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Abstract:

A stock market or equity market is the aggregation of buyers and sellers of stocks (shares); these
are securities listed on a stock exchange as well as those only traded privately. With the increasing number of
information sources, resulting in high volumes of news, manual processing of the knowledge being conveyed
becomes a highly difficult task. So, in the existing work a framework is presented for automatic exploitation of news
in stock trading strategies.

1. Introduction

Data mining is the practice of automatically searching large stores of data to discover patterns and trends that
go beyond simple analysis. Data mining uses sophisticated mathematical algorithms to segment the data and
evaluate the probability of future events. Data mining is also known as Knowledge Discovery in Data (KDD).

The key properties of data mining are:

» Automatic discovery of patterns
» Prediction of likely outcomes
» Creation of actionable information
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» Focus on large data sets and databases

Data mining is the process of discovering actionable information from large sets of data. Data mining uses
mathematical analysis to derive patterns and trends that exist in data. Data mining is one of the most important
research fields that are due to the expansion of both computer hardware and software technologies, which has
imposed organizations to depend heavily on these technologies. Data is considered as the number one asset of any
organization, it is obvious that this asset should be used to predict future decisions sequent, and since organizations
are continuously growing, their relative databases will grow as well; as a result their current data mining techniques
will fail to cope up with large databases which are dynamic by nature.

Data mining is the way to help organization make full use of the data stored in their databases and when it
comes to decision making, this is true in all fields, and is also true in all different types of organizations .Data
mining is the task of discovering interesting and hidden patterns from large amounts of data where the data can be
stored in databases, data warehouses, OLAP (online analytical process) or other repository information. It is also
defined as knowledge discovery in databases (KDD).

Data mining involves integration of techniques from multiple disciplines such as database technology,
statistics, machine learning, neural networks, information retrieval, etc. “Data mining is the process of discovering
meaningful patterns and relationships that lie hidden within very large databases. Data mining is a part of a process
called KDD-knowledge discovery in databases. This process consists basically of steps that are performed before
carrying out data mining, such as data selection, data cleaning, pre-processing, and data transformation. Typically,
these patterns cannot be discovered by traditional data exploration because the relationships are too complex or
because there is too much data.

Knowledge discovery in databases process or KDD is relatively young and interdisciplinary field of computer
science is the process of discovering new patterns from large data sets involving methods at the intersection of
artificial intelligence, machine learning, statistics and database systems. The goal of data mining is to extract
knowledge from a data set in a human-understandable structure. Data mining is the entire process of applying
computer-based methodology, including new techniques for knowledge discovery, from data. Databases, Text
Documents, Computer Simulations, and Social Networks are the Sources of Data for Mining. Knowledge extraction,
the process of finding interesting, interpreted, useful and novel data from a large set of data is known as Knowledge
Discovery in Databases (KDD). The steps involved in mining the data are as follows: Pre-processing, mine the data
and interpret the results.

2. Literature Review

2.1 Semi-Automatic Financial Events Discovery Based on Lexico-Semantic Patterns-Jethro Borsje,

Frederik Hogenboom, Flavius Frasincar, 2010.

The Semantic Web provides the right technologies to classify the information in news items and make it
available for both human and machine consumption. Being able to identify financial events from news items would
help the trader to make a decision whether to react on the financial market.

In this work, investigate how a user acting as a trader can identify the financial events of interest in titles
extracted from RSS news feeds. The only requirement that have for the user is that he should be familiar with the
financial domain as captured in ontology. Due to his interest in buying and selling stocks of certain companies
assume that the user has a minimum knowledge of the financial markets. The user does not have to be familiar with
Semantic Web technologies, the domain ontology will be presented in a graphical manner as a tree of concepts and
concept relationships. Such an approach should allow the user to describe the events of interest, extract the event
instances from news items, and update the domain ontology based on the effects of the discovered event instances.
During the design of this approach special attention is given to the user interface that should allow a simple
interaction between the user and the system. Such an interface should enable a simple specification of the events of
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interest and event triggered-updates for the domain ontology. For this purpose exploit the triple paradigm due to its
intuitiveness and simplicity. Triples are used for defining lexico-semantic information extraction patterns that
resemble simple sentences in natural language. In addition, triples are also used to express the event-triggered
ontology updates.

2.2 Forecasting the NYSE composite index with technical analysis, pattern recognizer, neural network, and
genetic algorithm: a case study in romantic decision support William Leigh a,*, Russell Purvis b, James M.
Ragusa, 2002.

This work exemplifies the potential that lies in the novel application and combination of methods, in this
case to evaluating stock market purchasing opportunities using the ‘‘technical analysis’” school of stock market
prediction. Members of the technical analysis school predict market prices and movements based on the dynamics of
market price and volume, rather than on economic fundamentals such as earnings and market share. The results of
this work support the effectiveness of the technical analysis approach through use of the ‘“bull flag’’ price and
volume pattern heuristic. The romantic approach to decision support exemplified in this work is made possible by
the recent development of: (1) high-performance desktop computing, (2) the methods and techniques of machine
learning and soft computing, including neural networks and genetic algorithms, and (3) approaches recently
developed that combine diverse classification and forecasting systems.

3. MODULE DESCRIPTION
List of modules

» Extraction of Event Information
Pre-processing

Relationship between News and Share Prices
Fine-grained analysis

Technical trading indicators

Genetic algorithm

Performance Evaluation

VVYVYYVY

Extraction of Event Information

The event information extraction from the news messages is based on recognizing a predefined set of
events as well as the affiliated entities. Viewer Pro is an application created by SemLab that enables the
identification of events in news messages. These events can be used to determine the impact of a news item on
equity. Viewer Pro turns enormous amounts of unstructured news into structured trading information. Once the
unstructured news information is fed in the Viewer Pro system, it undergoes several (proprietary) processing steps in
order to filter out unwanted information and select solely that which is relevant. Large amounts of news messages
are filtered for equity specific news and the semantic analysis system of Viewer- Pro interprets the impact of every
individual news message.

Pre-processing

In this module, does not include articles issued on days when the stock exchange is closed as the events
contained in these messages will not have an immediately quantifiable impact on the stock price. Since several
events can occur during the period when the stock exchange is closed, associating these events with changes in price
over this period will introduce additional variance with regard to which event precisely influences the change in
price. At times, news messages may be repeated to provide updates on an event described in a previous message.
This result in events that are on the same day, concern the same company, and are identical to another event
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previously extracted on the same day. Since these news messages describe the same events, it suffices to only
consider them once and thus incorporate the associated impact for the event in the stock price projection only once.

Relationship between News and Share Prices

The impact of news on stock prices is assessed using relative returns, based on end-of-day data, i.e., closing
prices P. For a single asset, a return is computed as:
PE+1 - Pi

. = —— % 100,
LE: P,

Where i represents the day before the event and n represents the number of days over which the return is calculated,
with . = 0. In case multiple events of the same type appear in different days, regarding the same asset, the return is
averaged for the number of days, as follows:

P
i N
Where N is the number of days where events of this type occurred. To correct the returns for the general market
sentiment, focus on excess returns. The excess return is calculated as the individual return of an asset that is
achieved in excess of the market return, i.e., the return of the main index in which the asset is included:

— I
ﬂi—ﬂi_rp

Where 'r;’ denotes the return of the index employed as benchmark. When dealing with multiple events of a certain
type appearing in different days and with excess returns, correct these returns for the number of days:

Eﬂzlﬂj
A; = =
N

Where N is the number of days where events of this type occurred.

Fine-grained analysis

In this section, the fine-grained analysis is considered in order to provide better trading strategies. In this
method, temporal patterns are considered in which the interaction between events are considered within the same
day or within the fine-grained time intervals. So, it should provide more information for generating trading
strategies. This will provide the deeper understanding of the way that news impact stock prices and may lead to
more profitable trading strategies.

Technical trading indicators

This section focuses on the technical trading indicators used in trading strategies generated through genetic
programming. The indicators included in the study are: the simple moving average (SMA), the Bollinger band (BB),
the exponential moving average (EMA), the rate of change (RoC), momentum (MOM), and moving average
convergence divergence (MACD). The choice for these indicators is based on their widespread use in technical
trading.

Simple Moving Average
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The SMA averages the last 20 days of the price of a stock, and is computed as:

N
M, = 2=b
' N
Where P; represents the price on day i. The average is calculated over a fixed period of 20 days prior to the day for

which the average is calculated, i.e., N = 20, which is standard for this indicator. A buy signal is generated when the
price crosses the moving average in an upward movement, while a sell signal is generated when the price crosses the
moving average in a downward movement.

Bollinger Bands

The Bollinger band is a technical indicator which creates two ‘bands’ around a moving average. These
bands are based on the standard deviation of the price. It is assumed that the price will move within these bands,
around the moving average. If the volatility is high, the bands are wide and when there is little volatility the bands
are narrow. The lower and upper Bollinger bands can be calculated as:

L=M-2xoy,

U=M+2X oy,

Where @4 stands for the volatility of moving average M. A buy signal is generated when the price is below the

lower band, which is regarded as an oversold situation. A sell signal is generated at an overbought situation, when
the price is above the upper band.

Exponential Moving Average

The exponential moving average aims to identify trends by using a short and a long term average. When the
averages cross each other, it is the start of a new trend. The short term average is set at five days and the long term
average at 20 days:

2
E; = NEl™ (P,— Ei_1) +Eiy
Where P; represents the price on day i, and N is the number of days. The initial EMA is calculated using the SMA,

in this case for five and 20 days respectively starting from the first observation, as previously described. When the
short term average crosses the long term average upwards, a buy signal is generated. A sell signal is generated when
the short term average crosses the long term average downwards.

Rate of Change

The rate of change is an indicator that calculates the difference between the closing price P; of the current
day i and the closing price P;_1q of 10 days earlier, according to the following equation:

=P:'_P:'—1IJ

.
: P:'—lﬂ

If the RoC starts decreasing above 0 (a peak was reached), a sell signal is generated. If it starts increasing below 0, a
buy signal is generated.
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Momentum

The momentum indicator uses exactly the same formula as the RoC. Instead of creating a buy signal after a
peak, it creates a buy signal when the momentum crosses the zero level upwards. A sell signal is generated when the
RoC crosses the zero level downwards.

Moving Average Convergence Divergence

The moving average convergence divergence is a technical indicator that subtracts two exponential
averages from each other, namely the 12 and the 26 day exponential average. The mathematical formula for the
MACD is:

A buy signal is generated when the MACD reaches the zero level in an upward motion. A sell signal is generated
when the MACD breaks through the zero level in a downward motion.

Genetic algorithm

Next, a framework is introduced for incorporating news in stock trading strategies. The framework assumes
that events have been extracted from news messages and are available together with the date on which the events
took place. Additionally, a predefined impact should be assigned to each event, allowing the news variable to be
included in the trading strategies. The trading strategies determine take the form of trees that, when evaluated, return
a Boolean value: true, when a trading signal is generated, or false, when no signal is generated and thus no action
has to be taken. The trading strategies include at least one technical indicator or a news variable. Most often, the
trading strategies include multiple variables, that may be either technical indicators or the news variable, connected
by the logical operators ‘and’ and ‘or’. This rule generates a trading signal when the simple moving average
generates a trading signal simultaneously with at least one of the exponential moving average and rate of change
indicators. The fitness of a trading strategy is computed based on the return that it generates on the data set that used.

The employed genetic programming algorithm for determining the optimal trading strategies is presented.
Start from a random initial population of trees, and generate new populations of trading strategies by applying
crossover and mutation on the population from the previous iteration. Crossover consists of selecting two trading
strategies, and determining two random crossover points, i.e., one for each tree. Next, the sub trees generated under
the crossover point are exchanged between the two trading strategies, thus resulting in two new rules that are added
to the new population. Mutation only relates to the technical indicators included in a trading strategy, and consists of
a slight change in the parameters of the randomly selected technical indicator, e.g., changing the number of days
used by the simple moving average from 5 to 7. The stopping condition for the algorithm relates to the improvement
in the best solution found, i.e., when the optimal solution cannot be improved in a number of generations, the
algorithm stops.

4. Experimental Setup

Require: @ = 0: minimum improvement

£ = 0: Maximum times of no improvement
¥ = 0: Population size

0 < p = ¥: Number of parents
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End if

End while
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The performance based on the event. In the existing system, a framework is presented for automatic exploitation
of news in stock trading strategies. In the proposed system, fine-grained analysis of for automatic exploitation of
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news in stock trading strategies is used. In the X-axis events are taken. In the Y-axis the signal values are taken.
When compared to the existing system there is high performance in the proposed system.

PERFORMANCE BASED ON TIME
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The performance based on the time. In the existing system, a framework is presented for automatic
exploitation of news in stock trading strategies. In the proposed system, fine-grained analysis of for automatic
exploitation of news in stock trading strategies is used. In the X-axis year is taken. In the Y-axis the time in seconds
are taken. When compared to the existing system there is less time taken for finding the optimal strategies in the
proposed system.

Time{ Sec)
51

5. EXISTING SYSTEM

In the existing system, a framework is presented for automatic exploitation of news in stock trading
strategies. A three step approach is presented consisting of: (i) extracting the relevant events, as well as the involved
entities, from the text of the news messages, (ii) associating an impact with each of the extracted events, and (iii)
making use of the impact of news events in trading strategies. Upon extracting the events and associating these with
a predefined impact, trading rules based on news can be derived. The technical trading indicators are only
considered as part of these trading rules, but the approach can be easily extended to incorporate other indicators,
e.g., those initiating from fundamental analysis. Hypothesize that, if the proposed framework is valid, news will be
included in the trading strategies generated through genetic programming. Additionally, the trading strategies that
derive in this way should generate positive returns. The first hypothesis comes from the idea that, when providing a
genetic program with a pool of variables without the restriction that all these variables should be included in a
trading strategy, only the variables that are maximizing the returns will be selected. Trading strategies including a
news variable will thus indicate that the content of the news messages has been quantified in a way that enables
generation of profit beyond the ability of trading rules based solely on technical analysis. The second hypothesis
states that, next to generating trading strategies based on news, the resulting rules should also be able to obtain a
positive return.

PROPOSED SYSTEM

In the proposed research, a fine-grained analysis is used of the news messages, e.g., identification of event-
related information such as the involved actors, should provide more information for generating trading strategies.
Last, considering the interaction between events occurring within the same day, or within finer-grained time

J.Nithiya Devi et al Page 66




INTERNATIONAL JOURNAL OF RESEARCH IN COMPUTER APPLICATIONS AND ROBOTICS

WWW.ijrcar.com

intervals, will provide a deeper understanding of the way that news impact stock prices and may lead to more
profitable trading strategies.

Last, a genetic program is used to discover complex trading rules based on technical indicators and news-
based signals. The employed genetic programming algorithm for determining the optimal trading strategies is
presented. Start from a random initial population of trees, and generate new populations of trading strategies by
applying crossover and mutation on the population from the previous iteration. Crossover consists of selecting two
trading strategies, and determining two random crossover points, i.e., one for each tree. Next, the sub trees generated
under the crossover point are exchanged between the two trading strategies, thus resulting in two new rules that are
added to the new population. Mutation only relates to the technical indicators included in a trading strategy, and
consists of a slight change in the parameters of the randomly selected technical indicator, e.g., changing the number
of days used by the simple moving average from 5 to 7. The stopping condition for the algorithm relates to the
improvement in the best solution found, i.e., when the optimal solution cannot be improved in a number of
generations, the algorithm stops.

6. Conclusion

A framework is presented for incorporating news into stock trading strategies. The trading strategies that
considers may include (in addition to the news variable) any number of technical trading indicators. The news
variable is quantified based on the events extracted from the text of news messages and the assignment of an expert-
defined impact to each of these events.

The selected technical indicators are also tested, and the individual performance of each indicator is reported.
Additionally, combinations of individual technical indicators and the news variable are investigated. Last, a genetic
program is used to discover complex trading rules based on technical indicators and news-based signals. But only
achieve less profitable trading strategies in the existing system. So, in the proposed work, the interaction between
events is considered occurring within the same day, or within finer-grained time interval for better trading strategies.
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