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Abstract

The main aim of every investor is to identify a stock that has
potential to go up so that the investor can maximize possible
returns on investment. After identification of stock the second
important point of decision making is the time to make entry in
that particular stock so that investor can get maximum returns on
investment in short period of time. There are many conventional
techniques being used and these include technical and
fundamental analysis. The main issue with any approach is the
proper weighting of criteria to obtain a list of stocks that are
suitable for investments. This paper proposes a method for stock
picking and finding entry point of investment in stocks using a
hybrid method consisting of self-organizing maps and selected
technical indicators. The stocks selected using our method has
given 37.14% better returns in a period of one and a half month
in comparison to NIFTY.
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1. Introduction

Selection of stocks that are suitable for investment is a
challenging task. Technical Analysis [1] provides a
framework for studying investor behaviour, and generally
focuses on price and volume data. Technical Analysis
using this approach has short-term investment horizons,
and access to price and exchange data. Fundamental
analysis involves analysis of a company’s performance
and profitability to determine its share price. By studying
the overall economic conditions, the company’s
competition, and other factors, it is possible to determine
expected returns and the intrinsic value of shares. This
type of analysis assumes that a share’s current (and future)
price depends on its intrinsic value and anticipated return
on investment. As new information is released pertaining
to the company’s status, the expected return on the
company’s shares will change, which affects the stock
price. So the advantages of fundamental analysis are its
ability to predict changes before they show up on the
charts. Growth prospects are related to the current
economic environment. Stocks have been selected by us
on the basis of fundamental analysis as well as on
technical analysis criteria. These criteria are evaluated for
each stock and compared in order to obtain a list of stocks

Bhupesh Gour
Professor, Dept. of Computer Sc.&
Engg., TIT College, Bhopal

Manuscript received August 5, 2014
Manuscript revised August 20, 2014

Manish Agrawal
Asst.Professor, Dept. of Computer Sc.
& Engg.,TIT E, Bhopal

that are suitable for investment. Stocks are selected by
applying one common criteria on the stocks listed on
National Stock Exchange (NSE). The purpose of this paper
is to develop a method of classification of selected stocks
in to fixed number of classes by Self Organizing map
using technical indicators. Each of the class is having its
own properties; stocks having properties closer to a best
class get selected for investment.

2. Stock Market Index

A stock market index is a method of measuring a stock
market as a whole. Stock market indexes may be classed in
many ways. A broad-base index represents the
performance of a whole stock market — and by proxy,
reflects investor sentiment on the state of the economy.
The most regularly quoted market indexes are broad-base
indexes comprised of the stocks of large companies listed
on a nation's largest stock exchanges, such as the
American Dow Jones Industrial Average and S&P 500
Index, the British FTSE 100, the French CAC 40, the
German DAX, the Japanese Nikkei 225, the Indian Sensex
and the Hong Kong Hang Seng Index. Movements of the
index should represent the returns obtained by "typical™
portfolios in the country. Ups and downs in the index
reflect the changing expectations of the stock market about
future dividends of country's corporate sector. When the
index goes up, it is because the stock market thinks that the
prospective dividends in the future will be better than
previously thought. When prospects of dividends in the
future become pessimistic, the index drops.

2.1 Composition of Stock Market Index

The most important type of market index is the broad-
market index, consisting of the large, liquid stocks of the
country. In most countries, a single major index dominates
benchmarking, index funds, index derivatives and research
applications. In addition, more specialised indices often
find interesting applications. In India, we have seen
situations where a dedicated industry fund uses an industry
index as a benchmark. In India, where clear categories of
ownership groups exist, it becomes interesting to examine
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the performance of classes of companies sorted by
ownership group. We compared NIFTY with the stock
selected using SOM and technical indicators. We choose
NIFTY for comparison because NIFTY is regarded to be
the pulse of the Indian stock market. NIFTY is calculated
using the "Free-float Market Capitalization" methodology.
As per this methodology, the level of index at any point of
time reflects the free-float market value of 50 component
stocks relative to a base period. The market capitalization
of a company is determined by multiplying the price of its
stock by the number of shares issued by the company. This
market capitalization is further multiplied by the free-float
factor to determine the free-float market capitalization.
The calculation of NIFTY involves dividing the Free-float
market capitalization of 50 companies in the Index by a
number called the Index Divisor. The Divisor is the only
link to the original base period value of the NIFTY. It
keeps the Index comparable over time and is the
adjustment point for all Index adjustments arising out of
corporate actions, replacement of scrips etc. During market
hours, prices of the index scrips, at which latest trades are
executed, are used by the trading system to calculate in

every 15 seconds and disseminated in real time.

ACC, Ambuja Cement, Asian Paints, Axis Bank, Bajaj
auto, Bank Of Baroda, Bharti Airtel, BHEL, BPCL, Cairn
India, Cipla, Coal India, DLF, Dr Reddys Lab, GAIL India,
Grasim Industries, HCLTech., HDFC, HDFC Bank, Hero

Moto Corp, Hindalco, Hindustan Unilever, ICICI Bank,

IDFC, Infosys, ITC, Jindal Steel & Power, JP Associate,
Kotak Mahindra Bank, Larsen &Toubro, Lupin, Mahindra
&Mahindra, Maruti Suzuki, NTPC, ONGC, PNB, Power
Grid Corpn., Ranbaxy Labs., Reliance Industries, Reliance

Infra, SBI, Sesa Goa, Siemens, Sun Pharma Inds., Tata

Motors, Tata Power, TataSteel, TCS, Ultratech Cement,

Wipro

NIFT

Table 1: List of companies of NIFTY

3. Application of Neural Networks in Stocks
3.1 Overview

The ability of neural networks to discover nonlinear
relationships [3] in input data makes them ideal for
modeling nonlinear dynamic systems such as the stock
market. Neural networks, with their remarkable ability to
derive meaning from complicated or imprecise data, can
be used to extract patterns and detect trends that are too
complex to be noticed by either humans or other computer
techniques. A neural network method can enhance an
investor's forecasting ability [4]. Neural networks are also
gaining popularity in forecasting market variables [5]. A
trained neural network can be thought of as an expert in
the category of information it has been given to analyze.
This expert can then be used to provide projections given
new situations of interest and answer "what if" questions.
Traditionally forecasting research and practice had been

dominated by statistical methods but results were
insufficient in prediction accuracy [6]. Monica et al’s work
[7] supported the potential of NNs for forecasting and
prediction. Asif Ullah Khan et al. [8] used the back
propagation neural networks with different number of
hidden layers to analyze the prediction of the buy/sell.
Neural networks using back propagation algorithms having
one hidden layer give more accurate results in comparison
to two, three, four and five hidden layers.

3.2 Kohonen self-organizing map

Self-organizing maps (SOM) belong to a general class of
neural network methods, which are nonlinear regression
techniques that can be applied to find relationships
between inputs and outputs or organize data so as to
disclose so far unknown patterns or structures. It is an
excellent tool in exploratory phase of data mining [9]. It is
widely used in application to the analysis of financial
information [10]. The results of the study indicate that self-
organizing maps can be feasible tools for classification of
large amounts of financial data [11]. The Self-Organizing
Map, SOM, has established its position as a widely applied
tool in data-analysis and visualization of high-dimensional
data. Within other statistical methods the SOM has no
close counterpart, and thus it provides a complementary
view to the data. The SOM is, however, the most widely
used method in this category, because it provides some
notable advantages over the alternatives. These include,
ease of use, especially for inexperienced users, and very
intuitive display of the data projected on to a regular two-
dimensional slab, as on a sheet of a paper. The main
potential of the SOM is in exploratory data analysis, which
differs from standard statistical data analysis in that there
are no presumed set of hypotheses that are validated in the
analysis. Instead, the hypotheses are generated from the
data in the data-driven exploratory phase and validated in
the confirmatory phase. In practical data analysis problems
the most common task is to search for dependencies
between variables. In such a problem, SOM can be used
for getting insight to the data and for the initial search of
potential dependencies. In general the findings need to be
validated with more classical methods, in order to assess
the confidence of the conclusions and to reject those that
are not statistically significant. In this contribution we
discuss the use of the SOM in searching for dependencies
in the data. First we normalize the selected parameters and
then we initialize the SOM network. We then train SOM to
give the maximum likelihood estimate, so that we can
associate a particular technical indicator with a particular
node in the classification layer. The self-organizing
networks assume a topological structure among the cluster
units [2]. There are m cluster units, arranged in a one or
two dimensional array: the input signals are n-dimensional.
Fig. 1 shows architecture of self-organizing network
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(SOM), which consists of input layer, and Kohonen or
clustering layer.

Hohonen layer

Input layer

Fig.1: Architecture of Kohonen self-organizing map

The shadowed units in the Fig. 1 are processing units.
SOM network may cluster the data into N number of
classes. When a self-organizing network is used, an
input vector is presented at each step. These vectors
constitute the “environment” of the network. Each
new input produces an adaptation of the parameters. If
such modifications are correctly controlled, the
network can build a kind of internal representation of
the environment.

nelghorniosd of unit 2 with radius 1

eee e@

X

Fig. 2: A one-dimensional lattice of computing units.

The n-dimensional weight vectors wy, w,, ...,w,, are used
for the computation. The objective of the clustering for
each unit is to learn the specialized pattern present on
different regions of input space as shown in Fig. 2. When
an input from such a region is fed into the network, the
corresponding unit should compute the maximum
excitation. SOM may distinctly reduce misclassification
errors [12]. Kohonen’s learning algorithm is used to
guarantee that this effect is achieved. A Kohonen unit
computes the Euclidian distance between an input x and its
weight vector w. The complete description of Kohonen
learning algorithm can be found in [2] and [3].

4. Technical Analysis

Technical analysis is a method of evaluating securities by
analyzing the statistics generated by market activity, such
as past prices and volume. Technical analysts do not
attempt to measure a security's intrinsic value, but instead
use charts and other tools to identify patterns that can
suggest future activity. Just as there are many investment

styles on the fundamental side, there are also many
different types of technical traders. Some rely on chart
patterns; others use technical indicators and oscillators,
and most use some combination of the two. In any case,
technical analysts' exclusive use of historical price and
volume data is what separates them from their fundamental
counterparts. Unlike fundamental analysts, technical
analysts don't care whether a stock is undervalued - the
only thing that matters is a security's past trading data and
what information this data can provide about where the
security might move in the future. The field of technical
analysis is based on three assumptions:

1. The market discounts every thing.
2. Price moves in trends.
3. History tends to repeat itself.

Despite all the fancy and exotic tools it employs, technical
analysis really just studies supply and demand in a market
in an attempt to determine what direction, or trend, will
continue in the future. In other words, technical analysis
attempts to understand the emotions in the market by
studying the market itself, as opposed to its
components. RSI, Williams %R, Ultimate Oscillator,
MACD, Stochastic Oscillator, On Balance Volume, TRIX,
CCI and ROC are mostly used technical indicators.

4.1.RSI

The name "Relative Strength Index" is slightly misleading
as the RSI does not compare the relative strength of two
securities, but rather the internal strength of a single
security. A more appropriate name might be "Internal
Strength Index”. The RSI usually tops above 70 and
bottoms below 30. It usually forms these tops and bottoms
before the underlying price chart.9-day RSI is used for
calculation.

4.2. Williams %R

Williams %R is a momentum indicator that is the inverse
of the Fast Stochastic Oscillator. Also referred to as %R,
Williams %R reflects the level of the close relative to the
highest high for the look-back period. In contrast, the
Stochastic Oscillator reflects the level of the close relative
to the lowest low. %R corrects for the inversion by
multiplying the raw value by -100. As a result, the Fast
Stochastic Oscillator and Williams %R produce the exact
same lines, only the scaling is different. Williams %R
oscillates from 0 to -100. Readings from 0 to -20 are
considered overbought. Readings from -80 to -100 are
considered oversold.

4.3. Ultimate Oscillator

Ultimate Oscillator is a momentum oscillator designed to
capture momentum across three different timeframes. The



IJCSNS International Journal of Computer Science and Network Security, VOL.14 No.8, August 2014 71

multiple timeframe objective seeks to avoid the pitfalls of
other oscillators. Many momentum oscillators surge at the
beginning of a strong advance and then form bearish
divergence as the advance continues. This is because they
are stuck with one time frame. The Ultimate Oscillator
attempts to correct this fault by incorporating longer
timeframes into the basic formula. Williams identified a
buy signal based on a bullish divergence and a sell signal
based on a bearish divergence. This is a range-bound
indicator, which means the value fluctuates between 0 and
100. Similar to the RSI, levels below 30 are deemed to be

oversold, and levels above 70 are deemed to be overbought.

Transaction signals are derived by finding situations where
the price is going in opposite directions than the indicator.

4.4. MACD

It is based on 3 exponential moving averages, or EMA.
These averages can be of any period, though the most
common combination, and the one we have focused on, is
the 12-26-9 days MACD. If the MACD is above the 9-
days EMA buy signal is generated and If MACD is below
the 9-days EMA sell signal is generated

4.5, Stochastic Oscillator

The Stochastic Oscillator is a momentum indicator that
shows the location of the close relative to the high-low
range over a set number of periods. The Stochastic
Oscillator "doesn't follow price, it doesn't follow volume
or anything like that. It follows the speed or the
momentum of price. As a rule, the momentum changes
direction before price.” As such, bullish and bearish
divergences in the Stochastic Oscillator can be used to
foreshadow reversals. This was the first, and most
important, signal that Lane identified. Lane also used this
oscillator to identify bull and bear set-ups to anticipate a
future reversal. Because the Stochastic Oscillator is range
bound, is also useful for identifying overbought and
oversold levels.

4.6. On Balance Volume (OBV)

On Balance Volume (OBV) measures buying and selling
pressure as a cumulative indicator that adds volume on up
days and subtracts volume on down days. OBV was
developed by Joe Granville. It was one of the first
indicators to measure positive and negative volume flow.
Chartists can look for divergences between OBV and price
to predict price movements or use OBV to confirm price
trends.

4.7. TRIX

This is a momentum indicator that is used to calculate the
rate of change in percentages of a triple smoothed

exponential moving average. It also uses the close to
calculate the exponential moving average. Oscillating
around the zero line, the exponential smoothing cuts out
any insignificant cycles.

4.8. CCl

Originally designed for commaodities, this indicator also
works well with other securities such as stocks and Mutual
Funds. Uses include, finding divergence between the price
and the CCI itself, and also pin pointing overbought and
oversold conditions.

4.9. Rate of Change (ROC)

Rate of Change, ROC produces the rate of change as a
percentage between the current day and N-days ago. It is
very similar to the Momentum indicator, but Momentum
uses the difference of the prices to calculate, and ROC
uses a ratio of the prices.

5. Experimental Results

The system has been developed and tested on Windows
XP operating system. We have used Visual Basic and
Microsoft Access as front end and back end tool.
Simulation data was sourced from National Stock
Exchange (NSE) India. We have selected technical
indicators RSI, Williams %R, Ultimate Oscillator, MACD,
Stochastic Oscillator, On Balance Volume (OBV), TRIX,
CCl and ROC. With these inputs SOM divides them into
different classes. As the SOM are more relevant to the
problem where stocks of different companies are to be
compared on some common parameters and arranges in
the form of different classes. Out of these classes we
compared stocks belonging to the best class with the above
specified technical indicators. Input attributes should be
carefully selected to keep the dimensionality of input
vectors relatively small [16]. As we know close rates are
primary quantitative factors for individual equities and
from quantitative factors the key qualitative factor of the
market sentiment can be derived. So we used close rate of
stocks as our input in the technical indicators. Technical
Indicators of Selected Stocks classified using SOM and
then performance of selected stocks are then compared
with NIFTY for the period 29/08/2012 to 15/10/2012. We
have found that our selected stocks gives 36.77% more
returns in comparison to NIFTY as shown in table 3 and
fig. 3.
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Buy Sell
S.
No. Stock
Date | Rate |Nifty| Date Rate [Nifty
P
1 IASSO 29.8.12|64.00|5287|15.10.12| 91.90 |5687
2 HDIL |30.8.12|68.95|5315(15.10.12| 106.85 | 5687
REL
3 POWE B0.8.12 [77.75 p315 [15.10.12 [104.50 5687
R

Table 2: Buy and Sell rates of Selected Stocks and NIFTY.

5| Stock N Gain fn % Diff in Gain%
: toc ame . n Gain
No. Stock | Nifty Hn aino
1 | JPASSOCIATE | 4359 | 755 36.04
2 HDIL 5497 | 70 47.97
3 | RELPOWER | 3441 | 7.0 27.41
2432 | 7.8 37.14

Table 2: Buy and Sell rates of Selected Stocks and NIFTY.

Gain comparison OFf Nifty and selected Stock
60.00 54.97

50.00 43.59

40.00 34.41

20.00 m Stocks

m Mifty
20.00

10.00 7.55 7.00 7.00

0.00

JIP ASSOCIATE HDIL REL POWER

Fig. 3: Comparison chart between stocks selected using SOM and
technical indicators with NIFTY.

6. Conclusion

This paper compares the performances of the stock
selected by using hybrid model of Self-Organizing Maps
and technical indicators with NIFTY. The stocks selected
by Hybrid model of SOM and technical indicators help the
investor not only in selecting stocks but also in identifying
the timing of purchasing the particular stock. The result
shows that the performance of stocks selected using self-
organizing maps and technical indicators gives better
returns on investment. Stock selected using SOM and
Technical Indicators gives 37.14% more returns in
comparison to NIFTY.
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