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Risk-Neutral Skewness and Commodity
Futures Pricing ∗

Ana-Maria Fuertes† Zhenya Liu‡ Weiqing Tang§

Abstract

This paper investigates the predictive content of risk-neutral skewness (RNSK)
for the dynamics of commodity futures prices. A trading strategy that buys futures
with positive RNSK and sells futures with negative RNSK generates a significant
excess return. Unlike traditional commodity risk factors’ signals, the positive return
generated from the RNSK signal is more pronounced in the contango phase. After
controlling traditional commodity risk factors, the RNSK signal exhibits a more
stable and prolonged predictive ability. The directional-learning hypothesis explains
the RNSK impact when commodity futures show higher idiosyncratic risks and
illiquidity (positive RNSK) and overpriced (negative RNSK).
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1 Introduction

Assessing the skewness pricing ability in global financial markets becomes increasingly

important, and the majority of the studies focus on the global equity market finding

negative relation1. For example, conditional skewness and realized skewness by (Harvey

and Siddique (2000) and Amaya et al. (2015)), expected idiosyncratic skewness proposed

by Boyer et al. (2010) and the risk-neutral skewness discussed by (Conrad et al., 2013).

Recent studies on risk-neutral skewness indicate a positive relation to subsequent return

(Stilger et al. (2017), Chordia et al. (2021), and Gkionis et al. (2021)). Overall, the

pricing relation of skewness to returns is mixed.

The commodity literature on this subject is much sparser. Fernandez-Perez et al.

(2018) show that commodity returns are strongly negatively related to the realized skew-

ness (the standard Pearson skewness coefficient estimated based on monthly observations

with a past 12-month length window of daily excess return). Moreover, they argue that

this pricing relation is more in line with the cumulative prospect theory (Barberis and

Huang, 2008). A long-short portfolio, buying (selling) the commodities with the lowest

(highest) realized skewness, generates an 8.01% annual return.

This paper employs a superior measure of skewness extracted from the futures’ op-

tions market, namely risk-neutral skewness (RNSK hence after)2. We document a positive

relation between the RNSK and subsequent futures’ returns. Unlike the realized skew-

ness, a backward-looking measure under the physical probability measure, the RNSK is

a forward-looking measurement under the risk-neutral probability that focuses on future

distribution instead of the past one. Moreover, the options market has been argued to

1Earlier studies on skewness explanation via CAPM and conditional skewness effect can be referred
to Junkus (1991) and Christie-David and Chaudhry (2001) respectively.

2Relevant theoretical details are referred to Kozhan et al. (2013), and Neuberger (2012).
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carry more valuable information, which has better forecasting power and reflects the mar-

ket participants’ expectations (see Black (1975), Bates (1991), Jackwerth and Rubinstein

(1996) and Bakshi et al. (1997)). In short, prices discovered in the options market may

contain information not embedded in the underlying asset’s market; hence, the options

implied measures (RNSK here) might deliver extra predictive power compared to its

counterparty (realized measure with past information)3.

Although our empirical results also imply a positive relationship between the RNSK

and return, different from Stilger et al. (2017) and Gkionis et al. (2021) who argue that the

positive pricing relation is due to short-selling constraint and underpricing following the

demand-based option pricing framework by Garleanu et al. (2009), the pricing mechanism

of the RNSK in the global commodity futures market (where short-selling is allowed) is

associated with less liquidity, higher idiosyncratic risk, and overpricing. Furthermore, in

general, our findings align with the directional-learning hypothesis framework by Shleifer

and Vishny (1997), and Kang and Park (2008).

In particular, informed investors, with private good news on the future underlying

movement, choose to purchase more OTM call options (with small cost but leveraged

gains) when underlying assets are more pronounced with less liquidity and high idiosyn-

cratic (arbitrage) risk, a more positive RNSK is observed. While informed investors with

bad news when underlying assets are overpriced resort to buy more OTM put options to

avoid bearing inventory risk from trading futures and to transfer hedging cost to market-

makers, a more negative RNSK is observed. Once the positive (negative) information is

disseminated to the underlying market, the price will increase (decrease) to correct those

beliefs; hence a positive relation is realized.

3The detailed technical comparison discussion between the realized and risk-neutral measurements
can be found from Kim and White (2004), Hansis et al. (2010), and Neuberger (2012).
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A long-short portfolio sorted on the RNSK outperforms the portfolio sorted on the

Pearson skewness yielding a 13.18% annual return that is statistically significant. More

importantly, we also find that the Pearson skewness’s predictability on return has disap-

peared after controlling the impact of RNSK. On the contrary, the relation between the

RNSK and return remains positive and significant when holding the Pearson skewness.

We find that the RNSK is a relatively longer-lived pricing signal in the commodity

futures market, contradicting the short-lived RNSK signal findings in the equity market

by Stilger et al. (2017) and Gkionis et al. (2021) who argue that the RNSK pricing ability

disappears after the first week or even earlier. In particular, we find that the RNSK signal

helps predict futures’ return up to 10 weeks after correcting traditional baseline risk

factors (market long-only portfolio, term structure, momentum, and hedging pressure).

Moreover, return predictability power is robust and even more potent with averaged

RNSK signal (up to 30 business days), yielding a 14.6% annual return after correcting the

above factors. Finally, our results are robust to another alternative RNSK measurement,

different estimation error impacts (i.e., errors caused by truncation, discrete estimation,

interpolation, and extrapolation), and additional control variables.

The closest study on how the RNSK predicts return is by Chen et al. (2016) who

find a negative relation between the RNSK and TAIFEX futures’ index return, which

differs from our finding. However, their results focus on one specific market index, and

this negative relation is not guaranteed to hold for individual futures’ products4. Sec-

ond, the risk-neutral skewness analyzed in their works are grouped based on maturity

up to 182 days and all maturity cases, which fits more on the long-run skewness prefer-

4For example, crude oil is widely used in many industrial production processes in the global market.
Accordingly, its futures contract, WTI crude oil futures, can have very different demand and supply
(involving producers, speculators, and many others) structures compared with one specific market index.
Therefore, the RNSK pricing relation is worth checking across all commodity products.
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ence framework, and a negative relationship between skewness and return is expected.

Borochin et al. (2020) reconcile the relationship between the RNSK and return that long-

term RNSK negatively predicts the return, while short-term RNSK positively predicts

the return.

To sum up, we contribute the global commodity futures literature on the following

aspects (1) fill the void of global commodity futures market RNSK pricing test and show

that the RNSK positively predict subsequent period futures’ return, which is not ex-

plained by commodity-specific risk factors (2) the RNSK pricing mechanism is attributed

to the directional-learning hypothesis (3) the RNSK has a superior performance com-

pared with the realized skewness (the Pearson skewness), and the pricing ability of the

realized skewness disappears after controlling the RNSK (4) the RNSK has a much stable

and long-lived predictive power compared with the RNSK findings in the equity market.

2 Background Literature

Over the past two decades, commodity futures pricing has built traditional benchmark

factors via a long-short portfolio to capture the evidence of the backwardation and con-

tango. Among them, term structure factor (price difference of the same underlying

with different time to maturities, see Koijen et al. (2018), Erb and Harvey (2006), Szy-

manowska et al. (2014) and Fuertes et al. (2015)), momentum factor (moving average

return over a fixed window length, see, Asness et al. (2013b), Erb and Harvey (2006) and

Miffre and Rallis (2007)) and hedging pressure (long or net non-commercial short posi-

tion divided by total non-commercial open interest, see Bessembinder (1992) and Basu

and Miffre (2013)) have been tested comprehensively and treated as a baseline model to

study in global commodity futures market pricing realm.

5



Earlier studies about individuals’ skewness are from the equity market. Conditional

skewness is tested for the equity market under different sorting criteria and sub-sample

analysis. They find that conditional skewness can price to some extent but not general for

all assets (Harvey and Siddique, 2000). One important reason for this imperfect pricing

may be due to the non-ex-ante property of skewness. Boyer et al. (2010) introduce the ex-

pected idiosyncratic skewness (estimated by linear forecasting regression on idiosyncratic

volatility) and show that it can generate 1% abnormal return monthly. The negative

relation between expected idiosyncratic skewness and subsequent return is recorded even

after controlling the Fama French three factors. Their results are also consistent with

Amaya et al. (2015) who use a new estimation method with intra-day (high frequency)

data to measure realized skewness.

Different from the above studies, ex-ante (risk-neutral) skewness measure is intro-

duced and obtained in two different ways, see Bali and Murray (2013) and Conrad et al.

(2013). Both of them find the same negative pricing relationships between the RNSK and

expected return. However, Stilger et al. (2017) and Gkionis et al. (2021), on the contrary,

find positive-return relation in the global equity market. The above opposite sign finding

difference may be due to signal fading caused by moving average treatment as the RNSK

is argued by mainly capturing short-term arbitrage. More recently, Borochin et al. (2020)

has documented that the RNSK positively (negatively) predicts return in a short (long)

run, reconciling the mixing pricing return relation sign in equity’s market.

While in the global commodity futures market, so far, the latest research on skewness

is by Fernandez-Perez et al. (2018) who estimate the realized skewness and show its

non-trivial effect on pricing asset’s return. Their empirical results demonstrate that

after controlling the traditional baseline risk factors, buying (selling) the lowest (highest)
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quantile realized Pearson skewness assets generate 8.01% annual return.

Unlike the futures index study on the RNSK by Chen et al. (2016), Triantafyllou

et al. (2015) pay more attention to the grain commodity market. Rather than predicting

the return, they estimate the risk-neutral skewness following Bakshi et al. (2003) and

find that it helps improve forecast variance. Therefore, this paper has no similar study

that mainly focuses on the risk-neutral skewness pricing ability in the global commodity

futures market.

3 Pricing Mechanism of RNSK

Under the realized skewness measurement, the positively skewed assets are argued to be

more preferred by investors. This is because investors either show lottery-like behavior

(Mitton and Vorkink, 2007) or evaluate such assets under a particular value function

(convex in loss and concave in gain) under the cumulative prospect theory (Tversky

and Kahneman (1992) and Barberis and Huang (2008)). In both cases, those assets are

overpriced, subsequently generating negative returns, indicating a negative relationship

between skewness and return. Fernandez-Perez et al. (2018) empirically confirm this

negative relation between commodity futures return and skewness under the cumulative

prospect theory. However, none of the above fits our findings as options market trading

impact is not considered.

In fact, the RNSK pricing process generally fits informed trading behavior theories

(Easley et al. (1998), Bollen andWhaley (2004) and Kang and Park (2008)). In particular,

investors with private information about future underlying movement can choose one of

the markets (futures and options) or even both to exploit the high return (Easley et al.,

1998). With negative news about future returns, hedgers and speculators can buy more
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OTM put options (no obligation to pay back with an upfront cost), driving RNSK to a

relatively smaller value. On the contrary, to exploit the perceived potential positive price

change, they can resort to the options market by buying more OTM call options, leading

to a larger RNSK value. In this sense, without bearing more costs on trading underlying

futures, utilizing the options market can help avoid tail risk and amplify potential gains.

Under the directional-learning hypothesis by Kang and Park (2008), we argue that

investors with positive information on the underlying future movement will resort to

the options market to buy more OTM call options when underlying assets exhibit less

liquidity and high idiosyncratic risk. When futures contracts’ liquidity is dry, getting the

best trade price is more challenging given a wider bid-ask spread market. Trading activity

via arbitrage, hedging, and speculation might be inaccurate for futures contracts with

high idiosyncratic risk. Under this case, margin (collateral) requirement occurred intra-

day with mark-to-market increased loss can force liquidation before convergence happens

(Shleifer and Vishny (1997) and Liu and Longstaff (2004)). Investors will choose to

purchase more OTM call options given all the associated risks above, driving RNSK to

be more positive. Once the information is diffused to the underlying market, those assets

will adjust their price to correct this belief.

Similarly, investors, equipped with the directional-learning hypothesis and informed

by negative future underlying movement, will resort to buying more OTM put options

when underlying assets are perceived to be overpriced. We argue that investors have

transferred risks (managing underlying inventory and hedging cost) to market-makers

who consequentially require a premium on selling those OTM put options, yielding a more

negative RNSK in the end. Again, when information moves to the underlying market,

the underlying price will react to correct this difference, generating a negative return.
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The above is also, to some extent, compatible with the demand-based option pricing

framework of Garleanu et al. (2009), although their short-selling constraints argument

does not exist here.

Collectively, we document a positive relation between the RNSK and return under the

informed trading behavior framework. When underlying assets become illiquid and less

prone to arbitrage (speculate), informed investors will purchase more OTM call options

to maximize their profits, associated with a more positive RNSK. As that information

is distributed to the underlying market, the price will increase to correct those beliefs

implied from the options market. When underlying assets are learned to be overpriced, to

exploit the benefit of the potential price drop, informed investors will choose the options

market to buy more OTM put options rather than to sell futures contracts to avoid

potential risk. After the information moves to the underlying market, the price of those

assets will reflect accordingly, yielding a negative return. Therefore, we argue that RNSK

is a positive signal for the underlying futures market price move in all scenarios.

4 Data and Methodology

4.1 Data

Daily settlement futures price, trading volume, and open interest data from 10/10/2007

to 01/03/2016 are collected from DataStream: agriculture sector (Cocoa, Coffee C, Corn,

Cotton NO.2, Frozen Concentrated Orange Juice, Oats, Rough Rice, Soybean Meal, Soy-

bean Oil, Soybeans, Sugar NO.11, Wheat), the energy sector (RBOB gasoline, Heating

Oil NO.2, Light Sweet Crude Oil, Natural Gas), livestock (Feeder Cattle, Lean Hogs,
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Live Cattle), metal (Gold and Silver)5. Returns are calculated as the log difference in

prices with the same contract. Consistent with the literature, we focus on the nearest-

to-maturity contract and roll to the second nearest-to-maturity contract one week before

the nearest-to-maturity contract expires. Options data are obtained from DataStream

with daily strikes, traded volumes, maturities, contract prices (both call and put options)

for each specific product. Futures’ only aggregated long and short open interest data are

downloaded from Commodity Futures Trading Commission website in weekly frequency6.

In addition, equity market-related data (Fama French five factors) are downloaded from

the Fama French data library website. Both commodity (GSCI) and equity (CRSP)

market index prices are collected from the datastream and CRSP research databases,

respectively. Eventually, we convert all daily data into weekly data using each Tuesday’s

daily observation.

4.2 Methodology

To comprehensively address the pricing ability test on RNSK, we first illustrate how we

build the RNSK in an unbiased manner below and then discuss other commodity risk

factors used in the control test. Like others in the literature, we consider portfolio long-

short construction to build the final risk factor by cross-sectional ranking and sorting

method. A full description of the factors used in this paper can be found in the table 1.

[Insert Table 1 around here]

5We exclude palladium and platinum for the consideration of estimation bias due to limited amount
of OTM options data available.

6CFTC requires future trading participators to identify their types (hedgers, speculators, not re-
portable. . . ).
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4.2.1 RNSK

Bakshi et al. (2003) show that volatility, skewness, and kurtosis can be mimicked via

quadratic, cubic, and quartic pay-off structures by using daily observation cross over op-

tions data with different strike prices for the same underlying, denoted this measure as

BKM. Since BKM estimators are weighted by the underlying’s squared or cubed strike

price, it might cause estimation bias, especially during the illiquid period in which the

call options part will deteriorate, and the put options part will be overstated. Put op-

tions price increases rapidly when market exception falls in downside way, resulting in

more negative value in estimation (Kozhan et al. (2013), and Leontsinis and Alexander

(2017)). To account for the jump, discrete, and downside risks (errors) under the BKM

method, Kozhan et al. (2013) present a new estimation measure. We leverage this mea-

sure (denoted as RNSK) in the global commodity futures market to reduce estimation

error, such as jump risk (contract rollover) and discrete risk (commodity futures are less

liquid compared with the equity and rates, hence fewer options contracts to estimate

RNSK)7.

vLt,T = 2
∑

Ki≤Ft,T

Pt,T (Ki)

Bt,TK2
i

∆I (Ki) + 2
∑

Ki>Ft,T

Ct,T (Ki)

Bt,TK2
i

∆I (Ki) (1)

vEt,T = 2
∑

Ki≤Ft,T

Pt,T (Ki)

Bt,TKiFt,T

∆I (Ki) + 2
∑

Ki>Ft,T

Ct,T (Ki)

Bt,TKiFt,T

∆I (Ki) (2)

Where, Bt,T is the present value of a bond at time t with time-to-maturity (T-t) given

the expired data is unit, Pt,T and Ct,T are put and call options market price at time t

with time-to-maturity (T-t), Ki is the strike price level for underlying at value index i, i

7For comparison, BKM sorted long-short portfolio (risk factor) is also reported in some tables and
figures.
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stands for the different strikes listed for given futures contract on time t.

∆I (Ki) =


Ki+1−Ki−1

2
, for 0 ≤ i ≤ N(with K−1 ≡ 2K0 −K1, KN+1 = 2KN −KN−1)

0, Otherwise


RNSKt,T ≡ 3

vEt,T − vLt,T(
vLt,T

) 3
2

(3)

Where, RNSKt,T is the RNSK at time t with the expiration time T .

In practice, we first filter out all ITM options contracts and leave only OTM options,

and further remove contracts with the number of OTM call and put option price data

less than 48. Trapezoidal approximation (Dennis and Mayhew (2002) and Conrad et al.

(2013)) is implemented to calculate of equations (1) and (2) in discrete case. Finally,

those options that have only one week left to maturities will also be excluded as the

trading behavior on these options will distort the fair values of options themselves to

some extent.

We first compute the implied volatility via the Black model using the bisection method

for each contract with all daily data information. To solve the sparse strike price data

problem and truncation error, we further construct a refined implied volatility interval via

natural cubic spline interpolation on strike level (Jiang and Tian (2005), Jiang and Tian

(2007) and Carr and Wu (2008)). The fitted interval is scaled by two standard deviations

of underlying price to guarantee the minimum effect from truncation error (Jiang and

Tian, 2005). We use the linear interpolation method to account for the implied volatility

smile effect or skew effect for any data points beyond the current truncated extreme strike

price range9. Finally, we convert all fitted implied volatility data from the above-refined

8The number of call and put options is required to be equal to estimate the RNSK.
9We also consider flat extrapolation (extreme value on two sides will be used for points outside strike

price range without linear fitting) and no extrapolation (only consider data interpolation within a strike
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interval back to obtain call and put market price via Black model to have an adequate

number of the options price and strike to compute the RNSK.

After the estimation procedure, following the literature, 30 days constant maturity

series RNSK for each underlying product is constructed via interpolation. Suppose there

is a contract with exact time-to-maturity equal to 30, the corresponding RNSK value is

used directly; otherwise, Hermite cubic spline is used to interpolate constant maturity

RNSK. The Hermite cubic spline method is argued to account for calendar arbitrage

issue and non-linear trend for long-maturity data fitting and provides excellent shape-

preserving merit (Leontsinis and Alexander, 2017)10.

4.2.2 Commodity Market Variables

We follow the commodity market characteristics studied in the literature and compute

the commodity-specific risk factors in the following ways.

The term structure factor portfolio is constructed using the basis signal. The basis

is defined as the price differential between two consecutive futures contracts on the same

underlying product. Following Koijen et al. (2018), to make the signal more informative

to sort a cross-section of commodities, we employ the scaled basis measure below,

TSi,t =
log(F T1

i,t /F
T2
i,t )

T2 − T1

(4)

where F T1
i,t and F T2

i,t is the futures price for front and second month contract with maturity

T1 and T2 separately. The subscript i is index for product and t is index for time. A

positive (negative) basis signals a backwardated (contangoed) market and as such predicts

range), results are similar not reported here.
10For robustness, we also apply linearly interpolate to estimate the constant time-to-maturity RNSK,

since results are similar to Hermite cubic spline, so not reported.
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that commodity futures prices will subsequently rise (fall).

The hedging pressure factor portfolio is based on a variable that signals the direc-

tion of trade of commodity trading participators (Basu and Miffre, 2013). We measure

the hedging pressure by speculators’ long positions only (also documented as large non-

commercial traders by CFTC)11. The general formula is formatted as follows:

HPi,t =
#long speculation positionsi,t
total #speculation positionsi,t

(5)

Where HPi,t is represented by large non-commercial traders (speculators) hedging pres-

sure for particular futures product i at time t12.

The momentum signal is the average commodity futures return over a past window.

As in Asness et al. (2013a), Szymanowska et al. (2014) and Miffre and Rallis (2007), we

adopt a 12-month (52 weeks in our paper) window period. Formally,

MoMi,t =

∑j=t−52
j=t−1 ri,j

52
(6)

where ri,t = lnF T1(i, t) − lnF T1(i, t − 1) is the (log) return of the nearest-to-maturity

commodity futures product i on week t.

The realized skewness signal is the ”Pearson’s moment coefficient of skewness of each

commodity at month-end t using the daily return history in the preceding 12-month win-

dow” proposed in (Fernandez-Perez et al., 2018). To be consistent with their measure,

we also use daily return data over the past 12-month to estimate the Pearson skewness

11Long only hedger’s position (large commercial traders) is also computed and tested, showing similar
results to speculators’ results, therefore not reported in this paper.

12We do aware of the net hedging pressure measurement in recent literature, see (Szymanowska et al.
(2014), De Roon et al. (2000), Basu and Miffre (2013) and Bessembinder (1992)), robustness check on
net position for both hedgers and speculators are conducted with similar results to long only one, no
reported.
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coefficient. After daily estimation, we use Tuesday’s daily estimator as a weekly result

for analysis.

SKi,t =

[
1
D

∑D
d=1 (ri,d,t − µ̂i,t)

3
]

σ̂3
i,t

(7)

Where, ri,d,t is the daily return for ith commodity asset with d spanning from 1 to 252

(D=252) at time t. µ̂i,t is the standard mean estimation, and σ̂i,t is the standard error

with scaling factor
√

1/(D − 1)13.

4.2.3 Risk Factor Portfolio Construction

The weekly time-series of long-short portfolio returns (represented by TS, HP, MoM,

SK, and RNSK in this following content) are obtained by buying and selling quantile

group assets simultaneously. In particular, commodity assets at the end of each week are

grouped according to the latest signal observations and held until the end of next week

when new factor observations become available. Then, the portfolio weekly rebalance pro-

cedure continues until the end of the data sample. The ranking period is the most recent

52-week window for MoM and SK signals, while TS, HP, and RNSK use the latest sig-

nals. In particular, we denote L and S as the commodities included in the long and short

portfolios. HP, TS, MoM, and RNSK factors are constructed as high(L)-minus-low(S)

portfolios, while only SK is created as low(L)-minus-high(S) portfolios. This follows from

the wisdom that a high value of hedgers’ hedging pressure, basis, momentum, and risk-

neutral skewness predict an increase in subsequent commodity futures prices. In contrast,

a high value of realized skewness indicates a decrease in consequent commodity futures

13We also estimate a quantile-based skewness following (Green and Hwang, 2012) with past one-year
daily observations. This new measure implies the same negative skewness-return relationship but with
a trivial return. Again, this again points out that our option-based skewness is distinct mainly due to
risk-neutral property and no historical data inclusion.
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prices instead (Bakshi et al. (2019), Bessembinder (1992), Basu and Miffre (2013), Miffre

and Rallis (2007), Stilger et al. (2017), Amaya et al. (2015) and Fernandez-Perez et al.

(2018)). Hereafter, the notation HML denotes the corresponding long-short portfolio.

Descriptive statistics for all five factor portfolios are reported in Table 3.

5 Empirical Results

5.1 Summary Statistics for Return and Commodity Risk Fac-

tors

Summary statistics of rolling continuous futures’ returns are reported in the table 2. The

mean is annualized based on weekly observation, with most of them having average neg-

ative performance in the sample period. Assets’ return distribution normality is rejected,

suggested by the high moment’s column (skewness and kurtosis) as well as Jarque.Bera

test (Jarque and Bera, 1987).

[Insert Table 2 around here]

A fully collateralized long-short portfolio approach is used to construct time-series risk

factors. We only consider four quantiles (each consuming 25% of total assets) instead

of five due to the non-negligible amount of missing values generated during the risk-

neutral skewness estimation procedure. Except for those traditional baseline risk factors

mentioned above, some other related risk factors proposed in the commodity literature

are reported in table 3. We further report the correlation value matrix among risk factors

in table 4.

[Insert Table 3 around here]
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[Insert Table 4 around here]

From table 3, results for traditional factors like TS, MOM, and HP are consistent with

studies and findings in most literature. The long-short portfolio performance suggested

from the RNSK factor is superior to all other factor-based portfolios. Regarding the

portfolio positive return ratio, risk-neutral skewness measures from either (Bakshi et al.,

2003) or (Kozhan et al., 2013) are around 54%, while other risk factors fall into the

group with approximately 50% or less. Meanwhile, Sharp ratios of these two risk-neutral

skewness measures are outperforming all other portfolios at 0.87 and 1.39, respectively,

implying a more robust compensation per unit risk taken. While for the Pearson skewness

sorted portfolio performance, the annualized return is only 1.63%, which is far less than

8.01% documented by Fernandez-Perez et al. (2018). The difference might come from data

length and assets’ category used in portfolio construction. From the risk management

point, risk-neutral skewness sorted portfolio is less risky with a lower value on: maximum

drawdown (MaxDrawdown) and Value-at-Risk (VaR).

Additionally, from the table 4, the RNSK is less correlated or even negatively cor-

related with other risk factors, suggesting its benefit on factor investing and portfolio

diversification. It is also clear that the RNSK portfolio has the best (increasing and

stable) cumulative return over the testing period from the figure 1. Each quantile RNSK

performance can be found in figure 2. Overall, RNSK factors show superior performance

compared with other commodity risk factors.

[Insert Figure 1 around here]

[Insert Figure 2 around here]
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5.2 RNSK Superior Measure Against Pearson Skewness

We first compute the averaged RNSK (SK) across all commodity products and compare

them against the S&P GSCI index in figure 3. It is clear to see that the RNSK dynamics

generally show a positive trend aligned with the S&P GSCI index, especially around

specific major market movements in 2008 (financial crisis), 2012 (global factory sector

contracted), and 2015 (global market slowdown with over-supply and less-demand). On

the contrary, the SK is not indicating any clear information on market movement. Such

difference could be because the RNSK is computed from options’ data in a forwarding

looking manner, which makes it a natural proxy for viewing the global market dynamics.

[Insert Figure 3 around here]

Furthermore, the RNSK is more flexible and has less parametrization concern than

the realized skewness (e.g., the Pearson skewness coefficient) in constructing a long-short

portfolio. We validate this point via exploring the weakness of the realized skewness

measure when the parameter is a choice. Specifically, we consider the realized skewness

signal and long-short portfolio performance in the following scenarios: daily and weekly

frequency cases, five different window length parameters (from 1 month, 3-month, 6-

month, 9-month, to 12-month). Ultimately, we include the RNSK signal and its sorted

long-short portfolio correspondingly to compare in figure 4.

[Insert Figure 4 around here]

The upper two panels in the figure 4 show that estimation results are not proportional

when using the same rolling window with different data frequencies (return is not normally

distributed). As the window used in estimation increases, the Pearson skewness value

becomes more stable and less sensitive to new data. While looking at the bottom two
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panels, with daily data (panel 3), the realized skewness sorted long-short portfolio even

outperforms the RNSK sorted one at earlier testing period with 252 days set-up, although

it underperforms after 2014 thoroughly. In contrast, weekly data in panel 4, the RNSK

sorted long-short portfolio completely dominates, and realized skewness with 52 weeks

sorted portfolio almost falls into the worst-performing group. Overall, it is clear to see

that the RNSK sorted portfolio consistently generates a stable and attractive return.

5.3 Time Series RNSK Portfolio Return

To unveil the potential exposure of RNSK on other commodity risk factors, we regress

RNSK sorted portfolio excess return on the excess return of equally weighted portfolio

(standing for the overall long-only performance), term structure (market backwardation

and contango information), hedging pressure (market expectation from trading partici-

pators) and momentum (trend follower in commodity trading) portfolios.

PRi,t − rft = αi + β1,i ∗ EWt + β2,i ∗ TSt + β3,i ∗HPt + β4,i ∗MOMt + ϵi,t (8)

Where, PRi,t is the RNSK sorted portfolio return at time t and i is the index referred

to quantile portfolio from P1 to P4, for instance PR1,t and PR4,t are matched for P1

(the lowest RNSK quantile) and P4 (the highest RNSK quantile) in this paper at time t

respectively, rft is the risk-free rate at time t, αi is the abnormal return in ith portfolio

regression analysis, ϵi,t is the ith portfolio regressed error term at time t.

[Insert Table 5 around here]

From the table 5, panel A, RNSK sorted HML (long-short) portfolio delivers annu-
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alized 13.18% return with Sharp ratio 1.39, which is significantly higher than all other

risk factors’ based HML portfolios. This Sharp ratio is also better than those mentioned

in the literature considering the global futures market so far, e.g., 0.47 term structure

strategy in Erb and Harvey (2006), 0.75 hedging pressure strategy in Basu and Miffre

(2013), 0.67 carry strategy in Koijen et al. (2018), value and momentum factors less than

1 in a standard case in Asness et al. (2013b), and 1.1 time-series momentum strategy

with all available global futures market products in Moskowitz et al. (2012)). However,

this might not be a fair comparison given some known different configurations on product

selection, data length, frequency usage. Therefore, we use two market indexes as bench-

mark references and document a strong outperformance of the RNSK sorted portfolio

compared with the commodity GSCI index return (-7.4% annual return with -0.29 Sharp

ratio) and the equity CRSP index return (4.5% annual return with 0.23 Sharp ratio).

This can further motivate comprehensive review in future research once all the different

configurations have been reconciled.

From panel B, alpha (abnormal return) is statistically significant for the highest RNSK

quantile, offering an extra annualized 18.03% return. On the lowest RNSK quantile,

there is still additional statistically significant annualized -7.2% return, implying that

commodity assets with a relatively higher RNSK mainly dominate RNSK long-short

portfolio return. The alpha from the RNSK long-short portfolio indicates a significant

solid result with an annualized return of 12.62%. From the lowest to the highest quantile

and HML, RNSK sorted portfolio has little exposure (primarily not significant) to other

commodity risk factors-based portfolios but is largely (also significantly) exposed to the

excess return of equality weighted portfolio with a ratio around 1. Finally, a small R

square value from the HML portfolio regression test suggests that the overall RNSK
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sorted long-short portfolio return cannot be explained by the existing traditional baseline

model.

5.4 Stability of RNSK Signal and Predictability Horizon

The RNSK has been argued to be a short-lived signal that yields abnormal return for

the first post-ranking week or even just overnight when using weekly frequency data

(Gkionis et al., 2021). Meanwhile, Stilger et al. (2017) show that the RNSK signal is

portfolio formation dependent, and its average measure can blur information and lose

the predictive ability (abnormal return is no longer statistically significant). They also

study that the RNSK can only help predict the first post-ranking month return by using

monthly frequency regression with daily observations. Hence, the RNSK signal has been

seen as a short-lived mispricing investment opportunity that is quickly corrected in the

equity market.

To understand how the RNSK signal adapts to the commodity futures market, we

conduct a similar test to validate whether the RNSK signal is concurrent to portfolio

formation date and quantify the number of the post-ranking period the RNSK signal can

predict. Unlike our benchmark analysis, in which we always use the latest RNSK value

to sort assets, we compute the rolling averaged daily RNSK values and use its weekly

observation to sort assets to form a portfolio. Moreover, to figure out how long the RNSK

signal predicts, we use the latest RNSK signal and its averaging value as time t to form

portfolio and compute return at time t+k (k = 1, 2, 3, . . . ).

[Insert Table 6 around here]

In general, the table 6 shows that the long-short RNSK sorted portfolio can gener-

ate around 10% extra annualized return after controlling the traditional baseline model
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(equally weighted portfolio, term structure, momentum, and hedging pressure). As the

signal averaging window increases, we see a more substantial abnormal return, yielding

14.6% when window length is 30 business days. These results still hold and are even more

robust after controlling the realized skewness along with the above baseline factors. Con-

sistent with our findings before, the highest RNSK quantile (P4) consistently provides a

significant return, which drives the overall long-short portfolio. In contrast, the lowest

RNSK quantile (P1) does lose its predictability when the signal average window is 5 and

10 days.

[Insert Table 7 around here]

With the same averaging signal set-up above but different forecasting horizons, the

RNSK sorted long-short portfolios generally yield a significant around 6% annual return,

up to the 10th post-ranking week across all signal averaging windows from the table

7. There is also a chance that such a signal still price the return after 13 weeks from

today, although there is no significance found on the 11th and 12th post-ranking week.

Compared with those studies of the RNSK in the equity market, the RNSK signal has a

relatively long and persistent predictive ability in the global commodity futures market.

5.5 RNSK Characteristics under Backwardation and Contango

We further investigate the RNSK signal characteristics compared with the backwardation

and contango scenario suggested from other traditional commodity risk factors (TS, MoM,

and HP) and Skewness (SK). As indicated from the literature14, a higher (lower) TS,

MoM, and HP for speculators are associated with a backwardation (contango) market,

14Detailed findings can be referred to Bakshi et al. (2019), Fernandez-Perez et al. (2017), Basu and
Miffre (2013), Miffre and Rallis (2007).
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which will subsequently predict a rise (fall) price on the futures contract. At the end

of each week, we estimate the RNSK, sort all commodity futures assets based on their

RNSK values (ranking signal), and group them into four quantiles. Within each quantile,

we compute an equally weighted value for all other risk factors (reporting signals) and

show them in panel A of table 8. In panel B, we conduct the reverse operation to validate

the relationship further. The high-minus-low (HML) value and its t-statistic are reported

in both panels to show its quantile difference (P4-P1) significance.

[Insert Table 8 around here]

From panel A, all risk factors show a monotonic decreasing (TS, MoM, HP for spec-

ulators) pattern, and all their HML values are statistically significant. This sheds some

light on the fact that the RNSK signal implies a notable opposite phase in terms of

backwardation and contango. When the market is under backwardation suggested by

higher TS, MoM and HP for speculators with an associated subsequent positive return,

the RNSK has the lowest value and yield a negative return in the subsequent period

from the quantile P1. The quantile P4 says that the highest RNSK value is associated

with contango (the lowest TS, MoM, and HP for speculators with a subsequent negative

return), yielding a positive return. Only the MoM signal shows a significant HML value

from panel B, but no consistent monotonic pattern is observed.

In addition, we further explore the quantile signal relation by checking the number of

the shared assets selected by both the RNSK and other traditional risk factors in figure

5. For TS, MoM and HP, we count their overlapping assets against the RNSK separately

from the same direction quantile (i.e., long assets selected by both the RNSK and TS)

and report the output as the top quantile overlapping number of assets. While for the

SK, we conduct the opposite approach (long assets selected by the RNSK and short assets
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chosen by the SK) and report it as the top quantile overlapping number of assets.

[Insert Figure 5 around here]

We group all assets in top and bottom 25% and make sure we have four assets assigned

to each quantile at the end of each week in ranking. Theoretically, if two signals select

all the same assets in a quantile, the max count of overlapping assets is 415. From the

figure 5, all risk factors (TS, MoM, HP, and SK) have generally shared at most 50%

overlapping assets against the RNSK from 2008 to 2016. The SK factor shows slightly

more overlapping assets at the earlier testing stage, which could be due to the systematic

risk impact in 2008, where the same factor drives both futures and options market.

To sum up, the positive return from the highest RNSK quantile is more pronounced

under the contango phase, which differs from what traditional commodity risk factors

indicate. Lastly, there is no clear evidence that the RNSK shares majority of overlapping

pricing information with all other traditional risk factors and the realized skewness.

5.6 Cross-Sectional Analysis

The previous sections have focused on the time-series RNSK pricing ability test and the

mechanism behind it. In this part, we leverage one set of Fama and MacBeth (1973)

regression to test the RNSK cross-sectional performance further. Following with the

same approach used by Stilger et al. (2017), in particular, at the end of each week, we

regress all assets’ return on lagged RNSK values and also other series of signals (i.e., term

structure basis, hedging pressure, 1-year rolling average return, and etc.). At the end of

15Although there are 22 commodity assets we included in our analysis, there are the missing values of
the RNSK that is non-trivial to ignore during some periods. Therefore, given the data limitation and
to keep the number of assets selected in this overlapping analysis fixed, we decided to use four assets on
the highest and lowest quantile to the next steps.
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last week’s regression test, we estimate the averaged coefficient, standard error, and t-test

value and report the results in table 9.

[Insert Table 9 around here]

The RNSK shows a solid significant positive pricing ability across nearly all models

in table 9. Specifically, models (1) to (13) consider all baseline traditional risk factors

(TS, MoM, and HP) and also many other new augmented risk factors as control variables.

Among these 13 models, the SK is added in selective models as a different control variable

to fully unveil its impact on the RNSK in different combinations. In model tests (14)

and (15), we replace the realized Pearson skewness with another two additional skewness

measures (idiosyncratic skewness estimated from residuals of regressing assets’ return on

baseline model and quantile-based skewness). From models (16) to (19), idiosyncratic

volatility is tested given its strong predicting ability on idiosyncratic skewness (Boyer

et al., 2010). Finally, we consider adding all variables for the complete test and report

them in the model (20), which leads to surprisingly insignificant alpha. However, we

argue that this is expected as the model (20) includes three different skewness measures,

potentially covering most pricing information from the RNSK. It is clear that the RNSK

signal also shows a significant correlation with all three realized skewness measures from

table 4. The conclusion is clear that the RNSK sorted long-short portfolio presents a

significant return that is not challenged by all control variables as long as not all realized

skewness measures are considered.

5.7 RNSK Signal Pricing Mechanism

We construct the conditional bivariate sort portfolio to explore further how the RNSK

price the futures. Due to the nature of a small number of commodity futures and un-
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avoidable missing values in risk factors, we consider only high and low quantile, with each

constituting 50% of total assets16. In particular, we first sort all commodity assets based

on their RNSK values into two quantiles. We further sort available commodity assets

within each quantile based on another proxy factor into the new two quantiles. In the

end, we will have four groups, with each taking 25% of the total assets.

To test our conjecture that a high level of arbitrage cost drives the positive relation

between the RNSK and return, we use idiosyncratic volatility computed from the rolling

second moments of residuals (asset return regressed on traditional baseline risk factors)

to proxy the level of arbitrage cost (Chordia et al. (2021), and Cao and Han (2013)). In

the equity RNSK research, the negative return from the lowest RNSK group has been

attributed to those assets that are more pronounced to be overpriced and illiquid (Stilger

et al., 2017). Following two proxies used in their studies, we estimate a 1-month max daily

futures return (MaxReturn) of Bali et al. (2011), and the ratio of dollar volume to return

(LIQUID) of Amihud et al. (1997) to represent overpricing and liquidity separately. For all

conditional sorted portfolios, we further estimate alpha values from time-series regression

on existing traditional risk factors (EW, TS, MoM, and HP) and report in table 10.

[Insert Table 10 around here]

From panel A of table 10, we can confirm that the significant positive return from

the highest RNSK quantile is driven by those assets that are more pronounced to have

considerable arbitrage risk (cost). Portfolio with the highest arbitrage risk within the

highest RNSK quantile yield a significant 35 bps per week. Finally, within the highest

RNSK quantile, the spread return between the portfolio with the most and the portfolio

with the least arbitrage risk generates a significant return at 22 bps per week.

16This is different from most equity market studies where stocks are generally sorted into tercile.
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The panel B results show that the lowest RNSK quantile negative return can be

explained by overpricing of underlying assets with the highest maximum past month

return, -21.8 bps per week. Within the lowest RNSK quantile, the spread return between

the portfolio with the highest and the portfolio with the lowest maximum past month

return help generate a significant return at -32.9 bps per week.

Lastly, in panel C, we found that the most positive RNSK portfolio outperformance

is led by the commodity assets associated with the lowest liquidity. In particular, the

portfolio with the lowest liquidity quantile within the highest RNSK quantile generates

38 bps per week. Moreover, within the highest RNSK quantile, the spread return between

a portfolio with the highest liquidity and a portfolio with the lowest liquidity yields a

significant return, -22.4 bps per week.

To answer the hypothesis that the information embedded in the realized skewness

(SK) can be explained by the risk-neutral skewness (RNSK), we test this via a dependent

bivariate sort analysis by Bali et al. (2016) and report the results in table 11.

[Insert Table 11 around here]

From panel A of table 11, after controlling the effect of the RNSK, there is no sig-

nificant relationship between return and the SK in the spread portfolio returns. On the

contrary, from panel B, it is clear that the RNSK has presented a significant positive

return to all groups. Notably, there is no evidence that this significant positive relation

between the RNSK and return is driven by one quantile (highest or lowest SK) group.

Instead, we observe consistent significant returns among all scenarios.

With all the above, we confirm that the negative return from the lowest RNSK quantile

group in the futures market is driven by overpriced commodities. On the other hand, the

positive return’s key driver is those assets within the highest RNSK quantile, associated
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with higher idiosyncratic risk and less liquidity cost. Finally, the RNSK pricing ability on

return is significantly positive in all quantile group analyses after controlling the impact

of the SK. At the same time, the SK shows no significant connection to return when the

RNSK effect is considered.

5.8 Robustness Test

We employ more risk factors discussed in the commodity literature along with the baseline

model to clarify whether alpha generated from the RNSK sorted long-short portfolio is

still significant. In particular, we consider the following: (1) IDIOSKEW (IDIOVOL),

long-short portfolio sorted by skewness (volatility) calculated on the residuals (regression

of asset return on traditional commodity baseline model), (2) QuantileSK, long-short

portfolio sorted by the difference of return quantiles (3) CV, long-short portfolio sorted

by variance-over-mean of daily futures returns over prior 36 months, (4) LIQUID, long-

short portfolio sorted by prior 2-month dollar volume over an absolute return, (5) ∆OI,

long-short portfolio sorted by the change of entire open interest of commodity futures, (6)

Fama French five factors, motivated by the equity market: Mkt.RF, SMB, HML, RMW

and CMA (Fernandez-Perez et al. (2016), Fernandez-Perez et al. (2018), Bowley (1920),

Hong and Yogo (2012), Erb and Harvey (2006), Amihud et al. (1997) and Locke and

Venkatesh (1997)).

[Insert Table 12 around here]

From the table 12, in general, alpha is still significant through all scenarios regardless

of the control factors and realized Pearson skewness (SK) in use, yielding at least 20 bps

return per week. It is worth mentioning that the portfolio sorted on the SK shows strong

negative relation to the portfolio sorted on the RNSK in all model tests, including the
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baseline test in table 5. However, no persist robust significance is found on other skewness

measures, such as idiosyncratic and quantile-based skewness. One potential reason could

be the configuration differences discussed before: window length, regression model choice,

and quantile value. Lastly, as expected, there is no significance observed from those equity

market factors as commodity futures market shows substantial heterogeneity, consistent

with findings of Jagannathan (1985) and Erb and Harvey (2006).

[Insert Table 13 around here]

[Insert Table 14 around here]

This significance of alpha results is not challenged when switching to another risk-

neutral skewness measurement by (Bakshi et al., 2003) and monthly rebalancing frequency

in table 13. There is a clear pattern that the alpha has shrunk to some extent via BKM

estimator in both weekly and monthly frequency tests. We continue with the above

set-up in cross-sectional test to further check the impact of rebalancing frequency and

alternative skewness measurement in table 14. The RNSK, with a monthly rebalancing

set-up, still positively prices the individual futures return in all model tests. However,

the BKM estimator does lose its pricing ability when more control factors are added

under the weekly ranking signal and rebalancing case. This becomes even worse when

the monthly rebalancing set-up is utilized. One of the possible reasons is mentioned in

the methodology section that the RNSK (Kozhan et al., 2013) is argued to be a better

choice for commodity market data.

Overall, it is clear that to achieve better pricing results for the futures market, the

risk-neutral skewness by Kozhan et al. (2013) is recommended to use, instead of the one

by Bakshi et al. (2003).
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6 Conclusion

This paper investigates the relation between the risk-neutral skewness (RNSK) and sub-

sequent commodity futures return. A portfolio, buying commodities within the highest

RNSK quantile and selling commodities within the lowest RNSK quantile, can generate

significant 13.18% returns, which is superior to its counterparty, realized skewness with a

long-short portfolio return at only 1.63%. In addition to the remarkable return gained on

the RNSK long-short portfolio, it also indicates better measures on risk-adjusted earning

(Sharp ratio) and least worst performance (max drawdown).

The above position relation (between the RNSK and individual assets’ return) holds

in time-series and cross-sectional testing results with different control variables. This

implies that the pricing and predictive ability of the RNSK cannot be explained by the

traditional commodity baseline factors (market index, term structure, hedging pressure,

and momentum) and many other commodity market-specific factors. Moreover, the above

findings hold when the realized Pearson skewness is added tests. On the contrary, the

relation between the Pearson skewness and return has disappeared when the RNSK is

controlled.

As for the RNSK property, we find that the RNSK has opposite characteristics

compared against existing traditional commodity baseline factors in the futures mar-

ket, namely term structure, hedging pressure, and momentum. When those traditional

baseline factors suggest a backwardation market with a subsequent positive return, the

RNSK instead talks about contango with a negative return and vice versa.

Our empirical results confirm that the RNSK pricing mechanism fits under the directional-

learning hypothesis (Easley et al. (1998), and Kang and Park (2008)). In general, in-

vestors with positive (negative) information on the future underlying movement will re-

30



sort to the options market to explore the extra gains by buying more OTM call (put)

options, hence leading to a higher (lower) RNSK value. When that information spreads to

the underlying market, commodities’ prices then increase (decrease) to reflect to correct

those beliefs. In fact, we confirm that the large significant positive return generated from

the highest RNSK quantile are those commodities associated with higher idiosyncratic

volatility and less liquidity. In contrast, the significant negative return from the lowest

RNSK quantile is driven by those commodities that have been categorized as overpriced.

Finally, different from the findings in the equity market, we show that the RNSK has a

relatively stable and longer pricing predictability in the commodity futures market. The

long-short portfolio sorted based on averaging signals of the RNSK over the window (up

to 30 days) can yield a significant 14.6% return after correcting traditional commodity

baseline factors. Under the same averaging signal set-up but extending the forecasting

horizon (weeks), we find that the RNSK sorted portfolio can yield an extra 6% return up

to 10 weeks.

31



Data Availability Statement

Part of the data that support the findings of this study is available from ”DataStream”.

Restrictions apply to the availability of these data, which were used under license for this

study.

Part of the data that support the findings of this study is openly available in Kenneth R.

French webpage at https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/.

Part of the data that support the findings of this study is openly available on the CFTC

webpage at https://www.cftc.gov/MarketReports/CommitmentsofTraders/index.htm.

Part of the data that support the findings of this study is openly available on the CRSP

webpage at http://www.crsp.org/products/research-products/crsp-historical-indexes.

Restrictions apply to the availability of these data, which were used under license for this

study.

32

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
https://www.cftc.gov/MarketReports/CommitmentsofTraders/index.htm
http://www.crsp.org/products/research-products/crsp-historical-indexes


References

Amaya, D., Christoffersen, P., Jacobs, K., and Vasquez, A. (2015). Do realized skew-
ness and kurtosis predict the cross-section of equity returns? Journal of Financial
Economics, 118:135–167.

Amihud, Y., Mendelson, H., and Lauterbach, B. (1997). Market microstructure and
securities values: Evidence from the tel aviv stock exchange. Journal of Financial
Economics, 45(3):365–390.

Asness, C. S., Moskowitz, T., and Heje Pedersen, L. (2013a). Value and momentum
everywhere. Journal of Finance, 68(3):929–985.

Asness, C. S., Moskowitz, T. J., and Pedersen, L. H. (2013b). Value and momentum
everywhere. Journal of Finance, 68(3):929–985.

Bakshi, G., Cao, C., and Chen, Z. (1997). Empirical performance of alternative option
pricing models. Journal of Finance, 52(5):2003–2049.

Bakshi, G., Gao, X., and Rossi, A. G. (2019). Understanding the sources of risk under-
lying the cross section of commodity returns. Management Science, 65(2):619–641.

Bakshi, G., Kapadia, N., and Madan, D. (2003). Stock return characteristics, skew laws,
and the differential pricing of individual equity options. Review of Financial Studies,
16(1):101–143.

Bali, T. G., Cakici, N., and Whitelaw, R. F. (2011). Maxing out: Stocks as lotteries and
the cross-section of expected returns. Journal of Financial Economics, 99(2):427–
446.

Bali, T. G., Engle, R. F., and Murray, S. (2016). Empirical asset pricing: The cross
section of stock returns. John Wiley & Sons.

Bali, T. G. and Murray, S. (2013). Does risk-neutral skewness predict the cross-section
of equity option portfolio returns? Journal of Financial and Quantitative Analysis,
48:1145–1171.

Barberis, N. and Huang, M. (2008). Stocks as lotteries: The implications of probability
weighting for security prices. American Economic Review, 98(5):2066–2100.

Basu, D. and Miffre, J. (2013). Capturing the risk premium of commodity futures: The
role of hedging pressure. Journal of Banking and Finance, 37(7):2652–2664.

Bates, D. S. (1991). The crash of ‘87: Was it expected? the evidence from options
markets. Journal of Finance, 46(3):1009–1044.

Bessembinder, H. (1992). Systematic risk, hedging pressure, and risk premiums in futures
markets. Review of Financial Studies, 5(4):637–667.

Black, F. (1975). Fact and fantasy in the use of options. Financial Analysts Journal,
31(4):36–41.

Bollen, N. P. and Whaley, R. E. (2004). Does net buying pressure affect the shape of
implied volatility functions? Journal of Finance, 59(2):711–753.

33



Borochin, P., Chang, H., and Wu, Y. (2020). The information content of the term
structure of risk-neutral skewness. Journal of Empirical Finance, 58:247–274.

Bowley, A. L. (1920). Elements of Statistics. Number 8. PS King.

Boyer, B., Mitton, T., and Vorkink, K. (2010). Expected idiosyncratic skewness. Review
of Financial Studies, 23(1):169–202.

Cao, J. and Han, B. (2013). Cross section of option returns and idiosyncratic stock
volatility. Journal of Financial Economics, 108(1):231–249.

Carr, P. and Wu, L. (2008). Variance risk premiums. Review of Financial Studies,
22(3):1311–1341.

Chen, C., Lee, H.-C., and Liao, T.-H. (2016). Risk-neutral skewness and market re-
turns: The role of institutional investor sentiment in the futures market. The North
American Journal of Economics and Finance, 35:203–225.

Chordia, T., Lin, T.-C., and Xiang, V. (2021). Risk-neutral skewness, informed trad-
ing, and the cross section of stock returns. Journal of Financial and Quantitative
Analysis, 56(5):1713–1737.

Christie-David, R. and Chaudhry, M. (2001). Coskewness and cokurtosis in futures
markets. Journal of Empirical Finance, 8(1):55 – 81.

Conrad, J., Dittmar, R. F., and Ghysels, E. (2013). Ex ante skewness and expected
stock returns. Journal of Finance, 68(1):85–124.

De Roon, F. A., Nijman, T. E., and Veld, C. (2000). Hedging pressure effects in futures
markets. Journal of Finance, 55(3):1437–1456.

Dennis, P. and Mayhew, S. (2002). Risk-neutral skewness: Evidence from stock options.
Journal of Financial and Quantitative Analysis, 37(3):471–493.

Easley, D., O’hara, M., and Srinivas, P. S. (1998). Option volume and stock prices:
Evidence on where informed traders trade. Journal of Finance, 53(2):431–465.

Erb, C. B. and Harvey, C. R. (2006). The strategic and tactical value of commodity
futures. Financial Analysts Journal, 62(2):69–97.

Fama, E. F. and MacBeth, J. D. (1973). Risk, return, and equilibrium: Empirical tests.
Journal of Political Economy, pages 607–636.

Fernandez-Perez, A., Frijns, B., Fuertes, A.-M., and Miffre, J. (2018). The skewness of
commodity futures returns. Journal of Banking and Finance, 86(3):143–158.

Fernandez-Perez, A., Fuertes, A.-M., and Miffre, J. (2016). Is idiosyncratic volatility
priced in commodity futures markets? International Review of Financial Analysis,
46:219–226.

Fernandez-Perez, A., Fuertes, A.-M., and Miffre, J. (2017). Commodity markets, long-
run predictability, and intertemporal pricing. Review of Finance, 21(3):1159–1188.

34



Fuertes, A.-M., Miffre, J., and Fernandez-Perez, A. (2015). Commodity strategies based
on momentum, term structure, and idiosyncratic volatility. Journal of Futures Mar-
kets, 35(3):274–297.

Garleanu, N., Pedersen, L. H., and Poteshman, A. M. (2009). Demand-based option
pricing. Review of Financial Studies, 22(10):4259–4299.

Gkionis, K., Kostakis, A., Skiadopoulos, G., and Stilger, P. S. (2021). Positive stock
information in out-of-the-money option prices. Journal of Banking and Finance,
128:106112.

Green, T. C. and Hwang, B.-H. (2012). Initial public offerings as lotteries: Skewness
preference and first-day returns. Management Science, 58(2):432–444.

Hansis, A., Schlag, C., and Vilkov, G. (2010). The dynamics of risk-neutral implied
moments: Evidence from individual options. Available at SSRN 1470674.

Harvey, C. R. and Siddique, A. (2000). Conditional skewness in asset pricing tests.
Journal of Finance, 55(3):1263–1295.

Hong, H. and Yogo, M. (2012). What does futures market interest tell us about the
macroeconomy and asset prices? Journal of Financial Economics, 105(3):473–490.

Jackwerth, J. C. and Rubinstein, M. (1996). Recovering probability distributions from
option prices. Journal of Finance, 51(5):1611–1631.

Jagannathan, R. (1985). An investigation of commodity futures prices using the
consumption-based intertemporal capital asset pricing model. Journal of Finance,
40(1):175–191.

Jarque, C. M. and Bera, A. K. (1987). A test for normality of observations and regression
residuals. International Statistical Review/Revue Internationale de Statistique, pages
163–172.

Jiang, G. J. and Tian, Y. S. (2005). The model-free implied volatility and its information
content. Review of Financial Studies, 18(4):1305–1342.

Jiang, G. J. and Tian, Y. S. (2007). Extracting model-free volatility from option prices:
An examination of the vix index. Journal of Derivatives, 14(3):35–60.

Junkus, J. C. (1991). Systematic skewness in futures contracts. Journal of Futures
Markets, 11(1):9–24.

Kang, J. and Park, H.-J. (2008). The information content of net buying pressure: Ev-
idence from the kospi 200 index option market. Journal of Financial Markets,
11(1):36–56.

Kim, T.-H. and White, H. (2004). On more robust estimation of skewness and kurtosis.
Finance Research Letters, 1(1):56–73.

Koijen, R. S., Moskowitz, T. J., Pedersen, L. H., and Vrugt, E. B. (2018). Carry. Journal
of Financial Economics, 127(2):197–225.

35



Kozhan, R., Neuberger, A., and Schneider, P. (2013). The skew risk premium in the
equity index market. Review of Financial Studies, 26(9):2174–2203.

Leontsinis, S. and Alexander, C. (2017). Arithmetic variance swaps. Quantitative Fi-
nance, 17(4):551–569.

Liu, J. and Longstaff, F. A. (2004). Losing money on arbitrage: Optimal dynamic
portfolio choice in markets with arbitrage opportunities. Review of Financial Studies,
17(3):611–641.

Locke, P. R. and Venkatesh, P. (1997). Futures market transaction costs. Journal of
Futures Markets, 17(2):229–245.

Miffre, J. and Rallis, G. (2007). Momentum strategies in commodity futures markets.
Journal of Banking and Finance, 31(6):1863–1886.

Mitton, T. and Vorkink, K. (2007). Equilibrium underdiversification and the preference
for skewness. Review of Financial Studies, 20(4):1255–1288.

Moskowitz, T. J., Ooi, Y. H., and Pedersen, L. H. (2012). Time series momentum. Jour-
nal of Financial Economics, 104(2):228 – 250. Special Issue on Investor Sentiment.

Neuberger, A. (2012). Realized skewness. Review of Financial Studies, 25(11):3423–3455.

Newey, W. K. and West, K. D. (1987). Hypothesis testing with efficient method of
moments estimation. International Economic Review, pages 777–787.

Shleifer, A. and Vishny, R. W. (1997). The limits of arbitrage. Journal of Finance,
52(1):35–55.

Stilger, P. S., Kostakis, A., and Poon, S.-H. (2017). What does risk-neutral skewness
tell us about future stock returns? Management Science, 63(6):1814–1834.

Szymanowska, M., De Roon, F., Nijman, T., and Van Den Goorbergh, R. (2014). An
anatomy of commodity futures risk premia. Journal of Finance, 69(1):453–482.

Triantafyllou, A., Dotsis, G., and Sarris, A. H. (2015). Volatility forecasting and time-
varying variance risk premiums in grains commodity markets. Journal of Agricultural
Economics, 66(2):329–357.

Tversky, A. and Kahneman, D. (1992). Advances in prospect theory: Cumulative rep-
resentation of uncertainty. Journal of Risk and Uncertainty, 5(4):297–323.

[dataset] French, Kenneth Ronald, 2021, Kenneth R. French Website, Data are openly
available at https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/.

[dataset] Commodity Futures Trading Commission, 2021, Commodity Futures Trading
Commission Website, Data are openly available at https://www.cftc.gov/MarketReports/
CommitmentsofTraders/HistoricalCompressed/index.htm.

[dataset] The Center for Research in Security Prices, 2021, The Center for Research
in Security Prices Website, Data subject to third party restrictions at http://www.crsp.
org/products/research-products/crsp-historical-indexes.

36

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/
https://www.cftc.gov/MarketReports/CommitmentsofTraders/HistoricalCompressed/index.htm
https://www.cftc.gov/MarketReports/CommitmentsofTraders/HistoricalCompressed/index.htm
http://www.crsp.org/products/research-products/crsp-historical-indexes
http://www.crsp.org/products/research-products/crsp-historical-indexes


Table 1: Risk Factor Description

Table 2: Summary Statistics for Commodity Futures Return
The table reports summary statistics of weekly commodity futures returns from 10/10/2007 to 01/03/2016. The first row of

this table is for descriptive statistics, and the first column is for specific asset names. Results are organized by sectors based

on commodities’ attributes: Panel A: Agriculture sector, Panel B: Livestock sector, Panel C: Energy sector, and Panel

D: Metal sector. From the second column, we report the following: number of observations; mean, standard deviation,

minimum, maximum, skewness, and kurtosis of the return series; Jarque Bera test results for return distribution normality

check; autocorrelation with one-week lag coefficient results; and unconditional asset return mean zero T-test statistics.
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Table 3: Portfolio Performance Statistics for Commodity Risk Factors
For all the commodity market-related risk factors in table 1, we report their long-short or long-only portfolios’ performance

labeled column-wise. The first column summarizes all the statistics used for performance measurement where the mean is

annualized with a multiplier of 52 in this table with weekly observations.

Table 4: Pair-Wise Correlation Matrix of Risk Factors
This table shows a pair-wise correlation matrix among factors following the sample correlation estimation method

from 10/10/2007 to 01/03/2016. In addition to factors specified in table 3, we add five factors in the equity market

(Fama French): Mkt.RF (excess return of long-only market portfolio), SMB (long-short portfolio sorted by company mar-

ket capitalization), HML (long-short portfolio sorted by book-to-market ratio), RMW (long-short portfolio sorted by firms’

operating profitability), CMA (long-short portfolio sorted by investing style).
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Table 5: Time Series Analysis – Portfolio Property based on RNSK
The RNSK sorted equally weighted portfolio performance, and regression analysis on baseline models results from

10/10/2007 to 01/03/2016 are reported in this table. In panel A, portfolio performance statistics are reported for long-only

portfolios sorted by RNSK from P1 (the lowest RNSK group) to P4 (the highest RNSK group) and HML (P4 minus P1).

All mean value is annualized with a multiplier of 52. In panel B, each quantile time-series portfolio is regressed on the

baseline model (EW, TS, MOM, and HP) and baseline model plus the SK factor for robustness check. The first row in

panel B reports the annualized mean (multiplied by 52). The t-statistic values are reported under the estimated coefficients,

with corrected standard error (12 lags) following (Newey and West, 1987).
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Table 6: RNSK Abnormal Return Test with Ranking Signal Treatment
This table explores the RNSK signal pricing ability impact of different averaging windows configurations from P1 (lowest),

P4 (highest), to HML (P4 minus P1) portfolio return. The RNSK grouped portfolio excess return at panel A is regressed

on the traditional baseline model (EW, TS, MOM, and HP). In contrast, at panel B, the RNSK grouped portfolio return

is regressed on the traditional baseline model (EW, TS, MOM, and HP) and the Pearson skewness. Final regression alpha

(annualized) and t-statistic values are reported. All the t-statistic values are adjusted with corrected standard error (12

lags) following (Newey and West, 1987).
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Table 7: RNSK Abnormal Return Test with Forecasting Horizon Treatment
This table explores the RNSK signal pricing ability impact with two different configurations: signal averaging window

and forecasting horizon. Column headers stand for different window lengths used in averaged RNSK signals calculation

(from 1 day to 30 days), and the first column controls different forecasting horizons from 2 weeks to 13 weeks. For each

combination set-up, the corresponding RNSK long-short portfolio return is regressed on two sets of model configurations.

The RNSK grouped long-short portfolio return at panel A is regressed on the traditional baseline model (EW, TS, MOM,

and HP). In contrast, at panel B, the RNSK grouped long-short portfolio return is regressed on the traditional baseline

model (EW, TS, MOM, and HP) and the Pearson skewness. Final regression alpha (annualized) and t-statistic values

(adjusted with corrected standard error (12 lags) following (Newey and West, 1987)) are reported.
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Table 8: RNSK Quantile Characteristics on Backwardation
In panel A, all commodity assets are first grouped by the ranking signal (the RNSK value) in ascending order from lowest

(P1) to the highest (P4) quantile. Within each quantile, the averaged signal (reporting signals) is computed. In panel B,

futures products are first sorted based on each ranking signal, respectively, and then the averaged RNSK signal from each

quantile group is computed. We also report high-minus-low (HML) and its correspondingly t-statistics value in the last

two columns.

Table 9: RNSK Cross-Sectional Fama Macbeth Regression
At the end of each week, we run all assets’ returns on lagged signals and report the averaged coefficients in the spirit of Fama

and MacBeth (1973). The t-statistic value is listed underneath the estimated coefficient with adjustment by autocorrelation

and heterogeneity with lag 12 based on (Newey and West, 1987). Models (1) to (13) compare the regression results on

the RNSK (Kozhan et al., 2013) with and without adding SK as a control variable. We also test another two skewness

measures in the model (14) and (15), named IDIOSKEW (skewness measured on residuals from regressions of assets’ return

on traditional baseline model (EW, TS, MoM, and HP)) and QuantileSK (quantile-based skewness using quantile value

99%, 50%, and 1%). Models (16) to (19) validate the impact of idiosyncratic volatility on the RNSK, and the last model

(20) validates the full model performance.
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Table 10: Bivariate Conditional Portfolio Sorts: RNSK and Arbitrage Risk,
Overpricing and Illiquidity
This table shows the performance of bivariate commodity futures portfolios constructed based on the RNSK and three

proxy variables: arbitrage risk, overpricing valuation, and liquidity risk from 10/10/2007 to 01/03/2016. Arbitrage risk

is approximated by idiosyncratic volatility (IDIOVOL) computed from residuals of regressing individual futures return on

traditional risk factors (EW, TS, MoM, and HP) in the spirit of (Chordia et al., 2021). Overpricing (MaxReturn) proxy is

estimated using the rolling 1-month max return (Bali et al., 2011). Liquidity (LIQUID) is proxied by the ratio of dollar

volume to absolute return (Amihud et al., 1997). Commodity assets are sorted in ascending order at the end of each week

according to their RNSK values and assigned to the highest and lowest quantile groups. Within each RNSK group, we

further sort commodity assets according to each proxy value and create two new highest and lowest quantile groups. The

equally weighted return of each quarter group is computed at the end of week+1 (post-ranking week return). We report

this averaged alpha value by regressing each quantile portfolio excess return on traditional risk factors (EW, TS, MoM, and

HP) in this table with its corresponding t-statistic value underneath adjusted by autocorrelation and heterogeneity with

lag 12 based on (Newey and West, 1987). The column (row) labeled ’Difference’ reports the alpha of the spread return

between the highest quantile portfolio and the lowest quantile portfolio.
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Table 11: Bivariate Conditional Portfolio Sorts: RNSK and SK
This table shows the performance of bivariate commodity futures portfolios constructed based on the RNSK and Pearson

skewness coefficient. Commodity assets are first sorted in ascending order at the end of each week according to their RNSK

values and assigned to the highest and lowest quantile groups. Within each RNSK group, we further sort commodity assets

based on the Pearson skewness value and create new highest and lowest quantile groups. The equally weighted return of

each quarter group is computed at the end of week+1 (post-ranking week return). The results are reported in panel A. We

proceed with the opposite bivariate sorting process and report results in panel B. We estimate the averaged alpha value for

both panels by regressing each quantile portfolio excess return on traditional risk factors (EW, TS, MoM, and HP) in this

table with its corresponding t-statistic value underneath adjusted by autocorrelation and heterogeneity with lag 12 based

on (Newey and West, 1987). The column labeled ’Difference’ reports the alpha of the spread return between the highest

and lowest portfolios. The row labeled ’Average’ reports the alpha of average return between the portfolio’s highest and

lowest quantile from each column.
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Table 12: Time Series Augmented Risk Factor Test – RNSK Portfolio Perfor-
mance
At the end of each week, the long-short portfolio is sorted on the following signals: RNSK, all other commodity risk

factors (CV, IDIOSKEW, LIQUID, and ∆OI), traditional baseline model (EW, TS, MoM, and HP), and SK with weekly

observation. Then we regress the long-short portfolio return based on the RNSK (Kozhan et al., 2013) on all other factor-

based portfolios in a time-series manner and estimate the coefficient and alpha values for each model test. Standard equity

factors (Mkt.RF, SMB, HML, RMW, and CMA) are included to control the equity market impact on commodity futures.

We report Newey-West corrected standard error in the bracket with 12 weeks lags setting.
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Table 13: Time Series Robustness Test – Monthly Rebalanced and Alternative
Risk-Neutral Skewness Measure
Following table 12, we report the time-series regression results for the RNSK (Kozhan et al., 2013) with monthly rebalancing

portfolio in panel A. Similarly, we report the results via an alternative risk-neutral skewness measurement (BKM) by

(Bakshi et al., 2003) with weekly and monthly rebalancing in panels B and C, respectively. All standard errors in bracket

are adjusted by autocorrelation and heterogeneity with lag 12 based on (Newey and West, 1987).
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Table 14: Cross Sectional Robustness Check - Monthly Rebalanced and Alter-
native Risk-Neutral Skewness Measure
Following table 9, we report the cross-sectional regression results for the RNSK (Kozhan et al., 2013) with monthly

rebalancing portfolio in panel A. Similarly, we report the results via an alternative risk-neutral skewness measurement

(BKM) by (Bakshi et al., 2003) with weekly and monthly rebalancing in panels B and C, respectively. All t-statistic values

underneath the estimated coefficients are adjusted by autocorrelation and heterogeneity with lag 12 based on (Newey and

West, 1987).
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Figure 1: Cumulative Log Return of Risk Factors Sorted Portfolios
At the end of each week, we rank the commodity assets according to their signal values and assign them to four quantiles

in ascending order, from the lowest quantile (P1) to the highest quantile (P4). We then compute the spread return with

buying (selling) the highest quantile assets and selling (buying) the lowest quantile assets in an equally weighted portfolio

manner, denoted as L-S (S-L) spread return. We process this spread portfolio return calculation from 10/10/2007 to

01/03/2016 for the following signals: TS (term structure sorted L-S portfolio), MOM (momentum sorted L-S portfolio),

HP (large non-commercial traders percentage long position sorted L-S portfolio ), RNSK (risk-neutral skewness sorted

L-S portfolio from (Kozhan et al., 2013)) and SK (Pearson skewness coefficient sorted S-L portfolio). The only exception

is EW that is computed using all assets with equal weight and long-only.
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Figure 2: Risk-Netural Skewness based Quantile Portfolio Cumulative Log Re-
turn
At the end of each week, we rank the commodity assets according to their RNSK values and assign them to four quantiles

in ascending order, from the lowest quantile (P1) to the highest quantile (P4). For each quantile, all assets are assigned

equal weight to compute the portfolio return. We also compute the portfolio return by longing all assets in the highest

quantile and shorting all assets in the lowest quantile, denoted as HML. All returns are realized at post-ranking week. We

repeat this process from 10/10/2007 to 01/03/2016 and plot their corresponding cumulative return in this figure.
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Figure 3: Skewness Dynamics on Global Commodity Market
At the end of each week, we compute the averaged RNSK and SK value across all available commodity products, repeat

this process from 10/10/2007 to 01/03/2016, and finally plot their time-series values (left y-axis) against S&P GSCI (right

y-axis) in the below two figures.
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Figure 4: Skewness Comparison Analysis - Parametrization Problem
These four charts explore the impact of estimation window and data frequency usage on constructing the realized skewness

signal (Pearson skewness coefficient used here, the same method used in (Fernandez-Perez et al., 2018)). From the top

to the bottom chart, the data frequency in use is following: daily, weekly, daily, and weekly. Therefore, for the first and

the third charts, daily observation starts from 10/10/2007 to 01/03/2016, with T = 1, . . . , 2119; for the second and the

fourth charts, data is on the same period but T = 1, . . . , 433. The rolling window is scheduled as (30, 90, 125, 252, and

504) days and (5, 15, 26, 52, and 104) weeks for signal and portfolio generation separately. Regarding the value of charts,

the upper two charts display the dynamics of averaged cross-sectional Pearson skewness coefficient estimators based on

different rolling windows and data frequencies. The individual signal in a rolling manner is first obtained, and then

cross-sectional commodities’ values mean are calculated and reported in these two charts. The bottom two charts are the

cumulative return of a long-short portfolio based on the top two corresponding rolling window signals. Finally, the RNSK

signal (latest with no rolling window) and its sorted long-short portfolio are reported for comparison.
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Figure 5: Signal Quantile Overlapping Analysis
At the end of each week, commodity futures are grouped based on corresponding signal values, ascending order for (RNSK,

TS, HP, and MoM), and descending order for SK. We then count the number of assets jointly selected by the RNSK

signal from the top quantile and those chosen by the SK from the bottom quantile and report this number in ”Top”. For

other traditional factors (TS, HP, and MoM), we count their corresponding overlapping number of assets concerning the

RNSK from the same quantile group (i.e., top to top) and report this number in ”Top”. Repeating this entire process

from 10/10/2007 to 01/03/2016 to plot the number of overlapping assets in a time-series manner.
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