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ABSTRACT 

We examine the impact of oil price uncertainty on U.S. stock returns by industry using the United States Oil Fund 

options implied volatility OVX index and a GJR-GARCH model. To do so, we test the effect of the implied 

volatility of oil on a wide array of domestic industries’ returns using daily data from 2007 to 2016, controlling 

for a variety of variables such as aggregate market returns, market volatility, exchange rates, interest rates, and 

inflation expectations. Our main finding is that the implied volatility of oil prices has a consistent and statistically 

significant negative impact on nine out of the ten industries defined in Fama and French (1997) 10-industry 

classification.  Oil prices, on the other hand, yield mixed results with only three industries showing a positive and 

significant effect, and two industries exhibiting a negative and significant effect. These findings are an indication 

that the volatility of oil has now surpassed oil prices themselves in terms of their influence on financial markets. 

Furthermore, we show that both oil prices and their volatility have a positive and significant effect on corporate 

bonds credit spreads. Overall, our results indicate that oil price uncertainty increases the risk of future cash flows 

for goods and services, resulting in negative stock market returns and higher corporate bond credit spreads.  
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1. Introduction 

Oil prices are known to be an integral part of the economy. The relation between oil prices and stock 

returns is, however, not as clear as one might think. While a plethora of papers have examined the impact of oil 

price movements on the stock market, academic research has not yet come to a consensus on the specific nature 

of the relationship. On the one hand, one can make a case for oil and equities to be negatively correlated, as 

higher oil prices trigger a rise in the cost of production for goods and services; this phenomenon can lower 

corporate earnings as well as households’ residual budgets and consumption levels, and thus affect stock market 

returns in general. On the other hand, one can also argue that oil and equities are positively correlated, as higher 

(lower) oil prices can cause oil and related energy companies’ profits to increase (decrease), a phenomenon that 

can boost (drag down) both the economy and the stock market overall. 

In this paper, we posit that financial markets react not so much to oil prices themselves but rather to the 

uncertainty of their direction, in other words, to the volatility of oil prices. Bernanke (1983) and Pindyck (1991) 

argue that as uncertainty in general increases, firms tend to delay future investment in capital equipment. 

Following that logic, the uncertainty and volatility of oil prices should play a major role in a firm’s decision 

making and subsequent profits, and consequently in stock market returns. Additionally, recent research shows 

that an increase in aggregate uncertainty in the macro economy results in lower future economic growth (e.g. 

Fernandez-Villaverde et al. [2011], Basu and Bundick [2012], Bansal et al. [2014], Bloom [2014], and Gilchrist 

et al. [2014]). Similarly, increased aggregate volatility is shown to depress the valuation of assets and to 

increase their risk premia (e.g. Bansal and Yaron [2004], Bansal et al. [2005], and Lettau et al. [2008]). 

Therefore, given the direct impact that oil prices have on the economy and corporate profits, it would appear 

intuitive to posit that oil price uncertainty can impact financial markets through its effect on future oil prices. In 

fact, Gao et al. (2017) argue that oil price uncertainty can capture significant information about economic 

growth and asset prices beyond other predictors of future economic conditions such as market volatility. 

Traditional studies have generally not focused on the volatility of oil prices and have therefore reached 

varying conclusions. Some research has lead to conclude that oil prices and financial markets are negatively 
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correlated. Hamilton (1983) for instance finds a strong negative correlation between crude oil price changes and 

the United States Gross Domestic Product (GDP onward) growth after World War II, a result later confirmed by 

Mork (1989). Jones and Kaul (1986) show that markets are fully rational in their stock price reaction to oil price 

movements as these fluctuations can justify significant differences in future cash flows to the economy. More 

recently, Jimenez-Rodriguez and Sanchez (2005) also find that the price of oil has a negative impact on the 

GDP growth of most countries examined in their paper, while Hondroyiannis and Papapetrou (2001) find a 

negative relation in Greece. More conclusions of a negative relation between oil prices and stock market returns 

can be found in Sadorsky (1999), Basher and Sadorsky (2006), Nandha and Faff (2008), Driesprong et al. 

(2008), Chen (2010), Basher et al. (2012) or Cunado and Garcia (2014). 

Other studies however find the relation between oil prices and the markets to be positive. For example, 

Mohanty et al. (2011) show that oil price shocks have a positive impact on Gulf Cooperation Council countries, 

a somewhat expected result given these countries’ reliance on oil exports. For non-oil-producing countries a 

significant drop in oil prices can also be an indication that global growth is decelerating, or can at least be 

perceived as such, causing again financial markets to fall and the economy to slow down. Lastly, the impact of 

lower oil prices on oil-exporting countries such as Russia, Venezuela or Brazil can also be the cause for concern 

about a new emerging debt market crisis. Conversely, higher oil prices tend to benefit the oil industry, which in 

turn can benefit the stock market. Conversely, rising oil prices can also be seen as a sign that the global 

economy is either on the rise or at least performing well, an incentive for firms and consumers to invest, thus 

benefiting both. Mollick and Assefa (2013) use a GARCH model to find a weak negative relation between oil 

prices and the US stock market before the 2007-2008 financial crisis, but a positive relationship both during and 

after the crisis. Kang et al. (2016) demonstrate that the positive relationship with oil prices and stock returns in 

the United States is due to the drastic increase in the United States oil production, while Tsai (2015) finds a 

positive relationship between oil prices and financial markets both during and after the 2007-2008 financial 

crisis, particularly in energy-intensive and manufacturing sectors. One potential explanation for this is that oil-
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demand shocks have a positive effect on the market as they reflect global economic growth, an interpretation 

consistent with Kilian and Park (2009) and Foroni et al. (2017).  

Lastly, some studies also find mixed or insignificant relationships. Huang et al. (1996) find no evidence 

of a relation between oil price futures and stock market returns. Wei (2003) argues that the decrease in U.S. 

stock prices in 1974 cannot be explained by the oil crisis of 1973 and 1974, while Miller and Ratti (2009) use a 

cointegrated vector error-correction model to find that oil prices have a negative relationship with the financial 

markets of six OECD countries but not after 1999. Using a VAR model, Lee et al. (2012) conclude that oil price 

shocks do not impact the stock indices of G7 countries, although they do impact some individual sectors. 

Finally, Sim and Zhou (2015) show that while a negative oil price shock could affect the US market, a positive 

one has a very weak effect.  

Various studies also find the volatility of oil prices to be an important component of the economy. Park 

and Ratti (2008) examine the impact of oil prices and oil volatility in the United States and 14 European 

countries. Their results show that oil price volatility has an inverse relationship with the markets in nine out of 

the 14 countries studied. This measure of oil price volatility remains statistically significant in seven of those 

nine countries after oil prices are included in their VAR model. Elder and Serletis (2010) measure oil price 

volatility as the conditional standard deviation of an oil price GARCH-in-Mean model forecasting errors and 

find that volatility in oil prices has a negative effect on investment, durable consumption, and GDP. Elyasiani et 

al. (2011) explore the volatility of both spot and futures oil prices and find that their volatility has a direct 

negative impact on some United States industries’ excess returns. Similarly, Jo (2014) uses a vector 

autoregressive stochastic volatility model to show that an increase in the volatility of oil prices has a negative 

impact on world industrial production. Diaz et al. (2016), using a GARCH and VAR model, find that increases 

in oil price volatility have an adverse impact on the stock markets of G7 countries. Finally, Gao et al. (2017) 

show – through a two-sector production model – that when the volatility of oil supply is high, firms tend to 

stock up on oil and do not invest in physical capital, resulting in a decrease in investment, consumption, and 

production. Despite the existence of studies linking oil volatility to various measures of investment and 
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production, there is a limited amount of research on the impact of oil volatility on financial markets and more 

specifically at the industry or sector level. Additionally, some measure of historical volatility of oil prices is 

typically used, with the challenges and possible biases that such an approach typically entails. Luo and Qin 

(2017) use an implied oil price volatility measure (OVX) and find that using a forward-looking oil volatility 

index has a significant and negative impact on the Chinese stock market while the impact of realized volatility 

is negligible, confirming the greater explaining power of a forward-looking measure. Therefore, rather than 

using a form of realized volatility, this paper contributes to the literature by using a forward-looking oil 

volatility measure to examine its impact on financial markets in the United States. 

Our paper studies the impact of oil price uncertainty on a variety of U.S. industries from 2007 to 2016 

using OVX daily data beginning in May of 2007, as well as on corporate bonds credit spreads. While data on 

crude oil prices have been available for decades, the OVX is the first crude-oil implied volatility index officially 

reported by the Chicago Board of Exchange (CBOE) and is calculated by applying the well-known CBOE VIX 

index methodology to the United States Oil Fund options spanning a wide range of strike prices. The CBOE 

approach – studied in detail by Aboura and Chevallier (2013) – essentially yields an implied volatility measure 

of oil prices. The idea behind using an implied oil volatility measure for our study relates to Peng and Ng 

(2012) who find that while financial contagion for major equity markets can sometimes not be clearly detected 

by stock market movements, links between markets can be better captured by examining the dependence 

between implied volatility indices. The implication of this finding is that implied volatility indices reveal 

changes in information more quickly than stock market indices do. Similarly, the OVX index provides 

information about future oil prices more quickly than current oil prices themselves, as the OVX implied 

volatility measure captures the market’s aggregate expectation of future oil volatility. While Park and Ratti 

(2008), Diaz et al. (2016) and Elyasiani et al. (2011) have shown – using a realized measure of oil price 

volatility – that oil price fluctuations are negatively correlated with stock prices, to the best of our knowledge no 

study has done so using an industry-level approach combined with a forward-looking implied volatility measure 

of oil price movements.  



 

 7 

The impact of oil price volatility on financial markets cannot be examined in isolation, however, as other 

factors such as exchange rates and monetary policy are already known to be closely linked to stock market 

returns. The economic literature has proposed a relationship between exchange rates and stock returns through 

their effects on companies’ overseas revenues. Phylaktis and Ravazzolo (2005) find that stock and foreign 

exchange markets are both positively related in the Pacific Basin. Similarly, Mollick and Assefa (2013) find 

United States stock returns to be positively affected by oil prices and a weaker USD/Euro rate after the 2007-

2008 financial crisis. Likewise, Bartram and Bodnar (2012) find that exchange rates have a significant impact 

on the stock returns of 37 countries including the United States. Yet, Griffin and Stulz (2001) show that the 

importance of exchange rate shocks is economically small, and Bartov and Bodnar (1994) find no correlation 

between abnormal returns and changes to the exchange rate. Finally, monetary policy has also been known to 

impact financial markets and the economy in general. Estrella and Mishkin (1996) argue that the yield 

difference between the 10-year Treasury note and the three-month Treasury bill is a better predictor of business 

cycles than any other financial and macroeconomic indicators. Thorbecke (1997) uses the federal funds rate in a 

VAR model and find that an expansionary policy by the Federal Reserve increases stock market returns. The 

significant impact of monetary policy on stock returns has also been examined in event studies such as 

Bernanke and Kuttner (2005) or Tsai (2013). For all these reasons, we therefore also control for the US Dollar 

exchange rate, the shape of the yield curve, and changes in the federal funds rate. 

 We find that nine out of the ten industries examined – as defined by Fama and French (1997) 10-

industry classification – have their stock returns negatively influenced by oil price volatility. Additionally, oil 

price returns have a positive and significant impact on only three industries and have a negative and significant 

impact on two industries. These results show that higher oil prices are not necessarily a negative factor for 

equity markets but that the uncertainty of where they are headed is. These findings also demonstrate the 

importance of analyzing stock returns with both oil prices and oil volatility, as oil volatility reveals to be a more 

consistent predictor of industry returns than oil prices themselves. Additionally, we find that oil price 

uncertainty and crude oil prices also have a positive and significant impact on the credit spreads of both AAA 
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and BBB corporate bonds, demonstrating that oil price and oil volatility have an  influence on credit spreads. 

Lastly, we investigate the asymmetric effect of oil volatility changes on all the sectors included in this study as 

well as on corporate bonds credit spreads. The results show that oil volatility fluctuations do not have any type 

of asymmetric effect on most industries nor on corporate bond credit spreads.  

This paper differs from previous studies in several ways: first, in view of the prominence of oil as an 

integral component of the domestic production of goods and services, it is essential to consider how the 

volatility of oil prices impacts financial markets returns not just in an ex-post historical way but in an ex-ante 

forward-looking manner. This is made possible by the use of the fast-adjusting forward-looking OVX implied 

oil volatility index instead of a realized historical measure of oil volatility. Second, examining the impact of oil 

price volatility on a variety of industries rather than on an aggregate market measure offers additional 

information about how oil uncertainty possibly impacts various sectors in the United States differently. Third, 

using daily rather than monthly data provides more accurate insights on how oil volatility impacts stock returns 

at a higher frequency and has the additional benefit of providing more observations to the study. Fourth, to 

measure market uncertainty with conditional volatility over time, we use a Generalized Autoregressive 

conditional heteroscedasticity model following Glosten et al. (1993) (GJR-GARCH) to analyze the dynamic 

impact of the implied volatility of oil prices. Finally, to the best of our knowledge, we are the first to examine 

the impact of an increase in the implied volatility of oil on corporate bond credit spreads. 

The remainder of this paper is structured as follows. Section 2 describes the data and methodology. 

Section 3 presents the empirical results, Section 4 examines the asymmetric effect of volatility changes on 

financial markets, Section 5 examines the effect of oil price uncertainty on credit spreads, and Section 6 

concludes.  

 

 

 



 

 9 

2. Data and methodology  

We collect daily data from May 10th 2007 to December 30th 2016 – yielding a sample of 2,429 

observations – from a variety of sources 1 : the measure of implied oil price volatility – OVX – is obtained from 

the CBOE; the federal funds rate, three-month Treasury bill, ten-year Treasury bond, ten-year TIPS, trade-

weighted exchange rate of the U.S. Dollar, Moody’s seasoned corporate bond data, are collected from the 

Federal Reserve website; the S&P 500 index levels adjusted for dividends and WTI cude oil prices are obtained 

from Datastream; and finally, the Fama-French 10 industries’ returns are retrieved from the Kenneth French’s 

data library 2. While one could argue that using daily data may add noise to the model, financial markets tend to 

react to contemporaneous data rather than to information from the previous weeks or months. As a result, many 

studies accordingly work with information collected at the daily frequency (e.g. Mollick and Assefa [2013], 

Tsai [2015], or Luo and Qin [2017]) and, as such, we choose to follow the same approach. 

The ten industries’ portfolios are created following Fama and French’s (1997). The benefit of selecting 

these portfolios is that they include all stocks listed on the NYSE, AMEX, and NASDAQ index. Appendix A 

provides a list of the aforementioned industries as well as their abbreviations 3.  

 We apply a GJR-GARCH model to examine the impact of oil price uncertainty on the various industries. 

The GARCH family model is adopted for its parsimony and its ability to capture conditional time-varying 

volatility levels of stock (industry) returns (Glosten et al. [1993], Engle [2004], Cifarelli and Paladino [2010], 

Elyasiani et al. [2011], and Mollick and Assefa [2013]). The GJR-GARCH model is more specifically chosen 

for its ability to allow for the asymmetric effect of shocks on volatility (Glosten et al. [1993]). The model is 

described by:  

0 1 2 3 4 5 6 7 8 9 ,( 1)i M VIX i tOVX OIL teR R R tR R s rR R                          (1) 

                                                           
1 The initial date of the sample period is governed by the availability of the implied oil volatility measure (OVX). 

2 Downloaded from Kenneth French’s data library: mba.tuck.dartmouth.edu/pages/faculty/ken.french 

3 For details about how SIC codes align with each industry, see Fama and French (1997). 
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where Ri represents the return of industry i. On the right-hand side, we set p and q to 1 (with no significant 

impact on results) and use the following predictor variables: ROVX, ROIL, RM, RVIX, Re, Δπ, Δts, and Δr. The first 

predictor ROVX is the return on the oil price volatility index (OVX) designed to examine the impact of oil price 

uncertainty on industry returns. The second predictor ROIL denotes the return of WTI (West Texas Intermediate) 

crude oil prices, designed to gauge how movements in the oil market impact industry returns.. The third 

predictor RM represents the total return of the S&P 500 index that includes dividends and controls for changes in 

the macroeconomy and business cycles (i.e., consumption demand). The fourth predictor RVIX denotes the return 

of the VIX index, intended to control for global uncertainty and risk aversion not captured by the returns of the 

S&P 500. Another important reason for the presence of RVIX in the list of regressors is out of concern that 

macroeconomic and consumption demand uncertainty could be driving oil market uncertainty and thus that an 

increase in the VIX could be causing an increase in the OVX index – and therefore that the VIX would really be 

the element driving equity returns. By including both the VIX and OVX indices in the regression, we are able to 

isolate their respective effects on equity markets. The fifth predictor Re represents the return of the Trade-

Weighted exchange rate of the U.S. Dollar (following Tsai [2015]) to control for the documented impact of 

exchange rates on stock returns (also see for instance Phylaktis and Ravazzolo [2005], Mollick and Assefa 

[2013], or Bartram and Bodnar [2012]). The sixth predictor Δπ denotes the change in expected inflation 

computed as the difference between the 10-year Treasury bond and 10-year “inflation protected” TIPS, 

following Mollick and Assefa (2013) and should have a direct impact on industry returns since theory shows an 

inverse relationship between expected inflation and expected earnings growth and equity returns. The seventh 

predictor Δts is the difference between the 10-year Treasury bond and the 3-month Treasury bill – following 

Mollick and Assefa (2013) and Tsai (2015) – and is designed to control for macroeconomic conditions as 



 

 11 

Estrella and Mishkin (1996) argue that this variable is a better predictor of business cycles than other financial 

and macroeconomic indicators with predictive power on equity returns. The last predictor Δr is the change in 

the federal funds rate, following Tsai (2015), chosen to control for monetary policy shown to have a direct 

impact on equity returns (for example Thorbecke [1997], Bernanke and Kuttner [2005]). Finally, the error term 

is denoted by εt
4.  

 

3. Empirical results  

We report the main summary statistics in Table 1. Daily statistics are chosen to avoid the artificial 

magnifying of some of the variables. For instance, a minimum value of -12% for oil price returns in the full 

sample as seen in Table 1 would get converted to an astonishing -12%x252 = -3,024%, an obviously 

nonsensical annual figure for a rate of return. The inflation, term structure, and federal funds rate variables show 

mean and median values close to zero. The OVX, S&P 500 index, VIX and exchange rate returns variables are 

however more positive with annualized equivalent mean levels of about 37%, 6%, 74% and 2% respectively. 

Overall, the skewness and kurtosis levels do indicate non-normality. The non-symmetrical nature of the 

distributions is even more apparent when one compares the mean levels to the median values, with even the 

signs drastically changing in the case of OVX and the VIX. This finding is not at all surprising given that our 

sample includes the 2008 financial crisis, confirmed by the large standard deviation levels found across several 

of the variables.  

Figure 1 displays OVX oil volatility index levels, WTI oil prices, S&P 500 index, VIX levels (left), and 

their corresponding returns (right). While oil prices seem to dip in unison with the S&P 500 index in 2008 and 

subsequently appear to rise along with the market when the latter recovers, the OVX index tends to move in an 

opposite fashion. During the financial crisis of 2008, OVX levels spiked when the stock market plummeted, and 

more generally, spikes in oil volatility values tend to correspond to decreases in S&P 500 levels. The return 

                                                           
4 Following the literature, all return variables are calculated using a log transformation of the levels in order to obtain continuously 
compounded returns.  
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plots additionally tend to demonstrate that OVX returns are much more volatile than the S&P 500, with daily 

spikes reaching over 40% in magnitude. Additionally, while the OVX and VIX appear to move in similar 

fashion, there does appear to be quite a difference in magnitude of returns.  

Figure 2 plots US Dollar exchange rates, federal funds rate, term structure yield, and inflation 

expectations on the left and their corresponding returns on the right. The US Dollar experiences a significant 

amount of volatility during the financial crisis, but subsequently, after 2012, begins appreciating.  Prior to the 

crisis, the federal funds rate was around five percent. During the crisis, however, the Federal Reserve rapidly 

brought the rate down near zero, where it has approximately remained since. The difference between the ten-

year Treasury-Bond and the 3-month Treasury-Bill rose from near-zero pre-crisis levels to slightly below four 

percent during the crisis and has remained between two and three percent since 2011. Finally, inflation 

expectation sharply fell during the financial crisis, but has since returned to pre-crisis levels.  

Table 2 reports the various cross-correlations levels. The implied oil price volatility OVX index shows a 

-33% correlation level with the S&P 500 index, while oil price returns display a 35% correlation level with the 

S&P 500 index, indicating how important and different both oil prices and their volatility are in their relation to 

the stock market in general. Additionally, with respect to the VIX, the OVX index and oil prices show 

correlation levels of 43% and -26% respectively. Lastly, implied oil price volatility levels appear negatively 

correlated with expected inflation and differences in the yield curve, and positively correlated with the federal 

funds rate.  

Intuitively, one may posit that the macro economy is what drives crude oil prices and that oil prices 

should thus follow the S&P 500 index. For instance, Schalck and Chenavaz (2015) find that exchange rates, 

shifts in global demand, and the S&P 500 index are all determinants of oil commodity returns. Therefore, it 

would stand to reason that macroeconomic uncertainty would drive oil market uncertainty and thus that the 

OVX should presumably follow the VIX. Consistent with this intuition, Robe and Wallen (2016) do indeed 

show that the VIX, among other variables, displays some explanatory power in various oil implied volatility 

measures. Conversely, one may also, as we do, argue that movements in the oil market affect the economy as 
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well as the stock market (Baumeister and Kilian (2016) investigate the impact of the oil market on the US 

economy, with Hamilton (2016) providing an extensive review of the article) and therefore that the OVX can 

cause changes in the VIX itself. We therefore proceed to test the direction of the causality, if present, between 

the OVX and VIX indices.  

Table 3 reports Granger causality test results showing that the VIX causes movements in the OVX. 

However, we additionally find that OVX also causes movements in the VIX, leading to the conclusion that the 

two measures are closely intertwined. Additionally, our results indicate that the price of oil also causes 

movement in the S&P 500 index. To account for this dual causality, we include both the OVX and the VIX in 

the list of our GJR-GARCH model regressors.  

Table 4 reports the GJR-GARCH estimates for the full sample period 5. The results show that nine out of 

the ten industries display a negative and significant relationship with implied oil volatility. Oil prices, on the 

other hand, show a positive and statistically significant effect in only three of the ten industries and a negative 

impact on two industries, a result challenging the previous literature examining oil prices on industry returns 

without incorporating oil volatility into the model (Elyasiani et al. [2011], Tsai, [2015]). This finding 

demonstrates the necessity to include oil volatility in any framework designed to examine the impact of oil on 

stock returns. While this result may appear somewhat puzzling at first, it can be explained by the fact that oil 

prices and implied oil volatility (OVX) tend to be negatively correlated in the same way that the S&P 500 and 

its implied volatility (VIX) tend to be negatively correlated. Additionally, our finding is related to Peng and Ng 

(2012) who find that implied volatility indices can capture important information before the corresponding 

market. Although the analogy might appear slightly counterintuitive, our results confirm the notion that a 

decrease in oil prices can often be perceived by investors as symptomatic of a cooling down of the global 

                                                           
5 While Table 2 reveals somewhat elevated correlation levels between some independent variables, the Variance Inflation Factor 

(VIF) demonstrates that there are no multicollinearity issues with the model.  
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economy and thus a cause for concern, and correspondingly that the market can view an increase in oil prices as 

a sign of global recovery or at least as an indication of future positive economic times 6.  

Our results are consistent with various studies such as Mollick and Assefa (2013) who find that United 

States stock returns are positively correlated with oil prices since 2008, Tsai (2015) who finds that oil prices 

have a more positive impact on industry returns since 2009 compared to prior to 2007, and Wang et al. (2013) 

who - using Kilian and Park’s (2009) framework - find that since 1999 oil price shocks have no impact on oil-

importing countries such as the United States: while we find that more industries are positively rather than 

negatively related to oil prices, not all industries are impacted by changes in the price of oil. Industries also do 

not all display the same relationship with oil, indicating the need to analyze the relation at the industry level.  It 

is also important to note that the Arch, Garch, and Tarch coefficients of the GJR-Garch model are generally 

statistically significant, demonstrating the value of allowing for asymmetry or leverage effects in the shocks 7 8. 

As a robustness check, we also run the same regressions on the 49-industries as identified by Fama and 

French (1997) and find similar results, further demonstrating oil volatility’s superior impact compared to oil 

prices themselves (not reported here in the interest of space but available upon request). Additionally, the VIX – 

used here to control for the uncertainty of the future of the macroeconomy – only shows a negative and 

significant relationship with the healthcare and business equipment industries and a positive and significant 

relationship with the “other” industry category. The result that oil price uncertainty has more of an impact than 

the VIX on stock returns may seem surprising, but a similar conclusion is found in Gao et al. (2017) when 

examining future economic growth.  

While the focal point of this paper is the subject of the impact of oil price volatility on various sectors, a 

byproduct of controlling for a variety of other variables is the identification of their statistical relevance. Table 4 

                                                           
6 Comparable results are obtained when separating the sample between before-and-after the 2008 financial crisis.  
7 Similar conclusions are nevertheless obtained when using a more traditional Garch model.  
8 We also test for possible endogeneity in the unlikely event where a given industry return were to affect a right-hand side 
independent variable. We compute correlation levels between each independent variable and the error terms, for each industry, 
yielding a total of 80 correlations. Their values are very close to zero, thus alleviating the endogeneity concern and its potential 
effect on the results.  
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shows that the effect of the aggregate market – a gauge of the macroeconomy – is statistically significant in all 

industries. Additionally, a weaker dollar is positively related to the returns of three industries and negatively 

related to one. Similarly, changes in inflation expectations show a positive and significant relationship with 

eight industries. Similar results are found in Mollick and Assefa (2013) who postulate that returns responding 

positively to expectations of higher inflation and/or of higher oil prices are likely due to the anticipation of a 

recovery from an economic trough. Finally, a steepening of the yield curve has a negative and significant 

impact on two industries and a positive impact on one industry while the federal funds rate provides negligible 

results.  While these variables could have been expected to be statistically significant predictors in our model, it 

is likely that part of their impact is already captured by the returns of the S&P 500.  

 

4. Asymmetric effect of oil volatility on financial markets 

 In this section, we explore one additional characteristic of the implied volatility of oil and its effect on 

financial markets. The asymmetric effect of oil prices on equities has frequently been investigated in the 

literature (see for instance Park and Ratti [2008], Adetunji Babatunde et al. [2013], Wang et al. [2013], or 

Herrera et al. [2015] to name a few), but to the best of our knowledge, the asymmetric effect of oil volatility on 

financial markets has not yet been examined. Since some asymmetric reactions of equity markets to other 

implied volatility measures such as the implied volatility of the S&P 500 index (Hibbert et al. [2008]) and the 

implied volatility of the Euro (Daigler et al. [2014]) have been established, one might expect to find an 

asymmetric effect of implied oil price volatility on the returns of the various industries examined in this paper. 

If such an effect is confirmed, it would indicate that investors do not react to an increase in oil price volatility in 

the same way that they react to a decrease of it.  

Following previous work on the asymmetric effect of oil prices (for example see Mork [1989] or Park 

and Ratti [2008]), we separate the oil implied volatility returns into positive and negative time series defined by: 

max(0, ) and min(0, )
t t t tOVXP OVX OVXN OVXR R R R             (3) 
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Furthermore, we input both ROVXP and ROVXN  into equation (1) and use ROVXP, ROVXN, ROIL, Re, Δπ, Δts, Rg, and Δr 

as predictors of Ri . To test for asymmetry, we implement a Chi-square (χ2) test, with the null hypothesis 

positing that the coefficients on the positive and negative oil volatility returns are equal.  

 Table 5 reports the estimated coefficients for ROVXP and ROVXN as well as the results of the pair-wise 

equality Chi-square tests on the said coefficients for all industries. The results show that no industry displays 

any asymmetric response to oil price volatility changes. We therefore conclude that industry returns overall do 

not show an asymmetric response to oil volatility changes: a similar conclusion is drawn by Park and Ratti 

(2008), Adetunji Babatunde et al. (2013), Wang et al. (2013), and Herrera et al. (2015) in their examination of 

asymmetric reactions to oil price shocks. 

 

5. Credit spreads and oil price uncertainty 

 Lastly, in addition to examining how oil price uncertainty affects equity markets, we also examine its 

impact on the larger bond market. More specifically, we investigate whether an increase in the implied volatility 

of oil drives corporate bond credit spreads upward. Such a result would indicate that the effect of oil uncertainty 

is not limited to equities but extends to the bond market as well, with oil uncertainty being captured in the form 

of a higher risk premium. We follow Angelidis et al. (2015) and define credit spreads as the difference between 

Moody’s seasoned corporate bond yield and the ten-year Treasury constant maturity rate, for both AAA and 

BBB-rated bonds. While these two default spreads are obviously correlated, we would nevertheless expect to 

possibly find subtle differences as investors may react to the riskier BBB bonds differently than to the AAA 

ones.   

 To examine the impact of implied oil volatility and oil prices on corporate bonds credit spreads, we 

regress the change in the default spread Δdf  on all the prior variables of equation (1) as well as on a lagged 

value of Δdf  for both the AAA and BBB default spreads, yielding: 

0 1 2 3 4 5 6 7 8 9 ( 1)M VIX tOV tX OIL eRdf R R dfR R ts r                           (4) 
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Table 6 reports the GJR-GARCH estimates for both AAA and BBB-rated credit spreads. The results 

show that oil price volatility and the price of crude oil both indeed have a positive relationship with AAA and 

BBB corporate bonds default spreads, while the S&P 500 has a negative and significant impact. Additionally, a 

depreciation of the U.S. dollar, a flatter yield curve, and lower inflation expectations all lead to higher credit 

spreads. For completeness, we conclude this analysis by checking whether implied oil price volatility has any 

type of asymmetric effect on default spreads. Table 7 shows that default spreads do not display an asymmetric 

response to changes in oil price uncertainty for AAA bond spreads, but show a weak asymmetric impact on 

BBB bond spreads at the 10% level.  

 

6. Conclusion  

 This paper applies a GJR-GARCH model to changes in option-implied oil volatility levels and industry 

returns stretching from 2007 to 2016 to analyze the impact of oil price uncertainty on a broad array of United 

States industries as classified in the Fama and French (1997)’s 10-industry grouping methodology, as well as on 

the credit spreads of AAA and BBB-rated corporate bonds. We estimate oil uncertainty with the OVX index, a 

forward-looking measure of implied oil price volatility published by the Chicago Board of Exchange since 

2007. Controlling for a wide range of variables, our GJR-GARCH estimates reveal that implied oil volatility has 

a statistically significant negative impact on nine out of ten industries. Oil prices are on the other hand much 

less consistent, with only three industries having a positive and significant relationship and two being negatively 

related. Additionally, implied oil volatility and changes in crude oil prices have a positive and significant impact 

on corporate credit spreads. 

Prior literature generally uses a variety of realized oil price volatility measures to find evidence of the 

negative impact of oil volatility on the market at the aggregate level in the United States and other countries 

(Park and Ratti [2008], Elder and Serletis [2010], Elyasiani et al. [2011], Jo [2014], or Diaz et al. [2016]). 

Historical volatility measures are however backward-looking as well as sensitive to the look-back window’s 

selected length, and due to their moving-average nature, unable to react quickly to world events or new 
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information in general. Our paper contributes to the literature by examining the impact of oil volatility across a 

broad spectrum of sectors using a forward-looking volatility measure capable of adjusting rapidly to new 

information, and demonstrates oil volatility’s statistically significant direct negative impact on the market at the 

sector level. The impact of oil implied volatility is felt more consistently and for more industries than the 

direction of oil prices themselves, making a case for the need to include a forward-looking oil volatility measure 

whenever studying the impact of oil on financial markets including in studies focusing on oil supply, demand, 

shocks and their effect on the stock market. 
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Table 1: Descriptive Statistics 

This table provides descriptive statistics for all variables for the full sample from May 

2007 to December 2016 (2,429 observations). Mean, median, standard deviation (SD. 

Dev), minimum value (Min), maximum value (Max), Skewness and Kurtosis are 

provided for all variables. ROVX represents the return on the oil volatility index. Roil 

denotes the return on the West Texas Instrument crude oil price. Rm is the return of the 

aggregate stock market including dividends (S&P 500). Rvix denotes the return of the 

VIX. Re represents the return on the trade-weighted exchange rate of the US dollar. Δπ 

is the change in inflation expectation calculated as the difference between the ten-year 

Treasury-Bond and ten-year TIPS. Δts is the change in the term structure computed as 

the difference between the ten-year Treasury-Bond and 3-month Treasury-Bill. Δr 

represents the change in the federal funds rate. 

 

Variables Mean Median SD. Dev Min Max Skewness Kurtosis 

ROVX 0.0001 -0.0031 0.0490 -0.4400 0.4250 0.6856 12.9758 

Roil -0.0001 0.0002 0.0253 -0.1283 0.1641 0.1600 7.4069 

Rm 0.0003 0.0007 0.0134 -0.0946 0.1100 -0.3117 12.6805 

Rvix 0.0000 -0.0059 0.0744 -0.3510 0.4050 0.6214 6.0473 

Re 0.0001 0.0001 0.0050 -0.0411 0.0248 -0.378 7.4864 

Δπ -0.0002 0.0000 0.0387 -0.0036 0.0033 -0.2723 12.3804 

Δts 0.0009 0.0000 0.0773 -0.5200 0.7400 0.006 0.2879 

Δr -0.0019 0.0000 0.0816 -0.0095 0.0105 -0.4284 67.2621 
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Table 2: Correlations 

This table provides the correlation of the variables for the full sample from May 

2007 to December 2016 (2,429 observations). ROVX represents the return on the oil 

volatility index. Roil denotes the return on the West Texas Instrument crude oil 

price. Rm is the return of the aggregate stock market including dividends (S&P 

500). Rvix denotes the return of the VIX. Re represents the return on the trade-

weighted exchange rate of the US dollar. Δπ is the change in inflation expectation 

calculated as the difference between the ten-year Treasury-Bond and ten-year 

TIPS. Δts is the change in the term structure computed as the difference between 

the ten-year Treasury-Bond and 3-month Treasury-Bill. Δr represents the change 

in the federal funds rate.  

  ROVX Roil Rm Rvix Re Δπ Δts 

Roil -0.3168       

Rm -0.3302 0.3472      

Rvix 0.4316 -0.2617 -0.7526     

Re 0.1232 -0.3201 -0.2014 0.1201    

Δπ -0.2156 0.3625 0.3504 -0.2877 -0.2495   

Δts -0.1509 0.1680 0.2211 -0.2077 -0.0427 0.2508  
Δr 0.0061 0.0034 -0.0852 0.0363 0.0122 -0.0633 -0.0568 
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Table 3: Granger Causality Tests 

This table reports Granger causality tests results for 

ROVX and RVIX and for ROIL and RM, for the full 

sample full sample from May 2007 to December 

2016 (2,177 observations). Significance is shown at 

the 10% (*), 5% (**) and 1% (***) levels. 

 

Equation Excluded 
Chi-

Squared 
df p-value 

RM ROIL 1.504 2 0.472 

ROIL RM 18.76 2 0.000*** 

ROVX RVIX 26.494 2 0.000*** 

RVIX ROVX 6.389 2 0.041** 
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Table 4: GJR-GARCH Model Results  

This table presents the results for the full sample time period May 2007 – December 2016 (2429 observations) where the dependent variable is Ri which are the 

return of the industry. ROVX represents the return on the oil volatility index. Roil denotes the return on the West Texas Instrument crude oil price. Rm is the return 

of the aggregate stock market including dividends (S&P 500). Rvix denotes the return of the vix. Re represents the return on the trade-weighted exchange rate of 

the US dollar. Δπ is the change in inflation expectation calculated as the difference between the ten-year Treasury-Bond and ten-year TIPS. Δts is the change in 

the term structure computed as the difference between the ten-year Treasury-Bond and 3-month Treasury-Bill. Δr represents the change in the federal funds rate.  

Ri,(t-1) represents the lagged return of the industry listed at the top of the column. See Appendix A for details about industries. Robust standard errors are listed in 

parentheses. Significance is shown at 10% (*), 5% (**) and 1% (***) levels. Coefficients are multiplied by 100 to make them easier to read. 

 

Industry ROVX Roil Rm Rvix Re Δπ Δts Δr Ri,(t-1) ARCH TARCH GARCH 

NoDur -0.69*** -0.88* 84.59*** -0.13 -0.17 45.33 0.04 -2.80 3.68*** 6.56*** -2.55* 93.67*** 

 (0.245) (0.533) (2.140) (0.249) (2.416) (37.174) (0.162) (22.367) (1.124) (1.742) (1.494) (1.613) 

Durbl -0.77** -0.25 110.00*** 0.23 -5.98* 172.29*** 0.25 12.16 8.32*** 9.22*** -5.76*** 92.61*** 

 (0.347) (0.822) (2.878) (0.341) (3.424) (58.620) (0.245) (27.276) (1.167) (2.031) (1.646) (1.883) 

Manuf -0.85*** 3.68*** 108.04*** 0.19 -8.57*** 126.38*** 0.28 24.42 7.19*** 10.58*** -4.65** 89.87*** 

 (0.304) (0.644) (2.449) (0.301) (2.645) (41.756) (0.198) (23.641) (1.028) (2.446) (1.983) (2.378) 

Enrgy -1.22** 32.85*** 108.40*** 0.14 -21.15*** 270.43*** -0.28 41.60 5.66*** 12.06*** -5.80** 90.29*** 

 (0.578) (1.519) (3.838) (0.517) (5.123) (77.164) (0.251) (38.892) (1.306) (3.289) (2.456) (2.466) 

Hitec -0.99*** 0.84 89.88*** -0.52* -2.05 104.43** 0.08 16.35 7.91*** 7.72*** -4.20** 93.07*** 

 (0.316) (0.657) (2.375) (0.304) (2.764) (45.457) (0.203) (22.176) (1.159) (1.892) (1.710) (1.591) 

TelCm -0.87** 0.01 102.97*** 0.21 -0.24 92.85* -0.40* 21.14 5.00*** 8.03*** -5.34*** 93.75*** 

 (0.399) (0.793) (2.758) (0.356) (3.416) (52.683) (0.230) (27.779) (1.292) (2.061) (1.878) (1.595) 

Shops -0.83*** -1.48** 98.68*** 0.36 5.19* 71.04* 0.32 -15.38 4.97*** 8.56*** -3.56** 92.57*** 

 (0.278) (0.616) (2.149) (0.260) (2.677) (41.540) (0.196) (24.748) (1.078) (1.749) (1.551) (1.395) 

Hlth -1.32*** -0.15 75.40*** -0.99*** 1.78 112.65** 0.04 18.78 12.26*** 8.49*** -3.03* 92.63*** 

 (0.375) (0.857) (2.738) (0.373) (3.508) (52.821) (0.210) (28.527) (1.424) (1.910) (1.598) (1.465) 

Utils 0.08 2.38*** 72.95*** -0.00 -4.68 -52.74 -0.94*** 20.56 -2.23 6.75*** -1.49 93.23*** 

 (0.325) (0.755) (2.441) (0.308) (2.990) (41.224) (0.254) (30.571) (1.493) (2.373) (1.918) (1.990) 

Other -0.50** 0.12 91.37*** 0.60** 2.47 92.89*** 0.40** -16.80 2.47** 12.57*** -3.68** 87.11*** 

  (0.241) (0.508) (2.173) (0.270) (2.314) (35.234) (0.179) (26.377) (1.131) (2.199) (1.870) (2.237) 
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Table 5: Coefficient Tests of Asymmetric Effect of Oil Price Volatility Changes on Industry Returns 
 

            
This table reports the results of the chi-square (χ2) test of the null hypothesis of no asymmetry under a GJR-GARCH model 

with (ROVXP) and (ROVXN) being the positive and negative values of oil price volatility for the full sample time period 

May 2007 – December 2016 (2429 observations). The variables ROIL, Rm, Rvix Re, Δπ, Δts, Δr, and Ri,(t-1) are included in 

the model but are not shown due to space constraints. The χ2 coefficient is given for each industry. . See Appendix A for 

details about industries Robust standard errors are in parentheses. Statistical significance is displayed at the 10% (*), 5% (**) 

and 1% (***) levels. Coefficients are multiplied by 100 to make them easier to read. 

 

Variables NoDur Durbl Manuf Enrgy Hitec TelCm Shops Hlth Utils Other 

ROVXP -0.46 -1.03** -0.79* -0.87 -0.77* -0.75 -0.97*** -1.00** 0.35 -0.41 

 (0.325) (0.450) (0.411) (0.763) (0.415) (0.520) (0.365) (0.477) (0.430) (0.314) 

ROVXN -1.02*** -0.41 -0.94** -1.69** -1.27*** -1.04** -0.63* -1.78*** -0.31 -0.62* 

 (0.336) (0.477) (0.377) (0.796) (0.416) (0.499) (0.367) (0.500) (0.409) (0.329) 

χ2 coefficient 1.57 0.98 0.08 0.6 0.83 0.66 0.52 1.43 1.45 0.26 
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 FIGURE 1 

Time Series of Levels and Returns for the OVX, WTI Crude Oil, S&P 500 Index, and the VIX 

Note. This figure displays the oil volatility index (OVX), WTI oil prices, S&P 500 index, and the VIX both in 

levels (left) and in returns (right) for the full sample going from May 2007 to December 2016.  
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FIGURE 2 

Time Series of Levels and Returns for the US Dollar Exchange Rate, Federal Funds Rate, Term Structure Yield, 

and Inflation Expectations 

Note. This figure reports the trade-weighted exchange rate of the US dollar, Federal Funds rate, term structure 

yield and inflation expectations both in levels (left) and in returns (right) for the full sample going from May 

2007 to December 2016. 
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Appendix A (Abbreviations follow the industry nomenclature of Kenneth French’s data library) 

 

Abbreviation Industry  

NoDur Consumer Non-Durables -- Food, Tobacco, Textiles, Apparel, Leather, and Toys 

Durbl Durables -- Cars, TV's, Furniture, and Household Appliances 

Manuf Manufacturing -- Machinery, Trucks, Planes, Chemicals, Office Furniture, Paper, and Commercial Printing 

Enrgy Oil, Gas, and Coal Extraction and Products 

Hitec Business Equipment -- Computers, Software, and Electronic Equipment 

TelCm Telephone and Television Transmission 

Shops Wholesale, Retail, and Some Services (Laundries, Repair Shops) 

Hlth Healthcare, Medical Equipment, and Drugs 

Utils Utilities 

Other Mines, Construction, Construction Materials, Transportation, Hotels, Business Services, Entertainment, and Finance 
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