Forecasting the Volatility of VVolatility with
Parametric Models

Introduction
During the last twenty years there is a dynamic de-

velopment of the theory and practice of risk management.
The important notions in researches is the market risk
joined with the changes in prices of financial instruments.
Evidently the basic characteristic of risk is a volatility. An
important measure of volatility is the volatility implied
from options prices, which may be interpreted as the vol-
atility forecasted by the participants of the market (Ptuci-
ennik, Buszkowska, 2006).

In the study the author focuses on volatility of VIX
(the VVIX Index). The basic VIX Index is a popular
measure of the implied volatility from S&P 500 Index op-
tions. VVIX is a an index of implied volatility of VIX
from the Chicago Board Options Exchange Market Vola-
tility Index and it is accessible on the website

(www.choe.com). VVIX Index is calculated on the basis

of VIX. It is often referred to as the fear index. It repre-
sents one measure of the market's expectation of stock

market volatility over the next 30 day period. VVIX In-
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dex is an indicator of the expected volatility of the 30-day
forward price of VIX.

The intention of the author is to analyze if
ARFIMA model is an appropriate model to predict VVIX
Index in the period of crisis. To meet stationarity and fore-
casting properties of the series modifications of VVIX are
applied such as logarithms of the series, pre-differenced
series and first differences of logarithms. Log transfor-
mation may improve forecasts of economic variables in
some cases. This is true when “log transformation stabi-
lizes the variance of the underlying series” (Lutkepohl, H.
2009). Another purpose is to check the econometric prop-
erties of VVIX like stationarity, long memory and het-
eroskedasticity in the periods of crisis. The author com-
pares this empirical observations with the results for im-
plied volatility from the paper of Pluciennik and Busz-
kowska, (2006). What is more the author creates condi-
tional volatility of volatility and analyze if it can be ap-
plied to predict future behavior of the market. The im-
portance of VVIX stems from the possibility of predicting
stock market crashes / downturns / crises. The results of
Jared Woodard in the paper Fear of unknown, vola-
tility of volatility predicts stock returns reveal that,
compared to otherwise similar stocks in the sample from
1996 to 2009, stocks with a higher volatility-of-volatility
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(vol of vol) had significantly lower future returns. The
volatility of volatility is an important indicator of a future
behavior of the market. This dependence is illustrated on
the figure 1, the figure 2, the figure 3 and the figure 4.

The author hypothesizes that ARFIMA model in
subprime crisis was a good predictor of VVIX Index,
because it may be suitable to model and forecast implied
volatility (Pluciennik and Buszkowska 2006). What is
more in time of crisis VVIX Index series have short
memory dependence, are not stationary, as it is true for the
implied volatility in general. Another hypothesis says that
conditional volatility of volatility in contrast to VVIX In-
dex is not a good indicator of future growths of S&P 500,
because generally the behavior of conditional variance is
different than that of implied volatility.

Forecasting volatility of volatility with ARFIMA,
knowing the statistical properties of VVIX and the com-
parison with implied volatility in crisis delivers more in-
formation about the last financial crisis. Constructing con-
ditional volatility of volatility, which is not so known as
VVIX in terms of applications, is a permanent result of the
survey.

The author makes use of GARCH family of models,
the classical GARCH(1,1) by Bollerslev (1986) and the
EGARCH model by Nelson (1991). Following Ptuciennik
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and Buszkowska (2006) she decides to forecast VVIX
series with ARFIMA and constructs conditional volatility
of volatility applying GARCH(1,1) to VIX index. The
forecasts are compared by the mean of Mean Squared Er-
ror (MSE) and also by Root Mean Squared Deviation
(RMSE). The author also researches natural logarithm of
VVIX, the first differences of VVIX, and first differences
of logarithms of VVIX.

If time series exhibits long memory dependence its
dynamics possibly may be described with ARFIMA mod-
els [Granger, Joyeux, 1980], Hosking (1981). Let ¢(L) and

(L) denote lag polynomials of the form

n(L)=1-mL—..—n,L" (1)

of the order p and q respectively. The ARFIMA(p,d,q)

model is given by the formula:
HLXL-L) (v, —7)=06(L)ex, (2

where ¢,is a sequence of independent and identically dis-
tributed random variables an d is the fractional integration
parameter. The expression (1-L)" is called the fractional

difference operator and equals

1-L) = ibi L, (3)
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where

—dr(i-d) i-d-1 :
- by, for i>1
r-ari-y) 1

b, =1and b, =

In practice the infinity in the formula is replaced by t-1.
There are different methods of detecting the long
memory dependence. A semi-parametric approach to test
long-memory was proposed by Geweke and Porter—Hudak
(1983). Let’s take the fractionally integrated process X,.
The spectra density of the proces expresses the follow-

ing formula:

f(w)=[2sin(w/2)[* f,(w), (4)
where w is the Fourier frequency, f,(w) is the spectra

density corresponding to u, and u, is a stationary short

memory disturbance with expected value equal zero. Cal-
culating the natural logarithm of each side and simplify-

ing they obtain:
In f (e, )=In f, (@, ) d In[asin?(e, /2)| )

where o; is the set of harmonic frequencies ( @; =27 /n)

for j=041,...,n/2, and n is the sample size. Geweke and
Porter — Hudak (1983) shows that using an estimate of

f(w), if the number of frequencies in the regression (5) is
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a positive integer function g(n):[n“] (0O<a<1,we can

estimate d by least squares method on the basis of (5).
The OLS estimator is asymptotically normally distributed

in large samples:

2

2 Va
d~N d’g(n)— (6)

S, -0

j=1
where
U; =In[4sin2(a)j /2)], and U is the estimator of mean of

U, for j=01..., g(n). The null hypothesis that the time

series has no long memory (d=0) may be tested. If it is
true the t- statistic:

td:O Zd : 9(n) — (7)

has in limit a standard normal distribution.
1. Data

The author takes into account the VVIX Index. The
frames of crisis in the research are indicated on the base
of the daily Libor - OIS spreads which are the indicator of
a fear of insolvency, (Sengupta, Yu, 2008), (Thornton ,
2009). The crisis period is posited from 8 August 2007 to
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9 March 2009 — see Blackburn (2008), Tudor (2009),
Buszkowska and Phuciennik (2013)

The null hypothesis of stationarity is rejected for the
VVIX Index and the logarithm of VVIX Index, but for the

process of the first difference the author can’t reject the

H, hypothesis. The results are presented in Tablel. The

descriptive statistics of the VVIX series and the logarithm

of volatility of volatility series are presented in Table 2.

Table 1. The results of KPSS test

Data KPSS
VVIX Test statistic: 0.515892
10% 5%
1%
Critical value: 0.120 0.148
0.217
In(VVIX) Test statistic: 0.970977

10% 5%
1%
Critical value: 0.120 0.148

0.217

first differences of VVIX

Test statistic: 0.0445818
10% 5%

1%

Critical value: 0.120 0.148

0.217

first differences of In of
VVIX

Test statistic: 0.0480253
10% 5%

1%

Critical value: 0.120 0.148

0.217

Source : own computations.
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Table 2. The descriptive statistics of the VVIX,

the

logarithm VVIX series an, the first differences process
of VVIX and its log transformation

Data Mean Std. Max. Min. | Ske | Kurto-
dev. w sis
VVIX 86.6584 | 15.354 | 14299 | 59.7 | 0.8 | 3.4113
9 4 5 7
In(VVIX) 444722 | 0.1698 | 4.9627 | 4.09 | 0.4 | 2.7042
36 7 6 3
first differ- 0.01035 | 4.0513 | 21.32 | -9.96 | 1.0 | 6.2941
ences 09 5 4 1
of VVIX
first differ- 6.63441 | 0.0448 | 0.2238 | 0.12 | 0.9 | 5.2692
ences e-005 4 3
of In (VVIX)

Source : own computations.

The author rejects the null hypothesis of the GPH test for
VVIX and the natural logarithm of VVIX. She can’t reject

the null hypothesis for the first differences of logarithm of

VVIX. The lag ( m =20 ) emerges from the length of the

sample.

Table 3. The results of the long memory depependence
test for lag=20

Data GPH p-value
VVIX 5.43991 0.0000
In(VVIX) 5.57818 0.0000
first differences of VVIX -0.681315 0.5043
first differences of In -0.319853 0.7528
(VVIX)

Source : own computations.

2. Empirical Research about Variance
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At first the author tests the conditional heteroskedas-
ticity of the series using the Engle’s test. The results are
presented in table 4.

Table 4. The results of conditional hereroskedasticity
test

Series Engle p-value

VVIX 5.8 0.016
logarithm of VVIX 349.858 0
first  differences  of 13.7385 0
VVIX

first differences of loga- 1.6257 0.202
rithm of VVIX

Source : own computations.

The Engle’s test rejects conditional homoscedasticity for
the first three series very strongly. Therefore, the author
assumes that this series have a varying conditional vari-
ance. Hence, she models and forecasts them with GARCH
models. The models ARFIMA(1,d,1)-EGARCH(1,1) and
ARFIMA(0,d,0)-FIEGARCH(1,1) are well fitted to the
data. ARFIMA(0,d,0) is an autoregressive fractionally in-
tegrated moving average as in Davidson (2006).

Table 5. The parameters of ARFIMA (1,d,1)-
EGARCH(1,1) model for VVIX and ARFIMA (0,d,0)-
FIEGARCH(1,1) for logarithm of VVIX
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loga- | VVIX Pa- logarithm of
(r)']}hm ramet | VVIX
VVIX er
Esti- | Std. Err | p- Esti | Std. | p-
ti- value tima | Err. | val
mate ma- ue
te
Stu- 391 08845 NA|Stu- | 8111 3.41| NA
gef”t's 015 dent's | 695| 81
o td.f.
Inter- | 59.5 | 14.0578 0 Skew | 1.31 ] 0.08
cept 916 ness | 794 | 92
ARFI | 0.96 | 0.01 0
MA 954 | 165
d
@ 1.42 | 0.28
998 33
ARFI | 0.64 | 0.07119 0| FIEG | 0.98 | 0.28
MAd | 794 ARC | 536 | 39
Hd
AR1 0.85 | 0.05519 0| EGA -1 026 0.0
03 RCH | 0.75| 82| 05
MA1 0.74 | 0.04966 0] o 144
027
EGAR | 0.16 | 0.3095 0| EGA | 0.79 | 0.04 0
CH 9 RCH | 92| 03
Inter-
cept &
EGAR | 0.21 | 0.10501 | 0.03
CH 751 9
a
EGAR | 0.88 | 0.12513 0
b A 278
Source : own computations




wpis redakcji - T 11

The parameter in ARFIMA model ‘d‘ > 0.5 suggests that

the original series is not stationary. It indicates the long
memory in the process. The sum of the parameters of the
of GARCH model is below one, so GARCH is stationary
and all the parameters are significant. The AR parameter is
below one as well so the model is stationary.

Tabele 6. The estimated parameters of ARMA(0,1) -
EGARCH models for VVIX and ARMA(0,1) for the
logarithm of VVIX. Estimation on pre-differenced se-
ries.

Parame- | VVIX Parame- | Logarithm of VVIX
ter Esti- Std. | p- | ter Esti- Std. | -

mate Err val mate Err.

ue
Stu- 4.0520 | 1.006 | ----- Stu- 6.3658 | 1.934 | ---
dent's t 2 5 - | dent's t 4 5
d.f. d.f.
MA1 0.1757 | 0.054 | 0.0 | Skew- 1.3620 | 0.092 | ---
8 44| 01 | ness & 7 1

EGARC | 0.0796 | 0.189 | ----- MA1 0.1813 | 0.050 | ©
H o 3 8 - 1 1
EGARC | 0.2910 | 0.057 0 | Error 0.0019 | 0.000 | ---
H o 4 37 Vari- 5 2
EGARC | 0.8974 | 0070 | 0 | 2nc€
H B 3 64

Source : own computations

Both null hypotheses d=0 are not rejected. It means that
the both time series are stationary and have short memo-
ries. That is why the author also inspects differences of

the series.
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One-day ahead volatility forecasts of the four series deliv-
er forecast errors presented in Table 7. The author con-
cludes that the errors are much smaller for the logarithms
of the volatility of volatility and they are similar for the
pre-differenced series. This conclusion is consistent with
the results for classical implied volatility of WIG20 Index
[Ptuciennik, Buszkowska, 2006].

Table 7. The forecast errors for 50 ex-post forecasts

Relative MSE Relative | RMSE
MSE RMSE
VVIX 0,00093 | 7,87069 | 0,030552 | 2,805475
In(VVIX) | 4,55922E- | 0,000928 | 0,006752 | 0,030469
05
first dif- 1,337015 | 7,966892 | 1,156294 | 2,822568
ferences of
VVIX
VVIX 1,34755 | 0,00097 | 1,160829 | 0,031102

Source : own computations.

Next the author illustrates the plots of VVIX and the con-
ditional volatility of VIX, so the volatility of volatility
from GARCH(1,1). in the period of subprime crisis the
both series produce high realizations. High volatility in
both cases occurs before the falls on the stock market of
S&P500 — see Figure 1. In the period of debt crisis VVIX
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is calm but the conditional volatility of VIX is high — see
Figure 4 The calm VVIX occurs before the growths of
S&P 500 and the high volatility is observed before the
falls of this American index. It confirms the thesis of
Woodard. This is not true for conditional volatility of
VIX.

Figure 1. VVIX and Conditional VVIX in crisis
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Figure 2. S&P 500 in crisis
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Figure 4. VVIX and Conditional VVIX in debt crisis
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Figure 3. S&P 500 in debt crisis
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With Time Series Modelling 4.20 of Davidson (2006) the
author obtains estimates of GARCH(1,1) model for condi-
tional volatility of VIX for the first period (figure 1). Box-
Pierce tests of autocorrelations in standardized residuals
and squared residuals do not indicate significant correla-

tions
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Table 8. The estimates of parameters for forecasting
GARCH(1,1) model for VIX in crisis

Parameters Estimate Std. Err. p-Value
Student's t d.f. 4.89515 11168 | = ---—---
Skewness & 1.17489 0.0803 | = ---—---
(of skew Student's t-

distribution )

GARCH @ 6.63431 41879 | -
GARCH ¢ 0.10106 0.03462 0.004
GARCH g, 0.80631 0.07438 0
Source: own.

The model of conditional volatility of VIX for the period
after crisis presented on the figure 3 The tests of autocor-
relations in standardized residuals and squared residuals

indicate good fitting. All the parameters are significant.

Table 9. The estimates of parameters for forecasting
ARMA - GARCH(1,1) model for VIX after crisis

Parameters Estimate Std. Err. p-Value

GED nu 1.26316 00814 | = -
AR1 0.79868 0.05417 0
MA1 0.87812 0.04763 0
GARCH @ 7.03274 2534 | e
GARCH o4 0.1437 0.03738 0
GARCH g, 0.70345 0.7944 0

Source: own.

3. Conclusions

The author concludes that it is impossible to predict
future behavior of the market based on conditional vola-

tility of volatility unlike VVIX which may be used to fore-
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cast the growths and falls of S&P 500. It may emerge
from the fact that the behavior of conditional variance and
implied volatility is different in general. The econometric
characteristic of volatility of volatility in periods of crisis
is very similar to that of classical implied volatility of the
WIG20 Index analyzed in the paper (Ptuciennik, Busz-
kowska, 2006).
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Abstrakt

The purpose of the research is the assessment of
forecasts performance of the VVIX Index, in other words
the volatility of volatility index. The survey concerns the
periods including the subprime crisis and the debt crisis.
The intention of the author is to get to know the forecast-
ing properties of volatility of volatility and to compare its
econometric characteristics with that of classical implied
volatility in subprime crisis. The significance of volatility
of volatility emerges from the possibility of predicting the
falls of exchange quotations on a stock market on the
basis of it.


http://condoroptions.com/services/

18 wpis redakcji - A

Keywords: VVIX index, VIX index, ARFIMA model,
GARCH model, implied volatility.

Eliza Khemissi
UAM Poznan e-mail: eliza_b2@o2.pl



