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Innovative Combi#national Analytics to
Predict Stock Market

Karthikeyan. M, Dheepan Cross. F,? Krishnan Nallaperumal® and K. Senthamarai Kannan'

ABSTRACT
This paper deals with the Technical Analysis which helps
 the investors to discover hidden patterns from the historic
financial and time series stock market data. These
techniques have the probable capability to help the
investors in their investment decisions by looking into
the new hidden patterns and opportunities. It maximizes
the prediction of financial stock market using time series
quantitative analysis. Two analytics are devised by
combining various financial indicators. A back test on
the historic data is performed to calculate the percentage
of profitable buy / sell signals generated by the
combinational analytics. The Moving Average Crossover
~ (MAC} Algorithm is taken as a benchmark to compare
the percentage of profitable buy / sell signals generated
by the proposed combinational algorithms. Both the

proposed algorithms outperform the MAC algorithm.
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1. InTRODUCTION

The Competitive business pressures and a desire to
leverage existing information technology investments
have led many financial investment firms to explore the
benefits of data mining technology. As of now, more
than 70 per cent of trades in the US stock market are
done by automated computer progréms uéin g data mining

and predictive technologies.

' Many fund management firms have invested heavily in

information technology to help them manage their
financial portfolios. Over the last three decades, large
amounts of historical data have been stored electronically
and this volume is expected to continue to grow
considerably in the future, Yet despite this wealth of data,
many fund managers have been unable to fully capitalize
on their value. This is because information that is implicit
in the data for the purpose of investment is not easy to

discern.

For example, a fund manager may keep detailed
information about each stock and its historic data but
still it is difficult to pinpoint the subtle buying patterns
until systematic explorative studies are conducted. This
issue is addressed by applying data mining technology
using quantitative analytical techniques to help to
discover previously ‘undetected patterns pres;ﬁt in the
historic data to determine the buying and selling points

of equities.
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Time series are temporal sequences of measures that can
be mined for information [13]. The analysis of évolving
time series data lead to the discovery of many interesting
financial market predictive patterns [8]. Evolving time
series data analysis maximizes the profit-loss value
prediction of financial stock using time series quantitative
analysis. The quantitative analytical techniques are used
to discover previously undetected patterns present in the
historic data to determine the buying and selling points

of equities [1].

The approaches to predict stock market could be

classified into two classes: Fundamental Analysis and -

Technical Analysis [16]. The Fundamental Analysis is
‘based on macroeconomic data and the basic financial
status of companies like money supply, interest rate,
inflationary rates, dividend yields, earnings yield, cash
flow yield, book to market ratio, price-earnings ratio and
lagged returns. The Technical Analysis is based on the
ratiQnaie that history will repeat itself and the correlation
between pfice and volume reveals market behavior [16],
[19]. Prediction is made by exploiting implications
hidden in past trading activities and by analyzing
patterns, which are essentially based on Technical
Analysis, as most of the parameters of Fundamental
Analysis are either static and well known or global in
naturé implying tﬁat they contribute only a little in

predicting the behaviour of individual stocks.

Technical predictive approach includes time series
quantitative analysis, stochastic analysis and heuristics.
Time series quantitative analysis is used in this research
work to predict the financial .stock market. Number of
technical indicators and time-series analytics used by
financial experts are well documented [22], [12].
However, the criterion that is used to combine these

apalytics to arrive at predictive strategies is not

understood well. Hence, a systematic study is performed
to individually evaluate best known time serics analytics
for their predictability for profitable stock trades. Also,
when multiple non-correlated time series analytics are
combined, there is a possibility to improve the predictive
power [18]. The combined performances of selective
financial indicators are studied and the combinational
patterns that maximize profitable trades as well as result

in high return on investment are explored in [8].

2. RELATED WORKS

Garth Garner [7] combined five different methods of time
series technical analysis {5] to predict the following day’s
closing.price. This technique has resulted in the
generation of 50% of correct prediction. Antonia Azzini
[ 1] demonstrated that it is possible to extract meaningful
and reliable models of financial time series from a
collection of popular technical indicators [14] by means
of combinational algorithms {211, [31,[2]. The combined
selection of various technical indicators to decide the
stock market trend is discussed in {9], [4]. Robert W.
Stone [18] demonstrated the technique of producing the
greatest single profit using the moving average algorithm
combined with the RSI appiicd on 60 minute trading
charts, closely followed by the moving average trading

of 1 minute charts.

Stephen C.W. Chu [26] combined broad range of -
technical indicators, including Moving Averages, RSL,
Stochastic and Bollinger Band. Many combinations of
the financiatl indicators are studied and two of them are
presented in this paper. The overall predictive capability
is enhanced in the proposed combinational Time Series

Quantitative Algorithms.

Hence, there is a necessity to study the potential of

combinational uncorrelated existing analytics in order

to improve the predictive power.
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3. FiNanCiAL INDICATORS .
Various financial indicators used for the study afc(l
development of the proposed combinational algorithms

are presented below.

A. Bollinger Bands Calculation

The Bollinger Bands [11], [10] are trading bands plotted
around a price. This indicator is plotted as a grouping of
3 lines. The upper and lower lines are plotted according
to market volatility. The middle line is the simple moving
average between the two outer lines (bands). Market
reversals occur near the upper and lower bands. The

middle band acts as a support line.

B. Relative Strength Indicator

The RST indicator [17] compares the number of days a
stock finishes up with the number of days it finishes
down. It is calculated for a certain time span usually
between 9 and 15 days. The average number of up days
is divided by the average number of down days. This
number is added to one and the result is used to divide
100. This number is subtracted from 100. The RSThasa
range between O and 100. A RSI of 70 or above can
indicate a stock which is overbought and due for a fall
in price. When the RSI falls below 30 the stock may be
oversold and is a good they can vary depending on
whether the market is builish or bearish. RSI charted
over [onger periods tend to show less extremes of
movement. Looking at historical charts over a period of
a year or so can give a good indicator of how a siock

price moves in relation to its RSL

C. Chaikin Money Flow Indicator

Developed by Marc Chaikin, the Chaikin Money Flow
indicator (CMF) [20] is calculated by summing
Accumulation Distribution over the given period and then
dividing by the sum of volume over the given period

[11]. A period of 21 is recommended. The volume is

essentially nothing more than volume times change
divided by range. A positive CMF value signals
accumulation, while a negative CMF value signals
distribution. A reference line is drawn at zero to help
quickly identify accumulation/distribution regions. The
further the distance from the zero reference line, the

stronger the signal.

D. True Strength Index
The True Strength Index (TSI is calculated as detailed
below.
A) Exponential Moving Average (MA) of Momentum
for term1 periods
B) Exponential MA of (A) for term 2 periods
C} Exponential MA of Absolute Momentum for term 1
periods
D) Exponential MA of (C) for term 2 periods.
B)TSI=B/D

The Momentum is an oscillator that measures the amount
a stock price has changed over the observation period. It

is a trend-follower.

Prices are the central quantities. Four types of prices are

distinguished:

The open price O, indicates the price of an asset at the

start of trading day t.

+ The high price H, indicates the highest price at which
an asset was traded during trading day t.

* The low price L, indicates the lowest price at which
an asset was traded during trading day t.

* The close price C, indicates the price of an asset at the
end of trading day t.
The Price at time t is defined by
P wO, +w,H, +wl, +w,C,

Wt w, +uy W,
Default values for the non-negative weights are

W =W, =W, T w, = 1.
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The Momentum measures the price change over a time
period of length n,

Momentum(t) =P, -P__

The Momentum oscillates around the zero-line. Default

value for n is 14 days.

E. Stochastic Momentum Index

The Stochastic Momentum Index (SMI) [17] is based
on the Stochastic Oscillator. The difference is that the
Stochastic Oscillator calculates where the close is relative
to the high/low range, while the SMI calculates where
the close is relative to the midpoint of the high/low range.
The values of the SMI range from +100 to -100. When
the close is greater than the midpoint, the SMI is above
zero, when the close is less than the midpoint, the SMI
is below zero. The SMI is interpreted the same way as
the Stochastic Oscillator. Extreme high/low SMI values
indicate overbought / oversold conditions. A buy signal
is generated when the SMI rises above -30, or when it
crosses above the signal line. A sell signal is generated
when the SMI falls below +50, or when it crosses below

the signal line.
F. Relative Mementum Index

The Relative Momentum Index (RMI) is a variation on
the Relative Strength Index (RSI). To determine up and
down days, the RSI uses the close compared to the
previous close. The RMI uses the close compared to the
close n days ago. An RMI with a time period of 1 is
equal to the RSI. The RMI ranges from 0 to 100. Like
the RSI, The RMI is interpreted as an overbought/
oversold indicator when the value is over 70/below 30.
You can also look for divergence with price. If the price
is making new highs/lows, and the RMI is not, it indicates

a reversal.

G. Typical Price
The Typical Price indicator is calculated by adding the
high, low, and closing prices together, and then dividing

by three. The result is the average, or typical price.

H. Bollinger Signal
The Typical price (TP) and the Bollihgcr Bands for the

[THH
1

days represented in terms of “i”” are combined as follows
to obtain the Bollinger Signal.
IF (TP{i] > Bollinger Lower Band[i]) &&
{TP{i-1] < Bollinger Lower Band[i-1])
Generate a buy signal
ELSE
I¥ (TP[i] < Bolinger Upper Band[i]) &&
(TP[i-1] > Bollinger Upper Band[i-1]}
Generate a sell signal

ENDIF
ENDIF

I. RSI Signal

The following algorithm, based on Relative Strength
Indicator generates the RSI Signal, which is used to
predict an increase or decrease in next days closing stock
price.

If (RS <=30)

Predict increase in tomorrow’s closing price

Else

If (RSI >=70)

Predict decrease in tomorrow’s closing price

Else

No change in tomorrow’s closing price

End if

J. RMi Signal

The following algorithm, based on Relative Momentum
Index generates the RMI Signal, which is used to predict
an increase or decrease in next days closing stock price.

If (RMI <=20)
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Predict increase in tomorrow’s closing price .
Else *j
If (RMI >=80)

Predict decrease in tomorrow’s closing price

Else

No change in tomorrow’s closing price

End if

K. SMI Signal

The following algorithm, based on Stochastic
Momentum Index generates the SMI Signal, which is
used to predict an increase or decrease in next days
closing stock price.

If (SMI > 20)

Predict decrease in tomorrow’s closing price

Else

If (SMI < -40)

Predict increase in tomorrow’s closing price

Else

No change in tomorrow’s closing price

Endif

L. TSI Signal
The algorithm for the TSI signal based on the True
Strength Index is given below.
IF (tsioutput[i] >-30 && tisoutput{i-1] <=-30
&& tsioutput[i-2] <= -30)
Generate a buy signal
"ELSE
1F (tsioutputfi] < 30 && tsioutputfi-1] >= 30
& & tsioutput[i-2] >= 30)
Generate a Sell signal
ENDIF
ENDIF
M. Moving Average Crossover Algorithm
The Moving Average shows the average price over a

period of time [2]. For a 30 day moving average you add

the closing prices for each of the 30 days and divide by
30. The most common averages are 20, 30, 50, 100, and
200 days. Longer time spans are less affected by daily
price fluctuations. A moving average is plotted as a line
on a graph of price changes. When prices fall below the
moving average they have a tendency to keep on falling,
Conversely, when prices rise above the moving average

they tend to keep on rising.

4. PROPOSED ALGORITHM _

Various methods of analyzing stocks were combined to
generate a buy / sell signal resulting in profit, are
mentioned below. All the methods are needed to be in
agreement for the algorithm to predict profitable buy /

sell.

a. Time Series Quantitative Algorithm 3 — TSQA3

The Chaikin Money Flow indicator is calculated from
the daily readings of the Accumulation / Distribution Line
[20]. The basic premise behind the Accumulation
Distribution Line is that the degree of buying or selling
pressure can be determined by the location of the Close
relative to the High and Low for the corresponding period
(Closing Location Value) [11]. The proposed TSQA3
analyzes the stock price using the optimized trading rule,
which is evolved by combining the, Chaikin Money Flow
Indicator as a confirming indicator, with the Relative
Strength indicator, Stochastic Momentum Index,
Bollinger Bands Calculation and RSI Signal.
Experimental results show that this combinational

analytic outperforms.

b, Time Series Quantitative Algorithm 4 - TSQA4

Piotr Lipinski [15] proposed a new trading rule by
combining Stochastic Oscillator with Relative Strength
Indicator. The author has not focused on profitable buy

/ sell signals generation, but proposed a techrique of
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generating warning signals for specific situations yelate
to the rare circumstances of exceptional raises o{droﬁs
of share prices. The-Stochastic oscillator, a-popular and
dynamic indicator based on the premise that during an
upward trading market; prices tend to close near their
high, and during a downward trading market, prices tend
to close near their low. TSQA4 is formed by combining
a variation of this oscillator called Stochastic Momentum
index with the confirming indicator Chaikin Money flow
Indicator, Bollinger Bands Calculation, RélativéStrenéth
indicator and Stochastic Momentum Index ‘Signal for
achieving better results. '
5. BACI% TrsTiNG , 7

Mosf of the back-testing systérﬁs in commercial stock

trading products do not have a converging signal

genérating systefn. Having well defined signal system is

very important from many points of view such as

preseritation in‘charts as buy or signals and for a trading

progiam in the trading Sysfem to make the right decision

when such signals are géneratéd. When signals are
standardized, ‘the meaning of the signals is well

understood according to the application needs. From the

very beginning of the design, we have made a decision

to have converging signals with different grades of buy

and sell signals will be central to make trading d'ecisions.r

Thus, we Have said; we have four buy and four sefl signals

and one neutral signal in our system. The idea behind

thie $ignal generation is described below

§tock ti’ading. decisions depend _up.on the validation of
the trader’s hypothesis based on objéctive or subjective
functions. Standardizing the result of well conceived
objective or subjective functions into well defined 31 g_na.ls

is the most important step in the automation of decision

making processes and presentation in charts in user

intelligible ways. Thus, any number-of objective or

subjective functions could be written for well conceived
hypothesis and all of which can provide converged
signals to a common automated trading system. When
ideas or hypothesis driven by varying investment goals
are innumerable, each one could be very carefully crafted
into analytical processes in Mathematical programming
language with an objective of generating the final

decision points in the form of signals.

a. Data Model for Back Testing
When 2 number of equities are traded over a period of
time, a trade consolidation can be done with the following

data.

There are two transitions, one corresponds to the buy
transaction and the other correspond-s to the sell
transaction. Each buy or sell transaction has its own set
of values. The consolidation of the row will have total
amount committed for buying and the total amount on
sell closing. The combined consolidation will have Net
=Total amount - B'uy:total amount. If the Net is negative,
itis aloss and if the Net is positive it is a profit. The total

of all net across all rows is the Total Net Profit / Loss.

Table 1 : Profitable Signals Generated By Moving
Average Crossover Algorithm

Stock Total No. of Percentage of
Name or predictions Profitable profitable
Symbol made signals signals

MSFT 96 46 47.9%
GOOG 83 39 46.9%
ORCL 70 38 54.2%
IBM 92 58 63.0%
YHOO 68 35 51.4%

Table 2: Profitable Signals Generated By TSQA3

Stock Total No. of Percentage of
Name or predictions Profitable profitable
Symbol made signals signals

MSFT 48 - 33 68.7%
GOOG 42 30 71.4%
ORCL 57 38 66.67%
1BM 54 38 70.37%
YHOO 56 : 42 75.0%.
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6. EmPmricaL REesuLTs
The bar data is available online in a format with six
attributes. They are open, low, high, close prices, volume,
and starting time of the business. Open is the opening
price of the stock, Low is the lowest price of the stock
during the business period, high is the highest price of
the stock and close is the closing price of the stock for
the business period. Volume represents the total number
of stocks traded during the period. A bar data represents
an abstract sample of trades that have taken place during
the given period. Bar data can be formulated using
different time intervals in minutes, hours, days, weeks
or months. The day wise formulated bar data is used in

this study.

Both the combinational analytics were tested on the
historic bar data of 1009 symbols / stocks pertaining to
the period from 1.01.2002 to 31.12.2006. This data is
obtained from yahoo finance web site. The test results
of the Moving Average Crossover algorithm, TSQA3
and TSQA4 are listed in the table 1 to table 3 respectively.

The average percentage of

Table 4 : Profitable Signals

. Average Percentage of profitable
SNo . Algorithm Buy / Sell signal generated
| MAC 52.62%
2 TSQA3 16.19%
3 TSQA4 56.34%

profitable Buy / Sell signals generated by the proposed
algorithms are listed in the Table 4.
The study of the proposed algorithms reveals the
following.
1. The Moving Average Crossover (MAC) is a
simple straight forward smoothing algorithm,
which generates an average of 52.62% of

profitable signals.
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2. The percentage of profitable signals generated
by the proposed TSQ3 is better for majority of
the symbols / stocks.

3. TSQA3 outperforms over all the other algorithms

considered for the study.

7. ConcLusioN aND FUTURE WoORK

‘The TSQA3 algorithm did very well on the stocks under
study. In this case the predictions were correct or
profitable for at least 70.19%. This is not to assure that
this algorithm would make anyone rich, but it may be
useful for trading analysis. This raises the following

question.

How much could you lose before you actually won? The
answer is that it is possible to win 70.19% of the time,
but still lose 2 lot consecutively before we may actually

win.

The main contribution of this work is demonstrating that
it is possible to extract meaningful and reliable models
of financial time series from a collection of i)opular
technical indicators by means of combinational
algorithms. The predictive power can be enhanced by
combinational algorithms coupled with Artificial Neural
Networks (ANN}). A neuro-genetic approach may be
introduced for the modeling of financial time series,
which opens up opportunities for many extensions,
improvements, and sophistications both on the side of _
indicators, and of the technicalities of the trading strategy.
A natural extension would consist of enriching the data
used for modeling with more sophisticated technical
indicators. Novel indicators might be evolved or
coevolved by means of other evolutionary techniques

like genetic programming.
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