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Abstract

This study aims to investigate the predictive performance of various
factors of uncertainty on the oil volatility index (OVX) and to provide
accurate and reliable OVX forecasts. The study focuses on two
categories of indicators representing uncertainty: implied volatility (IV)
indices and other economic, business, and geopolitical risk factors.
Using the Mean Squared Predictive Error (MSPE), Mean Absolute
Error (MAE), and Model Confidence Set (MCS) test, the study
evaluates the forecasting performance of the implemented models and
assesses the predictive abilities of the different uncertainty indicators.
The results suggest that the model that incorporates the US Economic
Policy Uncertainty (EPU) index outperforms the remaining models,
with the EPU index showing improvement in the forecasting ability of

a simple model that focuses on OVX as a target variable. The study
concludes that, except for the EPU index, the predictive ability of the
models is not enhanced by the inclusion of most of the factors of
uncertainty investigated in this study. The out-of-sample period used in
this study includes the period of the oil collapse between 2014 and
2016, which provides significant insight into the forecasting
performance of the different models during particularly volatile
periods.

Introduction:

The high variability of crude oil prices over the last few decades has made accurate forecasting of the oil
volatility index (OVX) a crucial aspect of investment decision-making in the oil industry. This study provides
a thorough investigation into the predictive performance of various factors of uncertainty on the OVX, with a
focus on implied volatility indices and other economic, business, and geopolitical risk factors. Using a rolling
window approach with an initial sample period of 1000 days, the study generates one-day-ahead OVX
forecasts and evaluates the forecasting performance of the implemented models using the Mean Squared
Predictive Error (MSPE), Mean Absolute Error (MAE), and Model Confidence Set (MCS) test. The results of
this study suggest that the model that incorporates the US Economic Policy Uncertainty (EPU) index
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outperforms the remaining models, with the EPU index improving the forecasting ability of a simple model
that focuses on OVX as a target variable. The out-of-sample period used in this study includes the period of
the oil collapse between 2014 and 2016, providing significant insight into the forecasting performance of the
different models during particularly volatile periods. The study contributes to the literature by providing in-
depth analysis and evaluation of the predictive abilities of different uncertainty indicators on the OVX.

1. OVX and Uncertainty

2.1. Relationship between OVX and Other 1V Indices

The relationship between the crude oil market and other markets, such as the stock and foreign exchange, has
been thoroughly investigated in recent years. Several papers have focused on the interconnectedness between
crude oil and other assets, with the majority of them emphasizing returns. For example, Filis and
Chatziantoniou (2014) concentrated on the relationship between crude oil returns and aggregated stock market
indices in a Vector Autoregression (VAR) model. Moreover, Filis, Degiannakis, and Floros (2011) and
Degiannakis, Filis, and Floros (2013) investigated the time-varying relationship between oil and stock markets
by using multivariate GARCH models. However, because the volatility of crude oil prices is considered
important to oil investors and policy makers, researchers have studied the relationship between these markets
at a volatility level. Liu, Ji, and Fan (2013) focused on the relationship between OVX and other IV indices
and concluded that there is transmission from the stock market to the crude oil market, which they characterize
as short-lived. However, the methodological framework of this study was limited to in-sample analysis. In an
out-of-sample investigation, Chatziantoniou, Degiannakis, Delis, and Filis (2021) considered spillovers
between OVX and other uncertainty indicators, such as the VIX, and found that spillovers do not contain
significant predictive information, which is something that the current paper studies in depth. More
specifically, we generate out-of-sample forecasts of OVX by incorporating three core IV indices, namely the
VIX, the CBOE Gold ETF Volatility index (GVZ) and the CBOE/CBOT 10-year U.S. Treasury Note Volatility
(TYVIX).

2.2. Relationship between OVX and Other Uncertainty Factors

Aside from the studies that examine the relationship between OVX and other IV indices, a limited number of
papers has focused on the relationship between OVX and certain indicators of uncertainty, such as that of
Chatziantoniou et al. (2021). In their study, indicators such as the economic policy uncertainty index, the
partisan conflict index and the geopolitical risk index were examined for their predictive power when using
their spillovers with the OVX. Moreover, Dutta, Bouri, and Saeed (2021) investigated the impact of news-
based equity market volatility trackers on crude oil volatility. They found that several trackers provide better
forecasting power than the VIX, EPU and GPR indices.

2. Data Description

The target variable of this study is the IV of crude oil, namely the OVX. CBOE constructed the OVX time
series using the same methodology that produced the other IV time series. According to this methodology, in
the case of VIX, the index is calculated using the midpoint of real-time S&P 500 index (SPX) option bid/ask
quotes. More specifically, according to CBOE, the VIX index provides a measure of how much the market
expects the S&P 500 index to fluctuate in the 30 days from the time of each tick of the VIX index. The
examined determinants of OVX that are included in the modelling framework are the following IV indices:
VIX, GVZ and TYVIX. The VIX index, as mentioned above, is a calculation designed to produce a measure
of constant, 30-day expected volatility of the U.S. stock market. The GVZ is an estimate of the expected 30-
day volatility of returns on the SPDR Gold Shares ETF and the TYVIX is the implied volatility index
representing the macroeconomic conditions. We use daily data from the 18" of September 2009 up to the 1%
of October 2019 for the four IV indices (i.e. 2523 observations). All are extracted from the CBOE website.
Regarding the other factors of uncertainty that are examined for their predictive information on OVX, we use
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daily data for the same period defined in the previous paragraph. The U.S. economic policy uncertainty index
is based on newspaper archives that contain thousands of newspapers and other news sources. More
particularly, for the calculation of this measure, the news sources are restricted to the United States. Regarding
the geopolitical risk factor, which is calculated by counting the number of articles related to adverse
geopolitical events, the data is retrieved from the website of Caldara and Iacoviello. Finally, the last factor of
uncertainty we use is the Aruoba-Diebold-Scotti (ADS) business conditions index, which is designed to track
real business conditions by taking into account data of macroeconomic variables at different frequencies. A
major advantage of this index is the fact that at the time of any ADS update, the index is based on all
information of all indicators available at that time. Table 1 provides a summary of the descriptive statistics
for all variables, including the uncertainty factors used in this study. We first observe that the mean of OVX
is higher than the means of the other IV indices. However, the coefficient of variation of VIX is higher than
those of OVX and the other IV indices. Figure 1 and Figure 2 illustrate the evolution of the IV indices and the
other indicators that represent uncertainty.

Table 1. Descriptive statistics.

(00%.¢ VIX GVZ TYVIX | EPU GPR ADS
Mean 33.42 17.12 17.32 5.51 104.27 103.62 -0.10
Median 32.10 15.73 16.83 5.30 89.80 97.22 -0.10
Minimum 14.50 9.14 8.88 3.16 3.32 9.48 -0.81
Maximum 78.97 48.00 39.95 10.33 490.89 361.02 0.88
Std. Dev. 10.18 5.71 493 1.32 60.01 38.29 0.32
Skewness 0.79 1.61 0.86 0.68 1.59 1.22 0.34
Kurtosis 3.78 6.35 4.17 2.85 6.88 5.84 3.01
Coefficient of Variation 0.30 0.33 0.28 0.24 0.58 0.37 -3.20
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Figure 1. All implied volatility indices, namely the OVX, VIX, GVZ and TYVIX, over time.
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Figure 2. The other factors of uncertainty, namely the EPU, GPR and ADS business index, over time.

3. Methodology

4.1. Naive Models

The simplest model we use for comparison purposes is an ADL model, which is specified as follows:
log(OVX,) = agt) + agt)log(OVXt_l) + &, (1)

where a(()t), agt) are the rolling estimated coefficients and € + denotes the white noise.
4.2. Models with Exogenous Information
One of the main contributions of this study, though, is the fact that we investigate the predictive information
that uncertainty factors from different categories might offer when generating OVX forecasts. In order to
compare the forecasting ability of these exogenous variables to the OVX, we use the specification of the above
ADL model and add the uncertainty factors as exogenous variables in each model. Therefore, each individual
model that incorporates exogenous variables can be written as follows:

log(OVX,) = ag” + a{"log(OVX,_,) + BOEX", + &, )

0
where a((, )’ ag ): b®

are the rolling estimated coefficients, andEXr(l-):L is the one-lagged exogenous variable i,
which represents the uncertainty indicator that is different in each individual model. However, it is also
important to study the information that all the exogenous variables offer in a model and see whether the
predictive ability of this model is improved in comparison with the individual models. Therefore, we further
introduce a model with all exogenous variables added, which is written as follows: M 3)
loOVXt)y=a0t)+al(t)logOVXt—-1)+> bi(t)EXt(—i)l +et, i=1 where M is the total
number of factors representing uncertainty, including the implied volatility indices and the
other uncertainty indicators, such as the economic policy uncertainty index.
4.3. How are the OVX Forecasts Obtained/Produced?
The total number of days used in this study is 2522. The out-of-sample forecasting period consists of 1522
days, and we use 1000 days as an initial sample period. The choice of the initial sample period is based on the
number of days used by the majority of prior studies, which can be justified by the fact that a large sample
size is considered crucial for the estimation of the implemented models. Moreover, it is important to note that
the starting date of the out-of-sample forecasting period is September 11, 2013, which means that the period
of the oil collapse between 2014 and 2016 is included in the sample. This is of major significance to this study
because it gives us the ability to evaluate the forecasting performance of the models in this particularly volatile
period and not only in more tranquil periods. In this paper, 1-day ahead OVX forecasts are generated based
on a rolling window approach with a fixed window length of 1000 daily observations. The equation that shows
how these OVX forecasts are generated from a model with a single exogenous variable is the following:
OVXesqpe = expal? + aPlog(ovx,) + POEX) )
4. Evaluation Framework
5.1. Statistical Loss Functions
Having obtained the 1-day ahead forecasts of OVX, we evaluate the predictive performance of the applied
models in generating these forecasts. Two well-known statistical loss functions, namely the Mean Squared
Predictive Error (MSPE) and the Mean Absolute Error (MAE), have been used to compare the forecasting
ability of the implemented models. Specifically, these two loss functions are computed as follows:

1 (5
1 MSPE = T—Z(OVXHW — OVX;4)?
1 t=1
1 (6)
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! MAE = =" 0V 3je = OVXey|
1 t=1

b

where T 1 is the number of out-of-sample forecasting days (T 1= 1522).

5.2. Model Confidence Set

In addition to the abovementioned statistical loss functions, we aim to determine the set of models that are the
best in terms of forecasting performance under the two loss functions. Therefore, we use the MCS test
proposed by Hansen, Lunde, and Nason (2011) to further evaluate our OVX forecasts. This specific framework
investigates the set of models that remains until the end in an elimination algorithm at a level of significance

a. To start the process, we define the full set of models M = M o= {1, ... , mo}, and the following null
hypothesis of equal predictive ability is repeatedly tested:
HoE(djj*t)=0for0j,j* €M, (7)

Against this alternative one:

HiE(djj*:)#0. )]
forsome j,j*€ M. Thedj*: isdefinedasdj*t=LFj;jt—LFj;*: with L Fj: to be denoted either as
LFjt=(0VXtt—0VXetn)orasLFjt=|0VX¢ie—0V X¢1|, where OV X ¢41¢ is the 1-day ahead
forecast of OVX generated by the j t” model. Therefore, this procedure is repeated until the null hypothesis is
no longer rejected. Regarding the characteristics of the MCS test, we predefine the level of significance a =
0.1 and the number of bootstrap replications is 10,000.
5. Results
First, it is important to note the relationship between the dependent variable, the OVX, and the explanatory
variables considered in this study. As shown in Figure 3, the relationship between OVX and the other
uncertainty indicators does not seem to be linear. Moreover, the correlation between OVX and the explanatory
variables is not higher than 51%, which is the case for VIX.

Figure 3. Scatter plots between OVX and each of the uncertainty indicators used as explanatory variables in
the modeling framework.

In addition, Table 2 shows that OVX is not correlated with EPU or GPR and is negatively correlated with the
ADS business index.

Table 2. Correlation matrix.

OVX | VIX | GVZ TYVIX | EPU | GPR | ADS

OovX 1.00 | 0.51 0.32 0.34 0.03 0.04 |-0.27
VIX 0.51 | 1.00 0.63 0.57 0.34 -0.12 | 0.10
GvVzZ 0.32 | 0.63 1.00 0.68 0.23 -0.17 | 0.13
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TYVIX | 0.34 | 0.57 0.68 1.00 0.27 -0.12 | 0.13
EPU 0.03 | 0.34 0.23 0.27 1.00 -0.14 | 0.12
GPR 0.04 |-0.12 |-0.17 -0.12 -0.14 1.00 | -0.02
ADS -0.27 | 0.10 0.13 0.13 0.12 -0.02 | 1.00
Individual model
ADL VIX GVZ TYVIX EPU GPR ADS All-Variables
Intercept 0.04485*** | 0.04099*** | 0.04643*** | 0.04350%*** 0.04636** | 0.04871*** | 0.04800 | 0.05468***
* k%
(-0.01108) | (0.01178) (0.01296) (0.01151) (0.01112) | (0.01133) (0.0114 | (0.01372)
0)
log(OVX) - 1] 0.98704%** | 0.98519%*** | 0.98728*** | (0.98651*** 0.98739** | 0.98716*** | 0.98603 | 0.98247***
lag % skskok
(0.00319) (0.00372) (0.00335) (0.00342) (0.00319) | (0.00319) (0.0033 | (0.00406)
0)
log(VIX) - 1 0.00368 0.00865*
lag (0.00379) (0.00478)
log(GVZ) - 1 -0.00085 -0.00710
lag (0.00364) (0.00538)
log(TYVIX) - 1 0.00192 0.00606
lag (0.00441) (0.00627)
EPU - 1 lag -0.00003 -0.00004**
(0.00002) (0.00002)
GPR - 1 lag -0.00004* -0.00005*
(0.00003) (0.00003)
ADS - 1 lag - -0.00420
0.00372
(0.0031 | (0.00327)
3)
R™2 0.97439 0.97440 0.97439 0.97439 0.97442 0.97442 0.97441
Adjusted R"2 | 0.97438 0.97438 0.97437 0.97437 0.97440 0.97440 0.97439
LL 4066.85090 | 4067.32246 | 4066.87857 | 4066.94522 4068.1517 | 4068.20648 | 4067.55 0.97451
4 525 0.97 444
4072.78887
-8129.47674
AIC - - -8127.75714 | -8127.89044 | - - -
8129.70181 | 8128.64492 8130.3034 | 8130.41296 | 8129.11
8 049
BIC - - -8110.25872 | -8110.39202 | - - - -8082.81428
8118.03619 | 8111.14649 8112.8050 | 8112.91454 | 8111.61
5 207

Table 3. Models’ estimations.
Note: Results of the estimations for all models implemented in the empirical analysis. In the parentheses, the
standard errors are presented. One, two and three asterisks denote rejection of the null hypothesis of a zero

coefficient at the 1%, 5% and 10% level, respectively.
Table 4. Out-of-sample results.

MSPE MCS (squared errors) MAE MCS (absolute errors)
RW 3.379 0.705 1.204 0.819
ADL 3.367 0.705 1.203 0.768
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Model - VIX 3.375 0.540 1.209 0.050
Model - GVZ 3.378 0.540 1.201 0.875
Model - TYVIX | 3.380 0.256 1.205 0.324
Model - EPU 3.361 1.000 1.201 1.000
Model - GPR 3.361 0.974 1.203 0.819
Model - ADS 3.366 0.705 1.204 0.745
Model - ALL 3.373 0.705 1.206 0.324

Regarding the models applied in this study, the results for the corresponding coefficients are shown in Table
3. It is obvious that the one-lagged variable of OVX is always statistically significant at 1%. Moreover, we
can see that only GPR is statistically significant at 10%, when referring to the individual models. However,
when we include all exogenous variables in the model, not only the coefficient of GPR but also those of EPU
and VIX are statistically significant, which provides a clue to the potential predicting information these
uncertainty indicators offer on OVX.

Moreover, this model presents the highest R 2 in comparison with the other models.

In this study, we assess several indicators’ ability to predict OVX, focusing on an out-of-sample investigation,
as extensively described in Section 4.3. After generating the 1-day ahead forecasts of OVX, we evaluate the
forecasting performance of the implemented models, using two statistical loss functions and the MCS test.
According to Table 4, in terms of MSPE, the individual models that include EPU and GPR as exogenous
variables are the two models that display a better performance compared to the remaining ones. When referring
to the results of the MAE statistical loss function, we see that the model that includes EPU is again one of the
best models, together with the model that has GVZ as the exogenous variable. Therefore, we can draw the
conclusion that the individual model that includes EPU outperforms the competing models, which can be
justified by the results of the MCS test, which show that it is always included in the set of best models. It is
worth noting that even if the model that includes all variables performs well in an in-sample analysis, it is
inferior to several individual models in an out-of-sample investigation and cannot be considered adequate for
generating OVX forecasts. Even the simple ADL model performs better than the model that includes all the
uncertainty indicators from both categories, namely the implied volatility indices and the other factors of
uncertainty representing geopolitical, economic and business conditions.

6. Conclusion

This paper aimed to find whether uncertainty indicators can offer predictive information on OVX and, if so,
which indicators. We defined two groups of indicators representing uncertainty. The first group consisted of
implied volatility indices, namely the VIX, GVZ and TYVIX indices. The indicators in the second group
represented economic, business and geopolitical risks; these were investigated afterwards.

In the in-sample analysis, we observed that the model that included all indicators as exogenous variables could
be considered the best one, with the highest coefficient of determination. However, the good performance of
this model was not maintained in the out-of-sample investigation, in which it was even outperformed by an
ADL model that included only the first lag of the OVX. Regarding the out-of-sample results and, more
specifically, the results of the two statistical loss functions, the individual model that incorporated the EPU
indicator outperformed the remaining models for both the MSPE and MAE loss functions.

The results of this paper might be considered inspiring for both academics and investors and give ideas for
further research. One extension of this paper could be in the evaluation framework, which could be enhanced
by implementing some trading strategies in order to discover whether the indicators included in the models
could offer forecasting gains.
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