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Abstract   

This paper aims to explore the application of Artificial Neural Networks (ANN) as an alternative 

tool in forecasting the financial time-series. ANN is a computational model that simulates the 

structure and function of human biological neurons. The paper discusses the different methods of 

financial forecasting such as fundamental and technical analysis; various econometric models like 

Generalized Autoregressive Conditional Heteroskedasticity (GARCH), Autoregressive Integrated 

Moving Average (ARIMA) and other random walk models. It seeks to present how ANN can 

overcome the challenges in the existing forecasting models in the literature. The author proposed a 

methodology that can be applied in forecasting Philippine Stock Exchange Index.       
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I. Introduction 

1.1. Background of the study 

Forecasting the stock market is one of the most challenging and interesting tasks for 

individual and institutional investors, academicians and financial analysts. However, the 

Efficient Market Hypothesis (EMH) states that perfect capital markets are efficient and stock 

prices reflect all publicly available information as well as private information, thus making 

predictability of prices impossible, if not, difficult (Fama, 1970). 

Despite this popularity of EMH, the past decades are filled with rich literature  on attempts 

to predict and outperform the market. Early works on forecasting rely on traditional statistical 

models such as the Generalized Autoregressive Conditional Heteroskedasticity (GARCH), 

Autoregressive Integrated Moving Average (ARIMA), and other random walk models. The 

limitation with these models is that it only assumes that the time series values have a linear 

correlation structure. These models do not capture the non-linear patterns in the prices (Wang, 

Wang, & Zhang, 2012). 

While various econometric models are available in financial time-series prediction, 

investment analysis tools are more used by industry practitioners. Specifically, these tools are 

fundamental and technical analysis. Fundamental analysis revolves around the study of a 

company’s firm value based on published accounting information (Bauman, 1996). On the other 

hand, technical analysis uses historic price movements, and mathematical formulas to predict 

future returns (Cohen, Kudryavtsev and Hon-Snir, 2011). 

Both tools suffer from weak theoretical framework, lack of empirical studies, and 

reliability on expert’s opinion and knowledge in reading patterns. 

Recent researches focus on overcoming the limitation of traditional statistical tools and 

investment analysis tools, by taking advantage of the advancements in technology. One of these 
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is the use of Artificial Neural Networks (ANN) in finance. ANNs are based on the neural 

structure of the human brain that simulates the basic functions of a biological neuron in pattern 

recognition. ANNs require the use of computer programming and is applied in text recognition, 

speech identification, and image deciphering (Bangal, 2010). An advantage of ANN is that it has 

a non-linear modeling capability (Kumar & Thenmozhi, 2012). It is also able to forecast by 

detecting patterns in financial time series, even without the assistance of experts. 

 

II. Review of Related Literature 

2.1 The Efficient Market Hypothesis (EMH) 

The Efficient Market Hypothesis is one of the most popular and highly discussed theories 

in finance. Fama (1970) described the market to be “efficient” if the prices always “fully reflect” 

available information and if the market adjusts rapidly to new information. This hypothesis is 

related to the Random Walk Theory. 

EMH also suggests that it is not possible for an investor to outperform the market by 

trading in the stock market. If a market is “efficient” then, new information is already reflected 

in the current stock price, therefore, consistently “beating the market” would be impossible. In 

other words, the theory is in conflict with the concept of financial forecasting where it is 

assumed that investors can make excess profits using certain techniques and models. (Tjung, 

Kwon, & Tseng, 2011). 

There are three forms of EMH according to Fama (1970): the weak-form, semi-strong 

form and strong form. The following section discusses the different forms, and some empirical 

studies that were done to test whether ‘efficiency’ exists in the markets of study. 

 

2.1.1 Weak form of Efficient Market Hypothesis 

The weak form of EMH occurs when the current stock price reflects all historical 

information making it impossible for anyone to use past data for predicting future prices and 

making profit from abnormal returns (Fama, 1970). 

The technique of detecting the weak-form of EMH is on determining whether there is 

significant evidence of serial correlation in the coefficients. Fama (1965) examined the 

distributions of thirty stocks of the Dow-Jones Industial Average (DJIA) from 1957 to 1962 with 

about 1,200 to 1,700 daily observation per stock. He found that the weak form of market 

efficiency was present in the sample. Even though there was significant evidence of serial 

correlation in the coefficients, these were too small to cover the transaction costs of trading, 

therefore preventing investors to profit from the returns. 

Tomar & Gupta (2014) studied the daily stock prices from the National Stock Exchange 

(NSE) from January 31 to February 28, 2014. They attempted to calculate the coefficient of 

correlation in their study. The result of the research showed that the NSE market is weakly 

efficient and forecasting in this market is not possible using past data. 

Another method in determining whether the weak-form exists is through examining the 

gains from technical analysis. Brock, Lakonishok, & Lebaron (1992) analysed the Dow Jones 

Index from 1897 to 1986 through the use of bootstrap techniques and standard statistical analysis. 

They concluded that technical analysis has predictive power but cautioned investors of transaction 
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costs. 

2.1.2 Semi-strong form of Efficient Market Hypothesis 

The semi-strong form of EMH is present when the current stock price reflect not only the 

historical information but also the information that is publicly available. Hence, new information 

cannot be used by anyone for earning abnormal returns (Fama, 1970). 

Hadi (2006) examined the Jordanian stock market and tested for the presence of weak, 

semi-strong and strong-form of EMH. He discussed that the presence of semi-strong efficiency 

can be made by examining the (1) market reaction to accounting information; (2) stock splits; (3) 

block trades; and (4) dividend announcements. He found out that the Jordanian market has a 

semi-strong form of efficiency. 

Khan & Ikram (2010) tested the semi-strong form efficiency of the Indian Capital Market, 

particularly the National Stock Exchange (NSE) and the Bombay Stock Exchange (BSE) using 

their monthly averages. They used the Karl-Pearson’s Product Moment Correlation Coefficient 

and linear regressive equations to analyze and determine the degree and direction of the 

relationship between the variables. Results showed that the semi-strong form of efficiency is 

present in the Indian Capital market. 

 

2.1.3 Strong Form of Efficient Market Hypothesis 

The market exhibits a strong form of EMH when the current stock price reflects all 

available information, both public and private, and no one can earn abnormal return by using 

private or insider’s information (Fama, 1970). If the strong-form efficiency hypothesis is correct, 

then insiders should not be able to profit using private information. 

This form of EMH is the most difficult to test and observe because private information is 

difficult to observe (Hadi, 2006). He noted that testing of EMH in this form could be made by 

testing the return that is earned by the insider and using indirect test by examining the return and 

trading volume prior to public information announcement. The strong-form of EMH is more 

difficult to study due to limitations on data. However, the few existing empirical evidence does 

not support this hypothesis. 

Seyhun (1986) examined the insider trading data compiled by the Securities and 

Exchange Commission (SEC) from 1975 to 1981. Empirical evidence showed that insiders can 

predict abnormal future stock price changes. However, the anomalies related to EMH disappears 

when the bid-ask spread as an additional cost of trading is taken in consideration. 

A more recent research was done by Jiang & Zaman (2010) where they studied 25 years 

of insider transaction data (1975-2000), which was obtained from the Securities and Exchange 

Commission (SEC). They used a Vector Autoregressive (VAR) model to asses the relationship 

between aggregate insider trading and market return and found that insider trading can predict 

the market return on the basis of contrarian beliefs and superior knowledge about future cash- 

flow news. 

 

2.1.4 Studies against the Efficient Market Hypothesis 

Various studies were made to test whether the stock market is efficient. However, despite 

the high number of these studies, the existing literature has not been able to give a concrete 

conclusion on market efficiency. In addition, there are studies that criticized and challenged the 
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validity of EMH. 

One of these studies was the one made by Shiller (1981), where he used two data sets 

(real Standard and Poor’s Composite Stock Price Index with the associated dividend series and a 

modified Dow Jones Industrial average with associated dividend series). Another was by 

Campbell and Shiller (1988), where they studied the US stock market’s long historical average 

of real earnings from 1871 to 1986 as a predictor of the present value of future real dividends. 

Both studies demonstrated that the degree of volatility in actual stock price is substantially higher 

than that of it’s estimated present value. They explained this extra volatility with the changes in 

opinion or psychology. This leads to the concept of Behavioral Finance. 

Another thing to consider is the difference between the efficiency of developed and 

emerging markets. Harvey (1995) studied 800 equities from 20 countries and concluded that the 

predictability of the returns in emerging market returns are more likely than developed countries. 

There are also empirical studies that proved that emerging markets are inefficient”. 

Kharusi & Weagley (2014) performed a study in the Muscat Securities Market in Oman. 

They did several parametric tests of serial correlation using the Ljung and Box Q-Statistics and 

the variance ratio test of Lo and Mackinlay and found that the market is inefficient. 

Nguyen, Chang, & Nguyen (2012) investigated whether the Taiwan stock market is 

weakly efficient using the Dockery and Kavussanos’ multivariate model using 63, 340 panel data 

points. Empirical findings show that the Taiwan stock market is not informationally efficient. 

Samanta & Bordoloi (2005) stated that the result of the studies on “efficiency” vary 

depending on the choice of methodology and time period, as well as the selection of data 

frequency and the price series/index under scrutiny. 

 

2.1.5 EMH in the Philippines 

One of the few studies on EMH that focused on the Philippines was by Aquino (2006). 

The research tested if the Philippine stock market is informationally efficient from 1987-2000. 

Tests of weak-form efficiency and semistrong-form efficiency were applied to the daily and 

monthly stock returns of the PSEi. Results of the study showed that only the weak-form was 

present in the years covered. Aquino (2006) also concluded that skilled market players can make 

above average profits in excess of transaction costs using publicly available information because 

of the level of inefficiency in the Philippine stock market. 

A more recent study was done by Chen & Diaz (2014). Applying the Autoregressive 

Fractionally Integrated Moving Average (ARFIMA) and the ARFIMA-Fractional Integrated 

General Autoregressive Conditional Heteroskedasticity (ARFIMA-FIGARCH) on the daily stock 

returns of the PSEi, a long-memory process was found significant in both return and volatility. 

The presence of the long-memory process may be used by investors to earn excess returns. 

 

2.2 Traditional Financial Forecasting 

The popularity of EMH resulted in an overwhelming number of studies, both empirically 

and theoretically. Some of these studies challenge the ‘Random Walk’ theory that the EMH is 

proposing. Some believed in the possibility financial forecasting. This section discusses the 

widely used traditional forecasting, from Technical Analysis to ARIMA, ARCH and Regime- 

switching. 
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2.2.1 ARCH/GARCH 

Asset return series are heteroskedastic and exhibits time-varying volatility clustering 

(Gysen, Huang, & Kruger, 2013). Engle (1982) proposed the Autoregressive Conditional 

Heteroskedasticity (ARCH) model while Bollerslev (1986) proposed the Generalized 

Autoregressive Conditional Heteroskedasticy (GARCH) variant where both aimed to explain the 

changes in volatility over time by relating the conditional variance of the series to past variances 

and observations in the data series. ARCH and GARCH models were not only used to 

characterize the volatility of stock returns, these were also used to estimate financial and 

macroeconomic series as well as future volatility. 

Gokcan (2000) compared the performance of the linear and non-linear GARCH models 

on the monthly stock returns of seven emerging countries from 1988 to 1996. The study concluded 

that the linear GARCH model performs better than the non-linear model in the emerging stock 

markets. 

Bonilla and Sepulveda (2011) used GARCH model to detect the conditional volatility of 

stock market index rates of return in 13 emerging markets. However, the results showed that the 

GARCH model failed to characterize the time-varying nature of market returns and cautioned the 

use of autoregressive models for forecasting stock index options, portfolio selection and risk 

management. 

Even when GARCH models were able to forecast stock returns, another limitation is that 

these models assume that the relationship between excess returns and independent variables are 

constant. This holds true no matter what state the economy is in. When bull-market or bear- 

market is experienced, it causes higher volatility in returns, thereby causing an effect on the 

parameter estimates of time series models (Gysen, Huang, & Kruger, 2013). 

Studies found that the volatility of stock returns is higher during recessions. Schwert 

(1989) made a study on the US stock market from 1857 to 1987 using monthly data and 

discovered that the stock return volatility is unusually high during the Great Depression. 

Following Schwert’s study, Hamilton and Lin (1996) found out that the stock market is much 

more volatile during economic recessions, accounting 60% of the variance of stock returns. This 

opened a need for modelling the different ‘regimes’ of return and volatility distributions that 

exist in financial time series (Gysen, Huang, & Kruger, 2013). 

 

2.2.2 Markov-switching models 

The limitations of using GARCH models in the forecast of volatility and stock market 

returns ushered in a new technique in financial forecasting: the Markov-switching models. 

Suggestions to switch parameters in the presence of regimes in stock volatility were made in the 

paper of Hamilton (1998) when he made an empirical study on the US real GNP to solve the 

changes in regime that is observed during recessions. He proposed the switch between different 

regimes to follow a Markov process which led to the development of a Markov-switching model, 

also known as regime-switching models. 

Assoe (1998) investigated nine emerging markets using Markov-switching models. He 

found out that there is a very strong evidence of regime-switching behavior in emerging stock 

market returns. He also found that the regimes are different and are dependent whether the 

investors are foreign or domestic. 
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(Huarng & Yu, 2013) used the regime-switching models to study and forecast the Taiwan 

Stock Exchange Capitalization Weighted Stock Index (TAIEX). He used the daily data from 

1992 to 2010 and discovered that regime-switches are present in the years studied. Regime- 

switching was also proved to be an effective tool in forecasting the TAIEX prices. 

 

2.2.3 ARIMA (Box-Jenkins Method) 

The Box-Jenkins (BJ), technically known as Auto Regressive Integrated Moving Average 

(ARIMA) methodology was introduced in the paper of Box and Jenkins titled Time Series 

Analysis: Forecasting and Control. This technique opened a new generation of forecasting tools 

during the 1970s. Unlike the regression models in which the dependent variable is being explained 

through the independent variables, the BJ method allow the dependent variable (Y) to be 

explained by past, or lagged, values of Y itself and stochastic error terms (Gujarati, 2003). 

ARIMA has been the most popular and widely-used traditional time series model (Kumar 

& Thenmozhi, 2012). Several authors have attempted to forecast different time series with the 

use of this model. 

Earliest works were done by (Virtanen & Paavo, 1987) where they forecasted the 

monthly and quarterly data of the Unitas Index from 1975 to 1984 of the Helsinki Stock Exchange 

where ARIMA’s forecasting ability were compared to multivariate econometric models. The 

predicted general index that they used was the logarithmic transformation of the index. The 

forecasting ability of the models that were used was measured by the mean error, mean absolute 

error, mean of squared errors, root mean of squared errors, mean percentage error and mean 

absolute percentage error. They concluded that the Helsinki Stock Exchange did not follow a 

random walk model, meaning that the weak-form of market efficiency does not exist. The 

empirical results of ARIMA forecast also showed satisfactory results than that of the multivariate 

econometric models. The monthly models also performed better than the quarterly models. 

Pagan and Schwert (1990) studied US data from 1834 to 1925 using both ARIMA and 

ARCH/GARCH models. Results show that there is a high level of volatility during the Great 

Depression and that the ARIMA model performed better than the ARCH or GARCH models. 

Crawford & Fratantoni (2003) studied the prices of real estate markets of several states in 

the US from 1979 to 2001. He compared the forecasting performance of the three types of 

univariate time series models: ARIMA, GARCH and regime-switching. While regime-switching 

models performed better when the real estate markets have “boom and bust cycles”, the ARIMA 

models generally perform better in out-of-sample forecasting. 

It can be observed that these studies show that ARIMA model had better forecast accuracy 

than other methods. However, its major limitation is that it presumes that the time- series is 

in linear form. The use of linear models to complex real-world financial time series problem 

is not always satisfactory. Several studies proved that financial time series to be highly non-

linear where the mean and variance of the series changes overtime (Kumar & Thenmozhi, 2012). 

Studies show that there is a noisy non-linear process in the prices (Grudnitski  and Osburn, 

as cited in Kumar & Thenmozhi, 2012). Traditional statistical techniques for forecasting have 

serious limitations with respect to applications with non-linearities in the data set such as stock 

indices. The detection of this hidden non-linear relationship may help in improving the 

forecasting accuracy (Refenes et.al. as cited in Kumar & Thenmozhi, 2012). 
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2.3 Investment Analysis Tools 

Even when there are a variety of statistical tools available for forecasting, industry players are 

more familiar with investment analysis tools. The most common ones are fundamental and 

technical analysis. These will be further discussed in the following sections. 

 

2.3.1 Fundamental Analysis 

Also known as intrinsic value analysis, fundamental analysis determines the company’s 

stock prices through the use of historical accounting and financial data. This method studies 

company’s earnings and expenses, assets, liabilities, management experience, profits and 

industry dynamics. These historical financial information are used to predict future stock returns. 

(Iqbal, Khattak, & Khattak, 2013). 

Since fundamental analysis uses publicly available information, it has been used  in several 

studies to test market efficiency (Lev & Thiagarajan, 1993; and Barbell & Bushee, 1997, 1998). 

It also received various criticisms, one is due to its lack of unifying theoretical 

framework, as well as lack empirical evidence to support the methods that it uses (Bauman, 

1996). Another is the argument that analysts who have better access to information and have 

more sophisticated system for interpreting data will earn more profit than others. Fundamental 

analysis was also found to be better at focused and long-term investments (Abbad, Fardousi, 

Abbad, 2014). A study by Iqbal, Khattak & Khattak (2013) found fundamental analysis is not 

able to predict stock returns in Pakistani listed companies. 

 

2.3.2 Technical Analysis 

While fundamental analysis focuses on the “intrinsic value” of a company, technical 

analysis attempts to relies on the study of patterns of volumes and prices of a company, through 

the use of charts and graphs. Technical analysis has been widely used on Wall Street for over a 

century (Tjung, Kwon, & Tseng, 2011). Koulouriotis et al. (2002) defines it as a technique that 

relies mainly on statistical observations, empirical indications, behavior patterns repetition and 

regularities. It avoids the theoretical confrontation of stock market behavior. 

The patterns are drawn from past data and it requires the application of qualitative 

reasoning and the utilization of the analyst’s experience, using these to make profitable trading 

strategies. The structure of technical analysis is based on rules, which frequently incorporate 

fuzzy reasoning mechanisms. These rules consider technical analysis indicators like moving 

averages, oscillators, price and volume indices, support/resistance and trend lines. 

However, the major downsides of this technique, like fundamental analysis, are the weak 

theoretical framework (Koulouriotis, Emiris, Diakoulakis, & Zopounidis, 2002). 

Zhou & Dong (2004) also noted that since technical analysis rely on expert’s opinion and 

less-experienced traders would have difficulty in capturing subtle difference in technical patterns. 

There is a need for computer pattern-recognition programs that should be designed to capture 

such slight differences and extract useful information from the noise. Another challenge in using 

this technique is the lack of statistical test in measuring its effectiveness. Existing researches 

gave conflicting results (Zhou & Dong, 2004). 
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2.3 Neural Networks and Finance 

The limitations of traditional statistical forecasting tools as well as the investment analysis 

tools used in financial forecasting is what new researches are trying to overcome. One of the 

growing fields is in the theory of Neural Computation. This section covers the development and 

discussion of a popular and popular tool known as the Artificial Neural Network (ANN). 

Hill, O'Connor, & Remus (1996) defined ANN as mathematical models that is patterned 

after the functioning of biological neurons. There are different kinds of ANN which depend on 

the nature of task assigned to the network. There are also variations on how the neuron is 

modeled. Gluck and Bower (1988) states that some of these models closely resemble the 

biological neurons. 

One of the major advantages of using neural networks is their flexible non-linear 

modeling capability (Donaldson and Kamstra, 1996). They have flexible non-linear function 

mapping capability, which can approximate any continuous function with arbitrarily desired 

accuracy (Kumar & Thenmozhi, 2012). ANN is also useful in explaining complex environments 

with irrelevant and partial information (Eberhart and Dobbins, as cited in Altay & Satman, 

2005). Another advantage of ANN is the presence of an adaptive system that changes its structure 

based on external or internal information that flows through the network during the training 

phase. It can also be used to model complex relationships between input and outputs or find 

patterns in the data (Fajaryanti & Wibowo, 2013). 

This section will provide a discussion of previous researches where ANN has been 

applied. In the field of economics, ANN modeling was used to forecast inflation. Moshiri & 

Cameron (2000) compared ANN with an ARIMA model, vector autoregressive model and a 

Bayesian vector autoregression model. The GDP of Canada from 1970 to 1994 was used and 

found out that the ANN outperformed all other traditional methods of forecasting models. 

ANN models were used in several areas in finance. Pradhan & Kumar (2010) used ANN 

to forecast the foreign exchange rate in India using data on US dollar, British pound, Euro and 

Japanese yen from 1992-2009. The forecast accuracy was measured using various loss functions: 

root mean square error (RMSE), mean absolute error (MAE), mean absolute deviation (MAD) 

and mean absolute percentage error (MAPE). Results show that ANN is effective in forecasting 

the foreign exchange rate. 

Amilon (2003) compared the performance of ANN and Black-Scholes formula for pricing 

and hedging derivative securities, particularly pricing a call option. The method was applied 

to the out-of-sample pricing and delta hedging using the daily data on the Swedish stock index 

call options from 1997 to 1999. ANN outperformed the benchmarks both in pricing and hedging 

performances. 

In the banking sector, Sharma & Shebalkov (2013) used ANN and simulation modeling 

to analyze and predict the performance of 883 Russian Banks from 2000-2010. They used 

correlation analysis to obtain key financial indicators which reflect the leverage, liquidity, 

profitability and size of banks. They found out that D/E ratio, ROA, Deposits and Current ratio 

as uncorrelated indicators of the Russian banking sector. The four indicators were put into a 

simulation model and used back-testing to make sure that the approach is reliable. The results 

show that the process could further be improved to estimate the structural performance in terms 

of leverage, liquidity, profitability and size. 

ANN was also applied to bankruptcy prediction. Charalambous, Charitou, & Kaourou 

(2000) studied bankrupt and non-bankrupt US firms from 1983-1994 and compared the 

predictive performance of three neural network methods: the learning vector quantization, the 
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radial basis function and the feed forward network and found that NN provides superior results 

to logistic regression and backpropagation algorithm. They also noted that the predictive 

performance of NN methods are dependent onn the characteristics of the dataset and on the 

complexity of the issue under examination. 

 

2.3.1 Neural Network and Financial Capital Markets 

The following are several studies related to the use of ANN in forecasting stock prices. 

Tjung, Kwon, & Tseng (2011) studied 37 stocks from eight industries in USA. They tried to 

compare the performance of ANN and Ordinary Least Squares (OLS) in predicting changes in 

stock prices as well as identifying critical predictors in forecasting stock prices. Their study did 

not only use historical stock prices but also eight other indicators particularly macroeconomic 

indicators, microeconomic indicators, market indicators, market sentiments, institutional 

investors, political indicators, business cycles and calendar anomalies. Findings show that ANN 

outperformed the OLS in predicting changes in stock prices. 

ANNs were also used to forecast the stock index, similar to the objective of this paper. 

Samanta & Bordoloi (2005) studied the performance of ANN in the three available stock price 

indices, namely, the BSE-Sensex, BSE-100 and the S&P CNX Nifty with data from January 

1999 to August 2000. They used the first-difference (FD) logarithm of respective stock price 

indeces as the return series. They measured the performance of ANN versus the Random Walk 

Model using the Average Absolute Error (AAE), Root Mean Square Error (RMSE), Mean 

Absolute Percentage Error (MAPE), Mean Square Percentage Error (MSPE) and the Rbar- 

Square. Results showed that ANN performed better than RW models. 

Kanas (2001) did not just focus on the commonly used out-of-sample accuracy measures, 

like the ones employed in Samanta & Bordoloi’s study. They also measured the directional 

accuracy. His study found that ANN and the linear model performed badly in terms of predicting 

the directional change of US and UK indices. However, ANN forecasts are preferrable to linear 

forecasts, indicating the inclusion of nonlinear terms, in terms of other out-of-sample accuracy 

measures. 

Altay & Satman (2005) studied the Istanbul Stock Exchange and found that ANNs do not 

have significant difference from the traditional linear regression method in terms of forecasting 

the stock index. However, the study provided a more favorable result in terms of directional 

accuracy of ANN than the traditional method. Kumar & Thenmozhi (2012) used additional 

forecast accuracy in terms of direction and sign change using Directional Symmetry (DS), 

Correct Up Trend (CU) and Correct Down Trend (CD). 

One of the latest studies on ANN were done by Fajaryanti & Wibowo (2013), where they 

conducted a study on Telkom, an Indonesian company. They “trained” the daily prices of the 

company from August of 2009 to May of 2010. Results showed that ANN provided a high 

degree of accuracy of predictive data. They concluded that ANN “learn the value of the past 

stock as the knowledge to determine future stock price.”. 

 

2.4 Research Gap 

Empirical studies show that the Philippine capital market has a high level of 

predictability (Chen & Diaz, 2014). This study supports Chen & Diaz (2013) in their conclusion 

that the Philippine market is predictable. However, traditional statistical methods and 

conventional methods like technical analysis and fundamental analysis may be further improved 
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by taking advantage of the evolving technology. 

 

Fundamental and technical analysis relies heavily on expert’s opinion. More experienced 

and well-informed analysts outperforms others who are less-experienced and lacks information. 

This limitation is what the ANN is trying to overcome by being able to read patterns by itself, 

even when information is limited. This research aims to fill this gap by creating a forecasting 

software product using Artificial Neural Network, that anyone, even non-experts, can use. 

 

Chapter III – Methodology 

 

The methodology of this research is composed of data gathering, creation of the ANN 

through computer programming, evaluation of the forecast accuracy of the predicted prices and 

creation of a software product for financial forecasting, using the validated architecture and 

codes of the ANN used in the sample. 

 

3.1. Research Sample 

This study used the daily closing levels of the Philippine Stock Exchange Index (PSEi). 

The PSEi is the bellwether stock market index of the Philippine Stock Exchange, which consists 

of 30 companies. 

The forecast was divided into three parts, short-term, mid-term and long-term. The short- 

term forecast used 5-day and 10-day inputs; the medium-term forecast used 30-day inputs; and 

the long-term forecast used 90-day and 120-day inputs. 

To test for the ANN’s accuracy during the normal times and financial crisis times, daily 

closing levels for 2015 and 2008 were tested. For the 2015 forecast, this research used the daily 

PSEi levels from January 2, 2014 to May 22, 2015. For the 2008 forecast, this research used the 

daily PSEi levels from April 1, 2008 to November 28, 2008. The 2008 sample is included to test 

for the accuracy of the ANN in times of financial crisis. An extra 5-day input for 2008 was added 

in the study to check for the accuracy of the ANN in regular times. It will be from November 13, 

2008 to January 2, 2009. 

 

3.2 Feed-Forward Neural Network methodology 

Plummer (2000) defined feed-forward neural network (FFNN) as a type of neural network 

that can have any number of layers, units per layer, network inputs and network outputs. It is one 

of the most commonly used type of neural network. Figure 3.1 shows an example of an FFNN. 

In Layer A, it can be seen that this network has four units, while it has three units in Layer 

B. These are called hidden layers. Layer C has one unit and this is called the output layer. Finally, 

this network has four network inputs and one network output. Figure 3.1 is an example of a 

three-layer feed-forward neural network. 

A unit in the first layer would have the same number of inputs as there are network 

inputs; a unit in the succeeding layers has the same number of inputs as the number of units in 

the preceding layer. The lines in Figure 3.1 corresponds to each network-input-to-unit and unit- 

to-unit connection. It is modified by what is called weight. Each unit has an extra input that is 

assumed to have a constant value of one. A bias is the weight that modifies this extra input. Data 
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transmit along the connections in the direction from the network inputs to the network outputs 

that is why it is called feed-forward. An example unit with its weights and bias with all other 

network connections omitted for clarity is shown in Figure 3.2. 

 

Equation 3.1 shows the activation function of a hidden layer unit where c, p and n 

identify units in the current layer, and the next layer respectively. When the network  is processed, 

each hidden layer unit performs the calculation shown in Equation 3.1 on the inputs and transfers 

the result (Oc) to the layer of units (Plummer, 2000). 

 

  

 

  

 

 

 

 

 

 

 

Equation 3.1 Activation function of a hidden layer unit (Plummer, 2000) 

Figure 3.1 A three-layer feed- forward 

neural network (Plummer, 2000) 

Figure 3.2 A three-layer feed-forward neural 

network with weights and biases (Plummer, 

2000) 
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 - the output of the current hidden layer unit c,  

- is either the number of units from the previous hidden layer or number of network inputs, 

- an input to unit c from either the previous hidden layer unit p or network input p, 

- the weight modifying the connection from either unit p to unit c or from input p to unit 

c, 

- is the bias, 

 - the sigmoid activation function of the unit. The sample graph can be seen in 

Figure 3.3.  

 

The sample graph can be seen in Figure 3.3. the sigmoid activation function of the unit.  
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Equation 3.2 Activation function of an output layer unit. 

 

 

- the output of the current output layer unit c, 

- is the number of units from the previous hidden layer, 

 

- an input to unit c from the previous hidden layer unit p, 

 

- the weight modifying the connection from unit p to unit c or from input p to unit 

c, 

 

- is the bias 

 

- is a linear activation function. 

 

3.2.2 Neural Network in using NEUROPH in Java 

 

This research used the neural network framework Neuroph to build the program for 

forecasting the PSEi levels. Neuroph is a freeware, lightweight Java neural network framework 

that is used to develop common neural network architectures. The basic neural network concepts 

are part of the open source Java library. 

 

Figure 3.3 shows the basic concepts of the Java Neural Network Framework using 

Neuroph. The prediction is possible because of the “training” of data that can be seen on the 

right part of the diagram. Neuroph uses several training element to form a training set. This 

training set gives certain learning rules, which are the patterns that the network reads in the 

study. After the training, Neuroph identifies the neurons, which are the inputs used in the study. 

The neurons are connected to several hidden layers and produces an output, with weights and 

biases. This is the predicted output of the network (Neuroph, 2014). 
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Figure 3.3 Basic Concepts in Neuroph Framework 

 

 

3.3 Measurements of Forecasting Accuracy 

In order to measure the forecasting accuracy and compare the performance of the 

two techniques, ARIMA and FFNN, this research will use six statistical metrics: the Mean 

Absolute Percentage Error (MAPE), Mean Absolute Error (MAE), Root Mean Square Error 

(RMSE), Directional Symmetry (DS), Correct Up trend (CU) and Correct Down trend (CD). 

Table 3.1 presents the six different statistical metrics that measure the forecasting 

accuracy of the two models that will be used in this research. In the table, Fk is the forecasted 

value, Ak is the actual value and N is the number of observations. MAPE, MAE, and RMSE 

are the measure of deviation between the actual (Ak) and the forecasted value (Fk). Smaller 

values of MAPE, MAE and RMSE means closer predicted time series values to the actual 

value (Cao & Tay, 2001). This research will also include additional metrics that measure 

the correctness in predicted directions (DS) as well as the correctness of predicted up and 

down trend (CU and CD), in terms of percentage. In these metrics, the higher the value of 

DS, CU and CD means better direction and time information (Kumar & Thenmozhi, 2012). 
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Table 3.1 Out-of-sample forecasting accuracy measures 

Out-of-sample 

accuracy 

statistical 

metrics 

Calculation 

Mean Absolute 

Percentage Error 

(MAPE) 
1

1 N
k k

k k

F A

N A


  

Mean Absolute 

Error (MAE) 

1

1 N

k k

k

F A
N 

  

Root Mean 

Square Error 

(RMSE) 
 

2

1

1 N

k k

k

A F
N 

  

Directional 

Symmetry (DS) 

1

1 1

100

1   ( )( ) 0               

0                otherwise                          

N

k

k

k k k k

k

DS d
N

F F A A
d



 

 

  
 




 

Correct Up trend 

(CU) 

1

1 1 1

100

1   ( )> 0,  ( )( ) 0                

0                otherwise                                                   

N

k

k

k k k k k k

k

DS d
N

F F F F A A
d



  

 

   
 




 

Correct Down 

trend (CD) 

1

1 1 1

100

1   ( )> 0,  ( )( ) 0                

0                otherwise                                                    

N

k

k

k k k k k k

k

DS d
N

A A F F A A
d



  

 

   
 




 

 

3.4: Anticipated outcomes 

In basis from the literature collected from this research, the author expects that the PSEi 

prices can be forecasted using ANN. It is also expected to have high forecasting accuracy in 

its short-term, mid-term, and long-term predictions, measured through Percent of Accuracy, 

Percent of Error and Forecast Error. The author also supports the hypothesis that there is no 

significant difference in the forecasted and actual values in the short-term, mid-term, and 

long-term. The researcher is confident that the Artificial Neural Network software product 

will be a good alternative for the investors in forecasting the Philippine capital market. 
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