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Abstract
This study reviews various time series forecasting models in order to find the
best fit for the VDAX and VSTOXX for one month and one year. Additionally, the influence of the trading volume of the DAX is examined. Both durations are found to be stationary by the Phillips-Perron test, that is why
non-integrated models are used. For a duration of one month, a GARCHX(1,1)
model is the best fit in-sample as well as out-of-sample, while the best fit for a
duration of one year is found to be a ARX(1) model. Based on the forecasts,
two trading strategies are tested for each duration, which is a long only strategy and a combination of long and short trades. The performance of both
strategies is compared with a simple buy and hold strategy on each VDAX
and VSTOXX. It is found that an excess return over the buy and hold strategy
can be generated for both durations even with transaction costs.

Keywords
One Year VDAX, VSTOXX Forecasting, ARMA- & GARCH- & ARX-Testing
Model, Profitable Trading Strategy

1. Introduction
The forecasting of volatility has received high attention in the econometric literature, due to the fact that financial volatility is usually highly auto-correlated. In
an extensive review, Poon & Granger (2003) found 93 published and working
papers, which were studying the forecasting performance of various models on
realized volatility. Also, in recent literature, the forecasting of realized volatility
in financial markets remains a highly studied topic for different equity indices
DOI: 10.4236/jfrm.2019.84022 Dec. 31, 2019
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and stock exchanges all over the world. For example, Cheng (2015) studied the
forecasting performance of implied volatility and a GARCH(1,1) model for the
S&P 500. For the Stockholm Stock Exchange, an evaluation of several GARCH
type model was done by Dritsaki (2017), while Zhang, De Mello, & Sadeghi
(2018) were studying the Australian market. A forecasting study on realized volatility for the Dhaka Stock Exchange can be found by Abdullah, Kabir, Jahan, &
Siddiqua (2018) and for the Indian market by Shaikh & Padhi (2014). However,
the research on the forecasting on volatility indices as a measurement of implied
volatility is in comparison to realized volatility rare. In the writing of this paper
only one published and one working paper could be found which is studying the
forecasting of the VIX index.
Liu, Guo, & Qiao (2015) tested a GARCH(1,1), a GJR GARCH(1,1) and a
Heston-Nandi GARCH(1,1) model on the VIX index in-sample and out-of-sample.
Out-of-sample all three models on average underestimated the VIX, which was
interpreted by the authors as a variance risk premium. A more extensive study
on VIX forecasting was done by Ahoniemi (2008), which found the VIX to be
non-stationary and therefore used an ARIMA(1,1,1) model with and without
GARCH(1,1) errors. Also, she tested both versions with multiple explanatory
variables like the trading volume and the return of the S&P 500. All four models
were tested out-of-sample via MSPE and modified DM test as well as with a
trading strategy. The trading strategy was performed through straddles and a
positive average could be earned for all models when no filter was applied. If a
filter was applied, signals were left out when the projected change in the VIX was
less than 0.1%, 0.2% or 0.5%. With a filter, the return decreased for all models
and for a filter with 0.5% even became negative.
Despite from these two studies, Clements & Fuller (2012) used a semi-parametric
method to forecast only the sign of the change in the VIX and used it to hedge a
long equity position. They found that such a strategy significantly improves the
risk-return characteristics of a simple long equity position.
For other volatility indices however no forecasting studies could be found.
Stanescu & Tunarus (2012) study incorporates next to the VIX also the VSTOXX
but instead of the level the study tries to forecast the spread between both volatility indices.
To fill this gap this study deals with the forecasting of the two major volatility
indices in Europe, which are the VDAX, or more precisely the VDAX-new of the
Deutsche Börse AG, and the VSTOXX. The VDAX measures the implied volatility of the DAX, while the VSTOXX measures the implied volatility of the Euro
STOXX 50. In contrast to the VIX or VSTOXX the VDAX describes not only a
single index but an entire index family. While other volatility indices usually
measure the implied volatility only for durations of one to two months, there are
also versions of the VDAX which measure the implied volatility for longer periods up to two years. The focus will be on the VDAX for one month, because it
is the most popular member of the VDAX family and the VDAX for one year
which showed the highest excess return in comparison to a buy and hold strateDOI: 10.4236/jfrm.2019.84022
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gy by applying a trading strategy based on forecasts. However, this trading
strategy is only hypothetical since no products on the VDAX could be found by
the making of this paper. Although a future market for the VDAX has existed, it
was very illiquid and therefore the tradability of the VDAX was very difficult as
indicated by Schöne (2009). The present study can therefore be seen as a theoretical work, which examines how well the VDAX can be predicted by applying a
hypothetical trading strategy. Still the results can be used in an equity investment for market timing or portfolio management. For the VSTOXX, on the
other hand, a future market does exist, and the results are also of interest from a
practical view.
To predict the levels of the chosen volatility indices standard time series models, like the ARMA model or the GARCH model of Engle & Bollerslev (1986) are
chosen. In addition, also the predictive ability of the trading volume of the underlying equity index is examined in form of an additional explanatory variable.
Most papers only focus on the standard forecasting models and are not considering other factors which could have an influence. In our study, it is found that
the trading volume especially out-of-sample leads to a significantly higher forecasting performance for all chosen indices.
In our study, it is found that the VDAX for one month and one year as well as
the VSTOXX are predictable to an extent which makes it possible to generate a
significant excess return over a buy and hold strategy, if trading the index is
possible.

2. Methodology
This study applies several standard time series forecasting models to model the
VDAX and VSTOXX. These forecasting models are auto-regressive-processes
(AR) as well as ARMA and GARCH models. All three types of models are also
tested with the trading volume of the DAX in million as additional explanatory
variable. In this case, an X is added to the name of a forecasting model. As seen
in Equation (1), the general form of an ARMAX model is given by:

yt=
=
α 0 + ∑ i 1α
i yt − i + ∑ i 1 β
i ε t − q + ∑ i 1 Φ i xi , t −1 + ε t .
=
=
p

q

r

(1)

It can be seen that the ARMAX model contains three sets of explanatory variables, which are the AR-lags, described by α times the lagged dependent variable y, the MA lags, described by β times the lagged residuals ε, and a set of additional explanatory variables x times a new parameter ϕ. The ARMAX model is
therefore simply an extension of an ARMA model by additional explanatory variables. For a GARCHX model, the general form is given by:
2
=
α 0 + ∑ i 1α
yt=
i yt − i + ∑ i 1 β
i ε t − q + ∑ i 1 Φ i xi , t −1 + ε t .
=
=
p

q

r

(2)

Equation (2) shows that the GARCHX model consists again out of three sets
of explanatory variables. In contrast to the ARMAX model the GARCHX model
does not have MA lags as explanatory variables but instead a set of ARCH lags,
described in Engle (1982), which are described by β times the squared lagged reDOI: 10.4236/jfrm.2019.84022
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siduals ε.
Our forecasting procedure is the following: The parameters of the models are
estimated over an entire year and then used for out-of-sample daily forecasts for
the following year. Afterwards the parameters are estimated newly for the forthcoming year and again used for daily forecasts of the following year. This procedure continues for the entire data sample. The parameters are estimated by a
Maximum Likelihood Estimation (MLE) with the Gaussian Distribution for an
in-sample evaluation. For the evaluation and ranking the Schwarz-Bayes information criterion (SBIC) of Schwarz (1978) is used. The SBIC puts a higher penalty on a high number of parameters than other information criteria and is the
most used information criterion in the literature about forecasting volatility.
Since the parameters are estimated newly each year, also the SBIC is newly estimated each year. Calculating an SBIC for each year shows differences in the
in-sample performance of the different models depending on the period and
therefore allows for a better comparison of the different models.
The results of the in-sample analysis are used to choose the best three to four
models for an out-of-sample analysis. Then all forecasts based on the chosen
models are compared by applying the mean squared prediction error (MSPE) as
well as the sign test by Diebold & Mariano (1995) and the modified DM test by
Harvey, Leybourne, & Newbold (1997). Only if a model is not significantly
worse in quality and accuracy than the other chosen models it is used for the final step in the out-of-sample analysis, which is a trading strategy.
More interesting from a practical point of view is not a higher accuracy of a
model, but if the forecasts based on model can be used for a profitable trading
strategy. For this reason, the forecast data of all models which are not sorted out
previously is used in two trading strategies, which are a long only and a
long-short strategy. In the long only strategy, the VDAX is bought when the
forecast predicts a higher VDAX. If the forecast predicts a lower VDAX the position is closed. In the long-short strategy, the VDAX is bought when the forecast predicts a higher VDAX and sold when the forecast predicts a lower VDAX,
to profit from positive and negative movements. In contrast to Ahoniemi (2008),
the average daily return is annualized and then compared with a benchmark. As
benchmark a simple buy and hold strategy on the VDAX is chosen, since a trading strategy cannot be considered profitable if it does not generate an excess return over a simple passive investment strategy.
Both trading strategies are made under the assumption, that the VDAX can be
traded as an asset. Therefore, no characterizations, limitations or rolling costs of
derivatives are considered for the sake of simplicity. Additionally, both trading
strategies are also tested with transaction costs of 0.1% and 0.5%. In the case of
transaction costs, it is assumed that an investor holds on to a position if the
forecasts provide a trading signal for multiple days in a row. Therefore, the
transaction costs are only subtracted by opening a position. A second assumption under transaction costs is, that the forecasts are considered to be exact and
therefore a trade is only made if the relative difference between forecast and past
DOI: 10.4236/jfrm.2019.84022
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value is greater than the transaction cost. This can therefore reduce the number
of trades, which is why the transaction costs can also function as a filter.

3. VDAX Analysis
3.1. Data and Calibration
As already stated, two durations for the VDAX are chosen which are one month
and one year. The analysis was also made for a duration of three months, six
months and two years. However, the trading strategies on these durations did
deliver a significantly lower excess return, which is why we chose only the two
durations for this paper. All data are obtained from the database Thomson Reuters Eikon. For the investigations a data set from the beginning of 2007 until the
end of 2018 is chosen. The data set therefore contains a period of 12 years, which
includes a period of high volatility concerning the financial crisis, as well with
the long bull market afterwards also a period with rather low volatility. Figure 1
gives an overview about the development of the VDAX for both durations in the
sample period.
It can be seen that both durations offer a high volatility. The chart of the

Figure 1. Index points of the VDAX other the sample period.
DOI: 10.4236/jfrm.2019.84022
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VDAX for one month shows multiple peaks, with the peak at the peak at the beginning of 2018 being the most visible, while the VDAX for one year shows multiple sudden downfalls. If these strong movements can be predicted correctly a
high excess return can be generated. On the other hand, there is the threat that
these outliers bias the parameter estimation.
A necessary condition for the chosen time series forecasting models is the
presence of autocorrelation. Also, the number of significant lags, which need to
be included, must be determined in order to calibrate the model as well as possible. To find out the optimal number of AR-lags, Figure 2 shows a partial auto
correlogram for both durations.
The partial autocorrelogram shows a high influence of the first lag for both
durations. Afterwards the influence decreases drastically, to 0.2 of the second lag
for a duration of month and even below 0.2 for a duration of one year. Therefore, only for the VDAX for one month a model which also incorporates the
second AR-lag will be tested. For the MA lag the same procedure is done, with
the results being presented in Figure 3.
Again, the first lag shows the highest influence also for the MA process and
falls of afterwards significantly. In comparison to the AR process however the
downfall is less strong and also the second lag shows a negative influence. For
the one-month VDAX the second lag reaches almost minus 0.3 and the third lag
almost 0.4. It is therefore of interest to test a model which incorporates the
second and third MA-lag in-sample. For the one-year VDAX the second MA-lag
is as well below minus 0.2 which is why a model which incorporates the second
lag will be tested in-sample.
As already said the trading volume of the DAX in million will be used as additional explanatory variable. However, the direction of causality in the relationship between trading volume and volatility is not clarified yet. Arguments can be

Figure 2. Partial autocorrelogram AR lags.
DOI: 10.4236/jfrm.2019.84022
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Figure 3. Partial autocorrelogram MA lags.

given for both sides. Either a high volatility leads to more trade in the stock
market and therefore a higher trading volume, or a high trading volume leads to
more movement in the price of the underlying and therefore to a higher volatility. To verify that the trading volume has significant predictive power, a MLE regression over the entire sample period for an ARX(1) model is performed to test
for significance of the trading volume.
The AR(1) lag serves as control variable to test if the information of the trading volume is not already contained in the past value of the VDAX. Table 1
shows the results of this regression.
It can be seen that the trading volume is highly significant at 0.1%-level for the
one-month VDAX and significant at a 5%-level for the one-year VDAX. Also,
the AR(1) lag is highly significant at a 0.1%-level. Therefore, it can be concluded
that the trading volume adds significant information to the prediction model,
which is not already included in the past values of the VDAX. This does not
necessarily mean that the model is free of multicollinearity, however the significance of both variables makes multicollinearity unlikely.
The calibration procedures have shown that all three types of explanatory variables show a significant influence on the VDAX. However, one last question
needs to be answered in order to calibrate the models correctly, which is the
question of stationarity. To test if the data is stationary the unit root test by Phillips & Perron (1988) was performed. The Null hypothesis of non-stationary data
could be rejected at a 5%-level for both durations. Therefore, there is no need to
use an integrated model.

3.2. Sample Analysis
The results of the in-sample analysis for the one-month VDAX can be obtained
from Table 2. Since the estimation was done multiple times Table 2 presents
DOI: 10.4236/jfrm.2019.84022

321

Journal of Financial Risk Management

E. J. Fahling et al.
Table 1. Significance test of the trading volume.
VDAX

Coefficient AR(1)

Coefficient Trading Volume

One month

0.905***

0.0072***

One year

0.984***

−0.0009*

Significance Levels: 0.1%***, 1%**, 5%*.

Table 2. Summary statistics of the SBIC for one-month VDAX.
Model

Mean SBIC

Standard Deviation

Minimum

Maximum

ARMA(1,1)

1137.79

209.74

819.66

1549.13

ARX(1)

1131.82

209.95

808.75

1544.21

GARCH(1,1)

1120.21

199.63

818.98

1491.85

ARMAX(1,1)

1135.76

207.31

816.75

1540.81

GARCHX(1,1)

1128.58

198.73

824.87

1497.83

AR(2)

1137.5

210.52

819.66

1551.65

ARMA(2,1)

1141.15

210.55

823.16

1554.48

ARMA(2,2)

1165.62

203.57

823.99

1562.5

ARMA(2,3)

1148.32

210.24

829.4

1564.27

summary statistics of the SBIC for the different models. The minimum of each
value is highlighted in green.
Table 2 shows models with only one lag in every explanatory variable perform
better than models with multiple lags. In contrast to the autocorrelograms which
especially for the MA-lags indicated an influence of the second and third MA-lag
are considered to have to many parameters according to the SBIC. All four values are bigger for the AR(2), ARMA(2,1), ARMA(2,2) and ARMA(2,3) model.
At least one of each values is minimized by the ARX(1), GARCH(1,1) and
GARCHX(1,1) model. These three models are therefore used in the out-of-sample
analysis. The ARMA(1,1) and ARMAX(1,1) model however cannot minimize
one of the values and will therefore not be used.
Table 3 presents the summary statistics for the SBIC for the one-year VDAX.
It can be seen that an inclusion of additional lags again leads to higher SBIC in
most values. Minimum values overall models can be generated by an
ARMA(1,1), ARX(1) and GARCH(1,1) model. However, the ARMAX(1,1) cannot reach a minimum, but lies very close to the other models and can usually
even beat them in two values. Therefore, the ARMAX(1,1) model will be used
along the ARMA(1,1), ARX(1) and GARCH(1,1) model for an out-of-sample
analysis.
DOI: 10.4236/jfrm.2019.84022
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Table 3. Summary statistics of the SBIC for one-year VDAX.
Model

Mean SBIC

Standard Deviation

Minimum

Maximum

ARMA(1,1)

762.83

197.65

262.24

997.02

ARX(1)

766.1

193.91

268.43

993.94

GARCH(1,1)

744.69

200

268.39

1000.46

ARMAX(1,1)

761.35

200.18

262.74

1000.38

GARCHX(1,1)

748.72

200.2

278.6

1011.51

ARMA(1,2)

764.3

198.54

264.34

1005.38

ARMA(1,3)

768.68

197.78

270.9

1007.76

Before the out-of-sample performance of the different models will be compared with hypothesis tests and a trading strategy a general overview about the
development of the forecasts in comparison to the actual value is given in Figure
4.
For the one-month VDAX it can be seen that the predicted values of the three
chosen models are very close to the actual value. Sometimes there is an under- or
overvaluation. However, there is no pattern in these errors’ observable. The peak
at the beginning of 2018 shows an interesting behavior of the GARCH and
GARCHX model. It can be seen that, while the ARX model predicts the high increase rather well, the predicted values of the GARCH and GARCHX model afterwards, due to the high error before becoming negative.
For the one-year VDAX a clear difference between the forecasts of the ARMA
model and the other chosen models can be observed. While the GARCH,
ARMAX and ARX model are very close to the actual value, the ARMA model
shows a consistent overvaluation for multiple years. The other three models are
also able to predict sudden downfalls in the VDAX for one year, but this leads to
a peak value of the GARCH model afterwards in 2015 and the beginning of 2018.

3.3. Forecasting Quality
Before the results of the sign test and modified DM test are given, Table 4 will
give the MSPE of the different models to give a first idea about the accuracy of
the different models.
Table 4 shows a significantly lower MSPE of the ARX model in comparison to
the GARCH and GÀRCHX model for the one-month VDAX. This might be due
to the bias after the peak in the beginning of 2018, which could be seen in Figure
4. The MSPE of the GARCH and GARCHX model, on the other hand, are rather
close to each other.
For the one-year VDAX it can be seen that the ARMA model generates a significantly higher MSPE than the other chosen models. This could be expected
due to the high tendency to overvaluation of the ARMA model. The lowest
DOI: 10.4236/jfrm.2019.84022
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Figure 4. Forecasts and actual value in comparison.
Table 4. MSPE for chosen models.
Model

One month

One year

GARCH(1,1)

59.33

1.74

GARCHX(1,1)

52.06

ARX(1)

16.6

1.77

ARMA(1,1)

5.73

ARMAX(1,1)

1.65

MSPE is generated by the ARMAX model. However, the MSPE of the GARCH
and ARX model is just slightly higher.
Since the MSPE can be biased by outliers, first the quality of the different
models shall be examined with the sign test. For the one-month VDAX the null
hypothesis of no qualitative difference between the GARCH model with the
ARX and GARCHX model can be rejected at a 5%-level. Between the GARCHX
and ARX model however the null hypothesis of no qualitative difference cannot
be rejected. By applying the one-sided form of the sign test the null hypothesis of
DOI: 10.4236/jfrm.2019.84022
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a greater quality of the forecasts based on the GARCH model than the ARX and
GARCHX model cannot be rejected at a 5%.
For the one-year VDAX the null hypothesis of no qualitative difference between the ARMA model and the other chosen models not surprisingly can be
rejected at a 5%-level. The one-sided test also rejects the null hypothesis of a
greater quality of the ARMA model. Despite the small difference in MSPE of the
other chosen models the null hypothesis can be rejected at a 5%-level. The hypothesis of a bigger quality of the ARX model in comparison to the GARCH and
ARMAX model can be rejected at a 5%-level, while the hypothesis of a bigger
quality of the GARCH model in comparison to the ARMAX model cannot be
rejected at a 5%-level.
By applying the modified DM test for forecasting accuracy, the null hypothesis of no difference in forecasting accuracy cannot be rejected at a 5%-level for
any comparison of the chosen models for the one-month VDAX. For the
one-year VDAX the null hypothesis of no difference in forecasting accuracy between the ARMA model and the other chosen models can be clearly rejected at a
5%-level. However, by applying the one-sided version of the test, the null hypothesis of a higher forecasting accuracy of the ARMA model cannot be rejected at
a 5%-level. For the comparisons of the other models the two-sided null hypothesis cannot be rejected at a 5%-level.
The results of this chapter have shown that despite a difference in MSPE and
quality no significant difference in forecasting accuracy could be found. Only for
the ARMA model a significant difference was found by using the modified DM
test. Surprisingly the null hypothesis of a higher forecasting accuracy, despite the
tendency to overvaluation, cannot be rejected. Therefore, all models which were
used for the out-of-sample forecast are also compared in their performance for a
trading strategy.

3.4. Results Trading Strategy
The results of the trading strategies on the one-month VDAX in comparison to
the benchmark on the left, as well as the confidence level for the hypothesis that
the return is different from the benchmark on the right, can be seen in Table 5.
It can be seen in Table 5 that by using the chosen forecasting models an excess
return over the buy and hold strategy can be earned. By applying a long only
strategy, the highest return can be earned with a GARCHX model for all three
scenarios. When a trading strategy is applied which uses long and short trades
the excess return is significantly increased in comparison to the long only strategy for the GARCH and GARCHX model by 0.8% and 1.1% with no transaction
costs. For the scenarios with transaction costs, it can be observed that the return
increases especially for transaction costs of 0.5% significantly. In this scenario,
the GARCHX model reaches the highest return. However, the confidence level
of only 82% is low. This might seem counter-intuitive at first, however it must be
remembered that in a scenario with transaction costs a trade is only made if the
DOI: 10.4236/jfrm.2019.84022
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Table 5. Annual mean return and confidence level vs Buy & Hold strategy for one-month
VDAX.
Strategy

No transaction costs Transaction costs of 0.1% Transaction costs of 0.5%

Buy and hold

10.7%

GARCH

11.5%/96.7%

11.3%/97.7%

11.1%/95.8%

GARCHX

11.9%/96.6%

11.5%/96%

11.4%/97.4%

ARX

11.1%/97.3%

11.1%/96.5%

11.2%/97%

GARCH (short)

12.3%/65.9%

13.1%/73.2%

14.2%/80.3%

GARCHX (short)

13%/72.7%

12.8%/69.9%

14.5%/82%

ARX (short)

11.5%/58.3%

11.8%/60.2%

13.5%/74.6%

difference between current value and forecast is more than the transaction costs.
Therefore, some movements have been left out in a scenario with transaction
costs. If in these cases the forecast has predicted the direction wrong, filtering
these movements out can increase the average return.
For the one-year VDAX the results of both trading strategies can be seen in
Table 6.
For the one-year VDAX also every chosen forecasting model leads to an
excess return over the buy and hold strategy, when applied in a trading strategy.
Even the ARMA model leads to an excess return with both trading strategies and
under all scenarios, despite the clear tendency to overvaluation. However, the
excess return generated by the ARMA model is significantly lower than the other
models and in contrast to the other models it the ARMA model does not take
advantage from the filter effect of the transaction costs. For the other models,
this filter effect is clearly visible, especially in the long short strategy.
In a long only strategy, the ARX model takes a small lead over the ARMAX
model in all three scenarios. The GARCH model is in this case clearly outperformed by the other two models. In the long short strategy, the ARX model also
takes the lead in a scenario with no transaction costs or transaction costs of
0.1%. However, under transaction costs of 0.5% the ARMAX and GARCH model can take a better advantage of the filter effect than the ARX model, which now
only takes third place. The first place is now taken by the ARMAX model which
in this scenario generates the highest return in Table 6 with 10.3% or an excess
return of 7.3%.
The confidence levels show that for the one-month VDAX, it can be said with
a confidence of more than 95% that the returns are different from the buy and
hold strategy for long term only. By adding short trades, the confidence level decreases highly at first, but increases with transaction cost of 0.5% to on average
80%. For the one-year VDAX for both strategies the average confidence level is
above 90%, except for the ARMA model. This highlights again the bad performance of the ARMA model.
Additionally, to the raw returns, Figure 5 will show the excess return generated by each model for both strategies with and without transaction costs, to give
DOI: 10.4236/jfrm.2019.84022
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Figure 5. Excess return for one month and one year, related to VDAX.
Table 6. Annual mean return and confidence level vs. Buy & Hold strategy for one-year
VDAX.
Strategy

No transaction costs Transaction costs of 0.1% Transaction costs of 0.5%

Buy and hold

3%

GARCH

4.5%/87.7%

4.8%/91.2%

4.9%/94.5%

ARMAX

5.7%/98%

5.8%/98.5%

5.1%/96.9%

ARX

5.9%/98.2%

5.8%/98.1%

5.9%/98.6%

ARMA

3.6%/66.5%

3.6%/66%

3.5%/64.4%

GARCH (short)

6.1%/95.2%

6.5%/96.3%

9.9%/99.9%

ARMAX (short)

8.4%/99.8%

8.5%/99.8%

10.3%/100%

ARX (short)

8.7%/99.9%

9.1%/99.9%

9.6%/100%

ARMA (short)

4.2%/74%

4.2%/74%

4.2%/72.6%

a better overview about the generated outperformance. The ARMA model was
excluded for this analysis, since the other models have shown to be clearly superior for a duration of one year.
Figure 5 shows that also the excess return over the buy and hold strategy can
be significantly increased by adding short trades and that the long only strategy
profits a lot from the applied filter for transaction costs. For a duration of one
month the highest excess return is generated by the GARCHX model with 3.8%,
while for a duration of one year the ARMAX model generates the highest excess
return with 7.3%. Both excess returns can only be generated when long and
short trades as well as the filter of 0.5% are applied.
It can be concluded from the results of the trading strategy that the higher
excess return by using forecasting models can be generated for the one-year
VDAX. This might result from the models successfully predicting the sudden
downfalls which are observable in the chart of the VDAX and thereby avoiding
or in the case of the long short strategy even using these strong movements. Still
the overall average return, which can be generated by trading the one-month
VDAX is higher even with a buy and hold strategy than the highest return which
could be generated with the one-year VDAX.
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4. VSTOXX Analysis
Like for the VDAX for one month and one year the null hypothesis of a
non-stationary time series could be rejected for the VSTOXX at a 5%-level.
Therefore, non-integrated forecasting models can also be used for the VSTOXX.
To decide which number of lags can be used a partial autocorrelogram is drawn
for AR and MA processes. These can be seen in Figure 6.
It can be seen in Figure 6 that only the first AR-lag has a significant influence.
For the MA-lags on the other hand also the second and third lag show a high influence. Also, a regression with an ARX model was performed to test for the significance of the trading volume of the Euro Stoxx 50 as predictor for the future
VSTOXX. However, in contrast to the VDAX the trading volume did not prove
to be a significant predictor of the future VSTOXX. But since models which included the trading volume as additional explanatory variable performed very
good out-of-sample for the VDAX, these models are tested out-of-sample for the
VSTOXX as well.
Based on this information and decision all suitable and chosen models are
tested in-sample first by applying the SBIC. The results can be seen in Table 7.
As can be seen in Table 7 that the GARCH model can minimize three of the
four summary statistics and therefore is on average the best fit in-sample. The
ARMA(1,1) model follows closely and can also achieve the lowest minimum
value over all tested models. By adding more MA-lags again a decrease in performance can be observed. Therefore, also for the VSTOXX the inclusion of
more than one MA-lag is not advantageous. For the models which include the
trading volume the ARX model can achieve the lowest mean and minimum value,
while the GARCHX model can minimize the standard deviation and maximum

Figure 6. Partial autocorrelogram for AR and MA lags.
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Table 7. Summary Statistics of SBIC for VSTOXX.
Model

Mean

Standard deviation

Minimum

Maximum

ARMA(1,1)

999.46

169.53

780.31

1387.4

ARX(1)

1003.21

169.6

784.96

1391

GARCH(1,1)

996.9

163.45

783.17

1356

ARMAX(1,1)

1009.14

169.46

791.11

1397.44

GARCHX(1,1)

1006.48

163.71

793.65

1367.3

ARMA(1,2)

1020.95

171.9

822.15

1392.66

ARMA(1,3)

1004.47

171.76

783.86

1403.06

value. The ARMAX model does not show any superiority in one value in comparison to the other models and is therefore not included in the out-of-sample
evaluation. In general, all models which include the trading volume show a
weaker performance in comparison to the GARCH and ARMA(1,1) model. Still
the GARCHX and ARX model are included in the out-of-sample evaluation due
to their high performance for the one-month and one-year VDAX.
In the out-of-sample comparison the four chosen models show no high difference in accuracy when the MSPE is applied. All four models are here in a
range of 3.84 to 3.95. If, however, the sign test is applied, the null hypothesis of
no qualitative difference can be rejected at 5%-level for the comparison between
GARCH and ARX model and GARCHX and ARX model. For all other comparisons the null hypothesis cannot be rejected at a 5%-level. The one-sided test for
the comparison between GARCH and ARX model and GARCHX and ARX
model results in a significantly greater quality of the forecasts based on the ARX
model, than the GARCH and GARCHX model at a 5%-level. Moving on to the
modified DM test the null hypothesis of no difference in accuracy can only be
rejected for the comparison between ARX and GARCHX. The one-sided version
results in a significantly better accuracy of the ARX model in comparison to the
GARCHX model. Therefore, only the ARMA, GARCH and ARX model are used
for the trading strategy, with the results being displayed in Table 8. All trading
strategies were made under the same assumptions as for the VDAX.
The results in Table 8 show that also for a bigger volatility index like the
VSTOXX a higher return can be generated by applying forecasting models. By
applying a long only strategy as well as a combination of long and short trades,
the ARX model clearly outperforms the other two models in all scenarios. Also,
the confidence level is on average 98% which underlines again the high outperformance of the ARX model. The weakest performance is generated by the
ARMA model, which with a long only strategy can only slightly outperform the
buy and hold strategy and also shows a high gap in confidence level in comparison to the other models. In general, the performance can be increased for all
models when short trades are added. This strategy also clearly profits from a filter effect of the transaction costs, while the long only strategy mostly suffers
from transaction costs. The excess return over the buy and hold strategy is displayed in Figure 7.
DOI: 10.4236/jfrm.2019.84022

329

Journal of Financial Risk Management

E. J. Fahling et al.

Table 8. Annual mean return for VSTOXX.
Strategy

No transaction costs Transaction costs of 0.1% Transaction costs of 0.5%

Buy and hold

3.7%

ARMA

3.9%/84.8%

4%/85.5%

3.8%/86.4%

GARCH

4.8%/94%

4.7%/93.9%

4%/92.9%

ARX

5.9%/99%

5.7%/98.8%

5.2%/98.2%

ARMA (short)

4.2%/59.2%

4.5%/63.9%

6.1%/86.3%

GARCH (short)

5.9%/85.1%

6.1%/88%

8.2%/98.3%

ARX (short)

8.1%/98.4%

7.8%/97.8%

8.9%/99.4%

Figure 7. Excess return for the VSTOXX, one year.

The excess return which can be generated shows high similarities to the results for the VDAX for one year and one month in its characterizations. Again,
the highest excess return is generated with a combination of long and short
trades and the filter effect of transaction costs of 0.5%. Although the trading volume was not significant in-sample, the ARX model delivers a clear outperformance out-of-sample with the highest excess return in each scenario. With a
long short combination and trading cost of 0.5% the highest overall excess return of 5.2% is generated.
In conclusion, it can be said, that also for the VSTOXX a significant excess
return can be generated by applying forecasting models. Like for the VDAX also
for the VSTOXX the return can be increased by adding short trades and a clear
positive effect of transaction costs as a filter is observable. Also, the best performing model again includes the trading volume as additional explanatory variable. However, since these results do not include potential rolling costs or liquidity problems of the VSTOXX futures it is questionable if this performance is
fully realizable.

5. Conclusion
This paper has shown that the VDAX for a duration of one month and one year,
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as well as the VSTOXX are predictable to an extent, which makes it possible to
generate high excess returns if the forecasts are used for a trading strategy. Even
when trading costs are considered a positive excess return can be generated. The
different forecasting models have also proven to predict positive as well as negative movements good enough that not only long, but also short trades could be
used to boost the performance even further. Unfortunately, a future market for
the VDAX does not exist at the moment, that is why the VDAX cannot be traded
as an asset. For the VSTOXX, on the other hand, a future market does exist.
According to the results, the best forecasting model for the one month VDAX
is a GARCHX(1,1) model. This model generated under almost each scenario the
highest return. For the one year VDAX, the highest return in the long only
strategy is generated by an ARX(1) model. If, on the other hand, also short
trades are used, it is not completely clear from the results if an ARMAX(1,1)
model or an ARX(1) model should be used. There remains a question of the
transaction costs and the right filtering. For the VSTOXX, an ARX model was
found to be the best fit under each scenario for both strategies. Another conclusion, which can be taken from these results is that the trading volume is an important predictor of the VDAX and the VSTOXX, since the best performing
models all included it as additional explanatory variable.
The results can be used in further research in three main areas, with the first
area being the improvement of the forecasts by using different distributions for
the MLE or by using different models. As a second topic, more realistic trading
strategies based on reproduction by applying derivatives could be tested. As a
possible third topic, the relationship between an equity investment and a trading
strategy on the VDAX or VSTOXX could be examined. Here the question is if
such a strategy would reduce the risk and increase the return in comparison with
a static investment.
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