

FFBPN Testing 8.04 4.96E-09 4.76E-05 

RBFN Testing 7.93 2.51E-09 4.29E-05 

System with added 

dummy 

variables(functions) 

First set 

FFBPN Testing 4.18 1.47E-09 2.37E-05 

RBFN Testing 3.19 1.21E-09 1.96E-05 

System with added 

dummy 

variables(functions) 

Second set 

FFBPN Testing 4.76 2.29E-09 2.76E-05 

RBFN Testing 4.43 1.38E-09 2.38E-05 
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Table  7.6: Final results comparison- simulation and evaluation using simulated compound 
formula with the ANNs 

System Type Network Type 'MAPE'  

% 

'MSE' 'MAE' 

System with regular 

inputs 

FFBPN Testing 
9.04 1.05E-07 7.34E-04 

RBFN Testing 
7.96 1.23E-07 6.31E-04 

System with added 

dummy 

variables(functions) 

First set 

FFBPN Testing 
5.39 5.62E-09 5.09E-05 

RBFN Testing 
5.10 2.94E-09 2.77E-05 

System with added 

dummy 

variables(functions) 

Second set 

FFBPN Testing 
6.14 3.27E-09 3.65E-05 

RBFN Testing 
5.92 5.36E-09 3.93E-05 
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Tables 7.7, 7.8, 7.9, 7.10, 7.11, and 7.12 represent some samples of the inverse functions 

simulations results for different situations for the Compound Option Pricing Model.  

The Table  7.7 represents sample results for inverse compound option pricing system with 

regular input for the Feed Forward Back Propagation Network (FFBPN). The Table  7.8 

represents sample results for inverse compound option pricing system with the first set of 

added dummy variables for the Feed Forward Back Propagation Network, and Table  7.9 

represents sample results for inverse compound option pricing system with the second set 

of added dummy variables for the Feed Forward Back Propagation Network. 

Table  7.10 represents sample results for inverse compound option pricing system with 

regular input for the Radial Basis Function Network (RBFN). The Table  7.11 represents 

sample results for inverse compound option pricing system with the first set of added 

dummy variables for the Radial Basis Function Network, and the Table  7.12 represents 

sample results for inverse compound option pricing system with second set of added 

dummy variables for the Radial Basis Function Network. 
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Table  7.7: Sample results for inverse compound option pricing system with regular inputs- 
Feed Forward Back Propagation Network 

ANN 

input 
ANN outputs 

Output 

Compound 

Price 

% 

Error Compound 

Price 
moneyness 

Rate of 

Interest 
Volatility 

Option 

Maturity 

Time 

Compound 

Maturity 

Time 

Compound 

Strike 

0.00032 1.0553 0.0299 0.2487 0.2296 0.1035 1.0573 0.00035 8.86 

0.00070 1.0465 0.0299 0.2553 0.2603 0.1325 1.0430 0.00076 8.87 

0.00217 1.0282 0.0350 0.2828 0.3060 0.1820 1.0178 0.00236 8.88 

0.00032 1.0553 0.0299 0.2487 0.2296 0.1036 1.0573 0.00035 8.90 

0.00070 1.0466 0.0299 0.2552 0.2601 0.1323 1.0430 0.00076 9.03 

0.00217 1.0280 0.0350 0.2830 0.3059 0.1819 1.0177 0.00237 9.03 

0.00032 1.0552 0.0299 0.2488 0.2299 0.1038 1.0571 0.00035 9.11 

0.00069 1.0467 0.0299 0.2552 0.2597 0.1319 1.0432 0.00076 9.34 

0.00033 1.0550 0.0299 0.2490 0.2302 0.1041 1.0569 0.00036 9.36 

0.00069 1.0467 0.0299 0.2552 0.2596 0.1319 1.0432 0.00075 9.40 
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Table  7.8: Sample results for inverse compound option pricing system with first set of 
added dummy variables - Feed Forward Back Propagation Network 
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Table  7.9: Sample results for inverse compound option pricing system with second set of 
added dummy variables - Feed Forward Back Propagation Network 
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Table  7.10: Sample results for inverse compound option pricing system with regular inputs- 
Radial Basis Function Network 

ANN 

input 
ANN outputs 

Output 

Compound 

Price 

% 

Error Compound 

Price 
moneyness 

Rate of 

Interest 
Volatility 

Option 

Maturity 

Time 

Compound 

Maturity 

Time 

Compound 

Strike 

0.00120 1.0358 0.0317 0.2623 0.2772 0.1525 1.0308 0.00129 7.71 

0.00119 1.0360 0.0317 0.2626 0.2768 0.1516 1.0308 0.00128 7.75 

0.00118 1.0361 0.0316 0.2627 0.2764 0.1509 1.0308 0.00128 7.76 

0.00006 1.0721 0.0284 0.2266 0.2039 0.0847 1.0836 0.00007 7.78 

0.00073 1.0462 0.0299 0.2554 0.2616 0.1338 1.0425 0.00078 7.78 

0.00072 1.0463 0.0299 0.2553 0.2613 0.1335 1.0426 0.00078 8.08 

0.00120 1.0358 0.0317 0.2623 0.2772 0.1525 1.0308 0.00129 7.71 

0.00071 1.0464 0.0299 0.2553 0.2610 0.1332 1.0427 0.00077 8.29 

0.00031 1.0556 0.0299 0.2483 0.2289 0.1029 1.0578 0.00034 8.30 

0.00216 1.0287 0.0348 0.2823 0.3067 0.1822 1.0182 0.00233 8.22 
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Table  7.11: Sample results for inverse compound option pricing system with first set of 
added dummy variables - Radial Basis Function Network 
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Table  7.12: Sample results for inverse compound option pricing system with second set of 
added dummy variables - Radial Basis Function Network 
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Comparing the testing results from the Artificial Neural Networks with regular inputs 

with the proposed augmented system which has the first added dummy variable set as the 

input, it can be concluded that the Artificial Neural Networks with the added dummy 

variables outperform the model which does not have the added dummy variables. For the 

case of evaluation process with the compound formula, in FFBPN model, the MAPE is 

equal to 8.04% while the MAPE for the new method is 4.18% and for RBFN the MAPE 

is equal to 7.93% while the MAPE for the new method is equal to 3.19%. The other 

evaluation measures such as MAE and MSE suggest the same. For the case of evaluation 

process with the simulated compound formula with ANN, in FFBPN model, the MAPE is 

equal to 9.04% while the MAPE for the new method is 7.9% and for RBFN the MAPE is 

equal to 7.96% while the MAPE for the new method is equal to 5.1%. The other 

evaluation measures such as MAE and MSE suggest the same. 

Comparing the testing results from the Artificial Neural Networks with regular inputs 

with the proposed augmented system which has the second added dummy variable set as 

the input, it can also be concluded that the Artificial Neural Networks with the added 

dummy variables outperform the model which does not have the added dummy variables. 

For the case of evaluation process with the compound formula, in FFBPN model, the 

MAPE is equal to 8.04% while the MAPE for the new method is 4.76% and for RBFN 

the MAPE is equal to 7.93% while the MAPE for the new method is equal to 4.43%. The 

other evaluation measures such as MAE and MSE suggest the same. For the case of 

evaluation process with the simulated compound formula with ANN, in FFBPN model, 

the MAPE is equal to 9.04% while the MAPE for the new method is 6.14% and for 

RBFN the MAPE is equal to 7.96% while the MAPE for the new method is equal to 
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5.92%. The other evaluation measures such as MAE and MSE suggest the same. These 

comparisons show that the new method is working better than the regular method and the 

new suggested method can decrease the simulation error. 

Considering the values for the compound option prices, moneyness (basic option strike 

price), and compound option strike prices in the tables 7.7 to 7.12, it seems they are 

small. The reason is that they are calculated for an underlying asset with a cost of $1. 

Since the model is generalized using the moneyness variable, the represented data are for 

an underlying asset value which is equal to 1 Dollar. It means that all the input and output 

variables are scaled in a manner to be appropriate for different underlying assets under 

different financial conditions and they can be applied to all the different underlying assets 

with different values in different scopes. In order to calculate the compound option price 

for an underlying asset which costs for example $40, the compound option price, the 

moneyness as the basic option strike price, and compound option strike prices should be 

multiplied by the current underlying asset price, which in this example is 40, to calculate 

the related appropriate compound option price, basic option strike price, and compound 

option strike price for the underlying asset. The Time to maturity for both basic and 

compound options reflects the portion of the year. For example, a Time to maturity equal 

to 0.0833 represents a one-month maturity time. The interest rate should be multiplied by 

100 to be in percentage. Considering these clarifications, it can be said that the results are 

representative of financial conditions. 

Comparing the Feed Forward Back Propagation Network with the Radial Basis Function 

Network results for the proposed augmented system, it can be seen that Radial Basis 

Function Network performs better than the Feed Forward Back Propagation Network. 
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7.7  Conclusions 

In this study, Artificial Neural Networks have been used to simulate the inverse function 

of the compound option pricing model which is a model for pricing the options on 

options. The Feed Forward Back Propagation Network and the Radial Basis Function 

Network are the two different types of Artificial Neural Networks which have been used 

here. The simulated inverse function using the regular method of using the Artificial 

Neural Networks was compared with the new proposed augmented method of simulating 

the inverse functions. The results demonstrate the better performance of new proposed 

augmented method of using Artificial Neural Networks in simulating the inverse function 

of compound option pricing model. According to the results, the Radial Basis Function 

Network performs better than the Feed Forward Back Propagation Network too. An 

important contribution of this research is to present the novel augmented method for 

increasing the precision of the simulation power of ANNs for calculating inverse 

functions where the number of the inputs is less than the number of the outputs in the 

ANNs models. 
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8. CHAPTER 8: SUMMARY OF THE THESIS 

 

In this chapter, a short summary of the Thesis is presented. All the four studies which 

have been covered in the thesis are summarized. In addition, a summarized conclusion of 

all the studies with the author recommendations for future studies is presented. 

 

8.1 Summary of the thesis 

This Thesis presents a novel application of Artificial Neural Networks (ANNs) in 

Financial Engineering. Here Artificial Neural Networks are applied for simulating both 

direct and inverse relationships of some financial models. 

Artificial Neural Networks (ANNs) can be used for modeling the non-linear relationships 

between some inputs and some outputs of a model. They are kind of an information 

processing technology which has been developed based on the construction of the human 

brain. They can be considered as a black box that approximates and simulates the 

relationship between inputs and outputs of a target system. Being designed based on the 

human brain, their architecture includes layers, neurons which are located in layers, and 

transfer functions.  

Artificial Neural Networks have different applications in different areas of finance. They 

are used in a wide range. Some of the areas which they can be applied are such as: 

predicting some measures like the bankruptcy of companies and corporations; the 

performance of stocks and selecting them for trade; the bankruptcy of thrifts and banks; 
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evaluating some instruments like real estates, bonds and Credits; and forecasting some 

financial measures like commodities futures prices, various indexes of capital markets, 

the volume of Futures trading, and asset value of Mutual funds.  Being more specific, 

they have many applications in Financial Engineering such as: forecasting stock prices 

and returns; predicting the financial time series, forecasting stock market indices/returns; 

developing strategies for Stock trading; forecasting price of currencies and exchange 

rates; pricing derivative; forecasting volatility; evaluating the performance of stocks; 

managing and optimizing the portfolios; forecasting the systematic risk; predicting the 

financial performance and crashes; and forecasting future prices of commodities. There 

are different studies which have been done on each of these areas. In all of them, different 

types of Artificial Neural Networks such as  the Feed Forward Back Propagation 

Network and the Radial Basis Function Networks, independently or as a part of a hybrid 

model, are used for forecasting different indexes of financial markets under different 

situations. 

The Feed Forward Back Propagation Network and the Radial Basis Functions Networks 

are two types of the Artificial Neural Networks which are the main tools of this Thesis 

study.  

The study comprises of four parts. In first two parts, the ANNs are applied to forecast via 

forward/direct functions the future volatilities of crude oil future prices. In parts three and 

four, the ANNs are utilized to simulate the inverse functions of option and compound 

options pricing models. The technical body of the thesis is classified into four parts 

including: Forecasting Return Volatility of Crude Oil Future Prices using Artificial 

Neural Networks; Forecasting Return Volatility Of Crude Oil Future Prices Using 



238 
 

Artificial Neural Networks, Based On Intra Markets Variables and Focus on The 

Speculation Activity; a Novel Method for Estimating the Inverse Function Of BLACK-

SCHOLES Option Pricing Model, using Artificial Neural Networks; and Estimating the 

Inverse Function of the Compound Option Pricing Model using Artificial Neural 

Networks. 

The first part introduces a model which utilizes Artificial Neural Networks to predict the 

Crude Oil Future Prices Return Volatilities. According to the recently emerging 

importance of commodities in the world economy, it is very important to have a precise 

prediction of the price volatilities. In order to forecast return volatilities of crude oil 

futures prices, two types of ANNs have been applied in this study. The results of these 

ANNs are compared with the GARCH model which is one of the most popular models 

for volatility modeling and prediction. In this part of the study, the crude oil future prices 

data from the NYMEX are used for volatility modeling. The results prove that the ANNs 

(Both types of the used ANNs in this study) perform better than the traditional GARCH 

model in crude oil future prices volatilities forecasting.  

The explicit contribution of this part of the study is the application of two types of the 

Artificial Neural Networks, including the Feed Forward Back Propagation Network and 

the Radial Basis Function Network in forecasting return volatilities of crude oil future 

prices. 

The second study introduces a model for Forecasting Return Volatility Of Crude Oil 

Future Prices Using Artificial Neural Networks, Based On Intra Markets Variables and 

Focus on The Speculation Activity. Considering the strong linkages between commodity 

and equity markets during the few past years, the motivation of this part of the study is to 
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forecast the return volatility of crude oil future prices based on the information from the 

intra markets variables. According to the recent allegation that speculators participations 

affect the market trends and commodity prices, it is also necessary to analyze the 

speculation activity impact on the volatility prediction in this study. Speculation activity 

which is measured by working’s “T” absorbed many attentions recently. The historical 

value of some explanatory variables other than the historical volatilities, which is 

normally used in the volatility forecasting models such as GARCH models, has been used 

to forecast the future volatilities of crude oil. The empirical data of light sweet crude oil 

future prices from the NEW YORK mercantile exchange market has been used to train 

and test the model. The results of the Feed Forward Back Propagation Network and the 

Radial Basis Function Network have been compared with the GARCH model. The 

findings of the study show that both types of ANNs are working better than the GARCH 

model in forecasting the return volatility of crude oil future prices and speculation plays 

an important role in forecasting volatility in absence of historical volatility. But when the 

historical volatilities are available, it is observed that they have enough information of the 

future and the information of the speculative activity is encompassed by the historical 

volatilities. 

Third part of the study introduces a Novel Augmented Method for Estimating the Inverse 

Function Of BLACK-SCHOLES Option Pricing Model, using Artificial Neural 

Networks. Black-Scholes(BS) model is a well-known model for pricing options, a 

derivative financial instrument which gives its owner the right of buying the underlying 

asset at a pre specified date for a pre specified price. The BS model calculates the option 

price using 5 inputs including current underlying price, strike price, time to maturity, 
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interest rate and the volatility of the underlying asset price. Having a good estimation of 

volatility as a risk measure is also very important to calculate a fair option price. 

Simulating the direct function of BS model with Artificial Neural Networks having 5 pre 

mentioned inputs is straight forward, but simulating the inverse function of BS model to 

have an estimation of the comprising variables such as implied volatility based on the 

option price is tricky. When the number of the outputs is more than the number of the 

inputs the ANNs cannot approximate appropriately and the network does not perform 

well. Because of this fact, simulating an inverse function of the BS model using the 

ANNs is not efficient and precise.  In this part of study, a new augmented method is 

introduced to improve the simulation power of ANNs for simulating the inverse function 

model which have more output variables than input variables. Having an ANN with this 

capability, estimation of the inverse function of BS model is improved. The study results 

show that the proposed augmented method outperforms the current simulation method. 

Both the Feed Forward Back Propagation Network and the Radial Basis Function 

Network used in this study show good capability in estimating an inverse function, with 

the Radial Basis Function Network showing a better performance. 

The fourth part of the study is another ANNs application for the calculation of an inverse 

function. It works on the estimating an Inverse Function of the Compound Option Pricing 

Model using Artificial Neural Networks. Compound options are options on options. 

Compound options have many financial applications. Pricing methods for exotic options 

such as compounds are much more complex than the regular options. There are different 

models for pricing compound options. Simulating a direct function of compound option 

pricing  model based on the Black-Scholes model needs 7 inputs including  current 
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underlying asset price, basic option strike price, the time to expiration of the basic option, 

the volatility of the underlying asset price,  the risk-free interest rate, compound option 

strike price, and  time to expiration of the compound option. In this study, the inverse 

function of the compound option pricing model is simulated using Artificial Neural 

Networks (ANNs). The results also show that in this case the proposed augmented 

method outperforms the current simulation method. Both the Feed Forward Back 

Propagation Network and the Radial Basis Function Network used in this study also 

show good capability in estimating an inverse function, with the Radial Basis Function 

Network showing a better performance. 

 

8.2 Conclusions and Recommendations 

In this study, two types of Artificial Neural Networks are used to estimate some direct 

and inverse financial functions. The Feed Forward Back Propagation Network and the 

Radial Basis Function Network are ANNs which have been used in this study. Generally, 

it can be concluded that both of these networks show satisfactory performance in 

simulating the target function for both direct and inverse functions.  In first study, those 

two Artificial Neural Networks are used to forecast the crude oil futures prices return 

volatilities. The results of these ANNs are compared with the GARCH model which is 

one of the most popular models for volatility modeling and prediction. The results prove 

that the ANNs (Both types of the used ANNs in this study) are performing better than the 

traditional GARCH model in crude oil future prices volatilities forecasting.  The explicit 

contribution of this part of the study is the application of two types of the Artificial 
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Neural Networks, including the Feed Forward Back Propagation Network and the Radial 

Basis Function Network in forecasting return volatilities of crude oil future prices. 

For future studies and as the author’s recommendation, other types of the Artificial 

Neural Networks especially Probabilistic Neural Networks can be considered as the 

forecasting machine for this case. 

In the second study, some intra market explanatory variables are used in the context of 

Artificial Neural Networks to forecast the return volatility of crude oil future prices. 

Again, both the Feed Forward Back Propagation Network and the Radial Basis Function 

Network are the two types of appropriate Neural Networks for function approximation 

which have been used in this study. In order to compare the model results, the GARCH 

model, which is one of the most well-known volatility estimation models in finance 

scope, is used for comparison. Working’s “T”, one of the recently considered variable 

which measures the speculation activity effect in the market, is used along with some 

other intra markets variables such as crude oil future price, returns of crude oil future 

price, implied volatility of crude oil future price and S&P index to forecast the future 

volatility of crude oil. The results show a better performance of the Artificial Neural 

Networks in forecasting volatility in comparison with the traditional GARCH model 

using the mentioned variables. The results prove that the ANNs outperform GARCH 

model in forecasting the future crude oil volatility considering the introduced variables 

specifically the T value. According to this study, the performance of the Radial Basis 

Function Network is better than the Feed Forward Back Propagation Network. The better 

performance of the Artificial Neural Networks comparing with the GARCH model shows 

that the Artificial Neural Networks have the ability to extract appropriate information 
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from the chosen input variables to forecast the return volatilities of crude oil future price. 

An important contribution of the research is the usage of cross market variables as well as 

speculative activity measure to forecast volatility in crude oil market. In summary, it can 

be concluded that the speculative activity affect the future volatilities in absence of 

historical volatilities.  When the historical volatilities are available, they have enough 

information about the future, and the information of the speculative activity is 

encompassed by the historical volatilities. As the recommendation for future studies in 

this regard, other intra market variables can be added to the model to check if they can 

improve the forecasting model or not. For comparison pusposes, other alternative models 

of GARCH family models such as EGARCH can be considered. 

In the third part of the study, Artificial Neural Networks have been used to simulate the 

inverse function of the Black-Scholes model which is a model for pricing the options. 

Both the Feed Forward Back Propagation Network and the Radial Basis Function 

Network are used for the inverse function estimation. The simulated inverse function 

using the regular method of Artificial Neural Networks is compared with the new 

proposed augmented method of simulating the inverse functions. The results prove the 

better performance of new proposed augmented method of using Artificial Neural 

Networks in simulating the inverse function of Black-Scholes option pricing model. 

According to the results, the Radial Basis Function Network performs better than the 

Feed Forward Back Propagation Network too.  

In the last part of the study, Artificial Neural Networks have been used to simulate the 

inverse function of the compound option pricing model which is a model for pricing the 

options on options. Again, both the Feed Forward Back Propagation Network and the 
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Radial Basis Function Network are used. The simulated inverse function using the 

regular method of using the Artificial Neural Networks is compared with the new 

proposed augmented method of simulating the inverse functions. The results demonstrate 

the better performance of the proposed augmented method of using Artificial Neural 

Networks in simulating the inverse function of compound option pricing model again. 

According to the results, the Radial Basis Function Network also performs better than the 

Feed Forward Back Propagation Network in this case. For other future studies, real data 

from the market can be applied to the inverse function estimation for both option pricing 

and compound option pricing models. 

For the future studies, other types of the neural networks such as the probabilistic neural 

networks can be tried. Other explanatory variables can also be applied for the forecasting 

model as well. 

An important contribution of this research is to present the novel augmented method for 

increasing the precision of the simulation power of ANNs for calculating inverse 

functions where the number of the inputs is less than the number of the outputs in the 

ANNs models. 

In conclusion, it can be seen that both the Feed Forward Back Propagation Network and 

the Radial Basis Function Network show satisfactory performance in forecasting future 

volatilities of crude oil future prices comparing to the GARCH model which is a 

commonly used model for volatility forecasting in finance scope. They also show a good 

performance on the inverse function estimation for both the option pricing model and 
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compound option pricing model considering the proposed augmented method for inverse 

function estimation.   
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10. APPENDICES 

8.3 M-files 

8.3.1 GARCH modeling Matlab code 

function garch=garchmodeling() 
  
clc; 
clear all; 
%making input Training data matrix  
%inputdata=data6monthcompletement2();   
inputdata=crudeoildata();   
%inputdata(:,4)=inputdata(:,4)/10000;  
%inputdata(:,7)=inputdata(:,7)/100; 
%inputdata(:,10)=inputdata(:,10)/100; 
%inputdata(:,21)=inputdata(:,21)/100; 
%inputdata(:,27)=inputdata(:,27)/20; 
%inputdata(:,28)=inputdata(:,28)/20; 
%inputdata(:,29)=inputdata(:,29)/20; 
  
aa=size(inputdata);  
trainratio=.755;  
ndtrain=floor(trainratio*aa(1,1));  
ndtest=aa(1,1)-ndtrain;   
input=[3];output=4;  
data(:,1)=inputdata(:,input);  
data(:,2)=inputdata(:,output);  
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
dataa=data'; 
horizon =1;  % Define the forecast horizon 
TTest(1,:)=dataa(2,ndtrain+horizon:end);     
ndtest=ndtest-horizon+1; 
for i=1:ndtest 
    %Estimating Model Parameters 
    [coeff,errors,LLF,innovations,sigmas,summary] = 
garchfit(data(i:ndtrain-1+i,1)); 
    
[sigmaForecast,meanForecast,sigmaTotal,meanRMSE]=garchpred(coeff,data(i
:ndtrain-1+i,1),horizon); 
    %Testing the network                                              
    TTest(2,i)=sigmaForecast(horizon,1);      
end 
TTest(3,:)=100*(TTest(2,:)-TTest(1,:))./TTest(1,:); 
e_Test =TTest(3,:); 
for g=1:length (error)-6   
    error{3,g}=((sum(abs(e_Test)<=error{1,g}))/ndtest)*100; 
end  
error{3,length (error)-5}=mean(abs(e_Test));   
error{3,length (error)-4}=max(abs(e_Test));   
error{3,length (error)-3}=min(abs(e_Test));     
error{3,length (error)-2}= (sum((TTest(2,:)-TTest(1,:)).^2))/ndtest; 
error{3,length (error)-1}=(sum(abs(TTest(2,:)-TTest(1,:))))/ndtest;  



270 
 

error{3,length (error)}=((sum((TTest(2,:)-TTest(1,:)).^2))/ndtest)^.5;  
TestMean=error{3,5}; 
end 
 
 
function garch=garch1() 
  
clc; 
clear all; 
%making input Training data matrix  
%inputdata=data6monthcompletement2();   
inputdata=crudeoildata();   
%inputdata(:,4)=inputdata(:,4)/10000;  
%inputdata(:,7)=inputdata(:,7)/100; 
%inputdata(:,10)=inputdata(:,10)/100; 
%inputdata(:,21)=inputdata(:,21)/100; 
%inputdata(:,27)=inputdata(:,27)/20; 
%inputdata(:,28)=inputdata(:,28)/20; 
%inputdata(:,29)=inputdata(:,29)/20;  
  
aa=size(inputdata);  
trainratio=.755;  
ndtrain=floor(trainratio*aa(1,1));  
ndtest=aa(1,1)-ndtrain;   
input=[3];output=4;  
data(:,1)=inputdata(:,input);  
data(:,2)=inputdata(:,output);  
datatrain(1:ndtrain,:)=data(1:ndtrain,:);  
datatest=data(ndtrain+1:end,:);    
trainingset=datatrain(:,1);  
testingset=datatest(:,1);   
%plotting crude oil future prices 
figure(1);plot(inputdata(:,2));title('crude oil future prices'); 
%set(gca,'XTickLabel',{'Oct 1987' 'Jun 1995' 'Jun 2003' 'Feb 2012'}); 
figure(2);plot(inputdata(:,3));title('future prices weekly return'); 
figure(3);plot(inputdata(:,4));title('6 month historical rolling return 
volatility'); 
  
  
figure(4);subplot(3,1,1);plot(inputdata(:,2));title('crude oil future 
prices') 
subplot(3,1,2);plot(inputdata(:,3));title('future prices weekly 
return') 
subplot(3,1,3);plot(inputdata(:,4));title('6 month historical rolling 
return volatility') 
  
%Checking for Correlation in the Return Series 
%Call the functions autocorr to examine the sample autocorrelation(ACF) 
figure(5);autocorr(trainingset); 
title('ACF with Bounds for Raw Return Series'); 
  
%Call the functions parcorr to examine the sample partial-
autocorrelation(PACF). 
%Use the parcorr function to display the sample PACF with upper and 
lower... 
...confidence bounds: 
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figure(6);parcorr(trainingset); 
title('PACF with Bounds for Raw Return Series'); 
  
%Checking for Correlation in the Squared Returns 
figure(7);autocorr((trainingset).^2); 
title('ACF of the Squared Returns'); 
figure(8);parcorr((trainingset).^2); 
title('PACF of the Squared Returns'); 
%Quantifying the Correlation.  
%The lbqtest function implements the Ljung-Box-Pierce Q-test for a... 
...departure from randomness based on the ACF of the data. The Q-test 
is most often used ... 
...as a post-estimation lack-of-fit test applied to the fitted 
innovations (residuals)... 
...In this case, however, you can also use it as part of the pre-fit 
analysis.... 
...This is because the default model assumes that returns are a simple 
constant plus a pure... 
...innovations process. Under the null hypothesis of no serial 
correlation, the Q-test statistic... 
...is asymptotically Chi-Square distributed (see Box, Jenkins, Reinsel 
[10]). 
%Use lbqtest to verify (approximately) that no significant correlation 
is... 
...present in the raw returns when tested for up to 10, 15, and 20 lags 
of the ACF at the 0.05 level of significance 
[H1,pValue1,Stat1,CriticalValue1]=lbqtest(trainingset-
mean(trainingset),[10 15 20]',0.05); 
[H1,pValue1,Stat1,CriticalValue1] 
[H2,pValue2,Stat2,CriticalValue2]=lbqtest((trainingset-
mean(trainingset)).^2,[10 15 20]',0.05); 
[H2,pValue2,Stat2,CriticalValue2] 
  
%Perform Engle's ARCH test using the archtest function 
%The function archtest implements Engle's test for the presence of ARCH 
%effects. Under the null hypothesis that a time series is a random 
sequence... 
...of Gaussian disturbances (that is, no ARCH effects exist), this 
test... 
...statistic is also asymptotically Chi-Square distributed (see Engle 
[16]). 
%tests the null hypothesis that a time series of sample residuals 
consists 
%of independent identically distributed (i.i.d.) Gaussian 
disturbances;... 
...that is, that no ARCH effects exist. 
%[H,pValue,ARCHstat,CriticalValue] = archtest(Residuals,Lags,Alpha) 
[H3,pValue3,ARCHstat,CriticalValue3] =archtest(trainingset-
mean(trainingset),[10 15 20]',0.05); 
[H3,pValue3,ARCHstat,CriticalValue3] 
  
%Estimating Model Parameters 
[coeff,errors,LLF,innovations,sigmas,summary] = garchfit(trainingset); 
garchdisp(coeff,errors); 
  
%Post-Estimation Analysis 
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figure(6);garchplot(innovations,sigmas,trainingset); 
  
%both the innovations (shown in the top plot) and the returns (shown in 
the 
%bottom plot) exhibit volatility clustering... 
...Also, the sum, G1 + A1 = 0.9155 + 0.15313 = 0.0425, is close to 
the... 
...integrated, nonstationary boundary given by the constraints 
associated with the default model. 
  
%Comparing Correlation of the Standardized Innovations.   
%The figure in Comparing the Residuals, Conditional Standard 
Deviations, 
%and Returns shows that the fitted innovations exhibit volatility 
clustering. 
%Plot the standardized innovations (the innovations divided by their 
%conditional standard deviation): 
figure(7);plot(innovations./sigmas); 
ylabel('Innovation'); 
title('Standardized Innovations'); 
%The standardized innovations appear generally stable with little 
%clustering. 
  
%Plot the ACF of the squared standardized innovations: 
figure(8);autocorr((innovations./sigmas).^2); 
title('ACF of the Squared Standardized Innovations'); 
  
%Quantifying and Comparing Correlation of the Standardized Innovations.   
%Compare the results of the Q-test and the ARCH test with the results 
of 
%these same tests in Pre-Estimation Analysis: 
[H4, pValue4,Stat4,CriticalValue4] = ... 
    lbqtest((innovations./sigmas).^2,[10 15 20]',0.05); 
[H4  pValue4  Stat4  CriticalValue4] 
  
[H5, pValue5, Stat5, CriticalValue5] = ... 
    archtest(innovations./sigmas,[10 15 20]',0.05); 
[H5  pValue5  Stat5  CriticalValue5] 
  
  
horizon = ndtest;  % Define the forecast horizon 
[sigmaForecast,meanForecast,sigmaTotal,meanRMSE]=garchpred(coeff,traini
ngset,horizon); 
  
   
TTrain(inputnumber+3,:)=100*(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))./TTrain(inputnumber+1,:); 
e_Train = TTrain(inputnumber+3,:);    
%figure(1); plot(e_Train);title('Percentage error between Neural 
Network price and Analitical Price-Training set'); 
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train)<=error{1,g}))/ndtrain)*100;      
end                                                    
error{2,length (error)-5}=mean(abs(e_Train));                                                                                                                                                                                                       
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error{2,length (error)-4}=max(abs(e_Train));                                                                                                                                   
error{2,length (error)-3}=min(abs(e_Train));                                                 
error{2,length (error)-2}=(sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain)^.5;  
%Testing the network                                              
TTest=testingset;                                                                         
TTest(inputnumber+1,:)=testoutput;                                      
TTest(inputnumber+2,:)=sim(net,testingset);                   
TTest(inputnumber+3,:)=100*(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))./TTest(inputnumber+1,:); 
e_Test =TTest(inputnumber+3,:); 
%figure(2); plot(e_Test);title('Percentage error between Neural Network 
price and Analitical Price-Testing set'); 
for g=1:length (error)-6   
    error{3,g}=((sum(abs(e_Test)<=error{1,g}))/ndtest)*100; 
end  
error{3,length (error)-5}=mean(abs(e_Test));   
error{3,length (error)-4}=max(abs(e_Test));   
error{3,length (error)-3}=min(abs(e_Test));     
error{3,length (error)-2}= (sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest; 
error{3,length (error)-1}=(sum(abs(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest)^.5;  
%figure(3); hist(TTrain(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Training set'); 
%figure(4); hist(TTest(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Testing set'); 
Trainpercision1=error{2,3};Trainpercision2=error{2,4}; 
Testpercision1=error{3,3};Testpercision2=error{3,4}; 
TestMean=error{3,5}; 
crudeoil=error;  
 end 
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8.3.2 Matlab code for Forecasting Return Volatility of Crude Oil Futures 

Prices using Artificial Neural Networks -Feed Forward Back 

Propagation Network 

function crudeoil=crudeoilff1() 
  
clc; 
clear all;  
%making input Training data matrix  
inputdata=crudeoildata();   
aa=size(inputdata);    
trainratio=.755;  
ndtrain=floor(trainratio*aa(1,1));  
ndtest=aa(1,1)-ndtrain;   
input=[9];output=4;  
inputnumber=length(input);   
for y=1:inputnumber 
    data(:,y)=inputdata(:,input(1,y));  
end 
data(:,inputnumber+1)=inputdata(:,output);  
datatrain(1:ndtrain,:)=data(1:ndtrain,:);  
data(1:ndtrain,:)=[];  
datatest=data(1:ndtest,:);    
trainingset=datatrain';  
trainoutput=trainingset(inputnumber+1,:); 
trainingset(inputnumber+1,:)=[]; 
testingset=datatest';  
testoutput=testingset(inputnumber+1,:); 
testingset(inputnumber+1,:)=[]; 
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
pr=minmax(trainingset);  
si = [inputnumber 3 1]; 
tf = {'logsig' 'logsig' 'purelin'}; 
net = newff(pr,si,tf,'trainlm'); 
net.trainParam.epochs = 200; 
net.trainParam.goal = 1e-15;  
net.trainParam.show = 10; 
net = train(net,trainingset,trainoutput);   
          
%simulation of the network           
TTrain=trainingset;                                                      
TTrain(inputnumber+1,:)=trainoutput;      
TTrain(inputnumber+2,:)=sim(net,trainingset);   
TTrain(inputnumber+3,:)=100*(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))./TTrain(inputnumber+1,:); 
e_Train = TTrain(inputnumber+3,:);    
%figure(1); plot(e_Train);title('Percentage error between Neural 
Network price and Analitical Price-Training set'); 
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train)<=error{1,g}))/ndtrain)*100;      
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end                                                       
error{2,length (error)-5}=mean(abs(e_Train));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train));                                                     
error{2,length (error)-2}=(sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain)^.5;  
%Testing the network                                              
TTest=testingset;                                                                                    
TTest(inputnumber+1,:)=testoutput;                                          
TTest(inputnumber+2,:)=sim(net,testingset);                     
TTest(inputnumber+3,:)=100*(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))./TTest(inputnumber+1,:); 
e_Test =TTest(inputnumber+3,:); 
%figure(2); plot(e_Test);title('Percentage error between Neural Network 
price and Analitical Price-Testing set'); 
for g=1:length (error)-6   
    error{3,g}=((sum(abs(e_Test)<=error{1,g}))/ndtest)*100; 
end          
error{3,length (error)-5}=mean(abs(e_Test));      
error{3,length (error)-4}=max(abs(e_Test));   
error{3,length (error)-3}=min(abs(e_Test));      
error{3,length (error)-2}= (sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest; 
error{3,length (error)-1}=(sum(abs(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest)^.5;  
%figure(3); hist(TTrain(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Training set'); 
%figure(4); hist(TTest(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Testing set'); 
Trainpercision1=error{2,3};Trainpercision2=error{2,4}; 
Testpercision1=error{3,3};Testpercision2=error{3,4}; 
TestMean=error{3,5}; 
crudeoil=error;  
end    
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8.3.3 Matlab code for Forecasting Return Volatility of Crude Oil Futures 

Prices using Artificial Neural Networks- Radial Basis Function Network 

function crudeoil=crudeoilrbf1(spread) 
  
clc; 
%clear all;%making input Training data matrix  
inputdata=crudeoildata();   
aa=size(inputdata);  
trainratio=.755;  
ndtrain=floor(trainratio*aa(1,1));  
ndtest=aa(1,1)-ndtrain;   
input=[9];output=4;  
inputnumber=length(input);   
for y=1:inputnumber 
    data(:,y)=inputdata(:,input(1,y));  
end 
data(:,inputnumber+1)=inputdata(:,output);  
datatrain(1:ndtrain,:)=data(1:ndtrain,:);  
data(1:ndtrain,:)=[];  
datatest=data(1:ndtest,:);    
trainingset=datatrain';  
trainoutput=trainingset(inputnumber+1,:); 
trainingset(inputnumber+1,:)=[]; 
testingset=datatest';  
testoutput=testingset(inputnumber+1,:); 
testingset(inputnumber+1,:)=[]; 
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
%making the neuralnetwork-Radial Basis Function 
% NEWRB(P,T,GOAL,SPREAD,MN,DF) takes these arguments, 
%      T      - SxQ matrix of Q target class vectors. 
%      GOAL   - Mean squared error goal, default = 0.0. 
%      SPREAD - Spread of radial basis functions, default = 1.0. 
%      MN     - Maximum number of neurons, default is Q. 
%      DF     - Number of neurons to add between displays, default = 
25. 
%spread=3.2;             
goal = 1e-5;                      
net = newrb(trainingset,trainoutput,goal,spread,400,5);  
          
%simulation of the network           
TTrain=trainingset;                                                      
TTrain(inputnumber+1,:)=trainoutput;      
TTrain(inputnumber+2,:)=sim(net,trainingset);   
TTrain(inputnumber+3,:)=100*(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))./TTrain(inputnumber+1,:); 
e_Train = TTrain(inputnumber+3,:);    
%figure(1); plot(e_Train);title('Percentage error between Neural 
Network price and Analitical Price-Training set'); 
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                     
    error{2,g}=((sum(abs(e_Train)<=error{1,g}))/ndtrain)*100;      
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end                                                    
error{2,length (error)-5}=mean(abs(e_Train));                                                                                                                                                                                                       
error{2,length (error)-4}=max(abs(e_Train));                                                                                                                                   
error{2,length (error)-3}=min(abs(e_Train));                                                 
error{2,length (error)-2}=(sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain)^.5;  
%Testing the network                                              
TTest=testingset;                                                                         
TTest(inputnumber+1,:)=testoutput;                                      
TTest(inputnumber+2,:)=sim(net,testingset);                   
TTest(inputnumber+3,:)=100*(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))./TTest(inputnumber+1,:); 
e_Test =TTest(inputnumber+3,:); 
%figure(2); plot(e_Test);title('Percentage error between Neural Network 
price and Analitical Price-Testing set'); 
for g=1:length (error)-6     
    error{3,g}=((sum(abs(e_Test)<=error{1,g}))/ndtest)*100; 
end  
error{3,length (error)-5}=mean(abs(e_Test));   
error{3,length (error)-4}=max(abs(e_Test));   
error{3,length (error)-3}=min(abs(e_Test));     
error{3,length (error)-2}= (sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest; 
error{3,length (error)-1}=(sum(abs(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest)^.5;  
%figure(3); hist(TTrain(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Training set'); 
%figure(4); hist(TTest(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Testing set'); 
Trainpercision1=error{2,3};Trainpercision2=error{2,4}; 
Testpercision1=error{3,3};Testpercision2=error{3,4}; 
TestMean=error{3,5}; 
crudeoil=error;  
end 
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8.3.4 Matlab code for Forecasting the Return Volatility of Crude Oil Futures 

Prices based on intra markets variables with the focus on the 

speculation activity using Artificial Neural Networks-Feed Forward 

Back Propagation Network 

function crudeoil=crudeoilff1() 
  
clc; 
clear all;  
%making input Training data matrix  
%inputdata=data6monthcompletement2();   
inputdata=crudeoildata();   
%inputdata(:,4)=inputdata(:,4)/10000;  
%inputdata(:,7)=inputdata(:,7)/100; 
%inputdata(:,10)=inputdata(:,10)/100; 
%inputdata(:,21)=inputdata(:,21)/100; 
%inputdata(:,27)=inputdata(:,27)/20; 
%inputdata(:,28)=inputdata(:,28)/20; 
%inputdata(:,29)=inputdata(:,29)/20; 
  
aa=size(inputdata);    
trainratio=.755;  
ndtrain=floor(trainratio*aa(1,1));  
ndtest=aa(1,1)-ndtrain;   
input=[9];output=4;  
inputnumber=length(input);   
for y=1:inputnumber 
    data(:,y)=inputdata(:,input(1,y));  
end 
data(:,inputnumber+1)=inputdata(:,output);  
datatrain(1:ndtrain,:)=data(1:ndtrain,:);  
data(1:ndtrain,:)=[];  
datatest=data(1:ndtest,:);    
trainingset=datatrain';  
trainoutput=trainingset(inputnumber+1,:); 
trainingset(inputnumber+1,:)=[]; 
testingset=datatest';  
testoutput=testingset(inputnumber+1,:); 
testingset(inputnumber+1,:)=[]; 
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
pr=minmax(trainingset);  
si = [inputnumber 3 1]; 
tf = {'logsig' 'logsig' 'purelin'}; 
net = newff(pr,si,tf,'trainlm'); 
net.trainParam.epochs = 200; 
net.trainParam.goal = 1e-15;  
net.trainParam.show = 10; 
net = train(net,trainingset,trainoutput);   
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%simulation of the network           
TTrain=trainingset;                                                      
TTrain(inputnumber+1,:)=trainoutput;      
TTrain(inputnumber+2,:)=sim(net,trainingset);   
TTrain(inputnumber+3,:)=100*(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))./TTrain(inputnumber+1,:); 
e_Train = TTrain(inputnumber+3,:);    
%figure(1); plot(e_Train);title('Percentage error between Neural 
Network price and Analitical Price-Training set'); 
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train)<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train));                                                     
error{2,length (error)-2}=(sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain)^.5;  
%Testing the network                                              
TTest=testingset;                                                                                    
TTest(inputnumber+1,:)=testoutput;                                          
TTest(inputnumber+2,:)=sim(net,testingset);                     
TTest(inputnumber+3,:)=100*(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))./TTest(inputnumber+1,:); 
e_Test =TTest(inputnumber+3,:); 
%figure(2); plot(e_Test);title('Percentage error between Neural Network 
price and Analitical Price-Testing set'); 
for g=1:length (error)-6   
    error{3,g}=((sum(abs(e_Test)<=error{1,g}))/ndtest)*100; 
end          
error{3,length (error)-5}=mean(abs(e_Test));      
error{3,length (error)-4}=max(abs(e_Test));   
error{3,length (error)-3}=min(abs(e_Test));      
error{3,length (error)-2}= (sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest; 
error{3,length (error)-1}=(sum(abs(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest)^.5;  
%figure(3); hist(TTrain(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Training set'); 
%figure(4); hist(TTest(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Testing set'); 
Trainpercision1=error{2,3};Trainpercision2=error{2,4}; 
Testpercision1=error{3,3};Testpercision2=error{3,4}; 
TestMean=error{3,5}; 
crudeoil=error;  
end    
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8.3.5 Matlab code for Forecasting the Return Volatility of Crude Oil Futures 

Prices based on intra markets variables with the focus on the 

speculation activity using Artificial Neural Networks- Radial Basis 

Function Network 

function crudeoil=crudeoilrbf1(spread) 
  
clc; 
%clear all; 
%making input Training data matrix  
%inputdata=data6monthcompletement2();   
inputdata=crudeoildata();   
%inputdata(:,4)=inputdata(:,4)/10000;  
%inputdata(:,7)=inputdata(:,7)/100; 
%inputdata(:,10)=inputdata(:,10)/100; 
%inputdata(:,21)=inputdata(:,21)/100; 
%inputdata(:,27)=inputdata(:,27)/20; 
%inputdata(:,28)=inputdata(:,28)/20; 
%inputdata(:,29)=inputdata(:,29)/20; 
aa=size(inputdata);  
trainratio=.755;  
ndtrain=floor(trainratio*aa(1,1));  
ndtest=aa(1,1)-ndtrain;   
input=[9];output=4;  
inputnumber=length(input);   
for y=1:inputnumber 
    data(:,y)=inputdata(:,input(1,y));  
end 
data(:,inputnumber+1)=inputdata(:,output);  
datatrain(1:ndtrain,:)=data(1:ndtrain,:);  
data(1:ndtrain,:)=[];  
datatest=data(1:ndtest,:);    
trainingset=datatrain';  
trainoutput=trainingset(inputnumber+1,:); 
trainingset(inputnumber+1,:)=[]; 
testingset=datatest';  
testoutput=testingset(inputnumber+1,:); 
testingset(inputnumber+1,:)=[]; 
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
%making the neuralnetwork-Radial Basis Function 
% NEWRB(P,T,GOAL,SPREAD,MN,DF) takes these arguments, 
%      T      - SxQ matrix of Q target class vectors. 
%      GOAL   - Mean squared error goal, default = 0.0. 
%      SPREAD - Spread of radial basis functions, default = 1.0. 
%      MN     - Maximum number of neurons, default is Q. 
%      DF     - Number of neurons to add between displays, default = 
25. 
%spread=3.2;             
goal = 1e-5;                      
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net = newrb(trainingset,trainoutput,goal,spread,400,5);  
          
%simulation of the network           
TTrain=trainingset;                                                      
TTrain(inputnumber+1,:)=trainoutput;      
TTrain(inputnumber+2,:)=sim(net,trainingset);   
TTrain(inputnumber+3,:)=100*(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))./TTrain(inputnumber+1,:); 
e_Train = TTrain(inputnumber+3,:);    
%figure(1); plot(e_Train);title('Percentage error between Neural 
Network price and Analitical Price-Training set'); 
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                     
    error{2,g}=((sum(abs(e_Train)<=error{1,g}))/ndtrain)*100;      
end                                                    
error{2,length (error)-5}=mean(abs(e_Train));                                                                                                                                                                                                       
error{2,length (error)-4}=max(abs(e_Train));                                                                                                                                   
error{2,length (error)-3}=min(abs(e_Train));                                                 
error{2,length (error)-2}=(sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(inputnumber+2,:)-
TTrain(inputnumber+1,:)).^2))/ndtrain)^.5;  
%Testing the network                                              
TTest=testingset;                                                                         
TTest(inputnumber+1,:)=testoutput;                                      
TTest(inputnumber+2,:)=sim(net,testingset);                   
TTest(inputnumber+3,:)=100*(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))./TTest(inputnumber+1,:); 
e_Test =TTest(inputnumber+3,:); 
%figure(2); plot(e_Test);title('Percentage error between Neural Network 
price and Analitical Price-Testing set'); 
for g=1:length (error)-6     
    error{3,g}=((sum(abs(e_Test)<=error{1,g}))/ndtest)*100; 
end  
error{3,length (error)-5}=mean(abs(e_Test));   
error{3,length (error)-4}=max(abs(e_Test));   
error{3,length (error)-3}=min(abs(e_Test));     
error{3,length (error)-2}= (sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest; 
error{3,length (error)-1}=(sum(abs(TTest(inputnumber+2,:)-
TTest(inputnumber+1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(inputnumber+2,:)-
TTest(inputnumber+1,:)).^2))/ndtest)^.5;  
%figure(3); hist(TTrain(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Training set'); 
%figure(4); hist(TTest(inputnumber+3,:),50);title('Histogram of the % 
error for Neural Network price and Analitical Price-Testing set'); 
Trainpercision1=error{2,3};Trainpercision2=error{2,4}; 
Testpercision1=error{3,3};Testpercision2=error{3,4}; 
TestMean=error{3,5}; 
crudeoil=error;  
end 
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8.3.6 Matlab code for modeling new method for estimating the inverse 

function of Black-Scholes model using Artificial Neural Networks -Feed 

Forward Back Propagation Network 

8.3.6.1 Base Model 

function Eupcall=realBSinvff4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma'); 
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=1000; 
ndtest=1000; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 40],1))/100;%Volatility 
    datatrain(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,6)=realvalueEupcall; 
end 
%making input Testing data matrix 
for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 40],1))/100;%Volatility 
    datatest(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
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s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,6)=realvalueEupcall; 
end 
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(6,:);%option price 
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
  
datatest=datatest'; 
  
testingset(1,:)=coef*datatest(6,:);%option price 
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
  
   
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
pr=minmax(trainingset); 
si = [1 5 4];  
tf = {'logsig' 'logsig' 'purelin'}; 
net = newff(pr,si,tf,'trainlm'); 
net.trainParam.epochs = 200; 
net.trainParam.goal = 1e-15;  
net.trainParam.show = 10; 
net = train(net,trainingset,trainoutput);   
  
%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:5,:)=trainoutput;      
TTrain(6:9,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(6,b);r=TTrain(7,b);sigma=TTrain(8,b);T=TTrain(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(10,b)=realvalueEupcall; 
end 
  
TTrain(11,:)=100*(TTrain(10,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(11,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
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end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(10,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(10,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(10,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network           
TTest=testingset;                                                              
TTest(2:5,:)=testoutput;       
TTest(6:9,:)=sim(net,testingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(6,b);r=TTest(7,b);sigma=TTest(8,b);T=TTest(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(10,b)=realvalueEupcall; 
end 
  
TTest(11,:)=100*(TTest(10,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(11,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(10,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(10,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(10,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error;  
  
end 
 

8.3.6.2 Simulated model 

function Eupcall=BSinvff4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma'); 
disp('Remaining Time to apply Option as T(year)'); 



285 
 

disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=1000; 
ndtest=1000; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 40],1))/100;%Volatility 
    datatrain(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,6)=realvalueEupcall; 
end 
%making input Testing data matrix 
for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 40],1))/100;%Volatility 
    datatest(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
    
s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,6)=realvalueEupcall; 
end 
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(6,:);%option price 
trainingset(2,:)=((datatrain(2,:)).^2);%dummy input  
trainingset(3,:)=((datatrain(2,:)).^3);%dummy input  
trainingset(4,:)=((datatrain(2,:)).^4);%dummy input  
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
  
datatest=datatest'; 
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testingset(1,:)=coef*datatest(6,:);%option price 
testingset(2,:)=((datatest(2,:)).^2);%dummy input  
testingset(3,:)=((datatest(2,:)).^3);%dummy input  
testingset(4,:)=((datatest(2,:)).^4);%dummy input  
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
  
  
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
pr=minmax(trainingset); 
si = [4 5 6 5 4];  
tf = {'logsig' 'logsig' 'logsig' 'logsig' 'purelin'}; 
net = newff(pr,si,tf,'trainlm'); 
net.trainParam.epochs = 200; 
net.trainParam.goal = 1e-15;  
net.trainParam.show = 10; 
net = train(net,trainingset,trainoutput);   
  
%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:5,:)=trainoutput;      
TTrain(6:9,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(6,b);r=TTrain(7,b);sigma=TTrain(8,b);T=TTrain(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(10,b)=realvalueEupcall; 
end 
  
TTrain(11,:)=100*(TTrain(10,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(11,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(10,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(10,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(10,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network           
TTest=testingset;                                                              
TTest(2:5,:)=testoutput;       
TTest(6:9,:)=sim(net,testingset);  
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% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(6,b);r=TTest(7,b);sigma=TTest(8,b);T=TTest(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(10,b)=realvalueEupcall; 
end 
  
TTest(11,:)=100*(TTest(10,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(11,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(10,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(10,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(10,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error;  
  
end 
  



288 
 

8.3.7 Matlab code for modeling new method for estimating the inverse 

function of Black-Scholes model using Artificial Neural Networks - 

Radial Basis Function Network 

8.3.7.1 Base Model 

function Eupcall=realBSinvrbf4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma'); 
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=400; 
ndtest=400; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 40],1))/100;%Volatility 
    datatrain(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,6)=realvalueEupcall; 
end 
%making input Testing data matrix 
for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 40],1))/100;%Volatility 
    datatest(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
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s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,6)=realvalueEupcall; 
end 
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(6,:);%option price 
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
  
datatest=datatest'; 
  
testingset(1,:)=coef*datatest(6,:);%option price 
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
  
  
  
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
spread=.25;             
goal = 1e-5;                      
net = newrb(trainingset,trainoutput,goal,spread,200,10);   
  
  
%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:5,:)=trainoutput;      
TTrain(6:9,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(6,b);r=TTrain(7,b);sigma=TTrain(8,b);T=TTrain(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(10,b)=realvalueEupcall; 
end 
  
TTrain(11,:)=100*(TTrain(10,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(11,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
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error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(10,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(10,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(10,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network           
TTest=testingset;                                                              
TTest(2:5,:)=testoutput;       
TTest(6:9,:)=sim(net,testingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(6,b);r=TTest(7,b);sigma=TTest(8,b);T=TTest(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(10,b)=realvalueEupcall; 
end 
  
TTest(11,:)=100*(TTest(10,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(11,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(10,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(10,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(10,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error;  
  
end 
 

8.3.7.2 Simulated model 

function Eupcall=BSinvrbf4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma'); 
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
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%making input Training data matrix 
ndtrain=1000; 
ndtest=1000; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 40],1))/100;%Volatility 
    datatrain(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,6)=realvalueEupcall; 
end 
%making input Testing data matrix 
for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 20],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 10],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 40],1))/100;%Volatility 
    datatest(i,5)=(randi([1 6],1))/12;%Maturity Time 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
    
s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,6)=realvalueEupcall; 
end 
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(6,:);%option price 
trainingset(2,:)=((datatrain(2,:)).^2);%dummy input  
trainingset(3,:)=((datatrain(2,:)).^3);%dummy input  
trainingset(4,:)=((datatrain(2,:)).^4);%dummy input  
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
  
datatest=datatest'; 
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testingset(1,:)=coef*datatest(6,:);%option price 
testingset(2,:)=((datatest(2,:)).^2);%dummy input  
testingset(3,:)=((datatest(2,:)).^3);%dummy input  
testingset(4,:)=((datatest(2,:)).^4);%dummy input  
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
  
  
  
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
spread=.1;                
goal = 1e-10;                      
net = newrb(trainingset,trainoutput,goal,spread,200,5);     
  
%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:5,:)=trainoutput;      
TTrain(6:9,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(6,b);r=TTrain(7,b);sigma=TTrain(8,b);T=TTrain(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(10,b)=realvalueEupcall; 
end 
  
TTrain(11,:)=100*(TTrain(10,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(11,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(10,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(10,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(10,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network             
TTest=testingset;                                                                
TTest(2:5,:)=testoutput;         
TTest(6:9,:)=sim(net,testingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(6,b);r=TTest(7,b);sigma=TTest(8,b);T=TTest(9,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
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    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(10,b)=realvalueEupcall; 
end 
   
TTest(11,:)=100*(TTest(10,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(11,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(10,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(10,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(10,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5};  
Testpercision1=error{3,5}; 
Eupcall=error;  
  
end 
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8.3.8 Matlab code for estimating inverse function of Compound options 

pricing model using Artificial Neural Networks -Feed Forward Back 

Propagation Network 

8.3.8.1 Base Model 

function Eupcall=realCBSinvff4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma');  
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=1200; 
ndtest=1200; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 30],1))/100;%Volatility 
    datatrain(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatrain(i,6)=(randi([1 ((12*datatrain(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatrain(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,8)=realvalueEupcall; 
    
s0=datatrain(b,8);X=datatrain(b,7)*s0;r=datatrain(b,3);sigma=datatrain(
b,4);T=datatrain(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,9)=CrealvalueEupcall; 
end 
%making input Testing data matrix 
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for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 30],1))/100;%Volatility 
    datatest(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatest(i,6)=(randi([1 ((12*datatest(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatest(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
    
s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,8)=realvalueEupcall; 
    
s0=datatest(b,8);X=datatest(b,7)*s0;r=datatest(b,3);sigma=datatest(b,4)
;T=datatest(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,9)=CrealvalueEupcall; 
end 
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(9,:);%Compound price 
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
trainoutput(5,:)=datatrain(6,:);%Maturity Time co 
trainoutput(6,:)=datatrain(7,:);%Strike co 
  
datatest=datatest'; 
testingset(1,:)=coef*datatest(9,:);%Compound price 
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
testoutput(5,:)=datatest(6,:);%Maturity Time co 
testoutput(6,:)=datatest(7,:);%Strike co 
  
  
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
pr=minmax(trainingset); 
si = [1 4 5 6];  
tf = {'logsig' 'logsig' 'logsig' 'purelin'}; 
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net = newff(pr,si,tf,'trainlm'); 
net.trainParam.epochs = 200; 
net.trainParam.goal = 1e-15;  
net.trainParam.show = 10; 
net = train(net,trainingset,trainoutput);    
  
  
%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:7,:)=trainoutput;      
TTrain(8:13,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(8,b);r=TTrain(9,b);sigma=TTrain(10,b);T=TTrain(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(14,b)=realvalueEupcall; 
    
s0=TTrain(14,b);X=TTrain(13,b)*s0;r=TTrain(9,b);sigma=TTrain(10,b);T=TT
rain(12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(15,b)=CrealvalueEupcall; 
end 
  
TTrain(16,:)=100*(TTrain(15,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(16,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(15,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(15,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(15,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network           
TTest=testingset;                                                              
TTest(2:7,:)=testoutput;         
TTest(8:13,:)=sim(net,testingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(8,b);r=TTest(9,b);sigma=TTest(10,b);T=TTest(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(14,b)=realvalueEupcall; 
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s0=TTest(14,b);X=TTest(13,b)*s0;r=TTest(9,b);sigma=TTest(10,b);T=TTest(
12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(15,b)=CrealvalueEupcall;  
end 
  
TTest(16,:)=100*(TTest(15,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(16,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(15,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(15,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(15,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error;  
  
end 
 

8.3.8.2 Simulated model 

function Eupcall=CBSinvff4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma'); 
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=1200; 
ndtest=1200; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 30],1))/100;%Volatility 
    datatrain(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatrain(i,6)=(randi([1 ((12*datatrain(i,5))-1)],1))/12;%Maturity 
Time compound 
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    datatrain(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,8)=realvalueEupcall; 
    
s0=datatrain(b,8);X=datatrain(b,7)*s0;r=datatrain(b,3);sigma=datatrain(
b,4);T=datatrain(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,9)=CrealvalueEupcall; 
end 
%making input Testing data matrix 
for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 30],1))/100;%Volatility 
    datatest(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatest(i,6)=(randi([1 ((12*datatest(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatest(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
    
s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,8)=realvalueEupcall; 
    
s0=datatest(b,8);X=datatest(b,7)*s0;r=datatest(b,3);sigma=datatest(b,4)
;T=datatest(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,9)=CrealvalueEupcall; 
end  
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(9,:);%Compound price 
trainingset(2,:)=((datatrain(2,:)).^2);%dummy input  
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trainingset(3,:)=((datatrain(7,:)).^2);%dummy input  
trainingset(4,:)=1-((datatrain(4,:)).^1);%dummy input  
trainingset(5,:)=((datatrain(2,:)).^3);%dummy input  
trainingset(6,:)=((datatrain(7,:)).^3);%dummy input  
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
trainoutput(5,:)=datatrain(6,:);%Maturity Time co 
trainoutput(6,:)=datatrain(7,:);%Strike co 
datatest=datatest'; 
  
testingset(1,:)=coef*datatest(9,:);%Compound price 
testingset(2,:)=((datatest(2,:)).^2);%dummy input  
testingset(3,:)=((datatest(7,:)).^2);%dummy input  
testingset(4,:)=1-((datatest(4,:)).^1);%dummy input  
testingset(5,:)=((datatest(2,:)).^3);%dummy input  
testingset(6,:)=((datatest(7,:)).^3);%dummy input  
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
testoutput(5,:)=datatest(6,:);%Maturity Time co 
testoutput(6,:)=datatest(7,:);%Strike co 
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
pr=minmax(trainingset); 
si = [6 12 10 6];  
tf = {'logsig' 'logsig' 'logsig' 'purelin'}; 
net = newff(pr,si,tf,'trainlm'); 
net.trainParam.epochs = 200; 
net.trainParam.goal = 1e-15;  
net.trainParam.show = 10; 
net = train(net,trainingset,trainoutput);   
  
%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:7,:)=trainoutput;      
TTrain(8:13,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(8,b);r=TTrain(9,b);sigma=TTrain(10,b);T=TTrain(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(14,b)=realvalueEupcall; 
    
s0=TTrain(14,b);X=TTrain(13,b)*s0;r=TTrain(9,b);sigma=TTrain(10,b);T=TT
rain(12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(15,b)=CrealvalueEupcall; 
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end 
  
TTrain(16,:)=100*(TTrain(15,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(16,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(15,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(15,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(15,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network           
TTest=testingset;                                                               
TTest(2:7,:)=testoutput;                
TTest(8:13,:)=sim(net,testingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(8,b);r=TTest(9,b);sigma=TTest(10,b);T=TTest(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(14,b)=realvalueEupcall; 
    
s0=TTest(14,b);X=TTest(13,b)*s0;r=TTest(9,b);sigma=TTest(10,b);T=TTest(
12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(15,b)=CrealvalueEupcall;   
end 
  
TTest(16,:)=100*(TTest(15,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(16,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(15,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(15,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(15,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error; 
end 
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8.3.9 Matlab code for estimating inverse function of Compound options 

pricing model using Artificial Neural Networks - Radial Basis Function 

Network 

8.3.9.1 Base Model 

function Eupcall=realCBSinvrbf4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma');  
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=1200; 
ndtest=1200; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 30],1))/100;%Volatility 
    datatrain(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatrain(i,6)=(randi([1 ((12*datatrain(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatrain(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
    
s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,8)=realvalueEupcall; 
    
s0=datatrain(b,8);X=datatrain(b,7)*s0;r=datatrain(b,3);sigma=datatrain(
b,4);T=datatrain(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,9)=CrealvalueEupcall; 
end 
%making input Testing data matrix 
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for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 30],1))/100;%Volatility 
    datatest(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatest(i,6)=(randi([1 ((12*datatest(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatest(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
    
s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,8)=realvalueEupcall; 
    
s0=datatest(b,8);X=datatest(b,7)*s0;r=datatest(b,3);sigma=datatest(b,4)
;T=datatest(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,9)=CrealvalueEupcall; 
end 
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(9,:);%Compound price 
trainoutput(1,:)=datatrain(2,:);%moneyness 
trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
trainoutput(5,:)=datatrain(6,:);%Maturity Time co 
trainoutput(6,:)=datatrain(7,:);%Strike co 
  
datatest=datatest';  
testingset(1,:)=coef*datatest(9,:);%Compound price 
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
testoutput(5,:)=datatest(6,:);%Maturity Time co 
testoutput(6,:)=datatest(7,:);%Strike co 
  
  
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
spread=.001;               
goal = 1e-15;                      
net = newrb(trainingset,trainoutput,goal,spread,250,10);   
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%simulation of the network  
TTrain=trainingset;                                                      
TTrain(2:7,:)=trainoutput;      
TTrain(8:13,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(8,b);r=TTrain(9,b);sigma=TTrain(10,b);T=TTrain(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(14,b)=realvalueEupcall; 
    
s0=TTrain(14,b);X=TTrain(13,b)*s0;r=TTrain(9,b);sigma=TTrain(10,b);T=TT
rain(12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(15,b)=CrealvalueEupcall; 
end 
  
TTrain(16,:)=100*(TTrain(15,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(16,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(15,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(15,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(15,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network           
TTest=testingset;                                                               
TTest(2:7,:)=testoutput;         
TTest(8:13,:)=sim(net,testingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(8,b);r=TTest(9,b);sigma=TTest(10,b);T=TTest(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(14,b)=realvalueEupcall; 
    
s0=TTest(14,b);X=TTest(13,b)*s0;r=TTest(9,b);sigma=TTest(10,b);T=TTest(
12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
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    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(15,b)=CrealvalueEupcall;  
end  
  
TTest(16,:)=100*(TTest(15,:)-TTest(1,:))./TTest(1,:); 
e_Test = TTest(16,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(15,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(15,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(15,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error;  
  
end  
 

8.3.9.2 Simulated model 

function Eupcall=CBSinvrbf4() 
%Part1: Designing a Neural Network for pricing the European call option 
%based on Black-Scholes model Using Feed Forward Back Propagation 
Network. 
clc;clear all; 
disp('current price as S0'); 
disp('Strike price as X'); 
disp('Rate of Interest as r'); 
disp('standard derivation of price as Sigma'); 
disp('Remaining Time to apply Option as T(year)'); 
disp('input your data matrix as [S0 X r sigma T]:'); 
  
%making input Training data matrix 
ndtrain=1000; 
ndtest=1000; 
for i=1:ndtrain 
    datatrain(i,1)=1; 
    datatrain(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatrain(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatrain(i,4)=(randi([20 30],1))/100;%Volatility 
    datatrain(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatrain(i,6)=(randi([1 ((12*datatrain(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatrain(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h1=ndtrain; 
% calculating the prices using each cluster of data 
for b=1:h1 
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s0=datatrain(b,1);X=datatrain(b,2);r=datatrain(b,3);sigma=datatrain(b,4
);T=datatrain(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,8)=realvalueEupcall; 
    
s0=datatrain(b,8);X=datatrain(b,7)*s0;r=datatrain(b,3);sigma=datatrain(
b,4);T=datatrain(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatrain(b,9)=CrealvalueEupcall; 
end 
%making input Testing data matrix 
for i=1:ndtest 
    datatest(i,1)=1; 
    datatest(i,2)=1+(randi([0 10],1))/100;%Strike Price 
    datatest(i,3)=(randi([1 5],1))/100;%Rate of Interest 
    datatest(i,4)=(randi([20 30],1))/100;%Volatility 
    datatest(i,5)=(randi([2 4],1))/12;%Maturity Time 
    datatest(i,6)=(randi([1 ((12*datatest(i,5))-1)],1))/12;%Maturity 
Time compound 
    datatest(i,7)=1+(randi([0 10],1))/100;%Strike compound 
end 
h2=ndtest; 
% calculating the prices using each cluster of data 
for b=1:h2 
    
s0=datatest(b,1);X=datatest(b,2);r=datatest(b,3);sigma=datatest(b,4);T=
datatest(b,5); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,8)=realvalueEupcall; 
    
s0=datatest(b,8);X=datatest(b,7)*s0;r=datatest(b,3);sigma=datatest(b,4)
;T=datatest(b,6); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    datatest(b,9)=CrealvalueEupcall; 
end  
coef=1; 
datatrain=datatrain'; 
trainingset(1,:)=coef*datatrain(9,:);%Compound price 
trainingset(2,:)=((datatrain(2,:)).^2);%dummy input  
trainingset(3,:)=((datatrain(7,:)).^2);%dummy input  
trainingset(4,:)=1-((datatrain(4,:)).^1);%dummy input  
trainingset(5,:)=((datatrain(2,:)).^3);%dummy input  
trainingset(6,:)=((datatrain(7,:)).^3);%dummy input  
trainoutput(1,:)=datatrain(2,:);%moneyness 
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trainoutput(2,:)=datatrain(3,:);%Rate of Interest 
trainoutput(3,:)=datatrain(4,:);%Volatility 
trainoutput(4,:)=datatrain(5,:);%Maturity Time 
trainoutput(5,:)=datatrain(6,:);%Maturity Time co 
trainoutput(6,:)=datatrain(7,:);%Strike co 
datatest=datatest'; 
  
testingset(1,:)=coef*datatest(9,:);%Compound price 
testingset(2,:)=((datatest(2,:)).^2);%dummy input  
testingset(3,:)=((datatest(7,:)).^2);%dummy input  
testingset(4,:)=1-((datatest(4,:)).^1);%dummy input  
testingset(5,:)=((datatest(2,:)).^3);%dummy input  
testingset(6,:)=((datatest(7,:)).^3);%dummy input  
testoutput(1,:)=datatest(2,:);%moneyness 
testoutput(2,:)=datatest(3,:);%Rate of Interest 
testoutput(3,:)=datatest(4,:);%Volatility 
testoutput(4,:)=datatest(5,:);%Maturity Time 
testoutput(5,:)=datatest(6,:);%Maturity Time co 
testoutput(6,:)=datatest(7,:);%Strike co 
  
%making the neuralnetwork 
% use the Levenberg-Marquardt algorithm for training 
spread=.45;                    
goal = 1e-15;                      
net = newrb(trainingset,trainoutput,goal,spread,220,10); 
  
%simulation of the network  
TTrain=trainingset;                                                       
TTrain(2:7,:)=trainoutput;      
TTrain(8:13,:)=sim(net,trainingset);  
% calculating the actual prices using each cluster of data 
for b=1:ndtrain 
    s0=1;X=TTrain(8,b);r=TTrain(9,b);sigma=TTrain(10,b);T=TTrain(11,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(14,b)=realvalueEupcall; 
    
s0=TTrain(14,b);X=TTrain(13,b)*s0;r=TTrain(9,b);sigma=TTrain(10,b);T=TT
rain(12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTrain(15,b)=CrealvalueEupcall;   
end   
  
TTrain(16,:)=100*(TTrain(15,:)-TTrain(1,:))./TTrain(1,:); 
e_Train = TTrain(16,:);    
error={5 10 15 20 'MAPE' 'Max' 'Min' 'MSE' 'MAE' 'RMSE'};  
for g=1:length (error)-6                                                                                                                                                                   
    error{2,g}=((sum(abs(e_Train(1,:))<=error{1,g}))/ndtrain)*100;      
end                                                       
error{2,length (error)-5}=mean(abs(e_Train(1,:)));                                                                                                                                                                                                                                
error{2,length (error)-4}=max(abs(e_Train(1,:)));                                                                                                                                                       
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error{2,length (error)-3}=min(abs(e_Train(1,:)));                                                     
error{2,length (error)-2}=(sum((TTrain(15,:)-TTrain(1,:)).^2))/ndtrain;  
error{2,length (error)-1}=(sum(abs(TTrain(15,:)-TTrain(1,:))))/ndtrain;  
error{2,length (error)}=((sum((TTrain(15,:)-
TTrain(1,:)).^2))/ndtrain)^.5;  
  
%Testing the network            
TTest=testingset;                                                                
TTest(2:7,:)=testoutput;                     
TTest(8:13,:)=sim(net,testingset);     
% calculating the actual prices using each cluster of data 
for b=1:ndtest 
    s0=1;X=TTest(8,b);r=TTest(9,b);sigma=TTest(10,b);T=TTest(11,b);  
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    realvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(14,b)=realvalueEupcall; 
    
s0=TTest(14,b);X=TTest(13,b)*s0;r=TTest(9,b);sigma=TTest(10,b);T=TTest(
12,b); 
    % calculating the analytical price using Black-Scoles formula 
    d1=(log(s0/X)+(r+sigma^2/2)*T)/(sigma*sqrt(T)); 
    d2=d1-sigma*sqrt(T); 
    CrealvalueEupcall=s0*normcdf(d1,0,1)-X*normcdf(d2,0,1)*exp(-r*T); 
    TTest(15,b)=CrealvalueEupcall;  
end  
  
TTest(16,:)=100*(TTest(15,:)-TTest(1,:))./TTest(1,:);  
e_Test = TTest(16,:);    
for g=1:length (error)-6                                                                                                                                                                   
    error{3,g}=((sum(abs(e_Test(1,:))<=error{1,g}))/ndtest)*100;      
end                                                       
error{3,length (error)-5}=mean(abs(e_Test(1,:)));                                                                                                                                                                                                                                
error{3,length (error)-4}=max(abs(e_Test(1,:)));                                                                                                                                                       
error{3,length (error)-3}=min(abs(e_Test(1,:)));                                                     
error{3,length (error)-2}=(sum((TTest(15,:)-TTest(1,:)).^2))/ndtest;  
error{3,length (error)-1}=(sum(abs(TTest(15,:)-TTest(1,:))))/ndtest;  
error{3,length (error)}=((sum((TTest(15,:)-TTest(1,:)).^2))/ndtest)^.5;  
  
Trainpercision1=error{2,5}; 
Testpercision1=error{3,5}; 
Eupcall=error; 
end 
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