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EXECUTIVE SUMMARY

Many derivative markets can be thought of as places in which people trade ‘volatility’.
And wherever there are traders, there is a demand for forecasters. This paper compares
different methods for forecasting the volatility of NZ’s interest rates and exchange
rates. The methods are compared based on their ability to forecast out-of-sample at a
variety of horizons: 1, 3, 6, and 12 months ahead. The results have significant

implications for the pricing of options and other derivatives.

Eight forecasting methods are compared: four ‘simple’ methods, and four ‘regression-
based” methods. The simple methods consist of: the assumption of no change (i.e.,
random walk); the historical average; a three-month average of historical volatility;
and a one-year average of history. The regression-based methods are: oLs (which is
closely related to GaRcH models of returns); Least Absolute Deviations (which places
less weight than oLs on extreme observations); a Vector Autoregression or VAR (which
allows for the correlation amongst volatilities); and a regression model in which the

coefficient values can vary through time (using a Kalman filter).
The main conclusions are:

» The assumption of no change to volatility is a poor predictor over all forecast
horizons. The average forecast error can be halved by choosing one of the other
methods. This should not be surprising: there is a pattern to volatilities that we

should be able to model and use for forecasting.

The regression methods are the clear winners at all forecasting horizons out to one
year ahead. This is especially true over the post-1989 period. This implies that GARCH
models would also do well.

There is no clear difference between the different regression models. Methods that
allow for outlier observations, volatility correlations, or changing coefficients, give

forecasts that are no better than simple oLs.

Moving average models perform well, especially over periods that show a large
structural shift in volatility. This is because in these cases they discard the now-

irrelevant historical information.

» If you are going to use a moving average method, the one-year average always does
better than the three-month average. This is because it captures the mean reversion
better.

In summary, the preferred forecasting method is simple oLs. But if there is a clear
structural break in the policy framework then more emphasis should be placed on

moving average models because they place less weight on historical information.
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1. INTRODUCTION

There has been an explosion in markets that trade volatilities. Options markets are the
best known, but several of the other derivatives markets can be thought of as markets
in which traders buy and sell volatility. At the same time, there has been an explosion
of research aimed at modelling movements in volatility, but there have been two
comparative gaps in the research. The firstis that little work has been published specific
to New Zealand’s financial markets. The second is that most studies have modelled
volatility over a certain period but not asked whether those models have any significant
forecasting power out of sample.

Simple within-sample comparisons of different volatility models are only moderately
useful because the most flexible models - the ones with the greatest number of free
parameters to be estimated - will always fit the data better. A more powerful test is to
compare models based on how well they forecast volatility outside the sample on which
they were estimated. We compare different methods based on their ability to forecast
up to one year out of sample.

We first construct volatility measures of ten financial variables: four interest rates
(30-day and 90-day bills; 3-year and 10-year bonds); and six exchange rates (the UsD,
AUD, GBP, JPY, DEM, and TwI, all measured relative to the New Zealand dollar).! Eight
methods of forecasting - of various degrees of complexity - are compared based on
4,12, 26, and 52 week ahead out-of-sample forecasts.

To get a feel for the data, Figure 1 shows returns on the NzD/AUD cross rate, defined as
the weekly percentage change in the currency. Figure 2 graphs the volatility of this
exchange rate from 1986 to 1997, plus a 9-week centered moving average of the
volatility (the next section describes how volatility is calculated). The corresponding

graphs for the other variables have features that are similar to the NzD/AUD rate.
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1 The Tw1 is the trade-weighted exchange rate index, consisting of the other five currencies.



Volatility of the NZD/AUD Exchange Rate
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9 Week Moving Average Figure 2

Several features are apparent from these graphs and from a more detailed examination

of the data:

v Volatility bas fallen. The exchange rate is noticeably less volatile from 1989 onwards.
The Reserve Bank put more emphasis on the exchange rate when setting monetary
policy over this period. Since 1989, volatility has shown no trend in either direction
and looks distinctly mean-reverting. Unit root tests confirm that the volatility of all

ten variables is stationary (mean-reverting) over this period.

v Volatility comes in clusters. There are clear periods of high volatility followed by calm
patches. This finding is common overseas and led to the development of carcH

models of financial returns. It also suggests that volatility is not random and should
therefore be predictable.

v Long memory and persistence. Although volatility appears to be mean-reverting, the

process seems surprisingly slow. Volatility can remain unusually high for periods of
a year or more.

» Volanlity is not isolated. Volatilities of different variables are correlated. From 1989
onwards the correlation coefficients amongst exchange rate volatilities are all
positive and vary between 0.2 and 0.7 (this suggests that much of the volatility
reflects the volatility of the NzD against all currencies). Volatilities amongst the
interestrates are also positively correlated while the correlation between interest rate

and exchange rate volatility is approximately zero.

These features give some hints about what types of forecasting models may work well.
First, the structural drop in volatility after 1989 suggests that simple historical
averages may not work well. Second, the mean-reversion and the apparent pattern
suggests that models that place more weight on recent data should do well. Third,
these same two features also suggest that an assumption of no change (i.e., a random

walk) will not do well. Section 4 puts these guesses to the test in a more formal way.



2. MEASURING VOLATILITY

The ‘right’ measure of volatility depends on the theory of asset pricing that we are
testing. Encouraged by the pioneering work of Louis Bachelier (1900), option pricing
models have worked in continuous time and hence some variant on the instantaneous
variance of the asset pricing process has been used to measure volatility. However,
there is no consensus on which of the many pricing models should be used. Should we
work with the geometric Brownian motion assumed by Black and Scholes (1973) or
broaden the process to include jump diffusion processes (Merton 1976), mean-
reversion in volatility (an Ornstein Uhlenbeck process), variable (stochastic) discount

rates, and so on?

The most common approach is to assume that the Black Scholes formula is correct and
use it to back out the implicit volatility The snag with this approach is that it is
contradictory: the Black Scholes formula assumes that volatility is constant. This led to
models of stochastic (changing) volatility (eg, Hull and White 1987) which make more
theoretical sense but have the drawback that they depend on parameters that are not
known. This makes their pricing formulas difficult to use in practice. A fuzzy
compromise was reached whereby the Black Scholes implicit volatility was interpreted

as an implied average volatility from a more complex stochastic volatility model.

These problems led to a second strand of research that used ad hoc estimates of
volatility. These include a simple variance of returns, the average of the absolute value
of returns, Schwert’s measure (which is just a jazzed-up version of the average absolute
return), and various one-sided measures of volatility which assume that, for example,
investors only worry about volatility on the down-side and not on the up-side.
However these one-sided measures are becoming less relevant because investors can go

short in most markets in which case the up-side becomes the down-side and vice versa.

In the interests of simplicity - and because I am not testing any asset pricing models -
I work with a volatility measure based on the average of squared daily returns. If 7, is

the daily rate of return then a measure of weekly volatility is

2 2
g, = ;lz_zrt 1)
i=1

where 7 is the number of working days in that week. It is common to 02 use as the
measure of volatility (e.g. Brailsford and Faff 1996) but this will cause severe
modelling problems. Obviously, 02 is always greater than zero and hence its
distribution will be highly skewed upwards - making it almost impossible to get a
sensible forecasting model based on oLs for example. The solution is to take logs of (1)

which ‘squares up’ the distribution. I then forecast 0, rather than 02.



3. FORECASTING MODELS

Each forecasting model is estimated from January 1986 to April 1997 using weekly
data. This covers the period over which New Zealand’s financial markets have been
deregulated. The models can be grouped into ‘simple’ models and ‘regression-based’

models. They are described below:

Simple Models

1. Random Walk (no change)
The random walk model assumes that the best forecast of next week’s volatility is this

week’s volatility, e no change. That s,

RW
0,1 =0, 2)

The 4, 12, 26, and 52 week ahead forecasts have a similar form.

2. Historical Average

If volatility were mean-reverting, we would expect the historical average to provide a

reasonable forecast. The forecast based on the historical average is

3. Moving Average

The historical average places equal weight on all volatility observations since the start
of the sample (1985). If there has been a fundamental shift in market volatility we
would expect the historical average to forecast poorly. An alternative is to put more
weight on more recent history. To do this we test two moving average models: a three-

month and a one-year moving average.

Regression-Based Models

4. OLS

This model uses an OLs regression of volatility on recent observed volatilities. We use

the three most recent weeks’ data, so the oLs forecast becomes

OLS _

0,1 =By +Bo +B,0, + Ba O 5 3)

where the s are the estimated coefficients from a regression of 0, on a constant and

three lags of itself.

Ovs forecasts of volatility are closely related to carcH models. For example, let 7, be
returns from some asset and assume that returns are a random walk. Then a carcH (0,3)

model of returns would be

r,=Y + €, where €, JN(0, 02) and

0:=By+B 0, + Bo,+ B o, )



The idea behind GArRcH models and their variants is that more efficient estimates of the
process driving returns can be estimated if the returns themselves and the volatility of
the returns are modelled together. The hope is to catch the patterns in both the level
and the variance of returns. But equations (3) and (4) are clearly similar in form; this
shows that an oLs regression of volatilities is capturing basically the same patterns as a
GaRCH model but takes the simpler approach of not bothering to estimate a returns
equation for 7, alongside it. If oLs models give good forecasts of 0,, then this would

imply that a GaARcH model of 7, would also do well.

5. Least Absolute Deviations (LAD)

As is now well established, the distribution of returns tends to have fat tails: there are
more outlier observations than would be expected if the underlying distribution was
normal. This can cause problems for OLs estimation because OLs can place too much
weight on the handful of extreme observations. To avoid this, we estimate the same

regression equation (3) but estimate it using LAD rather than oLs.

6. Vector Autoregression (VAR)

Both ors and LAD are single-equation methods - they ignore the possibility that
volatility may be related across markets. For example, volatility of the usp and Aub
exchange rates may be positively related while volatility of exchange rates and interest
rates may be negatively related. To allow for this possibility, equations for all ten
variables (the six exchange rates and four interest rates) are estimated together as a VAR

and the vAR is then used to forecast volatility.

7. Time-varying coefficient models

The three regression methods discussed so far assume that the coefficients are fixed
over the estimation period. This may be especially misleading for the constant term
because we saw earlier that volatilities appear to have fallen over time - especially
exchange rate volatilities. Hence, we run the same regression but allow the coefficients
to vary through time. This is done using a Kalman filter, in which the coefficients

follow random walks.



4. TESTING METHOD

Our testing approach is to compare the forecasting ability of each model as if they were
being used in real time by traders. The database starts in January 1986 while the testing
itself starts 150 weeks later in November 1988. In the first step, each forecasting model
is estimated on data up to November 1988. Hence we calculate the historical mean up
to that point, do the oLs and LAD regressions using data from Jan 1986 to Nov 1988, etc.
Then a set of 4, 12, 26, and 52 week-ahead forecasts are calculated using these models.
Forecast errors are then calculated and stored. Next, we add one more week to the
sample, re-estimate all the models, calculate a new set of forecasts, and keep repeating
the process until all the data up to April 1997 has been used. Hence, we calculate out-
of-sample forecasts for the 433 weeks from Nov 1988 to April 1997. This procedure is

carried out for each of the ten variables being tested.

The forecasting models are compared using two measures of forecast accuracy: the

mean squared error (MSE) and mean absolute error (MAE). They are defined as
MSE = 2 Z (0,-0")?

MAE = é§§£|ot—oﬂ

where 0% is the forecast volatility at time # (this forecast would have been prepared
some weeks earlier). Both measures led to a similar ranking of forecasting models and

so only the MSE results are reported here.

5. RESULTS

We found that that the results for the bills (30-day and 90-day rates) were very similar
to each other. Similarly, forecasts of bond volatility were similar to each other, as were
the exchange rate volatility forecasts. Hence we only report the results for the 90-day

and 10-year rates, the usp and the Tw1.

Summary statistics are shown in Tables 1(a) - 1(d). Each table shows the average (MSE)
forecast error for each method relative to the no change (random walk) model. For
reference, we also show the MSE of the no change model, measured in percentage

terms.

The most obvious conclusion to draw from the tables is that the no change model is
universally bad across all variables and over all forecasting horizons. The average
forecast error can be halved by choosing one of the alternatives. This confirms what
was seen earlier - that there is a pattern in the volatilities and thus the assumption of
random volatility leads to poor predictions. A second conclusion is that the simple
historical average is a poor predictor and it is worse for the exchange rates than for the
interest rates. In sum, the two simplest methods - putting zero weight on past history
(the no change model) and putting equal weight on each week in history (the historical

average) - are poor forecasting methods.



The two moving average models use some historical information but discard it after a
certain point. For instance, the 3-month moving average places equal weight on each
week for the past three months and forgets everything that happened before then. On
balance, the moving average models are reasonable predictors of volatility but their
performance relative to the other methods gets worse at longer forecasting horizons.
The one-year moving average typically gives better forecasts than the three-month

average and this probably reflects the mean-reversion that we saw earlier.

When forecasting interest rates, the regression methods provide slightly better
forecasts than the simple methods, especially at longer forecast horizons. But this
conclusion does not hold for the exchange rates. The best predictor of exchange rate
volatility is the one-year moving average. The four regression methods give similar
results to each other although the changing-coefficients model performs erratically:
sometimes it forecasts very well, other times it does poorly. It is not a robust

forecasting method.

To check whether these conclusions are sensitive to the estimation period, the first few
years of the sample were dropped and the analysis repeated. This time the database
starts in June 1989 and the forecasting was done from January 1990 to April 1997. This
period was chosen because it covers the period over which the Reserve Bank placed
more emphasis on the exchange rate when setting monetary policy. It therefore covers
the period over which volatilities were stable and removes the structural break from
the early part of the sample. The results are in Tables 2(a) - 2(d).

Most of the conclusions hold true over the shorter sample except that the regression
methods suddenly come into their own. The regression methods become the clear
winners for both interest and exchange rates and at all forecasting horizons. Their
forecast errors are typically half the errors of the worst performing method. Again,
there is no clear difference between the regression methods themselves. The changing
coefficients model remains touchy and, on average, there does not seem much
advantage in using VAR or LAD models compared with the simpler - and more robust -

oLs approach.

The conclusion that regression methods work best over the second part of the sample
is revealing. Three of the four regression methods assume a stable process driving
volatility and this is clearly not always true. Changes in the behaviour of financial
markets and changes in the way policy is conducted can lead to structural shifts in
relative volatilities. Regression methods are poor at handling these shifts while
simple moving averages do better because they discard the now-irrelevant
historical information. However, between the breaks when the policy framework is
stable the regression methods are very good at picking the patterns in the data and use
these patterns well when forecasting. The trick is knowing when a fundamental
structural shift has occurred and progressively putting more emphasis on moving

average methods.

To help put the results in perspective, Figure 3 graphs 90-day rate volatility along with
one-month ahead forecasts produced by the oLs and one-year moving average methods.
It is clear that oLs produces significantly better forecasts in this case, and that there is
enough variation in the forecasts to make them non-trivial. Given that these are out-of-

sample forecasts, oLs does surprisingly well.
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6. SUMMARY

Option pricing depends crucially on good forecasts of volatility. There is no shortage of
alternative models that have been suggested in the academic literature or used in the
markets. The most flexible models will always fit the data better within sample, but it
is not clear which work best when forecasting out of sample. This paper compared eight
forecasting methods over a variety of forecasting horizons, up to one year out of
sample.

In short, the preferred method for forecasting volatility is simple oLs. This implies that
a GARCH model (or one of its cousins) would be the best method for forecasting returns.
But this conclusion comes with a proviso. If there is a clear structural break in the
policy framework, such as giving up on monetary targeting or moving to exchange rate
targeting, then more emphasis should be placed on moving average models because

they place less weight on historical information.
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Table 1a

Forecast Comparison: 90 Day Rate

1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 1.24 0.98 1.18 0.76
3-month average 0.75 0.71 1.02 0.71
1-year average 0.86 0.73 0.92 0.58
Regression Methods
oLs 0.71 0.73 1.00 0.66
LAD 0.69 0.69 0.93 0.62
VAR 0.76 0.76 1.02 0.67
Changing coefficients 0.77 0.97
MSE of ‘No Change' model 2.53 3.33 2.90 4.80
Table 1b
Forecast Comparison: 10 Year Rate
1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 0.68 0.60 0.52 0.51
3-month average 0.45 0.67 0.63 0.69
1-year average 0.47 0.61 0.58 0.57
Regression Methods
OoLs 0.46 0.58 0.52 0.52
LAD 0.47 0.61 0.54 0.53
VAR 0.47 0.58 0.52 0.52
Changing coefficients 0.47 0.64 0.61
MSE of ‘No Change' model 1.86 2.08 237 2.29
Table 1c
Forecast Comparison: USD
1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 0.99 0.86 0.95 0.98
3-month average 0.67 0.65 1 0.60
1-year average 0.64 0.56 0.74 0.61
Regression Methods
oLs 0.69 0.73 0.88 0.87
LAD 0.71 0.71 0.84 0.80
VAR 0.69 0.69 0.86 0.86
Changing coefficients 0.71 0.64 0.79 0.61
MSE of ‘No Change' model 1.63 1.94 1.09 1.89
Table 1d
Forecast Comparison: TWI
1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 0.89 0.97 0.93 0.99
3-month average 0.57 0.62 0.56 0.57
1-year average 0.53 0.57 0.53 0.53
Regression Methods
oLs 0.66 0.81 0.80 0.84
LAD 0.72 0.89 0.88 0.92
VAR 0.66 0.73 0.76 0.82
Changing coefficients 0.75 0.82 0.81 0.79
MSE of ‘No Change' model 1.58 1.50 1.58 1.61

1
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Table 2a

Forecast Comparison: 90 Day Rate

1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 0.86 0.64 0.53 0.45
3-month average 0.76 0.72 0.75 0.70
1-year average 0.88 0.72 0.64 0.53
Regression Methods
OLS 0.69 0.61 0.53 0.44
LAD 0.69 0.62 0.54 0.44
VAR 0.77 0.61 0.52 .
Changing coefficients 0.70 0.68 0.69 0.62
MSE of ‘No Change' model 2.69 3.64 4.25 4.97
Table 2b
Forecast Comparison: 10 Year Rate
1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 1.04 0.93 0.87 0.76
3-month average 0.64 0.70 0.66 0.66
1-year average 0.70 0.66 0.63 0.52
Regression Methods
OoLS 0.65 0.63 0.54 0.47
LAD 0.71 0.69 0.58 0.50
VAR 0.73 0.63 0.56 0.48
Changing coefficients 0.63 0.63 0.58 0.53
MSE of ‘No Change' model 1.64 1.89 2.08 2.36
Table 2c
Forecast Comparison: USD
1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 1.50 1.36 1.31 1.56
3-month average 0.62 0.65 0.62 0.59
1-year average 0.61 0.55 0.48 0.54
Regression Methods
OoLS 0.57 0.53 0.47 0.52
LAD 0.61 0.59 0.52 0.62
VAR 0.65 0.57 0.50 0.57
Changing coefficients 0.69 0.74 0.73 0.66
MSE of ‘No Change' model 1.53 1.70 1.79 1.58
Table 2d
Forecast Comparison: TWI
1 month 3 months 6 months 12 months
ahead ahead ahead ahead
Simple Methods
No change 1.00 1.00 1.00 1.00
Historical Average 121 1.24 1.18 1.35
3-month average 0.56 0.63 0.58 0.58
1-year average 0.54 0.55 0.51 0.52
Regression Methods
OoLS 0.53 0.55 0.52 0.54
LAD 0.55 0.57 0.53 0.56
VAR 0.59 0.56 0.54 0.57
Changing coefficients 0.63 0.67 0.66 0.61
MSE of ‘No Change' model 1.44 1.4 1.48 1.42
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