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Abstract

In this paper, we investigate the predictive power of commodity option

implied volatility spreads regarding their underlying futures contracts. For

this purpose, we examine 5-minute options and futures data for seven different

commodities and perform predictive regression analyses. The results reveal

a consistent pattern where implied volatility spreads have a positive effect

on their underlying’s return, showing that implied volatility spreads predict

subsequent returns of the underlying at high frequencies. In contrast, an

implied volatility spread calculated as a 1-hour rolling window average has a

negative effect on the underlying’s return indicating some price reversal after

delta hedging by market markers. Lastly, taking absolute implied volatility

spreads as a proxy for market quality, we document an improvement after the

financialization and electronification of commodity markets.
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1 Introduction

Put–call parity (PCP) is among the most prominent no-arbitrage relationships. Its

appeal is that it does not rely on assumptions about the data generating process of

the underlying asset’s price or other assumptions of option-pricing models. Some

empirical studies of PCP violations find that these arbitrage opportunities are not

actually tradable when market features are taken into account.1 Others. however,

show that deviations from PCP, measured by the differences in implied volatilities of

matching call and put option pairs, have predictive power for individual future stock

returns (Cremers and Weinbaum, 2010) and aggregate short-run market returns over

different time horizons (Atilgan et al., 2015; Cao et al., 2020). The most common

explanation is the pooling equilibrium model of Easley et al. (1998). In this model,

implied volatility deviations can be interpreted as the result of informed traders

who prefer to trade in the options market over the underlying’s market, mainly due

to leverage and hiding private information. If this is the case option prices carry

information that is predictive of the price movement of its underlying.

For the equity market, this prediction is widely researched (e.g., Bali and

Hovakimian, 2009; Cremers and Weinbaum, 2010; An et al., 2014; Atilgan et al.,

2015; Cao et al., 2020, 2024; Muravyev et al., 2025). There also exists evidence

for equity index options (Chen and Liu, 2020) and options on corporate bonds

(Cao et al., 2023). Extant literature has analyzed data at the daily frequency. In

today’s electronic markets, however, trading takes place at a much higher frequency

and informational advantages can be very short-lived. Thus, an intraday analaysis

is warranted for modern data. Also, to our knowledge, there is no evidence

regarding the predictability of option implied volatility spreads (IVS) of commodity

futures options. Thus, we contribute to the literature by investigating the intraday

predictive power of commodity futures options IVS on their underlying futures

returns.

We sample 5-minute prices of seven different commodities. Commodity futures

1See, e.g., Brenner and Galai (1986), Kamara and Miller (1995), Klemkosky and Resnick (1979,
1980), and Nisbet (1992).
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are particularly suited for this analysis because in contrast to stocks they are

not subject to short-sale constraints or dividend payments. Sampling at intraday

frequency allows for a deeper understanding of the potential microstructure effects

driving the results. The sample spans 26 years from 1996 to 2021 including the

financialization of commodity markets. We use two distinct IVS measures and test

their predictive power in regressions of 5-minute returns. The first IVS measure

requires matching call and put options having to be traded within the same 5-minute

period, whereas the second IVS measure is computed from a 1-hour rolling window

average over matching call and put option implied volatilities, separately. The

difference between those two averages is the second IVS measure. Thus, one measure

considers the IVS of the most recent point in time when trades in both the call and

put were executed, while the other measure takes a longer consideration period into

account.

We estiamte predictive regressions to jointly test the predictive power of the two

IVS measures. The estimates reveal a clear pattern. In the short term (5-minutes),

IVS predicts subsequent returns with a positive coefficient in line with the results of

prior literature (e.g., Atilgan et al., 2015; Cao et al., 2020 and others) where the delta

hedging of market makers transmits price pressure from options to their underlyings.

For longer time horizons of about one hour, the relation flips and becomes negative.

This hints at the price pressure being (partly) transitory. Not every options trade

is informed or directional. Instead, it can be for hedging in general, or it can be

for hedging or gaining exposure to volatility. This pattern is consistent over time,

for different weighting schemes for the IVS calculation, and over different lengths of

rolling windows.

Further, we show a level decrease in aggregate absolute IVS of corn, crude oil,

gold, live cattle, soybean, soybean meal, and wheat, after 2010, when the largest

fraction of commodity trading had migrated from pit to electronic trading. This can

be interpreted as an increase in commodity market quality, as IVS should be zero

without frictions or inefficiencies.

The remainder of this paper is structured as follows. Section 2 provides an
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overview over the previous literature. Section 3 details the methods and theoretical

background of this research, while Section 4 explains the data we consider. In

Section 5, the results are discussed and Section 6 concludes.

2 Literature

Prior research claims that the call-put IVS reflects information-based trading in

options predicting the stock returns (Bali and Hovakimian, 2009; Cremers and

Weinbaum, 2010; Atilgan et al., 2015; Cao et al., 2020, 2024; Lei et al., 2020; Han and

Li, 2021). It materializes as a positive correlation of the IVS with subsequent returns

(Bali and Hovakimian, 2009); however there is no consensus on the time frame or

period in which the spread has predictive power. Cremers and Weinbaum (2010)

assert that the IVS has predictive power for days. Gao et al. (2020) demonstrate

that stocks with higher implied volatility spreads in a month have higher returns

in the subsequent month. Han and Li (2021) contend that the IVS can provide

a significant forecast of morning market returns, but it lacks predictive power for

afternoon market returns. This motivates our approach to investigate this relation

in a market microstructure setting using intraday data in order to determine how

fast the effects of informed trading materialize and how long-lived they are.

A common claim is that informed traders have an incentive to choose option

markets to trade (Cremers and Weinbaum, 2010; Xing et al., 2010; An et al., 2014;

Atilgan et al., 2015), so that about 17% of price discovery occurs in the options

market (Chakravarty et al., 2004). Cao et al. (2023) show that also for the corporate

bond market that the option market leads the bond market.

Doran et al. (2013) and Cao et al. (2023) demonstrate that the IVS also contains

information about firm fundamentals and option mispricing. An et al. (2014) argue

that innovations in the IVS can be considered a measure of news arrival in the stock

option market, which the market quickly reacts to. The bond market, however, is

slow to incorporate the information from its option market (Cao et al., 2023).

Atilgan et al. (2015) find that the relation between implied volatility spreads
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and expected returns is stronger during earnings announcement periods. Lei et al.

(2020) document that the IVS steadily increases in the month leading up to earnings

announcements. These results are complemented by Cao et al. (2020), who show

that the predictive power of the spread is highest in economic recessions (Chen and

Liu, 2020). Cremers and Weinbaum (2010) find that the degree of predictability of

the IVS is larger when option liquidity is high and stock liquidity low.

The IVS can also serve as a proxy for jump risk (Bali and Hovakimian, 2009)

and is able to forecast macroeconomic news for up to one year ahead (Han and Li,

2021). Further, Cao et al. (2023) show that changes in implied volatilities predict

changes in credit default swap spreads. Cremers and Weinbaum (2010) find that, in

general, the degree of predictability of the IVS declines over time.

3 Empirical Methodology

3.1 Theoretical Background

Building on the seminal microstructure work of Glosten and Milgrom (1985), Easley

et al. (1998) develop a sequential trading model which allows asymmetric information

among traders being active in both stock and options markets. Specifically, in this

model there are uninformed liquidity providers who trade in both the equity market

and the equity options markets, and there are informed traders who must decide

whether to trade in the equity market or the equity options market in order to exploit

their private information. The model is general in that it can be used not only for

the equity market, but also the commodity futures market. Buying a call option

or selling a put option are trades that can express a bullish view of the underlying

asset. Easley et al. (1998) argue that these types of trades contain information

about the future prices of the underlying assets given a pooling equilibrium over

the underlying and the options market. Conversely, trades like selling a call or

buying a put option can carry bearish information about the future prices of their

underlying. Altogether, prices in this model are not fully information-efficient, and

the PCP does not have to hold at every point in time; rather, the call option, the
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put option, and the underlying asset may each contain information about future

prices. Thus, deviations from the PCP can predict future returns on the underlying

asset as long as the markets are in a pooling equilibrium (Cremers and Weinbaum,

2010).

According to Cremers and Weinbaum (2010), arbitrage between the underlying

asset and the options market causes the prices of call and put options to converge

toward the PCP over time, thereby incorporating private information into the price

of the underlying asset. In reality2, even if PCP does not hold exactly since

frictions like limits to arbitrage give rise to PCP deviations, theoretical arbitrage

opportunities might not be exploitable without risk. While being too small for

arbitrage, PCP deviations and therefore IVS might carry information that can be

exploited by trading the underlying. We therefore do not test risk-less arbitrage,

but a risky strategy that uses non-exploitable deviations from no-arbitrage.

3.2 Implied volatility estimation

Commodity futures options are American-style. Thus, we estimate implied

volatilities using the method of Barone-Adesi and Whaley (1987).3

The price of an American commodity futures call option is approximated with,

Ĉ(F, T ) = c(F, T ) + A2(F/F
∗)q2 , when F < F ∗, and

Ĉ(F, T ) = F −X, when F ≥ F ∗,
(1)

where A2 = (F ∗/q2)(1 − e−rTN [d1(F
∗)]) with N [·] being the cumulative univariate

2In the real world options are subject to trading costs, borrowing rates do not equal lending
rates, there are margin requirements and taxes, and options are not necessarily of the European
type. E.g., commodity options are options written on future contracts, thus there are no dividends,
and they are of the American type.

3The formulas discussed here are originally based on the Black-Scholes-Merton model of Black
and Scholes (1973), Merton (1973), and the extension of Black (1976) for commodity markets.
For the detailed derivation of formulas (1) and (2) as well as further explanations to the specific
equations, see Barone-Adesi and Whaley (1987).
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normal distribution.4 Further, c(F, T ) is the price of a corresponding European

commodity call option calculated using the formula of Merton (1973), F is the

futures trading price, T the time to expiration of the option expressed in years, X

is the strike price of the option, r the T -horizon risk-free interest rate, and F ∗ is the

critical futures price of the (early) exercise region.

The price of an American commodity futures put option is approximated in a

similar fashion. The formula is,

P̂ (F, T ) = p(F, T ) + A1(F/F
∗∗)q1 , when F > F ∗∗, and

P̂ (F, T ) = X − F, when F ≤ F ∗∗,
(2)

where A1 = −(F ∗∗/q1)(1 − e−rTN [−d1(F
∗∗]).5 Further, p(F, T ) is the price of

a corresponding European commodity put option calculated using the formula of

Merton (1973) and F ∗∗ is the critical futures price for the put option.

The estimation of implied volatilities is a numerical optimization exercise.6 Our

objective function is the absolute difference between model and observed option

prices.7 The volatility minimizing the pricing error, is kept as the implied volatility

of the option. We delete the observations were the value of the option is smaller

than the intrinsic value.

3.3 Implied volatility spread

An implied volatility spread is the difference between call and put options on the

same underlying and with the same maturity and strike price (Bali and Hovakimian,

4Further, d1 is defined as d1 = [ln(F ∗/X) + 0.5σ2T ]/σ
√
T with σ being the volatility of the

option and q2 = [−(N − 1) +
√
(N − 1)2 + 4M/K]/2 with M = 2r/σ2 and N = 2b/σ2, b being

the cost-of-carry. Note that A2 > 0 since F ∗, q2, and 1 − e−rTN [d1(F
∗)] are positive. For a

more detailed description of q2 as a part of the early exercise premium differential equation, see
Barone-Adesi and Whaley (1987).

5q1 is defined as q1 = [−(N − 1) −
√

(N − 1)2 + 4M/K]/2. Note that A1 > 0 since q1 < 0,
F ∗∗ > 0, and N [−d1(F

∗∗)] < e−rT . For a more detailed description of q1 as a part of the early
exercise premium differential equation, see Barone-Adesi and Whaley (1987).

6We use an initial implied volatility according to σ̂ =
√
2 · | ln(F/X)/T | and keep that value

for the initial approximation if 0.1 < σ̂ < 0.4. If this condition does not hold true, we assume an
initial implied volatility of σ̂ = 0.2.

7The optimization is repeated until a difference between the market price of the call C (put P )
and the approximated price Ĉ (P̂ ) is only 0.00001 or a maximum of 100 iterations is reached.

6



2009; Cremers and Weinbaum, 2010; Xing et al., 2010). Put-call parity implies that

in a frictionless complete market, IVS is zero. PCP only holds for European type

options, however, commodity futures options are American type options, which can

be exercised early. Thus, the PCP is not an equality when considering American

type options but an inequality in the form of,

F −X ≤ C − P ≤ F − PV (X),

where PV (X) is the present value of the strike price and the early exercise premium

is included in the option prices. In a complete arbitrage-free market, the implied

volatilities of American calls and puts must be equal.Here, commodity futures

options offer substantial advantages over single stock options: First, the underlying

requires no upfront investment (aside from margin). Thus, cost of carry including

financing costs is already embedded in the underlying. Second, there are no discrete

dividend payments triggering the optimal exercise of calls.

We define two distinct measures of implied volatility spreads. The first is the

specific IVS measure. It requires a call, a put, and futures trades to be executed

within the same 5-minute time interval, where the options must have the same

time to maturity, strike price, and underlying futures contract. The spread is then

calculated as,

IV St = IV C
t − IV P

t , (3)

where IV C
t and IV P

t are the call and put implied volatilities at time point t,

respectively. This ensures that the trade prices are not stale. Since we require

a trade of all three contracts, the measure is relatively sparse.

The second IVS measure is less restrictive in terms of data inclusion, as it

consists averages of the implied volatilities. We compute equal weighted averages of

call and put implied volatilities a 1-hour rolling window, respectively. The spread is

then defined as the difference between those two moving-average implied volatilities,

IV St =

∑12
i=0w

C
t−i · IV C

t−i∑12
i=0 w

C
t−i

−
∑12

j=0 w
P
t−j · IV P

t−j∑12
j=0 w

P
t−j

(4)
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where wC
t−i (w

P
t−j) is the weight for each call (put) option implied volatility, being

equal to one for the equal weighted average in the time interval from t to t −

12. It is not required that the two options have the same number of trades or

volume in this time frame. We choose this measure in order to circumvent the

asynchroneity-induced sparsity and to capture relatively longer-term dynamics.

After obtaining two IVS measures for each put-call-futures triple, we calculate

equal weighted averages of each IVS measure across moneyness and tenor, at each

point in time and for each underlying futures contract. The rationale for employing

the equally weighted IVS is substantiated by the intuition outlined by Rapach et al.

(2016). They argue that equal weighting reflects a greater amount of information

regarding the trades of informed market participants than value weighting. This

argument is emphasized by Cao et al. (2020).

4 Data

Our data contain representative US commodities from the sectors energy, metals,

grains, and softs. Specifically, we download the first five continuous futures chains

of NYMEX WTI Sweet crude oil, COMEX gold, CME live cattle, CBOE corn,

CBOE soybean, CBOE soybean meal, and CBOE wheat all owned by CME Group

from Thomson Reuters Tick History (TRTH) via Datascope Select. The sample

contains 5-minute snapshots of last executed trades and spans from January 1996

until October 2021. We remove outliers based on both the daily settlement price

and a median value computed from the last trading, bid, ask, and settlement prices

for a given day.

We compute 5-minute logarithmic returns for each futures contract using the

last trading price in each interval. Their descriptive statistics are shown in Table

1. The average returns at this short-term are less than 0.01% and thus naturally

very close to zero. The most extreme returns are realized by crude oil and corn,

while soybean meal exhibits the largest standard deviations. Overall, the return

structures of the commodities are relatively similar.
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We also source +/− 5% at-the-money options with a time-to-maturity of 10 to

100 days from TRTH for the same sample period.

Descriptive statistics of the implied volatility spreads are in Table 2. While

both IVS measures are close to zero on average, they exhibit substantial variation

with fat tails.

Figure 1 illustrates the development of aggregate absolute implied volatility

spreads over time. For this figure, we compute the daily median of the absolute value

of IV S across all commodities. For our purpose, it serves as a proxy for aggregate

commodity derivatives quality. Yearly boxplots provide information about their

development over the last decades. A clear level shift and a reduction in variation

after 2010 is visible. After 2010, the largest fraction of commodity option and futures

trading volume had migrated from pits to electronic limit order books.

5 Empirical Results

Our goal is to test if IVS has predictive power for the subsequent return of the

underlying futures contract. To do so, we construct predictive regressions of the

form

rt = γ0 + γ1 · IV St−2 + γ2 · IV St−2 + ϵt, (5)

where rt is the 5-minute return of a futures contract, IV St−2 is the specific implied

volatility spread at t − 2, IV St−2 is the average implied volatility spread reaching

back 1-hour from t−2, and ϵt is the error term. The lag of two periods ensures that

all information on the right-hand side is available prior to a potential trade in the

futures contract, i.e., the IVS is observed at t− 2, a trading position can be opened

at t− 1 and the return is realized at t.

We estimate the regression parameters for each commodity separately using

ordinary least squares (OLS). We adjust standard errors taking into account

autocorrelation and heteroskedasticity by using Newey-West standard errors with

automatic lag selection (Newey and West, 1987, 1994).

Table 3 presents the estimation results of regression Equation (5) for each
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commodity. The coefficient estimates of IV St−2 are significantly positive at the 1%

(10%) confidence level for two (four) out of seven commodities which suggests that

IVS and subsequent futures returns are positively related. When IV St−2 increases

by 1%, the futures return at t increases by 0.1 to 1.6 basis points. These estimates

are similar in size to those of Atilgan et al. (2015) for one-day ahead excess market

returns. The coefficients are in line with the notion of informed trading.

The coefficient estimates of 1-hour average implied volatility spreads, IV St−2,

are either not different from zero or significantly negative at the 5% (1%) level for

six (five) out of seven commodities. When IV S increases by 1%, it reduces the

futures return by 0.3 to 4.4 basis points.

Suppose a trader buys call options and/or sells put options to gain bullish

exposure to the underlying futures contract. Then, market makers and other

liquidity providers buy the underlying futures contract to remain delta-neutral. This

leads to price pressure and an increase of the underlying futures price, represented

by the positive coefficient estimate of IV St−2. Along the lines of the model of

Easley et al. (1998), it is not known whether this was a trade of an informed or

uninformed trader. If the customer was informed, the price increase is more likely to

be permanent, but if the customer was uninformed, the price likely reverts, causing

a negative longer-term coefficient estimate.

Taken together, the results suggest that option markets appear to lead their

underlying futures market in the short term. If traders buy/sell calls and sell/buy

puts, delta hedging pushes the futures price through price impact. However, the

price impact is only temporary suggesting that the option trades are not necessarily

information-based.

Different time horizons for the computation period of IV S. Table 3 shows

a consistent pattern for the two independent variables, IV S and IV S, over the seven

different commodities in our sample. For robustness, we examine two alternative

lengths for computation of IV S. Additionally to the 60 minutes, we also compute

IV S over a time frame of 30-minutes and 2-hours. Then we re-estimate the
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regression parameters as defined in Equation (5).

The results for the 30-minute specification are displayed in Table 4 while the

results with the specification of a 2-hour average are shown in Table 5. These

estimates exhibit the same structures as in our main specification, indicating that

the these results are robust to this choice.

Volume weighted IVS. In the model of Easley et al. (1998) option volume plays

an important informational role. To ensure that our results are not driven by small-

scale option trades, we calculate volume weighted averages in the construction of

the IVS measures. The implied volatility spreads used for the specific IVS measure

in Equation (3) are weighted with the volume of both their call and put option

trades when the average for each underlying futures contract. For IV S as defined in

Equation (4), wC
t−i and wP

t−j now reflect the volume of calls and puts. The aggregate

value matching the underlying futures contract is then also calculated as a volume

weighted average. Finally, we estimate the parameters of regression Equations (5)

with the volume weighted independent variables.

The results are displayed in Table 6. Again, the same pattern with positive

coefficients for the specific IV S and negative coefficients for IV S emerges. Note

that the sample size is lower and we have to omit live cattle and soybean meal from

this analysis due to insufficient volume data availability. Overall, the results are

qualitatively similar indicating that our results are not merely driven by low-volume

option trades.

Yearly predictive regressions. Next, we investigate how our estimated

coefficients change over time. We estimate our baseline regression models defined in

Equation(5) for each year and commodity separately. To provide a better overview,

we aggregate the coefficients by computing their average for the specific IVS as

described in Equation (3) and also for the average IVS over 1-hour as described

in Equation (4). We perform this mean aggregation also for the corresponding

t-statistics. These results are displayed in Figure 2.

The general pattern is visible again even though it is not significant as in the
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overall sample. The average coefficient of the specific IV S measure in blue is positive

in every year of our sample except for the years 2010, 2014, and 2017. However,

the average coefficient becomes significantly different from zero only once during the

sample period, i.e., in 2020.

The average coefficient of the IV S is negative in all but two years and in about

23% of the years it is significantly different from zero. Thus, wile lacking significance

across years, the overall pattern appears to be quite persistent. Overall a structural

break is not evident. Therefore, changes in market structure like the transition from

pits to electronic trading (e.g., speed) are unlikely to affect our main results.

6 Conclusion

In this paper, we test whether implied volatility spreads, i.e., the difference in implied

volatilities between matching call and put options, have predictive power for the

subsequent returns of its underlying. We use a high-frequency sample of American

options written on the futures contracts of seven different commodities and find a

significant relation between the implied volatility spreads and subsequent returns

of the underlying. While this dynamic has been documented at frequencies of days

or weeks (Cao et al., 2020; Cremers and Weinbaum, 2010), this study provides new

insights on the predictability of underlying returns via implied volatility spreads by

studying intraday dynamics.

Predictive regressions indicate that changes in volatility spreads are positively

related to subsequent changes in the price of its underlying futures. Thus, when

traders net buy more call options relative to put options, the price of the underlying

futures contract also tends to increase in the minutes immediately following the

option trade. In contrast, the relation between longer-term (30 − 90 minutes) IVS

changes and underlying returns is negative. The short-term positive relation can be

explained by delta hedging activity of option market makers. However, the price

impact of delta hedges appears to be at least partly temporary, because not every

option trade is informed, which is reflected in the negative sign. Thus, the options
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market does not fully reveal private information before the futures market. Instead,

option prices reflect a mixture of information and temporary trading pressure, whose

influence on the underlying evolves over intraday horizons. Further research is

required to connect these high-frequency results to the literature on lower frequency

dynamics.

Finally, we document an increase in commodity market quality after 2010,

which could be attributed to the financialization and electronification of commodity

markets.
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Figure 1: Aggregate absolute implied volatility spreads.
This figure shows yearly boxplots of aggregate absolute implied volatility spreads. They are

calculated using the absolute values of the average implied volatility spread as presented in

Equation (4), taking the daily median over all commodities. The implied volatility spreads are

given in percent. The sample spans from 1996 to 2021. It covers the commodities: Corn, Crude

Oil, Gold, Live Cattle, Soybean, Soybean Meal, and Wheat.
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Figure 2: Annual predictive regressions: average coefficients and average t-statistics.
The predictive regressions as described in Equations (5) are performed per year for each commodity

separately. Then, the average of each coefficient and of the t-statistics per year over all commodities

are calculated. For each commodity it is required that there are at least 100 observations per year

to be included in the average for this figure. The average coefficients are displayed in the upper

panel. The t-statistics are shown in the lower panel where the 2.5% and 97.5% critical values are

shown as dotted lines. The sample spans from January 1996 to October 2021.
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Table 1: Descriptive statistics – Futures Returns.
This table displays descriptive statistics of logarithmic returns given in percent for each commodity separately. The returns are calculated over a

5-minute interval for each futures contract. The sample period spans from January 1996 to October 2021. Due to data availability and trading

frequency, the number of observations varies.

N Mean Median St. Dev. Min Max Skew. Kurtosis

Corn 276,772 −0.0005 0 0.480 −42.443 39.317 −2.297 1091.11
Crude Oil 507,169 0.0003 0 0.739 −37.741 89.260 12.909 1823.61
Gold 305,505 0.0004 0 0.341 −23.392 22.865 −1.887 512.09
Live Cattle 79,300 0.0008 0 0.426 −17.273 16.766 −1.458 258.90
Soybean 305,177 0.0002 0 0.461 −35.824 44.982 2.517 919.37
Soybean Meal 50,274 0.0045 0 1.097 −33.575 31.818 −0.384 131.11
Wheat 148,722 −0.0021 0 0.663 −37.718 47.085 1.481 497.18
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Table 2: Descriptive statistics – Implied volatility spreads.
This table displays descriptive statistics of the implied volatility spread measures defined in equations (3) and (4) for each commodity separately in

percent. The spreads are calculated at the 5-minute frequency. The sample period spans from January 1996 to October 2021. We test means against

zero using a t-test and report the significance by stars, where ∗∗∗, ∗∗, and ∗ correspond to a significance level of 1%, 5%, and 10%, respectively. Due

to data availability and trading frequency, the number of observations varies.

Measure Commodity N Mean Median St. Dev. Min Max Skew. Kurtosis

IV S

Corn 111,033 0.096∗∗∗ 0.0319 2.582 −61.874 78.062 3.029 123.33
Crude Oil 163,498 −0.038∗ 0.0002 7.953 −404.234 529.776 −2.057 1922.97
Gold 74,447 0.308∗∗∗ 0.1092 2.047 −50.714 356.909 71.563 12429.35
Live Cattle 16,760 −0.233∗∗∗ −0.2159 2.684 −191.497 19.432 −22.723 1560.37
Soybean 114,311 0.003 0.0069 1.958 −120.765 57.536 −1.820 225.31
Soybean Meal 9,726 0.036 0.0375 4.148 −98.414 54.630 −0.935 55.09
Wheat 45,146 0.099∗∗∗ 0.0242 2.761 −51.312 130.967 4.983 185.01

IV S

Corn 276,902 0.109∗∗∗ 0.0952 1.806 −149.506 78.062 2.556 394.62
Crude Oil 507,481 −0.015 −0.0058 6.432 −502.819 631.707 13.579 2948.00
Gold 305,763 0.238∗∗∗ 0.0641 1.237 −50.714 63.768 1.453 132.75
Live Cattle 79,415 −0.217∗∗∗ −0.1999 1.911 −191.497 32.638 −14.090 1308.67
Soybean 305,353 0.013∗∗∗ 0.0204 1.384 −54.302 57.536 0.746 168.69
Soybean Meal 50,410 0.020 0.0285 3.194 −117.444 59.391 −2.210 105.85
Wheat 148,847 0.085∗∗∗ 0.0624 1.947 −51.312 71.966 3.336 110.95
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Table 3: Predictive regressions of futures returns.
This table shows the coefficients of a predictive regression as displayed in Equation (5) for each commodity separately. The regression considers the

returns and implied volatility spreads in percent. The results are based on 5-minute frequency data over a sample period from January 1996 to October

2021. Due to data availability and trading frequency, the number of observations for each commodity varies largely. The regressions are estimated

with the OLS estimator. Newey and West (1987) standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗,

and ∗ correspond to a significance level of 1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Live Cattle Soybean Soybean Meal Wheat

Constant −0.002 −0.0005 0.003∗ −0.002 0.001 0.024 −0.006
(0.001) (0.003) (0.002) (0.005) (0.002) (0.018) (0.003)

IV St−2 0.002 0.001∗ 0.003∗ 0.016∗∗∗ 0.004∗∗∗ −0.002 0.002
(0.001) (0.001) (0.002) (0.003) (0.001) (0.004) (0.002)

IV St−2 0.003 −0.003∗∗∗ −0.010∗∗∗ −0.044∗∗∗ −0.006∗∗∗ −0.039∗∗∗ −0.009∗∗

(0.002) (0.001) (0.002) (0.005) (0.002) (0.007) (0.004)

Observations 110,773 162,876 73,950 16,530 113,962 9,464 44,902
VIF 1.607 1.029 1.162 1.220 1.212 1.046 1.186
R2 0.0005 0.001 0.001 0.018 0.0004 0.007 0.001
Adjusted R2 0.0005 0.001 0.001 0.018 0.0004 0.007 0.001
F-Statistic 26.404∗∗∗ 61.242∗∗∗ 29.677∗∗∗ 153.871∗∗∗ 21.735∗∗∗ 32.516∗∗∗ 13.317∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 4: Predictive regressions of futures returns – 30-minute average for IV S.
This table shows the coefficients of a predictive regression as displayed in Equation (5) for each commodity separately. The regression considers the

returns and implied volatility spreads in percent. The results are based on 5-minute frequency data over a sample period from January 1996 to October

2021. The implied volatility spread measure as described in Equation (4) is calculated over a 30-minute time frame. Due to data availability and

trading frequency, the number of observations for each commodity varies largely. The regressions are estimated with the OLS estimator. Newey and

West (1987) standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗, and ∗ correspond to a significance level

of 1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Live Cattle Soybean Soybean Meal Wheat

Constant −0.002 −0.001 0.003 −0.001 0.001 0.023 −0.006∗

(0.001) (0.003) (0.002) (0.005) (0.001) (0.018) (0.003)

IV St−2 0.002 0.001∗∗∗ 0.002∗ 0.014∗∗∗ 0.004∗∗∗ −0.003 0.003
(0.001) (0.0003) (0.001) (0.003) (0.001) (0.005) (0.002)

IV St−2 0.002 −0.002 −0.008∗∗∗ −0.037∗∗∗ −0.005∗∗ −0.028∗∗∗ −0.011∗∗∗

(0.002) (0.001) (0.002) (0.005) (0.002) (0.007) (0.004)

Observations 110,773 162,876 73,950 16,530 113,962 9,464 44,902
VIF 1.686 1.059 1.166 1.208 1.242 1.047 1.219
R2 0.0004 0.0003 0.001 0.015 0.0003 0.004 0.001
Adjusted R2 0.0004 0.0003 0.001 0.015 0.0003 0.004 0.001
F-Statistic 22.807∗∗∗ 24.043∗∗∗ 20.782∗∗∗ 128.317∗∗∗ 18.872∗∗∗ 19.699∗∗∗ 20.697∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 5: Predictive regressions of futures returns – 2-hour average for IV S.
This table shows the coefficients of a predictive regression as displayed in Equation (5) for each commodity separately. The regression considers the

returns and implied volatility spreads in percent. The results are based on 5-minute frequency data over a sample period from January 1996 to October

2021. The implied volatility spread measure as described in Equation (4) is calculated over a 2-hour time frame. Due to data availability and trading

frequency, the number of observations for each commodity varies largely. The regressions are estimated with the OLS estimator. Newey and West

(1987) standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗, and ∗ correspond to a significance level of

1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Live Cattle Soybean Soybean Meal Wheat

Constant −0.002 −0.0005 0.003 −0.002 0.001 0.024 −0.006∗

(0.001) (0.003) (0.002) (0.005) (0.002) (0.018) (0.003)

IV St−2 0.002 0.001∗∗ 0.002 0.014∗∗∗ 0.003∗∗∗ −0.003 0.001
(0.001) (0.0005) (0.001) (0.003) (0.001) (0.004) (0.002)

IV St−2 0.002 −0.004∗∗∗ −0.009∗∗∗ −0.042∗∗∗ −0.004∗∗ −0.033∗∗∗ −0.009∗∗

(0.002) (0.001) (0.002) (0.005) (0.002) (0.006) (0.004)

Observations 110,773 162,876 73,950 16,530 113,962 9,464 44,902
VIF 1.559 1.038 1.161 1.205 1.180 1.047 1.170
R2 0.0004 0.001 0.001 0.016 0.0003 0.004 0.001
Adjusted R2 0.0004 0.001 0.001 0.016 0.0002 0.004 0.0005
F-Statistic 23.692∗∗∗ 66.387∗∗∗ 22.589∗∗∗ 131.291∗∗∗ 15.037∗∗∗ 20.939∗∗∗ 11.495∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 6: Predictive regression of futures returns – volume weighted IVS.
This Table shows the coefficients of a predictive regression as displayed in Equation (5) for each

commodity separately. The regression considers the returns and implied volatility spreads in

percent. The implied volatility spreads are calculated using volume weighted averages. The results

are based on 5-minute frequency data over a sample period from January 1996 to October 2021.

Due to data availability and trading frequency, the number of observations for each commodity

varies largely. The regressions are estimated with the OLS estimator. Newey and West (1987)

standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗,

and ∗ correspond to a significance level of 1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Soybean Wheat

Constant 0.0002 −0.002 0.001 0.0001 −0.001
(0.002) (0.003) (0.002) (0.002) (0.006)

IV St−2 0.003∗ 0.0004 0.007∗∗∗ 0.004∗∗ 0.008∗

(0.002) (0.0004) (0.002) (0.002) (0.005)

IV St−2 −0.002 −0.003∗∗∗ −0.009∗∗∗ −0.009∗∗∗ −0.020∗∗∗

(0.004) (0.001) (0.002) (0.003) (0.006)

Observations 40,495 149,040 60,714 44,134 11,075
VIF 1.357 1.103 1.705 1.080 1.045
R2 0.0001 0.001 0.0005 0.0003 0.001
Adjusted R2 0.0001 0.001 0.0004 0.0003 0.001
F Statistic 2.574∗ 49.392∗∗∗ 14.254∗∗∗ 7.629∗∗∗ 5.282∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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A Appendix

Note that in our main regression specification the two predictor variables IV St−2 and

IV St−2 share the 5-minute time interval ending at time t− 2. Thus, for robustness,

we estimate regression Equation (6) without temporal overlap with IV S computed

over 30, 60, and 120 minutes. We shift IV S by one period, i.e.,

rt = γ0 + γ1 · IV St−2 + γ2 · IV St−3 + ϵt, (6)

where IV St−3 is the spread in average implied volatilities reaching back 30, 60 or

120 minutes from t− 3.

We report the estimation for a 60-minute moving average results in Table A.1.

The patterns described above remain the same. When the IV St−2 increases by 1%,

the futures return at time t increases by 0.2 to 1.2 basis points. While, when the

IV St−3 increases by 1%, the futures return at time t reduces by 0.3 to 3.5 basis

points. Both effects of the implied volatility spreads reduce in absolute terms, due

to the fact that they do not have the temporal overlap in this regression model.

There is one break in the otherwise consistent pattern, as the coefficient of IV St−3

in the case of corn is significant at the 10% level and positive. Overall, the results

appear to be qualitatively similar.

The estimation results for IV St−3 computed over 30 and 120 minutes are

reported in tables A.2 and A.3, respectively. Finally, we perform volume-weighting

in the construction of our IVS measures while also including IV S at t − 3 instead

of t− 2. We report the estimation results in Table A.4. Again, we observe the same

pattern as in our main specification.
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Table A.1: Predictive regression without a temporal overlap in the independent variables.
This table shows the coefficients of a predictive regression as displayed in Equation (6) for each commodity separately. The regression considers the

returns and implied volatility spreads in percent. The results are based on 5-minute frequency data over a sample period from January 1996 to October

2021. Due to data availability and trading frequency, the number of observations for each commodity varies largely. The regressions are estimated

with the OLS estimator. Newey and West (1987) standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗,

and ∗ correspond to a significance level of 1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Live Cattle Soybean Soybean Meal Wheat

(1) (2) (3) (4) (5) (6) (7)

Constant −0.002 −0.0005 0.002 −0.001 0.001 0.024 −0.006∗

(0.001) (0.003) (0.002) (0.005) (0.002) (0.018) (0.004)

IV St−2 0.002∗∗ 0.001 0.002∗∗ 0.012∗∗∗ 0.003∗∗∗ −0.002 0.0001
(0.001) (0.001) (0.001) (0.003) (0.001) (0.004) (0.002)

IV St−3 0.003∗ −0.004∗∗∗ −0.006∗∗∗ −0.035∗∗∗ −0.003∗ −0.033∗∗∗ −0.003
(0.001) (0.001) (0.002) (0.004) (0.002) (0.007) (0.003)

Observations 110,748 162,860 73,936 16,518 113,945 9,461 44,891
VIF 1.223 1.012 1.255 1.211 1.090 1.054 1.172
R2 0.001 0.001 0.0003 0.011 0.0002 0.005 0.0001
Adjusted R2 0.0005 0.001 0.0003 0.011 0.0002 0.005 0.00004
F-Statistic 27.736∗∗∗ 88.311∗∗∗ 11.755∗∗∗ 92.077∗∗∗ 12.077∗∗∗ 23.040∗∗∗ 1.966

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.2: Predictive regression without a temporal overlap in the independent variables – 30-minute average for IV S.
This table shows the coefficients of a predictive regression as displayed in Equation (6) for each commodity separately. The regression considers the

returns and implied volatility spreads in percent. The results are based on 5-minute frequency data over a sample period from January 1996 to October

2021. The implied volatility spread measure as described in Equation (4) is calculated over a 30-minute time frame. Due to data availability and

trading frequency, the number of observations for each commodity varies largely. The regressions are estimated with the OLS estimator. Newey and

West (1987) standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗, and ∗ correspond to a significance level

of 1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Live Cattle Soybean Soybean Meal Wheat

Constant −0.002 −0.001 0.002 0.0002 0.001 0.024 −0.006∗

(0.001) (0.003) (0.002) (0.005) (0.002) (0.018) (0.003)

IV St−2 0.003∗∗ 0.001∗ 0.002 0.010∗∗∗ 0.003∗∗ −0.003 0.001
(0.001) (0.001) (0.001) (0.002) (0.001) (0.005) (0.002)

IV St−3 0.002 −0.002∗∗∗ −0.007∗∗∗ −0.028∗∗∗ −0.003 −0.026∗∗∗ −0.005∗

(0.001) (0.001) (0.002) (0.004) (0.002) (0.007) (0.003)

Observations 110,745 162,851 73,923 16,515 113,945 9,461 44,888
VIF 1.245 1.025 1.154 1.216 1.112 1.057 1.190
R2 0.0004 0.0004 0.0004 0.008 0.0002 0.004 0.0002
Adjusted R2 0.0004 0.0004 0.0004 0.008 0.0002 0.003 0.0002
F-Statistic 22.279∗∗∗ 36.522∗∗∗ 14.835∗∗∗ 67.653∗∗∗ 9.989∗∗∗ 16.634∗∗∗ 5.396∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.3: Predictive regression without a temporal overlap in the independent variables – 2-hour average for IV S.
This table shows the coefficients of a predictive regression as displayed in Equation (6) for each commodity separately. The regression considers the

returns and implied volatility spreads in percent. The results are based on 5-minute frequency data over a sample period from January 1996 to October

2021. The implied volatility spread measure as described in Equation (4) is calculated over a 2-hour time frame. Due to data availability and trading

frequency, the number of observations for each commodity varies largely. The regressions are estimated with the OLS estimator. Newey and West

(1987) standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗, and ∗ correspond to a significance level of

1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Live Cattle Soybean Soybean Meal Wheat

Constant −0.002 −0.0005 0.003 −0.001 0.001 0.023 −0.006∗

(0.001) (0.003) (0.002) (0.005) (0.002) (0.018) (0.004)

IV St−2 0.002∗∗∗ 0.001 0.003∗∗ 0.011∗∗∗ 0.003∗∗∗ −0.002 −0.00002
(0.001) (0.001) (0.001) (0.002) (0.001) (0.004) (0.002)

IV St−3 0.002 −0.001 −0.009∗∗∗ −0.033∗∗∗ −0.004∗ −0.037∗∗∗ −0.003
(0.002) (0.002) (0.002) (0.004) (0.002) (0.007) (0.003)

Observations 110,748 162,866 73,941 16,518 113,945 9,461 44,891
VIF 1.206 1.003 1.208 1.203 1.079 1.054 1.145
R2 0.0005 0.0001 0.001 0.009 0.0002 0.005 0.0001
Adjusted R2 0.0004 0.0001 0.001 0.009 0.0002 0.005 0.00004
F-Statistic 24.988∗∗∗ 10.430∗∗∗ 22.605∗∗∗ 78.452∗∗∗ 12.940∗∗∗ 25.193∗∗∗ 1.965

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table A.4: Predictive regression without a temporal overlap in the independent
variables – volume weighted IVS.
This Table shows the coefficients of a predictive regression as displayed in Equation (6) for each

commodity separately. The regression considers the returns and implied volatility spreads in

percent. The implied volatility spreads are calculated using volume weighted averages. The results

are based on 5-minute frequency data over a sample period from January 1996 to October 2021.

Due to data availability and trading frequency, the number of observations for each commodity

varies largely. The regressions are estimated with the OLS estimator. Newey and West (1987)

standard errors with automatic lag selection of Newey and West (1994) are in parentheses. ∗∗∗, ∗∗,

and ∗ correspond to a significance level of 1%, 5%, and 10%, respectively.

Corn Crude Oil Gold Soybean Wheat

Constant 0.0002 −0.002 0.001 0.00005 −0.001
(0.002) (0.003) (0.002) (0.002) (0.007)

IV St−2 0.003 0.0002 0.006∗∗∗ 0.003∗ 0.005
(0.002) (0.0004) (0.002) (0.002) (0.004)

IV St−3 0.001 −0.003∗∗∗ −0.008∗∗∗ −0.007∗∗ −0.005
(0.003) (0.0004) (0.002) (0.003) (0.007)

Observations 40,494 149,028 60,702 44,130 11,074
VIF 1.227 1.0480 1.564 1.024 1.032
R2 0.0001 0.001 0.0004 0.0002 0.0002
Adjusted R2 0.0001 0.001 0.0004 0.0002 -0.00003
F-Statistic 2.367∗ 46.879∗∗∗ 12.570∗∗∗ 5.263∗∗∗ 0.857

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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