Discussion on Seasonality and Forward-Forward Volatility Curve

Alex Huang

This is to throw my pennies in the on-going discussion on data deseasonalization and its possible application to forward-forward volatility curve calculation.  

Any market forward volatility curve contains seasonality.  In calculating say June to July forward-forward volatility, one often runs into the problem of having to take square root of a negative number.  The idea here is to eliminate the seasonal factors from the curve first, then we smooth the curve.  It is hoped that thus smoothed curve will give us less trouble in calculating forward-forward volatility.  Seasonal factors can then be superimposed back onto the calculated forward-forward volatility curve.  In using this procedure several assumptions are made implicitly.  We now state them explicitly and point out some of the problematic issues.

Assumptions:

1. The deseasonalized and smoothed curve can be used to calculate forward-forward volatility of the adjacent months.  As Tanya correctly pointed out, this is problematic.  We may be using oranges to get results about apples. 

2. The forward volatility and forward-forward volatility have the same seasonal pattern.  It is not clear as to how to check whether this is true or not.  

Below we describe this procedure in detail.  Let 
[image: image1.wmf]M

i

x

i

,

,

2

,

1

,

×

×

×

=

be the time series of interest, each corresponding to a time 
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 be the length of the seasonal cycle, that is, if the seasonal pattern is annual, 
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be the number of complete cycles in the time series.  We assume that seasonality is multiplicative here, i.e., 
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 is the seasonal factor.  Let 
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Then the new seasonal factor 
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 is additive to the time series 
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.  From now on we will work with 
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.  We now construct a moving average 
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 as follows.  For 
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and for 
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We now calculate the seasonal factors 
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and for 
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Let 
[image: image23.wmf]å

=

=

p

j

S

j

y

p

ave

1

1

.  We de-mean the seasonal factors by letting 
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The seasonal factors now satisfy the relation 
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The seasonal factors of the original time series 
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 gives the deseasonalized time series.  We try to fit it to an exponentially decaying function of the form 
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This is the same as fitting a linear function 
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 to the time series 
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Now we can smooth the deseasonalized forward volatility curve 
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if 
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.  Finally, we multiply 
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 to obtain a seasonal forward-forward volatility curve.  

We note that for the example we worked out last week, there are indeed a few points at which 
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, i.e., we still need to work around the problem of taking square root of negative number.  It has been pointed out by Tanya that for some forward curves, functions of the form 
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may be a better fit than the exponentially decaying function.  It would be interesting to try this form of function for our example to see if we can obtain a better fit.  

_1036328002.unknown

_1036328011.unknown

_1036328016.unknown

_1036328352.unknown

_1036328406.unknown

_1036328718.unknown

_1036329243.unknown

_1036329415.unknown

_1036328417.unknown

_1036328492.unknown

_1036328018.unknown

_1036328064.unknown

_1036328109.unknown

_1036328041.unknown

_1036328017.unknown

_1036328013.unknown

_1036328014.unknown

_1036328012.unknown

_1036328006.unknown

_1036328009.unknown

_1036328010.unknown

_1036328008.unknown

_1036328004.unknown

_1036328005.unknown

_1036328003.unknown

_1036327993.unknown

_1036327997.unknown

_1036328000.unknown

_1036328001.unknown

_1036327999.unknown

_1036327995.unknown

_1036327996.unknown

_1036327994.unknown

_1036327988.unknown

_1036327991.unknown

_1036327992.unknown

_1036327989.unknown

_1036327986.unknown

_1036327987.unknown

_1036327984.unknown

_1036327985.unknown

_1036327982.unknown

_1036327983.unknown

_1036327981.unknown

