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Abstract- We report on the volatility patterns of the S&P 500 Options Index for the past twelve years, focusing on the 
returns and distribution of the weekly prices of the CBOE VIX. The set of the twelve years is separated into three periods: 
pre-crisis (2005-2007), the crisis period (2008-2010), and the post-crisis (2011-2017), so as to investigate potential links 
between investors’ behavior and real economy developments and explain clustering effects or outliers. At large, both the 
mean weekly returns of VIX and the nature of their variance remain unaffected by the credit crisis in the long-run, allowing 
little room for potential investment strategies. Though difficult to examine all possible factors influencing VIX behavior, we 
prefer low frequency weekly data, in order to catch the long-term trend and draw empirical conclusions on investor 
sentiment.  
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I. INTRODUCTION 
 
By default, derivative prices incorporate information 
about future expectations of market participants. 
Since the first existence of derivatives and mainly of 
options, numerous researchers and investors have 
focused on the matter of volatility and its behavior in 
all kinds of organized securities markets. Likewise, 
the potential connection between the real economy 
and implied volatility options has been gaining 
awareness since it offers useful practical insights for 
market stakeholders. To illustrate, Fuss et al. (2011) 
studied three macroeconomic measurements (GDP, 
PPI and CPI) of the US and German economies and 
found a connection to their relative implied volatility 
indices, i.e. VIX and VDAX.  
Furthermore, as Bollerslev et al. (2012) report, 
volatility has received unprecedented attention over 
the past two decades. This has been the combined 
result of multiple parameters that made the theoretical 
and empirical study of volatility attracting the interest 
of researchers. A major contributing parameter, to our 
opinion, is the explosion of information across border 
due to technological advances that made markets 
react almost simultaneously to new information.  
Market behavior and volatility of assets have been 
proven especially difficult to be explained, and if 
possible predicted, and researchers still struggle with 
the use of complicated models to get to the heart of 
the problem. High-frequency 
data are employed to explain short-term fluctuations 
and low-frequency ones to observe long-term trends, 
in order to assist investors and professionals to make 
the right choices. Likewise, the dilemma among 
historical, realized and implied volatility has 
produced numerous articles on the individual 
characteristics of each market and has divided experts 
around the world. What is even worse, the recent 
financial crisis has made things more complicated by 

striking initially the US and subsequently the rest of 
the markets, in an unprecedented contagion-like crisis 
that the world has never witnessed at such a scale. 
Our article focuses on the implied volatility index of 
the S&P500, which we strongly believe is the most 
comprehensive proxy of international investor 
sentiment. In practice, the CBOE VIX incorporates 
the expectations of stakeholders and influences to a 
great extend investor behavior in other international 
markets. We have selected a long period spanning 
from 2005 to 2016, which included a pre and post-
crisis interval in order to enquire the behavior of the 
market. For this reason, we preferred weekly-data 
since our focus remains on drawing lessons on a 
long-term basis that could prove useful to market 
participants.  
 
II. LITERATURE REVIEW 
 
The initial dilemma of this article was the selection of 
a right proxy that could encompass contemporary 
sentiment and future expectations of market 
participants. Though there is no universally accepted 
proxy, the CBOE VIX implied volatility index 
constitutes a choice that manages to satisfy such 
prerequisites and has been deemed appropriate by 
various researchers. Banerjee et al. (2007) have 
supported that the market future expectations of risk 
can be evaluated via implied volatility and as such, it 
contains valuable forward-looking information, 
demonstrated also by Christensen and Prabhala 
(1998), Diavatopoulos et al. (2008) and Giot and 
Laurent (2007) to name a few. Volatility by definition 
computes the fluctuation of options’ prices for a 
period of time usually for more than a year (Enke and 
Amornwattana, 2008), if it is not easily observable 
for a small period of time by making no extreme low 
and extreme high prices from day to day. Basically, 
volatility can be separated into historical volatility, 
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which is the estimation of past performances of 
options’ prices throughout different periods of time, 
and into implied volatility, which according to Blair 
et al. (2001) “implied volatilities are considered to be 
the market’s forecast of the volatility of the 
underlying asset of an option”.  
Implied volatility can face numerous disadvantages 
with the most important one: time. Time is of 
essence, because it needs more than a year to 
precisely predict the accurate performance of an 
option taking into consideration factors like local and 
global economy, supply and demand perspectives, the 
size of the option, its maturity and performance over 
the past period, etc. According to Lewis et al. (2008) 
the variability of those factors for a year makes it 
difficult to be estimated precisely, because they are 
constantly changing. Bollerslev et al. (2012) have 
used ultra 
high-frequency intraday data (5min intervals) of the 
VIX in their effort to produce a continuous-time 
model that helps explain the “three most striking 
empirical regularities”: volatility’s persistent own 
dynamic dependencies, the positive volatility risk 
premium and the asymmetry in lead-lag relationship 
between returns and volatility.  
Raunig and Scharler (2010) offer a comprehensive 
review of literature that investigates the potential 
leakage of stock market volatility into the real 
economy, i.e. the aggregate demand. Not 
surprisingly, empirical evidence shows that there is 
indeed an indirect influence of the business cycle and 
the real economy is not indifferent to stock market 
developments. In particular, on the issue of increased 
volatility (which appears in times of high uncertainty) 
evidence shows that it leads to lower consumption 
and investments, thus affecting negatively the 
aggregate demand. According to Ubakata and 
Watanabe (2014) pricing Nikkei 225 Options is not 
affected by the realized volatility of the options. The 
researchers used ARFIMA(X) and HAR(X) models 
and the prices of the 225 Asian options with results 
that the realized volatility having subtracted large 
jumps does not affect the option pricing performance. 
A recent study by Iwaki and Luo (2013) has shown 
that Nikkei 225 options’ prices have an increase in 
volatility of call options’ prices, which is closely 
related to factors such as economic crisis and 
fluctuations, through the use of Brownian Motion 
Model and a BS model. As such, they conclude that 
volatility is indeed affected by the factors like 
financial crisis or fluctuations in industries that are 
still constructing themselves. Li and Yang (2009) 
examine the Australian Stock Exchange ASX200 
Index Option focusing on the relation among implied 
volatility in the prices of options and the realized 
volatility for options traded in the ASX. They 
discovered that the Australian options are not easily 
traded in the market as usually investors tend to 
protect themselves with low volumes of options that 
have higher maturity cycle.  

On the contrary, Awartani et al. (2009) mentioned in 
their survey that high prices of option contracts can 
be a strong gauge for the volatility; however, it is 
difficult to forecast the existence of unpredictable 
factors in the market. Therefore, this explains the fact 
that implied volatility even to a larger financial 
market with high competition faces difficulties in its 
prediction and to the fact of being stable. Kanas 
(2013) found out a strong positive relation between 
risk and return of S&P500 VIX by examining the 
squared implied volatility index via GARCH 
modeling.  
Considering the DJIA, a sample of call option 
contracts of the Dow Jones Industrial Average by 
considering no arbitrage and basis equal to zero 
through the use of modified Brownian bridge module 
resulted in illustrating that as the days are passing for 
the contracts to expire there is “convergence behavior 
of the spot price” (Wang et al. 2011); meaning that 
the spot price and the future price of a contract can 
demonstrate a different behavior as the time 
come to expiry of the option. This is another factor 
that should be thought, as it closely affecting the 
implied volatility of the options.  
Eraker et al. (2003) investigated the leaps in the 
investors’ returns and the volatility of option prices 
considering both S&P 500 and NASDAQ 100 Index 
using aspects such as at the time volatility, jump 
times and jump volumes. Their research illustrated 
that high “jumps in returns and volatility have a 
strong impact on option prices” and “volatility 
estimation risk” as well. In their study of the 2007-
2008 credit crisis Lopes and Polson (2010) used 
GARCH and random stochastic volatility, in order to 
locate how randomly distributed aspects can affect 
implied volatility. They figured out that increase of 
implied volatility is not easily predicted in phases that 
nothing is stable and not “safe” risky; while, low 
volatility is a lot easier to be forecasted under those 
circumstances. Similarly, investors tend to behave 
unreasonably in the evaluation of options if the 
implied volatility is too robust, as Schwert (2002) 
inspected, and suggested that the extraordinary 
volatility can relate to recession, extreme leverage 
and constant trading. According to Becker et al. 
(2009) an important factor for forecasting implied 
volatility is the fact that historical jumps of prices 
should be evaluated and incorporated to the final 
outcome. The authors have noted that “implied 
volatility has the potential to reflect information that a 
model-based forecast could not”, and discovered that 
VIX is sensitive to the historical highs of options’ 
prices of S&P 500 Options Index. Psychoyios et al. 
(2010) concluded that “jumps are widely considered 
as a salient feature of volatility”, thus it is important 
to be considered as another detail that concerns 
volatility. Historical volatility, on the other hand, can 
be of great use for investors and researchers, because 
there is an existing pattern of performance in the 
prices of options, which is included in the implied 
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volatility. More specifically, Corsi et al. (2013) 
reported that historical volatility of S&P 500 Option 
Index surpasses and incorporates the whole nature 
and the strength of the implied volatility face. Using 
past data that high frequencies were observed in the 
pricing of options of S&P 500 and the Heterogeneous 
Auto-Regressive Gama model; they found out that 
historical volatility is part of the implied volatility as 
it presents exactly and speedy adjusting volatility 
predictions. Past performances have always been of 
help to researchers in the first phase of their surveys, 
so as to locate the common pattern in every time. 
Likewise, in their effort to model S&P500 volatility, 
Christoffersen et al. (2010) use returns, realized 
volatilities and option data, and conclude that a linear 
rather a square root stochastic model provides a more 
realistic volatility term structure.  
 
III. DATA AND METHODOLOGY 
 
We have gathered the weekly closing prices of the 
CBOE VIX index via Bloomberg. The total data set 
spans from the first week of 2005 until the last week 
of March 2017, including a total number of 646 
observations. (level series, 
yielding 645 first differences). The set has been 
divided into three sub-periods, in particular: Period 1: 
January 2005 to December 2007; Period 2: January 
2008 to December 2010; Period 3: January 2011 to 
March 2017.  
The basic rationale behind this separation of the data 
set has to do with the core period of the credit crisis, 
during the years of 2008 to 2010, and the periods 
before and after it. During the first period, most of the 
world’s economies witnessed consecutive growth; the 
period after is characterized by a mixed global 
setting: the US, China and major emerging economies 
managed to rebound while Europe still struggles to 
find its pace. It should be noted that the whole period 
after 2008 has seen most central banks engage into 
unprecedented monetary easing policies, with the 
ECB still trying to fuel the real economy with tons of 
money, while the Fed has already raised twice the 
base rate. As a result, the securities markets have 
been constantly receiving mixed signals across the 
border and the behavior of market participants, 
expectedly, should have been erratic. We consider the 
VIX data as a proxy of this behavior and we have 
examined the possible existence of statistically 
significant evidence of such difference in between the 
periods aforementioned. Focusing on results that can 
be easily comprehended by stakeholders, rather on 
theoretical econometric modelling, we prefer to 
examine as a first step two major characteristics of 
VIX behavior: the equality of mean returns between 
periods and the equality of variance, with the latter 
indirectly representing the distribution of returns 
within each sub-period.  
Following a methodology previously applied in 
Hourvouliades and Polimenis (2012), in order to 

examine the equality of mean returns, we apply a t-
test for equality between means; we run each sub-
period against the total set in order to check if the 
mean of the first differences remains unaffected. 
Additionally, we conduct a regular F-test analysis, 
with sb a measure of variability of mean returns 
between different days and sp a pooled variance 
estimate which is a measure of the mean variability of 
returns within each group and nd the number of 
returns for the dth day (group size), and N the number 
of observations. Finally, we use the symbolfor the 
variability of the dth weekly returns. Likewise, the F-
test for the equality between their variances is 
applied; yet, F-test is known to be sensitive to non-
normality and for this reason we apply both Levene’s 
and Brown-Forsythe tests that add robustness to our 
results, since they are less sensitive to deviations 
from normality. More specifically the Levene statistic 
is defined as the F statistic where returns have been 
substituted with the absolute deviations of returns 
from the day average. Levene’s test, however, 
examines means whereas the B-F test uses median 
that has further statistical power on non-Gaussian 
data. Levene’s test statistic is given by: 2ds 

 
where k is the number of different groups, N is the 
total number of observations in all groups, Ni is the 
number of observations in the ith group, Yij is the 
value of the variable of jth observation from the ith 
group and Zij represents the mean and median of the 
ith group. In the Brown-Forsythe test the returns have 
been substituted with the absolute deviations of 
returns from the median for the specific period: 

 
where, zij=|yij-yj|, and yj is the median of the group j, 
p is the number of groups, nj is the number of 
observations in group j, and N is the total number of 
observations. The null hypothesis in all tests is by 
default that population variances are equal and in case 
rejected (at the 5% significance level), there is a 
difference in means, which in our case translates into 
a difference in the distribution of the mean returns of 
VIX, thus a different pattern in its behavior. 
 
IV. ANALYSIS 
 
For practical reasons we have named the three sub-
sets as follows: i) the pre-crisis period as ser0507, ii) 
the crisis period as ser0810, and iii) the post-crisis 
period as ser1117, as shown in figure 1. Table 1 
summarizes the basic statistical characteristics of the 
three data series while figure 1 shows the distribution 
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of the first differences of the weekly returns. The 
common distribution helps demonstrate disparities 
among series:  

Fig. 1: First differences, January 2005 to March 2017 

 
Table 1: Basic characteristics, first differences 

 
Although, mean values relatively close, dataseries 
range widely in kurtosis and skewness. A deeper look 
reveals big differences in median, skewness and 
kurtosis values among series, raising doubts about the 
equality of distributions, in particular about the 
equality of the volatility, as expressed via variance. 
Figure 2 further visualizes the differences in the 
variance patterns of the three series, but the question 
remains whether these can be proven statistically 
significant and lead to potential investment patterns 
of the market. Their relative boxplots also indicate a 
difference regarding the individual variance 
characteristics of each sub-period.  

 
Fig. 2: Distribution of first differences 

 
Strictly on statistical grounds, both t-tests and F-tests 
fail to reject the null hypothesis of equality of the 

means. It should be noted that the t-tests are run in 
pairs, in particular each sub-period against the whole 
sample (null hypothesis is µi=µall), whereas the F-
tests are run among the three sub-periods themselves 
(null hypothesis is µ1=µ2=µ3). Table 2 summarizes 
the results of calculations that show that high p-
values have yielded in all tests run. This is a strong 
indication that population mean does not change over 
time and remains probably unaffected by 
contemporary developments in the real economy. 
Such a conclusion comes as a surprise to the rational 
expectation that implied volatility (as a proxy of 
future expectations) should be influenced by 
macroeconomic events.  

Table 2: Tests of equality of means, all series 

 
More importantly, analysis of the patterns of the three 
dataseries is undertaken by the examination of the 
behavior of variance, as an indication of volatility. 
The F-test takes 
each sub-set against the total sample of the eleven 
years examined and results are reported in table 3. 
Here, results are mixed: two of the periods, that of the 
crisis (ser0810) and of the post-crisis (ser1117) do not 
reject the null hypothesis of equality of variance. Yet, 
for the first pre-crisis period (ser0507) the test rejects 
the null hypothesis thus concluding that the variance 
pattern is different from the total sample. Again, this 
comes contrary to the reasonable expectation that the 
crisis period (ser0810) should be the one, if any, to 
have peculiar variance characteristics.  

 
Table 3: Tests of equality of variances, all series 

 
 
Suspecting that the above results could be biased due 
to the weak strength of the regular F-test when the 
dataset is non-Gaussian, we continue our examination 
by using the Levene’s and Brown-Forsythe tests that 
allow a relaxation of the normality assumption. The 
first round involves a test among all three sub-periods 
(null hypothesis is µ1=µ2=µ3) and results are 
reported in table 4. Calculations show that the H0 of 
equality cannot be rejected, though marginally, 
raising doubts about the previous result found in table 
3 regarding the ser0507 period. We have strong 
indications that this is due to the non-parametric tests 
used in the latter case, thus leading us to assume that 
there are no differences in the variance patterns 
among all series.  
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Table 4: Non-parametric tests of equality of variances, all 
series 

 
 

Table 5: Non-parametric tests of equality of variances, in pairs 

 
 

Table 5 summarizes the non-parametric results of the 
tests when each time-series is taken in pair with the 
total: the null hypothesis of equality of variance 
cannot be rejected, leading us to assume that time-
series do not exhibit different patterns. Despite the 
global financial events that have taken place from 
2005 to 2017, real-economy developments fail to 
impose any effects on the behavior of volatility across 
time, contrary to similar research performed with 
high-frequency data. 
 
CONCLUSION 
 
This article’s goal has been to build upon the 
literature on the possible existence of changes in the 
behavior of volatility during time, and in relationship 
to macroeconomic developments. By observing the 
CBOE VIX we have covered three periods from 
January 2005 to March 2017, named as pre-crisis, 
crisis and a post crisis period, respectively. During 
these twelve years, the major equity markets have 
dropped significantly and returned to historical highs, 
currently having the DJIA at the level of 21,000. 
Based on our calculations, parametric and non-
parametric tests have failed to find significant 
statistical evidence to reject the null hypothesis of 
equality of means and variances. Tests were run 
among the three time-series, as well as between each 
series against the total sample. Thus, it appears safe 
to conclude that the population mean and variance 
remain unaffected by real economy facts and 
investors in the long-run adjust their behavior 
accordingly. The low-frequency returns seem to have 
a smoothing effect and future analysis with high-
frequency data and alternative econometric tools 
could be performed in order to draw relative results 
and compare possible discrepancies. Still, the main 
goal and contribution of this article is to draw 
conclusions for the long-term behavior of the market 
participants, avoiding technicalities that could make 
practical applications too complicated.  
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