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Abstract
The advent of digital age dramatically changed the way all aspects of commerce is conducted. From
the largest multi-national conglomerates to the least small-and-medium enterprises and to the
unassuming business-savvy individuals have adapted to take advantage of the benefits afforded by the
resulting digital technology. Investing in, and profiting from, shares of stocks of companies listed in
an organized stock exchange is one such instance. Gone are the days wherein stock investors and
brokers are inseparable from their telephones to handle trades. Online platforms, powered by machine
learning algorithms, have made investing in stocks not only accessible and convenient but also more
lucrative. These online stock brokerage platforms account for the bulk of daily trades across the globe.
Stocks investing, by its nature, is risky and, investors’ gains or losses are guided primarily by their
risk appetite and ability to analyse movements in stock prices and the fundamentals of the company’s
underlying financial information.
The purpose of this study is to create a model that predicts or forecasts stock prices using machine
learning algorithms. By designing a model that has predictive ability, investors are able to optimize
gains or minimize losses. Stated differently, the availability of data on stock price forecasts allows
investors to either buy, hold or sell stocks thereby enabling them to realize the highest possible gain or
cut losses to the lowest possible level.
This study aims to forecast stock prices for the next end-of-day trading of the top six publicly-listed
Philippine conglomerates for the year 2019 as reported by Forbes. These conglomerates include:


Ayala Corporation



BDO Unibank Inc.



SM Investments Corporation



Top Frontier Investment Holdings (the controlling shareholder of San Miguel Corporation)



Metropolitan Bank & Trust Corp



JG Summit Holdings Inc.

Machine learning algorithms such as facebook prophet, random forest, auto regressive integrated
moving average (ARIMA) will be used in this study to design a predictive model that generates the
next end-of-day closing stock price with the highest accuracy.
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CHAPTER 1 INTRODUCTION
1.1 BACKGROUND
As individuals are more highly educated in financial investments, and access to online information
has become far easier and more convenient today than at any point in history, investing in stocks for
personal investments or for short-term gains by a well-versed trader, is objectively easy and makes
more financial sense.
Generally, there are two types of buyers and sellers of stocks:
•

traders – individuals who buy and sell stocks to profit from short-term movements in stock
prices; and

•

long-term investors – individuals or companies that buy and sell stocks for longer periods of
time in order to profit from stock price appreciation and dividends.

1.1.1

Shares or Stocks

By definition, a share or stock is a security that is not redeemed – the investment can only be realised
through a disposal – and whose revenue flows are uncertain (Vernimmen, et al, 2017). It is in
compensation for these two disadvantages that shareholders have a say in managing the company via
the voting rights attached to their shares. Moreover, according to Vernimmen, et al (2017),
shareholders receive a return in the form of dividends (dividend yield) and the increase in price or
market value (capital gain).
In layman’s term, stocks represent residual ownership in a company’s assets and liabilities (net assets)
and profits or losses.
1.1.2

Price of a Stock

Generally, the price of a stock is first set by a company during the first time it sells its shares to the
public or commonly known as the initial public offering (“IPO”). Subsequently, the stock price moves
upwards or downwards after the IPO as a result of various market forces.
In most jurisdictions, laws or regulations set the floor price for shares of stock at which companies are
required to issue or sell its shares. Naturally, companies tend to offer stocks above the floor price to
gain the highest possible capital from investors.
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According to Michael Becket (2017), the market as a whole – and hence, stock prices -- is affected by
the factors:
•

the general economic cycle (and that could be anything from a recovery to a slowing in
anticipation of a recession);

•

the level of inflation;

•

interest rates, since they affect consumer demand as well as the costs of business and hence its
profitability;

•

tax levels and the changes;

•

the relative strength of the currency, since that affects the costs of imports and the
competitiveness of exporters;

•
1.1.3

the political situation, including the proximity of elections and who is likely to win.
Stock Exchanges

A stock exchange is an exchange where stock brokers and traders can buy and sell shares of stock,
bonds, and other securities (Raj S. Dhankar, 2019).
The largest stock exchanges in terms of market capitalization include:


New York Stock Exchange;



Nasdaq;



London Stock Exchange; and



Tokyo Stock Exchange.

In the United Arab Emirates and the Philippines, the shares are traded in the Abu Dhabi Securities
Exchange and the Philippine Stock Exchange, respectively.
Raj S. Dhankar (2019) stated that many large companies have their stocks listed on a stock exchange.
This makes the stock more liquid and thus more attractive to many investors. Some large companies
will have their stock listed on more than one exchange in different countries, so as to attract
international investors. Participants in the stock market range from small individual stock investors to
large trader investors, who can be based anywhere in the world, and may include banks, insurance
companies, pension funds and hedge funds. Their buy or sell orders may be executed on their behalf
by a stock exchange broker
Moreover, the main objective of all participants in the stock exchange is to earn profit by following
some strategies using fundamental and technical analysis tools. One such strategy which is found to
give good profit is long-run contrarian strategy. Long-run reversal effect in stock returns is a well-
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established phenomenon in the stock market for more than four decades. Such long-run reversal effect
is generally referred to as a phenomenon where stock returns undergo reversal over a time horizon of
more than 18 months, suggesting predictability in the long-run stock returns (Raj S. Dhankar, 2019).
1.1.4

Fundamental and Technical Analysis

According to Michael Becket (2017), investor’s decision to buy or sell shares of stock is mostly
driven by the following factors:
•

acceptable amount of risk;

•

time horizon for the investment;

•

generating an income or capital growth;

•

subsidiary decisions, possibly including ethical considerations, territorial preferences, etc.

However, every decision to buy or sell stocks is largely made based on either a fundamental or
technical analysis. In most cases, long-term investors perform the former while well-versed traders
make use of the latter.
Michael Becket (2017) defines fundamental analysis as the process that:
•

evaluates a business and its products;

•

examines its published accounts, including return on capital;

•

takes a guess at earnings, earnings potential and dividend prospects;

•

looks at the economic ambience, such as the rate of inflation, the level of currency, consumer
demand and interest levels;

•

watches the market the company is selling in and what its competitors are up to; and

•

judges the company’s management.

On the other hand, technical analysis is the extraction of information from market data into objective
visualizations through the use of mathematics with an emphasis on investor behavior and supply and
demand to explain the current and anticipate the future path of the financial markets (Paul Ciana,
2011). This definition suggests that technical analysis comprises the following five attributes:
•

Market data: represents a variety of data sets that includes the most frequently used ones such
as price, volume, and open interest, but does not exclude data sets such as volatility, ticks,
ratios, and dividend yields.

•

Objective visualizations: a preference for analyzing information in a chart, but visualizations
could be more than a chart, such as a figure, table, scatter plot, or query of results.

•

Use of mathematics: the application of measurements and calculations to measure the market
actions of an individual security or a group of securities.
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•

Emphasis on investor behavior and supply and demand: having a bias for identifying rational
and irrational market actions and looking for imbalances in the availability or desire for a
security.

•

Explaining the current and anticipating the future: an attempt to understand what the market is
telling about itself to estimate where it may go in the future.

Furthermore, technical analysis is concerned exclusively with the movements of share prices in the
recent past to forecast how they will move in the future. Technical analysis is concerned not with
whether the company is efficiently managed but with when the market price is likely to change. It can,
however, indicate which share prices are due for a turn – in either direction – and so provide a
stimulus for active traders. That means it does not so much indicate which share to buy as when to do
so (Michael Becket, 2017).
Generally, investing and trading are two very different methods of attempting to profit in the financial
markets. Both investors and traders seek profits through market participation. In general, investors
seek larger returns over an extended period through buying and holding. Traders, by contrast, take
advantage of both rising and falling markets to enter and exit positions over a shorter timeframe,
taking smaller, more frequent profits.

1.2 STATEMENT OF PROBLEM
The aim of this study is to forecast the stock price of the top six publicly-listed conglomerates in
the Philippines using machine learning models in order to allow investors to make better investing
decisions: maximize gains and minimize, if not eliminate, losses.

1.3 PROJECT GOALS
The project aims to build machine learning models that have predictive power to forecast the next
end-of-day stock prices of the top six publicly-listed Philippine conglomerates in order to facilitate
better stock trading or investing decisions.
The research questions that this project aims to answer are as follows:
1.

Do historical movements in stock prices have positive correlation on their future prices?

2.

Do machine learning models have predictive ability to forecast stock prices?

3.

Which machine learning model performs best and provides the highest accuracy in terms of
predicting stock prices?

The project will also aim to provide recommendations for improving related research in the future.
4

1.4 METHODOLOGY
This study explores the use of machine learning models to predict or forecast stock prices of the top 6
Philippine conglomerates. This study will design a predictive model that generates the highest
possible accuracy in order to optimize gains or minimize losses for a stock trader or investor.
Given the variety of available machine learning models, this study will focus on using the following
to test and train the data:
•

Artificial Neural Network (ANN)

•

Facebook Prophet

•

ARIMA

Before these algorithms can be used, the dataset will need to be pre-processed (i.e. cleaned,
aggregated, discretized, etc., as appropriate), transformed and explored. Assuming these steps are
performed, the attributes of the dataset will be mined as follows.
The daily stock prices will be fed into the model, taking into account the relative volume of trades on
each and every trading day:
•

Opening price

•

High price

•

Low price

•

Closing price

The volume of trades for each stock in every trading day will also be considered.
Time permitting, the following common variables for technical analysis may be used in the study to
achieve better performance or accuracy of the machine learning models:
•

Simple Moving Average (SMA)

•

Weighted Moving Average (WMA)

•

Relative Strength Index (RSI)

•

Moving Average Convergence Divergence (MACD)

The dataset will be divided into training set (80%) and testing set (20%). The algorithm that provides
the highest accuracy will be considered the best model. However, the accuracy rate of a model is not
the be all and end all of model comparison. This is so because such considerations as computational
complexity and the inherent limitation of accuracy need to be taken into account. In theory, the cost of
a model will need to be taken into consideration in choosing the appropriate model to use.
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Data mining will be of no use if the knowledge gained is not presented and visualized through
informative plots, graphs or tables. For this purpose, the study makes use of R heavily and Tableau in
certain visualizations.

1.5 LIMITATIONS OF THE STUDY
The study makes use of data for the period covering the five years only, and limits its analysis to 3
machine learning models which are commonly used in time-series analysis.
Moreover, the study does not tackle technical and fundamental analyses in the forecasting models,
and limits the variables in the dataset to date and prices only, disregarding the other variables
quantitative variables namely, volume and percentage change.
Finally, for purposes of this study, the forecast value is limited to the next-of-day closing stock price
which is for January 2, 2020 (as January 1, 2020 is a legal holiday in the Philippines). Including in the
analysis the forecast values for other days (or even weeks) after the last actual historical value (i.e.
December 27, 2019) may provide more meaningful results and may shift the level of accuracy rates
among the three machine learning models used in this study.
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CHAPTER 2 LITERATURE REVIEW
The significant strides in computing technology has afforded a vast amount of interest in stock price
prediction using machine learning from both the academia and business circles.

2.1

COMPLEX MACHINE LEARNING MODEL: NEURAL NETWORKS

Deep learning is a form of machine learning, the use of data to train a model to make predictions from
new data. Deep learning, they added, presents a general framework for using large data sets to
optimize predictive performance. As such, deep learning frameworks are well-suited to many
problems – both practical and theoretical – in finance (Heaton, et al. 2016).
Khare, et al (2017) compared two models – Multilayer Perceptron Neural Network (MLP) and Long
Short-Term Memory (LSTM) Neural Network to predict the stock price (close) of ten unique stocks
traded in the New York Stock Exchange. They concluded that MLP outperformed LSTM in
predicting short term stock prices. Neural networks have proved to be a good tool to forecast a chaotic
framework like the stock market.
Torkil (2015), in his master thesis, aimed to compare modern Artificial Neural Networks (ANNs),
when applied for short-term stock price prediction using daily data, and evaluated them in the context
of following a financial strategy that trades every prediction a given model makes. The goal was to
discover the relative performance between models, and see if any of them were viable to trade. Torkil
concluded that three models stand out with better performance: Support Vector Regression (SVR),
Feed Forward Neural Network (FFNN) and Convolutional Neural Network (CNN). Applying trading
profits, the three models showed comparable results, mostly producing positive profits.
Furthermore, in a study performed by Ballings, et al (2015) to compare the performance of various
machine learning models on stock price prediction, it was found that Random Forest is the top
performer, followed by Support Vector Machines, Kernel Factory and AdaBoost. The results clearly
suggest that novel studies in the domain of stock price direction prediction should include ensembles
in their sets of algorithms.
Finally, Patel, et al (2014) conducted a study to predict the direction of movement for stocks and stock
price indices, experiments with continuous-valued data show that Naive-Bayes (Gaussian process)
model exhibits least performance with 73.3% accuracy and random forest with highest performance
of 83.56% accuracy. In addition, performance of all these models is improved significantly when they
are learnt through trend deterministic data. The accuracy of 86.69%, 89.33%, 89.98% and 90.19% is
7

achieved by Artificial Neural Network, Support Vector Machine, Random Forest and Naive-Bayes
(Multivariate Bernoulli Process) respectively. It should be noted that ten technical parameters
reflecting the condition of stock and stock price index are used to learn each of these models.

2.2

EMERGING MACHINE LEARNING MODEL: FACEBOOK PROPHET

Fang, et al (2019) compared Long Short-Term Memory (LSTM) and Facebook Prophet using share
price time series data of the MSCI Taiwan Index Futures (MSF) from January 1, 2014 to December
31, 2018. LSTM and Prophet are used to predict the trend of time series data, and the prediction trend
is combined with the inverse neural network model (BPNN) for prediction. The empirical results
show that this method can indeed achieve accurate forecasting trends and reduce errors.


In the case of Prophet, the empirical results show that it has been able to predict the stock
price trend of MSF in predicting the 60-day MSF stock price trend, and the MSF shows an
upward trend on Monday. It is concluded that the MSF showed an upward trend in the first
half of the year (January to June), however, the second half (July to December) showed a
downward trend.



The LSTM forecast and trend tend to be consistent, and the empirical results confirm the
validity of the price trend predicted by LSTM. Finally, the LSTM stock price prediction value
is brought into the inverse transfer type nerve as the input variable. The results show that the
predicted value of the integrated LSTM inverted transfer type nerve almost coincides with the
actual value two curve, indicating that the LSTM reverse transfer type nerve can accurately
predict the MSF. The stock price, RMSE has reached 0.04464.

Park, et al (2019), used Facebook Prophet to identify patterns of emergency department (ED) daily
visits with the hope of predicting future number of daily ED visits, in order to optimize staff and
hospital resource allocation that may lead to significant positive operational and patient care
outcomes.


Data were collected from a single urban community-based hospital in the New York
Metropolitan area from January 2016 to December 2018.



A time series analysis and decomposition were performed on daily visits using Prophet.



The model trends were revealed and used for predicting daily ED visits for the first two
weeks of January 2019.

The result was that the Facebook Prophet method identified two distinct seasonal patterns. The
resulting data frame contained fourteen days of forecasted data with corresponding 95% confidence
intervals. The model appears to provide insight into the general trend and seasonality in the time
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series data, and suggests that the Facebook Prophet model can be used to provide reasonably accurate
forecasts and predictions in daily ED visits.

2.3

ESTABLISHED MACHINE LEARNING MODEL: AUTO REGRESSIVE
INTEGRATED MOVING AVERAGE

In a thesis entitled “Stock Price Prediction using Adaptive Time Series Forecasting and Machine
Learning Algorithms”, Lumeng Chen (2020), compared the Auto Regressive Integrated Moving
Average (ARIMA) model, Long Short Term Memory (LSTM) model and Extreme Gradient Boosting
(XGBoost) models to predict daily adjusted close price of selected stocks from January 3, 2017 to
April 24, 2020. The daily stock price data includes columns of open, close, adjusted close, high, low
and volume. The study was conducted as follows:


In ARIMA and LSTM models, the only features we used as model inputs were previous N
day’s stock prices. Prediction on day N+1 was calculated based on previous N values. Root
mean squared error (RMSE) and mean absolute percentage error (MAPE) were calculated
from this rolling forecast and the actual price in the test dataset. Optimal parameters were
selected to be the setting that yielded the lowest RMSE score and residuals diagnostic was
performed to check model assumption for the final ARIMA model.



In XGBoost model, feature engineering was used to create two additional features from open,
close, high and low price. Same with LSTM model, previous N day’s features were used as
features in day N+1 for prediction. In both LSTM and XGBoost models, training dataset was
scaled for model fitting. Features and output from cross-validation and test dataset were
scaled too based on previous N days’ values. The prediction results were then reverted back
to original scale before calculation of RMSE and MAPE scores.

Chen concluded that all three models produced good forecast of next day’s stock price by looking at
the prediction versus actual stock price plot for each stock and their RMSE and MAPE scores. In
addition, Chen reported the following findings:


During the time with great volatility, the lag between forecast value and actual value is more
noticeable.



Historical N day’s stock price on its own could provide a relatively accurate prediction on
N+1 day’s stock price.



In XGBoost model particularly, it was found out that N=2 provided better RMSE and MAPE
(%) results than other larger values of N (previous N days). As N gets larger, prediction
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accuracy got lower in XGBoost. In addition, in XGBoost feature importance analysis, the
most important factor to today’s stock price is its price yesterday.


Finally, although the final ARIMA model achieved the lowest RMSE score, grid search for
one-step ARIMA forecast model parameters took the longest computing time, while XGBoost
model with the second lowest RMSE score required the least time for parameter tuning and
forecast calculation.

Adewumi, et al (2014) used published stock data obtained from New York Stock Exchange (NYSE)
and Nigeria Stock Exchange (NSE) to develop a stock price predictive model. The stock data
comprised historical daily stock prices obtained from two countries stock exchanges. The data
composed of four elements, namely: open price, low price, high price and close price. In this research,
the closing price is chosen to represent the price of the index to be predicted. Closing price is chosen
because it reflects all the activities of the index in a trading day.
The results revealed that the ARIMA model has a strong potential for short-term prediction and can
compete favourably with existing techniques for stock price prediction. The ARIMA model yielded
adjusted r-squared value of 0.9972, clearly suggesting the fitness of the model.
In a study comparing artificial neural network and ARIMA models, Wijaya, et al (2010) used daily
closing values of ANTM (PT Aneka Tambang) share to build a stock prediction model. The results
showed that:


ANN forecasting method has the ability to overcome problems of non-linear data
through learning and recognition of the pattern in the data, which cannot be done by
ARIMA model. ARIMA only see the price of factors in a few days, and try to predict by
fitting the model to existing data, while the ANN was formed more towards mimicking
the biological thinking mechanism, whereby the model is inherent in the data,
irrespective of the nature of the data, such as the distribution of data.



With ARIMA, forecasting relatively take less time and easier because there is no need
for trial and error. While ANN sometimes takes a long time to do trial and error process,
i.e., in determining hidden layers and neuron structure, including suitable learning rate
for better MSE value.

The conclusion was that ANN method was more accurate than the ARIMA method as shown by the
ESS result of 170.40 for the former as opposed to 284.95 for the former. However, it should be noted
that ARIMA is computationally better in terms of the speed and ease of forecasting.

10

CHAPTER 3 PROJECT DESCRIPTION
In this study, the dataset to be used covers 5 years (from Jan 1, 2015 through December 31, 2019) of
daily stock prices of the top 6 Philippine conglomerates. The data required for this study will
comprise:
•

The date (day, month and year) on which stocks are officially traded in the Philippine Stock
Exchange;

•

The open, high, low and close prices of each stock on each trading day; and

•

The volume of stocks traded on each trading day.

In addition, publicly-available data of these 6 conglomerates will be used for profiling:
•

Audited financial statements;

•

Required disclosures/filings with the Philippine Stock Exchange; and

•

Relevant disclosures/filings with the Stock Exchange Commission.

3.1

DATA DICTIONARY

To allow better understanding of the dataset used in this study, a data dictionary is presented below.
Attribute

Attribute

Data Description

Date

The date (using Gregorian calendar) when trading is officially

No.
1

allowed in the Philippine Stock Exchange.
2

Price

The stock price at the close of trading for the day.

3

Open

The price at which the stock is traded for the first time during the
start of official day of trading.

4

High

The price at which the stock is traded the highest during the day.

5

Low

The price at which the stock is traded the lowest during the day.

6

Vol.

The number of shares traded during the day (in absolute values).

7

Change %

The change in stock price from the previous day’s price (in
percentage values).
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3.2

UNDERSTANDING THE DATASET

The top six listed conglomerates in the Philippines for the year 2019, according to Forbes are as
follows:
A. Ayala Corporation (“Ayala”)
Ayala is a holding company with a diversified portfolio namely:


Parent Company, which includes financing entities;



Real estate and hotels, which plans and develops residential and commercial
communities;



Financial services and insurance, which includes commercial banking operations and
services, such as deposit taking and cash management;



Telecommunications, which provides a range of communication services;



Water distribution and wastewater services;



Electronics, which is engaged in providing electronics manufacturing services;



Information technology and BPO services, which offer venture capital for technology
businesses and emerging markets;



Automotive, which offers passenger cars and commercial vehicles; and



Energy, which offers a portfolio of power generation assets using renewable and
conventional technologies.

For the year ended December 31, 2019, the key financial ratios and indicators are presented
below*:
Financial Ratio/Indicator

Values/Amounts

Market capitalization

PHP 492.0 billion (USD 9.8 billion)

Shares outstanding

627.0 billion

Total Assets

PHP 1,345.3 billion (USD 26.9 billion)

Total Liabilities

PHP 1,016.5 billion (USD 20.3 billion)

Revenue

PHP 58.4 billion (USD 1.2 billion)

Price Earnings Ratio (P/E)

14.5x

Earnings Per Share (EPS)

PHP 54.1 (USD 1.1)

Dividend Yield

0.9%

Share Price

PHP 158.0 (USD 3.2) per share

*sources:
https://www.investing.com/equities/ayala-corp-company-profile
https://www.ayala.com.ph/
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B. BDO Unibank Inc. (“BDO”)
BDO is a banking company that offers an array of products and services, including retail
banking, lending (corporate, commercial, consumer, and small and medium enterprise
(SME)), treasury, trust, credit cards, corporate cash management and remittances. BDO
operates through five segments:


Commercial banking, which handles lending (corporate and consumer), trade
financing and cash management services for corporate and retail customers;



Investment banking, which provides services to corporate clients outside the
traditional loan and deposit products;



Private banking, which provides traditional and non-traditional investment and
structured products to individuals and institutional accounts;



Leasing and financing, which provides direct leases, sale and leaseback arrangements,
and real estate leases; and



Others, which includes asset management, insurance brokerage, realty management,
remittance, accounting service, credit card service and computer service.

For the year ended December 31, 2019, the key financial ratios and indicators are presented
below*:
Financial Ratio/Indicator

Values/Amounts

Market capitalization

PHP 692.3 billion (USD 13.8 billion)

Shares outstanding

4.4 billion

Total Assets

PHP 3,188.9 billion (USD 63.8 billion)

Total Liabilities

PHP 2,819.9 billion (USD 56.4 billion)

Revenue

PHP 221.1 billion (USD 4.4 billion)

Price Earnings Ratio (P/E)

15.8x

Earnings Per Share (EPS)

PHP 10.02 (USD 0.2)

Dividend Yield

0.8%

Share Price

PHP 158.0 (USD 3.2) per share

*sources:
https://www.investing.com/equities/bdo-unibank-historical-data
https://www.bdo.com.ph/
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C. SM Investments Corporation (“SM”)
SM is engaged in the property, retail, and financial services and other businesses. SM
operates through three segments: property, retail, and financial services and others.


Property segment is involved in mall, residential and commercial development, and
hotels and convention centers operations;



Retail segment is engaged in the retail/wholesale trading of merchandise, such as dry
goods, wearing apparels, food and other merchandise;



Financial services and others segment primarily includes the company, which
engages in asset management and capital investments, and associates, which are
involved in financial services. It operates department stores through THE SM STORE
and food retail stores under SM Markets consisting of SM Supermarket, SM
Hypermarket, Savemore, as well as Walter Mart. SM Prime is a real estate
conglomerate in Southeast Asia with interests in malls, residences, office buildings,
resorts, hotels and convention centers.

For the year ended December 31, 2019, the key financial ratios and indicators are presented
below*:
Financial Ratio/Indicator

Values/Amounts

Market capitalization

PHP 1,256.4 billion (USD 25.1 billion)

Shares outstanding

1.2 billion

Total Assets

PHP 1,144.2 billion (USD 22.9 billion)

Total Liabilities

PHP 608.0 billion (USD 12.2 billion)

Revenue

PHP 501.7 billion (USD 10.0 billion)

Price Earnings Ratio (P/E)

28.2x

Earnings Per Share (EPS)

PHP 37.0 (USD 0.7)

Dividend Yield

0.9%

Share Price

PHP 1,043.0 (USD 20.9) per share

*sources:
https://www.investing.com/equities/bdo-unibank-historical-data
https://www.sminvestments.com
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D. Top Frontier Investment Holdings (the controlling shareholder of San Miguel Corporation)
(“Top Frontier”)
Top Frontier is a Philippines-based holding company, and through its subsidiaries, operates
through eight segments:


beverage, which produces and markets alcoholic and non-alcoholic beverages;



food, which includes poultry operations, livestock farming, and processing and
selling of meat products;



packaging, which is involved in the production and marketing of packaging products,
such as glass containers and glass moulds;



energy, which is engaged in power generation, distribution and trading, and coal
mining;



fuel and oil, which is engaged in refining and marketing of petroleum products;



infrastructure, which is engaged in the construction and development of various
infrastructure projects, such as airports, toll roads and roads;



telecommunications, which is engaged in rendering domestic and international
telecommunications services; and



mining, which is engaged in exploration of nickel, cobalt, chrome, iron, gold and
other mineral deposits.

For the year ended December 31, 2019, the key financial ratios and indicators are presented
below*:
Financial Ratio/Indicator

Values/Amounts

Market capitalization

PHP 71.2 billion (USD 1.4 billion)

Shares outstanding

332.9 million

Total Assets

PHP 1,931.2 billion (USD 38.6 billion)

Total Liabilities

PHP 1,768.7 billion (USD 35.4 billion)

Revenue

PHP 261.9 billion (USD 5.2 billion)

Price Earnings Ratio (P/E)

8.9x

Earnings Per Share (EPS)

PHP 24.2 (USD 0.5)

Dividend Yield

1.0%

Share Price

PHP 214.00 (USD 4.3)

*sources:
https://www.investing.com/equities/top-frontier-i-historical-data
https://topfrontier.com.ph/
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E. Metropolitan Bank & Trust Corp. (“Metrobank”)
Metrobank provides financial services offering a range of banking and collateral services as
follows:


Consumer Banking, which provides consumer type loans and support for sourcing
and generation of consumer business;



Corporate Banking, which handles loans and other credit facilities and deposit, and
current accounts for corporate and institutional customers;



Investment Banking, which arranges structured financing, and provides services
relating to privatizations, initial public offerings, mergers and acquisitions and
provides advisory services;



Treasury, which provides money market, trading and treasury services, as well as
manages its funding operations by use of treasury bills and government securities
with other banks;



Branch Banking, which handles branch deposits and provides loans and loan related
businesses; and



Others, which handles other services, including remittances, leasing, account
financing and other support services.

For the year ended December 31, 2019, the key financial ratios and indicators are presented
below*:
Financial Ratio/Indicator

Values/Amounts

Market capitalization

PHP 298.2 billion (USD 6.0 billion)

Shares outstanding

4. 5 billion

Total Assets

PHP 2,450.8 billion (USD 49.0 billion)

Total Liabilities

PHP 2,141.3 billion (USD 42.8 billion)

Revenue

PHP 38.0 billion (USD 0.8 billion)

Price Earnings Ratio (P/E)

10.6x

Earnings Per Share (EPS)

PHP 6.2 (USD 0.1)

Dividend Yield

1.5%

Share Price

PHP 66.30 (USD 1.3)

*sources:
https://www.investing.com/equities/metropolitan-b-historical-data
https://metrobank.com.ph/
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F. JG Summit Holdings Inc. (“JG Summit”)
JG Summit is a holding company for a group of companies with business interests in foods,
and petrochemicals, among others. Its segments include:


Foods, agro-industrial and commodities business segment is engaged in
manufacturing of snack foods and flour milling, among others;



Air transportation segment is engaged in air transport services;



Real estate and hotels segment is engaged in ownership, development, leasing and
management of shopping malls, and ownership and operation of prime hotels in
Philippine cities, among others;



Petrochemicals segment is a manufacturer of polyethylene and polypropylene, among
others;



Banking segment is engaged in commercial banking operations.



Other supplementary businesses segment offers asset management and securities
dealing, among others.

For the year ended December 31, 2019, the key financial ratios and indicators are presented
below*:
Financial Ratio/Indicator

Values/Amounts

Market capitalization

PHP 578.8 billion (USD 11.6 billion)

Shares outstanding

7.2 billion

Total Assets

PHP 928.3 billion (USD 18.6 billion)

Total Liabilities

PHP 519.7 billion (USD 10.4 billion)

Revenue

PHP 291.9 billion (USD 5.8 billion)

Price Earnings Ratio (P/E)

18.5x

Earnings Per Share (EPS)

PHP 4.4 (USD 0.1)

Dividend Yield

0.4%

Share Price

PHP 80.8 (USD 1.6)

*sources:
https://www.investing.com/equities/jg-summit
https://www.jgsummit.com.ph/
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3.3

CLEANING THE DATASET

The dataset involves daily stock prices of 6 conglomerates for the past five years. The dataset,
however, does not have 365 observations per year since the stock market would normally be closed on
official holidays and weekends. In general, there are five observations per week, one for each trading
day (i.e. Mondays through Fridays).
The cleaning of the dataset involved reviewing the completeness of the observations, taking into
account the nature of the data, examining whether or not there were any missing values, and checking
for the consistency of the data class.
In this study, the dataset was found to have no missing or blank values, and the data class was
consistent across all variables. The table below summarizes this observation:
Attribute

Attribute

Number of

Data

Name

Observations

Class

1

Date

1,216

Date

2

Price

1,216

Numeric

3

Open

1,216

Numeric

4

High

1,216

Numeric

5

Low

1,216

Numeric

6

Vol.

1,216

Character

7

Change %

1,216

Numeric

No.

3.4

TRANSFORMING THE DATASET

The greater part of data wrangling involved transforming certain data values into a specific format in
order to make the data suitable for further data mining.
In this study, the variable for dates are formatted as MMDDYY, where MM relates to month shown in
words, DD as day in number, YY as year in number. However, the use of R as programming language
required transforming this format into another that is, YYMMDD where YY is year in complete four
numbers, MM and DD in two numbers each representing the month and day, respectively.
With the exception of the variable volume which is classed as character, the remaining variables in the
dataset –price, open, high, low, change % – are all numeric data, and therefore there was no further
transformation needed for purposes of the study.
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Since the machine learning models did not consider the impact of volume in forecasting stock prices,
it was not necessary to transform the variable volume into any other data class.
Attribute

Attribute

Original

Transformed

Name

Data Class

Data Class

No.
1

Date

Character

Date

2

Price

Numeric

Numeric

3

Open

Numeric

Numeric

4

High

Numeric

Numeric

5

Low

Numeric

Numeric

6

Vol.

Character

Character

7

Change %

Numeric

Numeric
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3.4

PRELIMINARY EXPLORATORY ANALYSIS OF THE DATASET

The cleaned and transformed dataset is used for preliminary exploratory analysis in order to derive
better understanding of the data. The figures presented in the succeeding pages visualize the initial
findings from the dataset.
Figure 3.4.1: Comparative Average Stock Price – Ayala

The line graph shows that the average closing price of Ayala Corporation experienced a rising
trajectory from the year 2015 through 2017, before it started decreasing from 2018 through 2019
reaching the levels similar to those in the early part of 2015. At its highest, the average price closed at
Php 1,100 per share in 2017 and at its lowest, it reached Php 600 per share.
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Figure 3.4.2: Comparative Average Stock Price and Daily Percentage Change – Ayala

The comparative changes in average daily stock price, in terms of variability, were practically similar
in the years 2016 and 2019 as opposed to those of the other three years. The median stock price
hovered between Php 750 and Php 950 over the years.
Figure 3.4.3: Comparative Volume of Traded Shares – Ayala
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The volume of traded shares, as illustrated in Figure 3.4.3 were closely parallel in all years except for
the year 2015. Interestingly, it was in 2015 when the stock price experienced the least variability,
hovering between Php 700 to 850 per share.
Figure 3.4.4: Comparative Average Stock Price - BDO

The average stock price of BDO closed at Php 100 in the early part of 2015, steadily increasing to
about Php 170 per share – the highest level – in early 2018 before dropping to Php 105 in the latter
part of the same year. The succeeding year 2019 saw the average price picked up its pace to regain the
highs of 2018.
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Figure 3.4.5: Comparative Average Stock Price and Daily Percentage Change - BDO

The years 2018 and 2019 exhibited the most variability in daily price change in percentage, while the
year 2015 closely mirrored the variability of that in 2016. The median stock price stood at Php 103 in
the first two years, inching up to Php 140 in 2019.
Figure 3.4.6: Comparative Volume of Traded Shares - BDO
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In general, the volume of traded shares ranged between less than a million and 6 million except for a
few outliers. It is noteworthy that, while the average prices were normally higher in quarter 4 for years
2017 and 2019 and quarter 1 for 2018, the volume of shares traded during these periods did not
fluctuate significantly.
Figure 3.4.7: Comparative Average Stock Price - JG Summit

Except for a few outliers, the comparative average stock price stood between Php 60 and 87 per share
for the years 2015 through 2017 before plummeting to Php 40 in 2018. The average prices started to
pick up in 2019 to reach the levels of the past years.
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Figure 3.4.8: Comparative Average Stock Price and Daily Percentage Change - JG Summit

The boxplots show that there were substantial movements in stock price in the years 2016 and 2018.
In addition, the years 2016, 2018 through 2019 demonstrated closely similar levels of variability in
price change compared to the years 2015 and 2017.
Figure 3.4.9: Comparative Volume of Traded Shares - JG Summit
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As can be seen in Figure 3.4.9, the comparative lower average price in the year 2018 through 2019
had, as might be expected, resulted in higher volume of trades. Interestingly, while the average prices
in 2016 were higher, the traded volume of shares almost mirrored those of 2018 and 2019.
Figure 3.4.10: Comparative Average Stock Price – Metrobank

The graph illustrates a decreasing movement of the average stock price from the years 2015 through
2019. While spikes in average price could be seen in each year, the trajectory is clearly downward –
registering the highest level of Php 100 per share in 2015 and the lowest of Php 57.
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Figure 3.4.11: Comparative Average Stock Price and Daily Percentage Change- Metrobank

The variability in daily price change was similar in all years except for the years 2017 and 2019. The
year 2018 experienced major fluctuation in prices, reaching the highest level of Php 93 per share and
the lowest of Php 55 in the same year, before stabilizing in 2019.
Figure 3.4.12: Comparative Volume of Traded Shares - Metrobank
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Except for a few outliers, it was only in 2018 wherein the traded volume of shares fluctuated
considerably reaching to about 20 million of traded shares.
Figure 3.4.13: Comparative Average Stock Price – SM

Except for a few spikes and sharp drops, the trajectory of the movement in average price from 2015
through 2019 was upwards, doubling the levels seen in 2015 by the end of 2019.
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Figure 3.4.14: Comparative Average Stock Price and Daily Percentage Change – SM

The year 2017 showed the most variability in average price compared to other years – notably, the
years 2018 and 2019 registered practically similar average price levels. The price change variability,
however, was more prominent in 2016.
Figure 3.4.15: Comparative Volume of Traded Shares– SM

29

The volume of traded shares were less than 1.5 million in the first two years, before slowly exceeding
this level in the next three years despite of the fact the average price had almost double during this
period compared to those two years. This could be indicative of strong investor interest in the stocks
of the company.
It is also noteworthy that the average stock prices in every first quarter were comparably at the lowest
in 2016 and 2017, but were highest in 2018 before inching downwards in 2019.
Figure 3.4.16: Comparative Average Stock Price – Top Frontier

The average price levels in 2015 had quintupled in the next two years, and slowly declined towards
the end of 2019.
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Figure 3.4.17: Comparative Average Stock Price and Daily Percentage Change – Top Frontier

There was high variability in average price in 2016 which saw prices reaching the lowest level of Php
60 to the highest of Php260 in the same year. The most percentage daily change in price was also
noticeable in 2016.
The median price in the last three years drifted between Php 260 to Php 290 per share.
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Figure 3.4.18: Comparative Volume of Trade Shares – Top Frontier

There seemed to have a strong demand in 2016 for the company’s shares as opposed to a more
subdued demand in the succeeding year 2017. The volume of traded shares started to pick up again in
2018 and 2019 despite of the average prices having tripled since their 2015 levels.
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CHAPTER 4 PROJECT ANALYSIS
4.1

NEURAL NETWORK
Neural networks, or more accurately artificial neural networks, have been motivated by the
recognition that the human brain processes information in a way that is fundamentally
different from the typical digital computer. The neuron is the basic structural element and
information processing module of the brain. A typical human brain has an enormous number
of them (approximately 10 billion neurons in the cortex and 60 trillion synapses or
connections between them) arranged in a highly complex, nonlinear, and parallel structure
(Montgomery, D. et al 2016).
Artificial neural network is a structure that is designed to solve certain types of problems by
attempting to emulate the way the human brain would solve the problem. The general form
of a neural network is a “black-box” type of model that is often used to model highdimensional, nonlinear data (Montgomery, et al 2016).
Use of neural network for time series forecasting requires both time series frequency and
time series values, which in this study refers to date of trading and closing stock price at the
end of day’s trading, respectively. The variables in the dataset were converted into timeseries format before any forecasting can begin. The results of the forecast for each of the six
conglomerates using the machine learning model - neural network are presented in the
following section.
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i.

Ayala Corporation

The result showed a forecast value of Php 698.437 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.1.1: Neural Network Forecast – Ayala
ii.

BDO Unibank Inc.

The result showed a forecast value of Php 103.93 for the next end-of-day trading stock price.
The plot showing both the historical and forecast values is shown below.

Figure 4.1.2: Neural Network Forecast – BDO
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iii.

JG Summit Holdings Inc.

The result showed a forecast value of Php 69.03462 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.1.3: Neural Network Forecast – JG Summit
iv.

Metropolitan Bank & Trust Corp.

The result showed a forecast value of Php 81.47335 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.1.4: Neural Network Forecast – Metrobank
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v.

SM Investments Corporation

The result showed a forecast value of Php 548.8502 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.1.5: Neural Network Forecast – SM
vi.

Top Frontier Investment Holdings
The result showed a forecast value of Php 126.8814 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.1.6: Neural Network Forecast – Top Frontier
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4.2

FACEBOOK PROPHET
Prophet is an open source software released by Facebook’s Core Data Science team. It is
available in R and Python.*
Prophet is a procedure for forecasting time series data based on an additive model where
non-linear trends are fit with yearly, weekly, and daily seasonality, plus holiday effects. It
works best with time series that have strong seasonal effects and several seasons of
historical data. Prophet is robust to missing data and shifts in the trend, and typically
handles outliers well.*
Prophet is based on a model of type y ̂t = f (yt−1, hol), with hol a user-provided set or vector
of holidays for the firm (Hans, et al 2019).
Similar to neural network, the use of facebook prophet for time series forecasting requires
both time series frequency and time series values, which in this study refers to date of
trading and closing stock price at the end of day’s trading, respectively. The variables in the
dataset were converted into time-series format before any forecasting can begin. The results
of the forecast for each of the six conglomerates using the machine learning model –
Facebook prophet are presented in the following section.
*Source: https://facebook.github.io/prophet/
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i.

Ayala Corporation

The result showed a forecast value of Php 775.5032 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.2.1: Facebook Prophet Forecast – Ayala
ii.

BDO Unibank Inc.

The result showed a forecast value of Php 158.7161 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.2.2: Facebook Prophet Forecast – BDO
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iii.

JG Summit Holdings Inc.

The result showed a forecast value of Php 78.95398 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.2.3: Facebook Prophet Forecast – JG Summit
iv.

Metropolitan Bank & Trust Corp.

The result showed a forecast value of Php 65.53070 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.2.4: Facebook Prophet Forecast – Metrobank
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v.

SM Investments Corporation

The result showed a forecast value of Php 1,030.231 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.2.5: Facebook Prophet Forecast – SM
vi.

Top Frontier Investment Holdings

The result showed a forecast value of Php 209.9530 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.2.6: Facebook Prophet Forecast – Top Frontier
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4.3

ARIMA
ARIMA model was introduced by Box and Jenkins, and they recommend differencing nonstationary series one or more times to obtain stationary. The term integrated is used
because the differencing process can be reversed to obtain the original series. When the
explanatory variables in a regression model are time-lagged values of the forecast variable,
then the model is called an autoregressive model (Deep, K. et al 2019).
Autoregressive (AR) model can be efficiently coupled with moving average (MA) model to
form a general and useful class of time series models called autoregressive moving average
ARMA (p, q) models. However, it can be used only when the time series is stationary. When
a time series is studied based on the dependence relationship among the time-lagged values
of the forecast variable and the past error terms, an autoregressive integrated moving
average (ARIMA) model is more appropriate. It can be used when the time series is nonstationary (Deep, K. et al 2019).
The final machine learning model – ARIMA also requires both time series frequency and time
series values for time series forecasting, which in this study refers to date of trading and
closing stock price at the end of day’s trading, respectively.
The variables in the dataset were converted into time-series format before any forecasting
can begin. The results of the forecast for each of the six conglomerates using the machine
learning model - ARIMA are presented in the following section.
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i.

Ayala Corporation

The result showed a forecast value of Php 842.6692 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.3.1: ARIMA Forecast – Ayala
ii.

BDO Unibank Inc.

The result showed a forecast value of Php 122.1716 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.3.2: ARIMA Forecast – BDO

42

iii. JG Summit Holdings Inc.
The result showed a forecast value of Php 80.28246 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.3.3: ARIMA Forecast – JG Summit
iv.

Metropolitan Bank & Trust Corp.

The result showed a forecast value of Php 82.71817 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.3.4: ARIMA Forecast – Metrobank
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v.

SM Investments Corporation

The result showed a forecast value of Php 787.6186 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below

Figure 4.3.5: ARIMA Forecast – SM
vi. TFHI Top Frontier Investment Holdings
The result showed a forecast value of Php 273.5298 for the next end-of-day trading stock
price. The plot showing both the historical and forecast values is shown below.

Figure 4.3.6: ARIMA Forecast – Top Frontier
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CHAPTER 5 CONCLUSION
5.1

CONCLUSION

The expected deliverables will comprise machine learning models that have the ability to forecast
end-of-day stock price of the top 6 conglomerates in the Philippines.
The study aimed to provide recommendation for the best machine learning model that results in the
highest accuracy rate. Comparing the results of the three models, it appears that Facebook prophet
provided the highest average accuracy rate of 97% in predicting next end-of-day stock price, followed
by ARIMA with an average accuracy rate of 80% and finally, Neural Network at 73%.
Accuracy Rate

Company
Stock

Facebook Prophet

ARIMA

Neural Network

Ayala

99%

91%

91%

BDO

97%

79%

67%

JG Summit

94%

92%

93%

Metrobank

98%

73%

75%

SM

99%

76%

53%

Top Frontier

98%

72%

59%

97%

80%

73%

Average

Analyzing the result on a per forecast value basis, Facebook prophet yields the highest accuracy rate
consistently for all six conglomerates (exceeding 90% in all instances) compared to the other two
machine learning models. ARIMA, on the other hand, trumps Neural Network in all but two
forecasted values. Hence, it can be concluded that Facebook Prophet appears to be superior among the
three machine learning models, but the accuracy level of ARIMA and Neural Network may be
dependent on the dynamics of the dataset.
In addition, an attempt was made to quantify a notional gain for each of the predicted stock price.
Using the forecast values, an investor may theoretically gain (or lose) advantage from holding or
selling shares of stocks from these six conglomerates.
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From the perspective of an investor, the notional net gain if taken from this portfolio of six stocks
would be as follows:
Company

Stock Price

Stock

(Actual –

Stock Price
(Actual –
Jan. 2, 2020)

Dec. 27, 2019)
Ayala

Stock Price (Predicted – Jan. 2, 2020)
Facebook

ARIMA

Prophet

Neural
Network

785.50

770.00

775.50

842.67

698.44

158.00

154.00

158.72

122.17

103.93

80.80

74.29

78.95

80.28

69.03

66.30

65.00

63.53

82.72

81.47

1,043.00

1,039.00

1,030.23

787.62

548.85

214.00
Notional Net Gain/(Loss)

214.00

209.95

273.53

126.88

BDO
JG Summit
Metrobank
SM
Top Frontier

2,408.18
369.41
(1,527.12)
It would appear that if an investor relied on Facebook Prophet for buy-and-sell decision, it stands to
gain a net amount of Php 2,408.18 compared to Php 369.41 if ARIMA was used. On the other hand, a
net loss of Php 1,527.12 would be the outcome if Neural Network was relied on.

5.2

RECOMMENDATIONS

While a lot of efforts were spent on this project, it is the opinion of the researcher that the accuracy
rates would have been higher if additional variables were factored in in each of the three machine
learning models, such as:
vii.

In the case of Facebook Prophet, a consideration on the impact of seasonality may yield
better prediction results.

viii.

As to the ARIMA model, a consideration on the impact of seasonality and stationarity is
highly like to improve the prediction accuracy.

ix.

For the Neural Network machine learning, a consideration on the impact of other nonquantitative variables such as text analysis of news to factor in market sentiment, and
quantitative variables such as profit forecast, interest rate changes, etc. is expected to
boost the performance of the model

Therefore, it is recommended that the foregoing is considered in more in-depth studies.
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5.3

FUTURE WORK

The various boosting methods can also be used in future work related to the current project in order to
more arrive at more powerful and accurate predictive models.
In addition, the current study did not take into account the impact of volume of traded shares in
forecasting the stock price. It will be interesting to see how the results differ if this variable is
considered in any future work, and far more so, if volume is factored in by price during the trading
day.
Moreover, a more informative analysis of the results will be had if companies in similar industries are
compared. This is particularly true in cases where companies are engaged in sectors that have high
business seasonality.
Finally, a more disaggregated data on stock prices such as hourly or per minute data will probably
yield better results especially for financial time-series forecasting that involves data with high
velocity.
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