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Abstract : Algorithmic trading strategies have one of the most significant roles for the new era of financial
market. Various Hedge funds, Mutual funds and other investment banks are widely using various algorithmic
trading strategies for risk management and future volatility estimation for financial instruments. In this paper,
we focus upon one algorithmic approach with the aspect of special case of GARCH model, its ability to deliver
volatility forecasts and moving average with multiple weighted price of asset. This model is useful not only for
modeling the historical process of volatility but also in giving us multi-period ahead forecasts and helps to give
exact entry price.
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l. Introduction

Algorithmic trading has been one of the most prominent recent trends in financial industry. It is widely
used by investment banks, mutual funds, and other buy side (investor driven) institutional traders. Sell side
traders, such as market makers and somehedge funds, provide liquidity to the market, generating and executing
orders automatically. This has resulted in a dramatic change of the market microstructure, particularly in the
way liquidity is provided. A third of all European Union and United States stock trades in 2006 were driven by
automatic programs, or algorithms, according to Boston-based financial services industry research and
consulting firm Aite Group. As of 2009, HFT firms account for 73% of all US equity trading volume.This
indicates the significance of robust and reliable need of trading algorithms and mathematical models for this
new era of financial market to model volatility. The GARCH (p, g) model, introduced by Bollerslev (1986),
often provides a parsimonious representation of the volatility dynamics in financial time series [1].

One traditional difficulty in constructing GARCH based models is that the volatility process is
inherently unobservable. We surmount this problem by using a proxy of monthly volatility calculated using
daily data. Moreover GARCH maodels treat heteroscedasticityas a variance to be modeled. As a result, not only
are the deficiencies of least squares corrected, but a prediction is computed for the variance for each error term
[2].We have more faith in the reliability of these volatility estimates.

1. Need for forecasting volatility for a model

The main purposes of forecasting volatility are measuring the potential future profit and losses of a
portfolio of financial assets. Moreover it helps a lot in asset pricing phenomenon. One of the most common use
of volatility for any commodity, options, stocks are to find out next day’s volatility based on historical volatility.
This helps to know approximate value of reruns over investment. Several recent studies have found that the
volatility of daily U.S. dollar exchange rates tends to be highly persistent and well approximated by an
integrated or long memory-type GARCH process[3].In asset allocation, the Markowitz approach of minimizing
risk for a given level of expected returns has become a standard approach, and of course an estimate of the
variance-covariance matrix is required to measure risk. Perhaps the most challenging application of volatility
forecasting, Seasonality in financial-market volatility is pervasive. the historical variance of the Standard and
Poor's composite stock-price index in October is almost ten times the variance for March; see also Schwert
(1990) and Glosten, Jagannathan, and Runkle (1993) [4].So in today’s highly volatile market,It is important to
specify various parameters which help to derive volatility more accurately. High kurtosis exists within financial
time series of high frequencies (observed on daily or weekly basis). This confirms the fact that distribution of
returns generated by GARCH(p,q) model is always leptokurtic, even when normality assumption is introduced.
Right combination of volatility parameter will help to give more reliable and accurate value of volatility. It is
important to note that kurtosis is both a measure of peak and fat tails of the distribution. So we have tried to
make it as accurate as possible.In the vast empirical finance literature models are well known within the
GARCH framework where alternative assumptions on the conditional distribution have been suggested and
extensively analyzed [5].
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1. Kurtosis Of Garch(1,1) Process
GARCH models are very popular for representing the dynamic evaluation ofvolatility of financial
returns.[see, e.g., Bollerslev, Engle, and Nelson (1994), Engle (1994), Bera and Higgins (1995), Diebold and
Lo pez (1995), and McAleer and Oxley (2003), among many others [6].
GARCH(1,1) process: has been assumed
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Follows that the second moment of {3t} process exists. To assure the existence of the fourth moment, apart
from conditions in (4), it is necessary in relation (3) to satisfy this restriction:
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Since kurtosis is defined as:
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After some rearrangement in (7) we can write:
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From relation (8) follows that distribution of returns generated from GARCH(1,1) process always results in
excess kurtosis, i.e. Fisher's kurtosis (K > 3) even normality assumption is introduced, if and only if conditions

in (4) are satisfied. These conditions also could be satisfied when parametere; =0. Only in that case
innovations distribution would be normally shaped (k = 3). Therefore, the kurtosis is very sensitive on value of
parameter &, .In general Kurtosis increases much intensively with larger parameter &, in comparison to

parameter /3, .

V. Degrees Of Freedom Estimation

Generally, there are three parameters that define a probability density function: (a) location parameter,
(b) scale parameter and (c) shape parameter. The most common measure of location parameter is the mean. The
scale parameter measure variability of probability density function (pdf), and the most commonly used is
variance or standard deviation. The shape parameter (kurtosis and/or skewness) determines how the variations
are distributed about the location parameter.

If the data are heavy tailed, the VaR calculated using normal assumption differs significantly from
Students t-distribution. Therefore, we find that kurtosis and degrees of freedom from Student's distribution are
closely related.
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The density function of no central Student t-distribution is given as:
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Where 4 is location parameter, S scale parameter and df shape parameter, i.e. degrees of freedom, and

I () is gamma function. Standard Student's t-distribution assumes that £ =0, 8 =1, with integer degrees of
freedom. However, degrees of freedom can be estimated as non-integer, relating to kurtosis:

6
k = +3  vdf >4. (10)
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From relation (10) it's obvious that standard t-distribution has heavier tails than normal distribution when
4 < df <30. Hence, if empirical distribution is more leptokurtic estimated degrees of freedom would be

smaller.
The second and fourth central moment of function (9) are defined as:
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Therefore, we may apply method of moments and get consistent estimators:
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Where the sample variance is biased estimator of /5 .To get unbiased estimator of standard deviation we use
correction factor:
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which is equivalent to:
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In practice, the kurtosis is often larger than six, leading to estimation of non-integer degrees of freedom
between four and five. However, kurtosis will depend on volatility persistence. Volatility persistence is defined

as the sum of parameters &, + 3, in GARCH(1,1) model.

If we rearrange condition variance equation of GARCH(1,1) model as follows:
2 2 2 2
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Then the sum of parameters ¢, + 3, shows the time which is needed for shocks in volatility to die out. If this

sum is close to 1 long time is needed for shocks to die out. However, if the sum is equal to unity the covariance
stationary condition is not satisfied and GARCH(1,1) model follows integrated GARCH process of order one,
i.e. IGARCH(1,1).

If we substitute O't2 zef —V, than stationary condition occurs from ARMA(1,1) representation of
GARCH(1,1) model:

2
& =Qy + (al + 5, )‘9}{1 TV, =BV, (17)
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V. Proposed Algorithm
5.1 Volatility Calculation
Volatility parameters of GARCH(1,1) like variance — covariance matrix, Kurtosis, probability density
function are calculated on basis of historical data. We have shown empirical results for last 14 years for S&P
500 in Table 1.

5.2 Boundary value calculation

Once volatility parameters are calculated, they are fed to the equation from which boundary value is
obtained. Boundary values are weighted average price of the financial Instrument over multiple time periodsas
Volume Weighted Average Price (VWAP) of an asset is a well-established benchmark [7]. This boundary value
acts as the reference for the decision support system.

5.3 Decision Support System

Economic theory frequently suggests that economic agents respond not only to the mean, but also to
higher moments of economic random variable [8].

On obtaining the boundary value the order is executed by the decision making system. If the opening
value is greater than boundary value the conclusion is reached that the instrument is overvalued. Hence short
position is taken with selling point being the difference between opening value and predicted volatility. On the
other hand if the opening value is less than the boundary value the conclusion is reached that the instrument is
undervalued. Hence, long position is taken with the selling point being the sum of volatility and opening. It can
be noted that for both cases the profit is volatility.

5.4 Risk Management Process for the algorithm

The risk management process must also take place in real time, alongside with the algorithm parameter
outputs and order management. The value of the open positions and cash available must be carefully correlated
with the terms settled when the algorithm starts during any sort of security trading stop loss is necessary. In the
risk management module the current prices are monitored constantly and checked against a stop loss value. See
figure 2 for Risk Management Process.

One important issue is the one of tuning the parameters of algorithm. Even if in practice there are some
standard values for them, the performance of the algorithm can be much affected by a non-optimum parameter
value chosen. The main factors that lead to parameters changing are the volatility estimation parameters.

Fuzzy logicor neural network algorithms can also be used to overcome the issue of choosing right parameters
among multiple combination sets. The risk management process is responsible not only for the loss limitation
but also for cashing the profit. So it has immense significance for real-time environment.
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Figure 1. Algorithm Flowchart
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Figure 2. Risk management module

VI. Empirical Results:

The findings with the algorithms are presented here. The performance of the S&P 500 has been
analyzed. Monte-Carlo simulation has been performed over random subset of stocks. We use daily data to make
forecasts for the next day and have overnight time interval from the close of trading open of the next day, risk-
free rates are used. The transaction cost incurred is 1% when we change our position. It will be based on
tomorrow’s closing price because we focus on out-of-sample prediction and we assume that we place our order
to buy or sell immediately before the close of trading tomorrow. Of course we may use tomorrow’s opening
price or high frequency data in practice. We believe that here the strategy will be more profitable because of
more flexibility and less delay.

The leverage feedback effect has magnified the fluctuation in the market caused by the extreme events.
For example, after Lehman Brothers declared its bankruptcy on September 14™ 2008, a series of bank and
insurance company failures triggered the global financial crisis in which the market fluctuates dramatically. It is
the extreme event, i.e., the declaration of Lehman Brothers’ bankruptcy, together with the volatility clustering
plus the leverage feedback effect caused by Lehman Brothers bankruptcy news result in the catastrophic
financial crisis in 2008 [9].So leverage and transaction cost cannot be neglected. Our empirical results take both
of these parameters in account. Figure 3 shows Cumulative classic return obtained via logarithmic return for
S&P 500 from 1994 to 2011.Table 1 shows all evaluation parameters of the test in detail.

Figure 3: Cumulative classic return obtained via logarithmic return for S&P 500 from 1994 to 2011
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Figure 4: Time series of difference between cumulative logarithmic returns of the strategy and the proxy
portfolio with S&P 500 from 1994 to 2011

Table 1: Performance of the strategy in terms of daily logarithmic returns for S&P 500

Parameters Value

Logarithmic Return
Classic Return

Mean Daily Logarithmic return
Standard Deviation

Skewness

Kurtosis

VII. Conclusion

Andersen and Bollerslev (1998) and Christodoulakis and Satchell (1998, 2003) have argued that the
poor forecasting from GARCH models are too smooth to capture the entire variation of volatility. So we have
moved one step forward. We have introduced the concept of weighted value of asset with multiple period based
boundary condition along with volatility.

We have focused on one aspect of GARCH models and their ability to deliver one period ahead
forecasts of volatility. We have analyzed these forecasts to actual volatility calculated using daily stock returns.
Weighted price and boundary value gives us exact entry point. In the further work the integration with a Genetic
Algorithm or neural network with regression analysis can be a highly desirable solution in order to tune up the
parameters of the algorithm in a quick and reliable way, but also can be used in the discovery of new trading
rules in a quick and reliable way.
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