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Abstract

In this study, I develop a novel methodology to extract crash risk premia from options and stock
markets. I document a dramatic increase in crash risk premia after the 2008/2009 financial crisis,
indicating that investors are willing to pay high insurance to hedge against crashes in individual
stocks. My results apply to all sectors but are most pronounced for the financial and industrial
sectors. At the same time, crash risk premia on the market index remained at pre-crisis levels. I
theoretically explain this puzzling feature in an economy where investors face short-sale constraints.
Under short-sale constraints, prices are less informationally efficient which can explain the increase
in downside risk in individual stocks. In the data, I document a strong link between proxies of
short-sale constraints and crash risk premia.
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1 Introduction

Classic asset pricing theory posits that an investor who holds a portfolio of equities should only be

compensated for systematic risk. The idea is that in perfect capital markets, rational investors should

hold a diversified portfolio where the impact of idiosyncratic risk is zero, on average. In this study, I

examine the idiosyncratic risk in the equity market from a new perspective: I explore the downside risk

of individual stocks by implementing a trading strategy with which an investor can hedge himself/herself

against individual downside risk. The return of this strategy measures how much an investor is willing to

lose (or gain) for this hedge. The results that I find are surprising: after the financial crisis of 2008/2009

investors price individual crashes with a higher probability, whereas the market crash risk does not

increase. I also develop a new methodology to measure coskewness risk, which measures the downside

correlation among stocks, and I find that the coskewness risk does not increase after the crisis. Thus, all

the new crash risks in individual stocks are due to idiosyncratic risk. This result is surprising because it

goes against the conventional idea that idiosyncratic risk should not matter, and what is more surprising

is that the idiosyncratic crash risk and not the market crash risk increases after the systemic crisis of

2008/2009. I then propose, empirically and theoretically, a friction-based explanation that connects the

increase in individual crash risk to short-selling constraints, a friction that became especially relevant

during the crisis.

A plethora of literature has studied the pricing of crash risk, mainly for the stock market index.

Investors who are concerned about crash risk can purchase insurance via a portfolio of out-of-the-money

put options. Option markets thus provide an ideal laboratory to measure investor willingness to hedge

against tail risk. Empirical evidence suggests that investors are willing to pay extraordinary high premia

to insure against market crashes. This has become particularly topical after the financial crisis of 2008,

when many investors experienced unprecedented losses. Much less is known, however, for individual

stocks, and this is what the present study aims to elucidate.

The contribution of this work is threefold. The first contribution is methodological, where I show

how to measure crash risk and coskewness risk in the equity market via a trading strategy. The second

and main contribution is empirical where I document the puzzling increase in downside risk in individual

stocks but not in the market. Finally, I empirically and theoretically rationalize the empirical facts in

an economy with frictions, where investors face short-selling constraints and asymmetric information.

The novel methodology I implement to measure the crash risk premia in single stocks takes the form

of a simple trading strategy, a skewness swap. In line with recent literature on crash risk in individual

stocks, I construct measures of crash risk from the prices of out-of-the-money (OTM) puts and calls

(see, e.g., Kelly and Jiang (2014) or Kelly et al. (2016), among others). The difference between the

prices of OTM puts and calls measures the slope of the implied volatility smile and provides a measure

of the priced tail risk, which is econometrically linked to the risk-neutral skewness of the asset, the third

moment of the return distribution. However, different from this literature whose main focus is the price

of skewness risk, the goal of my study is to quantify the size of the skewness risk premium, i.e., the

difference between the physical and risk-neutral skewness through a tradable strategy. Intuitively, the
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skewness risk premium tells us how much an investor wants to be rewarded for bearing skewness risk.

To this end, I implement the swap trading strategy of Schneider and Trojani (2015) who provide a novel

methodology for trading skewness by taking positions in options. This strategy takes the form of a swap,

where an investor exchanges at maturity the fixed leg of the swap with the floating leg. The fixed leg is

settled at the start date of the swap and is given by the price of a portfolio of options while the floating

leg is realized at maturity and is given by the payoff of the same option portfolio plus a delta hedge

in the underlying stock. The key theory behind the skewness swap is that the fixed leg measures the

risk-neutral skewness of the asset, whereas the floating leg measures the realized skewness of the asset.

In this way, the payoff of the skewness swap, given by the difference between the floating leg and the

fixed leg, offers a direct and tradable measure of the realized skewness risk premium. In the same way in

which the literature (see e.g, Carr and Wu (2009) or Martin (2017), among others) has used the variance

swap to study the variance risk premium, I use the skewness swap to study the skewness risk premium.

I extend the skewness swap of Schneider and Trojani (2015) along two key dimensions. First, options

on individual stocks are typically American, so I show how to build a skewness swap with American

options when investors exercise their options optimally. Second, I use a different weight function in the

construction of the option portfolio, and I demostrate in a numerical study that the fixed leg of my swap

offers a more precise measure of the risk-neutral skewness.

In addition to studying individual skewness risk premia, I also analyze skewness risk in the index.

More specifically, by taking a long position in the index skewness swap and a short position in the basket

of individual skewness swaps, I show how an investor can trade market-wide coskewness. Coskewness

measures the correlation in the tails of the distributions. Intuitively, if two random variables exhibit pos-

itive (negative) coskewness, they tend to move in extreme positive (negative) directions simultaneously.

The coskewness swap allows me to study the coskewness risk premium.

Equipped with this new methodology, I implement the skewness swap strategy on all constituents of

the S&P500, the S&P500 index itself, and the sector ETFs in the time period 2003-2014. The average

monthly gain of the strategy amounts to 80% for the index, 70%–80% for the sector ETFs, and 50%

for the individual stocks. These results are economically and statistically significant for almost the

entire cross-section of stocks and are robust even in the presence of transaction costs. Most importantly,

they provide strong evidence of a positive skewness risk premium, revealing that investors like skewness

because positive skewness implies a higher probability of having high returns. Hence, risk-averse investors

want to hedge against a drop in skewness, and they accept very negative returns for this hedge.

This result supports the theoretical model of Bakshi et al. (2003) who show that within a power utility

economy in which returns are leptokurtic, the risk-neutral implied skew is greater in magnitude than the

physical P skew, which implies a positive skewness risk premium. I also document that the monthly gain

of the coskewness swap amounts to 80%, and I show that the index skewness risk premium is mainly due

to the market-wide coskewness, and that investors have a preference for positive coskewness.

To dissect the risk premia in more detail, I then split my sample period into two subsamples: the

first spanning the years before the financial crisis from 2003 to 2007, and the second covering the years

after the crisis from 2009 to 2014. I find that while the index and coskewness risk premia do not change
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after the crisis, the risk premium of the individual basket increases by 50%. The change is statistically

significant and I show that it is driven by a peculiar decrease in the risk-neutral skewness of single stocks,

a decrease that is not present in the index. Indeed, I document that the implied volatility smile for single

stocks becomes steeper after the financial crisis, indicating that the difference between the price of OTM

puts and OTM calls has widened. The result is robust for different measures of skewness and it is not

driven by the difference in data availability between the index and single stocks options, e.g., number of

options and moneyness range.

Two questions emerge as to why investors are willing to pay higher premia for insuring themselves

against individual stock crashes: Is it because downside risk has increased? Or is it simply because

investors have become more risk averse since 2008? I rule out both hypotheses in the data. First, the

increase in the skewness risk premium means that the priced skewness risk is higher in absolute value

than the physical skewness risk, and, therefore, the increase in price does not reflect an increase in

realized risk. Second, if the increase in the individual skewness risk premia after the financial crisis were

due to an increase in the risk aversion of investors, one would also expect a similar increase in the risk

premium for the market index, if we believe that the option market is integrated across markets.

I empirically link these idiosyncratic skewness risk premia to frictions in the stock market, and this

constitutes the third contribution of my study. To this end, I first decompose each individual skewness

risk premium into a systematic part, which is common to all stocks, and an idiosyncratic part, which

is different for each stock. I exploit the cross-sectional heterogeneity of the idiosyncratic skewness risk

premia and I find that short-selling constraints are the key drivers of the idiosyncratic skewness risk

premium. I then propose two economic channels that could rationalize why stocks that are more difficult

to short-sell command a higher idiosyncratic crash risk premium. First, short-selling constraints prevent

negative information to be fully incorporated in the prices, leading to overpriced stocks with a higher

disaster risk. Empirically, I find that stocks that are difficult to short-sell are more likely to be overpriced,

and they command a higher idiosyncratic skewness risk premium. Second, when a stock is difficult to sell

short in the equity market investors might resort to the option market as an alternative by buying puts

or by creating a synthetic short position in the stock with a combination of puts and calls. Empirically,

I find evidence of this market substitution mechanism; I find that stocks that are difficult to sell short

have higher volumes in put options, which, in turn, pushes up the skewness risk premium. By using two

proxies for short-selling costs, I find that the stocks that were most affected by short-selling constraints

during the crisis have a subsequent higher increase in the idiosyncratic skewness risk premium.

Finally, I rationalize these empirical findings in a parsimonious rational expectations equilibrium

economy where investors face short-selling constraints and asymmetric information similar to the model

of Venter (2016). The model has three types of investors: informed investors, uninformed investors, and

noise traders. Only informed investors know the final payoff of the stock, whereas uninformed investors

form rational expectations of the expected final payoff from prices. Noise traders prevent the trading

activity of informed investors from being fully revealing. If informed investors are short-sale constrained,

the distribution of the final payoff given the price is left-skewed in the equilibrium because the short-

selling constraints lead to a higher uncertainty in the left tail of the distribution. Intuitively, this implies
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that the stock crash risk that can be inferred from the prices increases with short-selling constraints.

Literature Review: My work contributes to different strands of the literature.

First, it contributes to the literature that explores the risk premia of different moments of asset

return distribution. In the equity market, a plethora of studies has documented the existence of a

positive first-moment risk premium, the equity risk premium, within a CAPM framework and in factor

models (see, e.g., Fama and French (1993), Carhart (1997), Pastor and Stambaugh (2003), Fama and

French (2015), among many others). A more recent stream of literature investigates the risk premia of

higher-order moments of the return distribution, particularly the variance risk premium (see, e.g., Bakshi

and Kapadia (2003), Bollen and Whaley (2004), Carr and Wu (2009), Ang et al. (2006), Bollerslev et al.

(2009), Buraschi et al. (2014), Choi et al. (2017) and Martin (2017), who derives a lower bound on the

equity premium in terms of a volatility index, SVIX). These studies provide evidence of a negative market

volatility risk premium. Investors dislike volatility because higher volatility represents a deterioration

in investment opportunities. Risk-averse agents want to hedge against a rise in volatility, so the risk-

neutral price of volatility is higher than the average realized volatility, leading to a negative volatility risk

premium. Bollerslev and Todorov (2011), Bollerslev et al. (2015), and Piatti (2015) refine these results

by showing that the compensation for rare events and jump tail risk accounts for a large fraction of the

average equity and variance risk premia in the index. The tails of the distribution have an important role

in the determination of prices (Bates (1991)), and the skewness is a natural measure of the asymmetry

of the tails of the distribution. Other important studies that examine variance and jump risk premia are

those of Cremers et al. (2015), who examine jump and volatility risk in the cross-section of stock returns,

and Andersen et al. (2017), who study the volatility and jump risk implicit in S&P500 weekly options.

Bakshi et al. (2003) have initiated the study of risk-neutral skewness and the skewness risk premium.

In their research, the authors develop a methodology to compute the risk-neutral skewness of an asset

via option portfolios. They document that the risk-neutral skewness of the S&P500 index and of 30

single stocks is negative, and it is, in absolute value, higher for the index than for the individual stocks.

Since then, the empirical literature on the sign of the skewness risk premium has yielded mixed results:

Kozhan et al. (2013) and Schneider and Trojani (2015) find a positive skewness risk premium for the

S&P500 index, whereas Chang et al. (2013) document that stocks with high exposure to innovations

in implied market skewness exhibit low returns, on average (negative market price of skewness risk).

Chang et al. (2013) rationalize their result by showing the negative correlation between changes in the

market skewness and market returns; therefore, an increase in the skewness leads to a deterioration

in the investment opportunity set. Conrad et al. (2013) and Boyer et al. (2010) find that stocks with

the lowest expected idiosyncratic skewness outperform stocks with the highest idiosyncratic skewness,

whereas Schneider et al. (2016) and Stilger et al. (2016) find the opposite: the more ex-ante negatively

skewed returns yield subsequent lower returns.

I contribute to the literature on the skewness risk premium by showing that the realized skewness

risk premium measured by the return of a skewness swap is positive, both for the market and for single

stocks. This result supports the theoretical model of Bakshi et al. (2003) and connects my work with the

theoretical work of Eeckhoudt and Schlesinger (2006), who show that while risk-averse investors dislike
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volatility, prudent investors have preferences for lotteries with higher skewness. A positive skewness

risk premium uncovers the prudent attitude of investors. I also contribute to the literature on the

coskewness risk premium by showing that the coskewness risk premium is positive. My results on

coskewness are consistent with the findings of Christoffersen et al. (2016) and Harvey and Siddique

(2000). However, while their empirical methodology is nested within the classic two-step Fama and

MacBeth (1973) regression, I use a trading strategy in which an investor can directly buy marketwide

coskewness. My methodology is more linked to that of Driessen et al. (2009), which extracts marketwide

correlation from the S&P500 variance, with the key difference that my coskewness risk premium is the

gain of a trading strategy. To my knowledge, I am the first to empirically study the skewness risk

premium and the coskewness risk premium in the single stock equity market via a trading strategy.

The results on the financial crisis connect my study with that of Kelly et al. (2016) on put option

prices. Carr and Wu (2011) show that American put options are theoretically similar to credit insurance

contracts linked to the default of the company. Kelly et al. (2016) document that the difference in costs

between OTM put options for individual banks and for the financial sector index increased during the

2007–2009 crisis, revealing that the idiosyncratic risk is priced more heavily than systematic risk for

the financial sector only. The authors rationalize these results with a bailout guarantee that lowers the

systematic crash risk priced in the index puts, compared with the idiosyncratic risk priced in the puts

of the individual stocks. In my work, I find a post-crisis increase in the skewness risk premium for all

stocks across different sectors, and not only for financials. Indeed, the most striking result is achieved by

the industrial sector, where the basket skewness risk premium increases from 13% to 64% after the crisis.

Furthermore, different from Kelly et al. (2016), I rationalize the results in an economy with short-selling

constraints.

The decomposition of the individual skewness risk premium into a systematic and an idiosyncratic

part connects my work with those of Gourier (2016) and Begin et al. (2017), who show that idiosyncratic

variance risk is priced in the cross-section of stocks, and my work extends their results to skewness. In

addition, while Gourier (2016) and Begin et al. (2017) use a parametric approach, my methodology is

completely model free.

My study is also related to the literature on short-selling constraints. The seminal work of Miller

(1977) argues that if short selling is costly and investor beliefs are heterogeneous, a stock can be over-

valued and generate low subsequent returns. The economic intuition behind this hypothesis is that

short-selling constraints prevent negative information or opinions from being revealed in stock prices.

Subsequent empirical literature confirmed this hypothesis in the data (see, e.g., Jones and Lamont (2002),

Chen et al. (2002), Desai et al. (2002), D’Avolio (2002), Nagel (2005), Asquith et al. (2005), among oth-

ers). Another strand of literature shows that short-selling costs and bans have significant effects on

option prices (see, e.g., Stilger et al. (2016), Lin and Lu (2015), Battalio and Schultz (2011), Atmaz

and Basak (2017)). These results indicate that on the one hand, short-selling constraints generate low

returns, and, on the other hand, that stocks that are more difficult to short-sell have more negative risk-

neutral skewness. The impact of short-selling constraints on the skewness risk premium, however, has

been unexplored. I contribute to this literature by showing that short-selling constraints are associated
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with a higher skewness risk premium, which reveals that these constraints have a higher impact on the

risk-neutral distribution than on the physical distribution. Economically, this means that stocks that

are difficult to sell short are perceived as idiosyncratically riskier.

The rest of the paper is organized as follows. Section 2.1 introduces the skewness swap, and Section

2.2 explains the details of the empirical application. Section 3 presents the empirical results of the study:

Section 3.1 introduces and analyzes the puzzle on the skewness and coskewness risk premiums and Section

3.2.1 proposes a friction-based explanation based on short-selling constraints. Alternative explanations

are discussed in Section 3.2.2. Section 4 presents the simple rational expectation equilibrium model,

and Section 5 concludes. In the paper, I use the notations Q skewness, priced skewness, and implied

skewness as synonyms for risk-neutral skewness. Analogously, I use the notation P skewness for the

realized skewness.

2 Methodology

2.1 Theoretical motivation: the skewness swap

The skewness swap is a contract through which an investor can buy the skewness of an asset by taking

positions in options. At the start date of the contract, the investor buys the portfolio of options, and

when the options expire, he or she receives the payoff of the option portfolio. The key theory behind

this contract is that the price of the option portfolio measures the risk-neutral skewness of the asset

and the payoff of the option portfolio measures the realized skewness of the asset. All trades are done

in the forward market, so the contract is more similar to a forward contract on options, but I call it a

skewness swap to align my work with the literature on higher-moment swaps. We can think of it as a

swap contract whereby two counterparts agree to exchange at maturity a fixed leg, given by the price of

the option portfolio, with a floating leg, given by the payoff of the option portfolio.

I build on the general divergence trading strategies of Schneider and Trojani (2015) to construct

my skewness swap. Schneider and Trojani (2015) introduce a new class of swap trading strategies with

which an investor can take a position in the generalized Bregman (1967) divergence of the asset. The

skewness can be seen as a special type of divergence, and Schneider and Trojani (2015) propose a Hellinger

skew swap for trading skewness. In this section, I construct a new skewness swap with the following

enhancements over the Hellinger skew swap of Schneider and Trojani (2015): (a) my skewness swap is

a pure bet on the third moment of the stock returns while being independent of the first, second, and

fourth moments, and (b) the swap can be applied directly to American options.
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The swap defined by Schneider and Trojani (2015) has the following general form:

SE =
1

B0,T

(∫ F0,T

0

Φ
′′
(K)PE,0,T dK +

∫ ∞
F0,T

Φ
′′
(K)CE,0,T dK

)
(1)

S̃E =

(∫ F0,T

0

Φ
′′
(K)PE,T,T dK +

∫ ∞
F0,T

Φ
′′
(K)CE,T,T dK

)
(2)

+

n−1∑
i=1

(
Φ
′
(Fi−1,T )− Φ

′
(Fi,T )

)
(FT,T − Fi,T )

where SE is the fixed leg of the swap and S̃E is the floating leg. PE,0,T and CE,0,T are the prices of a

European put and call option, respectively, at time 0 and CE,T,T = (ST −K)+ and PE,T,T = (K−ST )+

are the payoffs at maturity of the European call and put options. The subscript E indicates that

the prices are European options prices. F0,T is the forward price at time 0 for delivery at time T ,

and B0,T is the price of a zero-coupon bond at time 0 with maturity T . The function Φ : R −→ R is a

twice-differentiable generating function that defines the moment of the distribution we want to trade. For

example, if Φ(x) = Φ2(x) = −4((x/F0,T )0.5−1), then SE = EQ
0

[
log(FT,T /F0,T )2 +O(log(FT,T /F0,T )3)

]
.

In this example, Φ2 captures the second-order variation of the returns. SE measures the risk-neutral

moment while S̃E measures the realization of the moment. Equation 2 shows that the floating leg is

composed of two parts: the payoff of the option portfolio at maturity plus a delta hedge in the forward

market, which is rebalanced at the intermediate dates i. All the payments of the swap are made at

maturity, when the investors exchange the fixed leg with the floating leg. The value of the swap at time

0 is zero, as EQ
0 [S̃E ] = SE .

The main shortcoming of this trading strategy is that its implementation is limited to assets that

have European options available. In the equity market, only indexes have European options because the

options on single stocks are American. I modify the swap defined by Equations 1 and 2 in order to deal

directly with American options.

I start by defining the American call option payoff at time T :

CA,T,T =
(St∗ −K)

Bt∗,T

where t∗ = min{0 ≤ t ≤ T : (St∗ − K) > C(t∗, St∗ ,K, T − t∗)}, and analogously, the American put

option payoff:

PA,T,T =
(K − St∗)
Bt∗,T

where t∗ = min{0 ≤ t ≤ T : (K − St∗) > P (t∗, St∗ ,K, T − t∗)}. The idea is that the investor exercises

the American options optimally and the final payoff at maturity is given by the compounded optimal

exercise proceeds.1

1Many studies show that investors actually do not optimally exercise their stock options, and in particular they miss
most of the advantageous exercise opportunities (see, e.g., Pool et al. (2008); Barraclough and Whaley (2012); Cosma et al.
(2017)). This issue is important for in-the-money options, while here the skewness swap is constructed using out-of-the-
money options for which the early exercise is less relevant. In the empirical section, I will show that in my analysis, the
early exercise value is very small and hence an alteration of the early exercise proceeds given by a suboptimal behavior
would not alter the main results of the paper.
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I define a new swap whose floating leg is given by

S̃A =

(∫ F0,T

0

Φ
′′
(K)PA,T,T dK +

∫ ∞
F0,T

Φ
′′
(K)CA,T,T dK

)

+

n−1∑
i=1

(
Φ
′
(Fi−1,T )− Φ

′
(Fi,T )

)
(FT,T − Fi,T )

(3)

and fixed leg is given by the expectation of the floating leg

SA = EQ
0 [S̃A] =

1

B0,T

(∫ F0,T

0

Φ
′′
(K)PA,0,T dK +

∫ ∞
F0,T

Φ
′′
(K)CA,0,T dK

)
. (4)

The subscript A indicates that the prices are American option prices. The next proposition shows that

SA equals SE plus the price of the early exercise and that S̃A equals S̃E plus the realization of the early

exercise.

Proposition 1. The swap with fixed leg given by Equation 4 and floating leg given by Equation 3 verifies

the following properties:

SA = SE +
1

B0,T

(∫ F0,T

0

Φ
′′
(K)(PA,0,T − PE,0,T )dK

)
+

1

B0,T

(∫ ∞
F0,T

Φ
′′
(K)(CA,0,T − CE,0,T )dK

)

S̃A = S̃E +

(∫ F0,T

0

Φ
′′
(K)(PA,T,T − PE,T,T )dK

)
+

(∫ ∞
F0,T

Φ
′′
(K)(CA,T,T − CE,T,T )dK

)

The difference between the American and European prices (PA,0,T −PE,0,T ) and (CA,0,T −CE,0,T ) mea-

sures the price of the early exercise. The difference between the payoff of American and European options

(PA,T,T − PE,T,T ) and (CA,T,T − CE,T,T ) measures the realization of the early exercise.

Proof. See Appendix C.

Proposition 1 shows that when I use American options instead of European options, I have an

additional component given by the early exercise. While I cannot avoid trading it (because I can trade

only American options), I can measure this early exercise component in order to disentangle it from the

main skewness leg of the swap.

If the function Φ is

Φ(x) := Φ3

(
x

F0,T

)
= −4

(
x

F0,T

)1/2

log

(
x

F0,T

)
(5)

then SE,Φ3
= EQ

0

[
1
6y

3 + 1
12y

4 +O(y5)
]
, where y = log(FT,T /F0,T ). This is the Hellinger skewness

swap proposed by Schneider and Trojani (2015) to study the third moment of the returns. However, the

formula shows that the swap depends theoretically on the fourth moment as well, and I show numerically

in Appendix D that this dependence leads to a biased measure of the third moment.

To overcome this problem and better isolate the third moment, I define a new skewness swap S,

whose function ΦS is a combination of Φ3 and Φ4, where Φ4 is the function that defines the kurtosis

swap of Schneider and Trojani (2015). In detail, Φ4

(
x

F0,T

)
= −4

[
(x/F0,T )1/2(log(x/F0,T )2 + 8)− 8

]
9



and verifies SE,Φ4
= EQ

0 [ 1
12y

4 +O(y5)], where y = log(FT,T /F0,T ). By taking a long position in 6 times

Φ3 and a short position in 6 times Φ4, I can isolate the third moment from the fourth. The result is

formally stated in the following proposition.

Proposition 2. The skewness swap S with floating leg (2) and fixed leg (1) with

Φ(x) = ΦS

(
x

F0,T

)
= −24

(
x

F0,T

)1/2

log

(
x

F0,T

)
+ 24

[(
x

F0,T

)1/2
(

log

(
x

F0,T

)2

+ 8

)
− 8

]
(6)

verifies the following property:

SE,ΦS = EQ
0

[(
log

(
FT,T
F0,T

))3

+O

(
log

(
FT,T
F0,T

)5
)]

Proof. See Appendix C.

Proposition 2 shows that the swap S isolates the contribution of the third moment from that of the

fourth moment, and Proposition 1 shows how to construct a swap using American options. It is worth

noting that dividends do not affect the methodology because the modeled return is the forward return

y = log(FT,T /F0,T ) in which the dividends are included in the calculation of F0,T .

2.2 Data and empirical proxies

I apply the skewness swap introduced in Section 2.1 to all the components of the S&P500 separately in

the time period 2003–2014. I fix a monthly horizon for the skewness swaps, starting and ending on the

third Friday of each month, consistent with the maturity structure of option data. Because the issue of

new options sometimes happens on the Monday after the expiration Friday, I take as the starting day of

the swaps the Monday after the third Friday of each month. I consider only the periods in which stocks

do not distribute special dividends in order to avoid special behavior of stocks.

Security Data: The list of the actual components of the S&P500 is taken from the Compustat database

as of December 2014. I exclude the stocks for which there is not an exact match between the daily close

price reported by Optionmetrics, Center for Research in Security Prices (CRSP), and Compustat. After

this selection, 489 stocks remain. The data on the security prices and returns are taken from CRSP. My

methodology requires the calculation of the forward price at time 0 for delivery of the asset at time T .

I calculated it as F0,T = S0e
rT − PV D according to standard no-arbitrage arguments, where r is the

risk-free interest rate, S0 is the stock price at time 0, and PV D is the present value of the dividends

paid by the stock between time 0 and time T . The risk-free rate is taken from the Zero Coupon Yield

Curve provided by Optionmetrics. The data on the short interest are taken from Compustat.

The S&P500 index and sector indexes: The S&P500 index is a capitalization-weighted index,

defined as PS&P500 = (
∑
i SiShi)/(Divisor), where Si is the price of each stock in the index, Shi is the

number of shares publicly available for each stock, and Divisor is a factor proprietary to Standard &
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Poor. The Divisor is adjusted whenever a stock is added to or deleted from the index or after corporate

actions such as share issuance, spinoffs, etc., to ensure that the level of the index is not affected. The

simple return of the index from time t to time T can be approximated with the weighted average of

the returns of the components. The approximation holds true if the Divisor and the number of shares

outstanding of each stock do not change value from time t to time T :

Rt,T,S&P500 '
∑
i

Rt,T,iwi,

where wi = (SiShi)/(
∑
j SjShj). I will use this approximation to study the coskewness risk premium.

The data on the security prices and shares outstanding are taken from CRSP.

The stocks of the S&P500 are also divided into 11 sector indexes, which are capitalization-weighted

indexes like the S&P500. There are no options issued directly on the sector indexes, but there are options

issued on the SPDR sector ETFs, which are funds that track the S&P500 sector indexes. There are 10

SPDR sector ETFs, because the information technology sector index is merged with the telecom service

index into the technology ETF with ticker ‘XLK’. The real estate sector ETF started to be traded in

2015 and hence, it is discarded in this analysis. The historical components of the S&P500 and sector

indexes are taken from Compustat.

Options data: The data on the option prices and option attributes on single stocks, S&P500, and

SPDR sector ETFs are taken from Optionmetrics. The following data filtering is applied: I consider

only options with positive open interest, and I exclude options with negative bid-ask spreads, with neg-

ative implied volatility and with bid price equal to 0. I implement the swap only if there are at least two

call options and two put options to build the fixed leg of the swap. After the selection, I have on average

80 returns for each stock, covering the full data sample period. On average, 8–10 options are used in the

implementation of the swap.

Credit default swap data: The data on the credit default swap (CDS) spreads are taken from Markit.

I use the CDS spread of the 5-year contract because they are the most liquid CDS contracts.

Book leverage: The book leverage of each stock is computed as log (Asset/Equity), where Asset

is the book value of the total assets and Equity is the book value of equity. The data are taken from

Compustat.

Start and end of the financial crisis 2007/2009: As in Kelly et al. (2016), I consider the start date

of the crisis as August 2007 (the asset-backed commercial paper crisis) and June 2009 as the end date

of the crisis.

The empirical swap: The fixed leg of the swap is computed at the start date of the swap by building

the portfolio of options described in Equation 4 with Φ = ΦS defined in Equation 6. Equation 4 is

11



written for an options market in which a continuum of options is available covering all the strikes in

the range [0,+∞]. In practice, I have only a finite number of strikes for each date. I thus implement a

discrete approximation of Equation 4. Suppose that at time 0 there are N calls and N puts traded in

the market. I order the strikes of the calls such that K1 < ... < KMc ≤ F0,T < KMc+1 < ... < KN and

the strikes of the puts such that K1 < ... < KMp ≤ F0,T < KMp+1 < ... < KN . I approximate the fixed

leg with the following quadrature formula:

D
(
SA
)

=
1

B0,T

(
Mp∑
i=1

Φ
′′
(Ki)PA,0,T (Ki)∆Ki +

N∑
i=Mc+1

Φ
′′
(Ki)CA,0,T (Ki)∆Ki

)
(7)

where

∆Ki =


(Ki+1 −Ki−1)/2 if 1 < i < N,

(K2 −K1) if i = 1,

(KN −KN−1) if i = N.

I standardize the fixed leg by variance in order to have a scale-invariant measure of the risk-neutral

skewness:

SKQ
0,T =

D(SA)

(V ARQ
0,T )3/2

(8)

where V ARQ
0,T is calculated with Equation 4 and Φ2(x/F0,T ) = −4((x/F0,T )0.5 − 1).

The floating leg given by Equation 3 is composed of two parts: the payoff of the option portfolio plus

the delta hedge. I calculate the payoff of the option portfolio by checking the optimal exercise of the

options each day with the market-based rule proposed by Pool et al. (2008). I approximate the integral

of the floating leg with the same quadrature approximation I use for the fixed leg, which is given by

Equation 7. I implement the delta hedge each day ti, starting from day t1 (the day after the start date

of the swap) until day tn−1 (the day before the maturity of the swap). I also standardize the floating leg

by variance in order to have a scale-invariant measure of the realized skewness:

SKP
0,T =

D(S̃A)

(V ARQ
0,T )3/2

(9)

The realized risk premium of each strategy is calculated at maturity as the difference between the

floating leg (realized P skewness) and the fixed leg of the swap (Q skewness):

RP0,T = D(S̃A)−D(SA) ' r3
0,T − EQ [r3

0,T

]
. (10)

In the analysis that follows, I consider the risk premium expressed as a percentage gain of the skewness

swap strategy:

RP0,T,% =
D(S̃A)−D(SA)

C(SA)
, (11)

where C(SA) is the capital needed to purchase the fixed leg of the swap. It is computed as C(SA) =

1
B0,T

(∑Mp
i=1 | Φ

′′
(Ki) | PA,0,T (Ki)∆Ki +

∑N
i=Mc+1 | Φ

′′
(Ki) | CA,0,T (Ki)∆Ki

)
.2

2The formula is different than D
(
SA

)
because in C(SA) all the weights, given by Φ

′′
(Ki), are taken as absolute values.
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In Appendix D, I numerically show that the fixed leg of my skewness swap constructed with Equation

7 converges to the true risk-neutral skewness when the number of options grows to infinity and when the

range of moneyness available grows to [−∞,+∞].

3 Empirical results

3.1 The skewness risk premium puzzle after the financial crisis

In this section, I analyze the returns of the skewness swaps on individual stocks, on the S&P500 index,

and the coskewness swap returns. I show that the returns of the skewness swaps on individual stocks

increased substantially after the financial crisis and that the increase is economically and statistically

significant. Moreover, I show that the return of the skewness swap on the S&P500 index and the return

of the coskewness swap did not increase after the crisis, indicating that the increase in the individual

skewness risk premia are due to idiosyncratic risk. The results survive a number of robustness checks

controlling for transaction costs, early exercise bias, and measurement errors that might come from the

methodology employed.

3.1.1 The skewness risk premium in individual stocks: preliminary analysis

I implement the monthly skew swap strategy independently for each stock. Thus, each stock of my

sample will have a time series of realized skewness swap returns expressed in percentage gain according

to Equation 11.

[Table 1 here]

Table 1 reports the average skewness swap returns across the stocks before and after the 2007–2009

financial crisis. In the individual stock analysis of Panel A, I consider only the stocks that have a good

options data coverage since the beginning of the sample period, which reduces the sample to 209 stocks.

This filter is relaxed in the portfolio analysis of Panels B and C, where I consider the return of an equally

weighted and value-weighted portfolio of skewness swaps. The results are very strong: Panel A shows

that the return of the skewness swap is high and positive in all sample periods and it is statistically

significant for almost all the stocks. The average Sharpe ratio of the skewness swap strategy is high, 1.5.

Moreover, the average swap return goes from 43% to 52% after the financial crisis. The results are even

stronger in the portfolio analysis of Panels B and C: the average return of the portfolio of skewness swaps

goes from 33% before the crisis to 46% after the crisis. At first sight, these numbers may seem too big

given that they are monthly returns, but they are comparable with other studies on variance swaps and

variance risk premia. For example Carr and Wu (2009) estimate that the average return of a variance

swap on the S&P500 is −60% monthly and Bakshi and Kapadia (2003) show that the average monthly

gain of selling a delta-hedged put option on the S&P500 is 55% and it goes up to 80% if the option is

The reason for this standardization is that the portfolio of options contains both long and short positions. I thus follow
the general practice where the return of a short position is computed based on the initial proceeds from the sale, which
is taken with positive sign. In this way C(SA) measures the total capital exposure of long and short positions, and the
absolute values of the weights ensure that C(SA) is always positive.
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deep out-of-the-money (Table 2 of Bakshi and Kapadia (2003)). A positive skewness swap return implies

that the priced skewness is less than the realized skewness, but because the priced skewness is generally

negative, a positive skewness swap return implies that the priced skewness is more negative than the

realized skewness. An investor who buys skewness will on average make profit while bearing the risk of

a sudden decrease in the realized skewness, that is, a crash of the asset. From a hedging perspective, an

investor who wants to hedge against a drop in the skewness will sell the skewness swap, and my results

show that investors are willing to accept deep negative returns for this hedge. All this supports the idea

that investors have a strong preference towards positive skewness and that the sign of the skewness risk

premium is positive.

Panel A of Table 1 also displays the results of two robustness checks. First, I compute the return

of a skewness swap that uses synthetic European option prices instead of the actual American option

prices, where the synthetic European option prices are recovered with the Black-Scholes formula applied

to the implied volatility of the American option prices provided by Optionmetrics. This European swap

is not tradable, but its return is useful to measure the importance of the early exercise component in

the tradable American swap. Table 1 shows that the return of the synthetic European swap is almost

identical to the return of the tradable American swap, meaning that the early exercise (both in the

priced skewness and realized skewness) is, in this context, negligible. This is not surprising given that

the options used in the implementation of the swap are all out-of-the-money and hence have a low

probability of expiring in-the-money. As a second check, I compute the return of the swap considering

the bid/ask prices instead of mid-quote prices both for the option portfolio and for the delta hedge.

Including transaction costs cuts the average swap return by 40%, which shows that the option bid-ask is

an important friction to consider. However, even after considering transaction costs, the average swap

return goes from 26% to 39% after the financial crisis, and it becomes significant for the majority of the

stocks.

Panel A of Table 1 also shows that the increase in the skewness swap returns after the crisis is due to

a massive decrease in the fixed leg of the swap, which measures the risk-neutral skewness of the stock.

Indeed, the average risk-neutral skewness of the stocks, measured by the fixed leg of the swap, goes from

−0.65 to −0.99 after the crisis. I go deeper into this result in the next section, where I compare the

results on single stocks with the results for the S&P500 index and the sector indices.

[Figure 1 here]

Figure 1 shows the time series of the monthly return of the value-weighted portfolio of skewness

swaps and the cumulative return of investing one US dollar in the portfolio of skewness swaps at the

beginning of the period. We can see that on average the return is positive, but the dispersion is huge:

there are months in which the return is below −100% or above +100%. The cumulative return shares

some similarities with the return on selling insurance: on average it makes money until the trigger event

happens (a crash in this case), at which point it loses a lot. Here the risk is even higher because the

return can be less than −100% due to the short positions in the portfolio of options. These graphs show

that the skewness swap is a highly profitable and highly risky strategy.
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[Table 2 here]

I conclude this preliminary analysis by comparing the returns of the skewness swaps with the returns

of the variance swaps. The variance swap is a trading strategy with the same structure as the skewness

swap but with the Φ function equal to Φ2(x/F0,T ) = −4((x/F0,T )0.5 − 1) . Table 2 investigates the

relation between variance swap returns and skewness swap returns through a portfolio sort analysis.

In Panel A of Table 2, for each month I sort the stocks into three tercile portfolios according to their

skewness swap return, where ptf1 (ptf3) denotes the portfolio with the lowest (highest) skewness swap

return. Then, for each portfolio I compute the average variance swap return. The variance and skewness

swap returns are contemporaneous monthly gains of the variance and skewness swaps, respectively. In

Panel B, the sorting variable is the variance swap return and the table reports the statistics for the

skewness swap return of each variance-sorted portfolio. When I sort according to the skewness swap

return (Panel A of Table 2), the variance swap return has a U-shaped pattern: when the skewness

swap return is very low or very high, the variance swap return is high. This is intuitive, because the

variance swap return, given by (realized V arP)−(V arQ), is high when the realized variance is high. And

the realized variance is high when the stock rises substantially (positive skewness swap return) or falls

substantially (negative skewness swap return). While the variance swap return does not distinguish

whether the stock increases or decreases, the skewness swap return changes sign according to growth

direction. When I sort according to the variance swap return (Panel B of Table 2), I find that the stocks

with a positive variance swap return have a lower skewness swap return. This is consistent with the

well-known leverage effect, according to which there is a negative correlation between stock return and

volatility: when the realized volatility is high, and hence the variance swap return is high, the stock

is generally in a downturn, and hence the skewness swap return is smaller. This analysis shows that

variance and skewness swap returns convey different information.3

3.1.2 The index skewness risk premium and the coskewness risk premium

The S&P500 index is a capitalization-weighted index. The simple return of the index from time t to

time T can be approximated with the weighted average of the returns of the components:

Rt,T,S&P500 '
∑
i

Rt,T,iwi,

where wi = (SiShi)/(
∑
j SjShj), Si is the price of stock i, and Shi is the number of shares outstanding

for stock i. I then use the following mathematical identity:

(∑
i

wiRi

)3

=
∑
i

w3
iR

3
i + 3

∑
i,j

wiw
2
jRiR

2
j + 6

∑
i,j,k

wiwjwkRiRjRk. (12)

3Indeed, in the expected utility theory framework of Eeckhoudt and Schlesinger (2006), the attitude of investors toward
variance is linked with risk-aversion while the attitude of investors toward skewness is linked with prudence.
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Equation 12 allows me to disentangle the index skewness risk premium in the individual stock skewness

risk premium and the coskewness risk premium:

EP

(∑
i

wiRi

)3
− EQ

(∑
i

wiRi

)3


︸ ︷︷ ︸
Index risk premium

= EP

[∑
i

w3
iR

3
i

]
− EQ

[∑
i

w3
iR

3
i

]
︸ ︷︷ ︸

Basket of individual risk premiums

(13)

+ EP

3
∑
i,j

wiw
2
jRiR

2
j + 6

∑
i,j,k

wiwjwkRiRjRk

− EQ

3
∑
i,j

wiw
2
jRiR

2
j + 6

∑
i,j,k

wiwjwkRiRjRk


︸ ︷︷ ︸

Coskewness risk premium

I name the second term of the right hand side of Equation 13 ‘Coskewness risk premium’ because it

is a factor that measures the correlation between the stocks in the tails of their distributions. The

factor is composed of two terms,
∑
i,j wiw

2
jRiR

2
j and

∑
i,j,k wiwjwkRiRjRk. The first term is simply

the definition of non-standardized coskewness, which measures the correlation of the return of each stock

i with the variance of the other stocks j. The second term is a signed correlation, which is positive if the

stocks tend to go up together and negative if the stocks tend to go down together.

The coskewness risk premium defined by Equation 13 is tradable with the following two strategies,

which together constitute my coskewness swap:

1. I go long the skewness swap of Section 2.1 on the index to obtain the realized index skewness risk

premium (i.e., the term (
∑
i wiRi)

3
);

2. I go short a basket of skewness swaps on the stocks which are part of the index, each with weight

w3
i , to obtain the basket of individual realized risk premiums (i.e., the term

∑
i w

3
iR

3
i ).

The mathematical identity of Equation 13 shows that the payoff of the strategy that goes long the index

skewness swap and short the basket of skewness swaps measures the realized marketwide coskewness risk

premium. The return captured by the skewness swap trading strategy is the continuously compounded

return (see Proposition 2) while the return of Equation 13 is the simple return. However, the simple return

is just the first-order Taylor approximation of the continuously compounded return because log(x) =

(x− 1) +O
(
(x− 1)2

)
in the neighborhood of x = 1.

I analyze the returns of the three skewness swap strategies, namely the index skewness swap, the

basket of individual swaps, and the coskewness swap, separately for the S&P500 index and for the nine

sector indexes of the S&P500. I calculate the return of each swap strategy by normalizing the final payoff

for the capital needed to purchase the portfolio of options as explained in Equation 11 of Section 2.2. In

detail, the return of the skewness swap on the index is:

RP0,T,Index =
D( ˜SA,Index)−D(SA,Index)

C(SA,Index)
.
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The return of the basket of individual swaps is:

RP0,T,Bskt =

∑
i w

3
i

(
D(S̃A,i)−D(SA,i)

)
∑
i w

3
iC(SA,i)

,

and the return of the coskewness swap is

RP0,T,Cosk =
D( ˜SA,Index)−D(SA,Index)−

∑
i w

3
i

(
D(S̃A,i)−D(SA,i)

)
C(SA,Index) +

∑
i w

3
iC(SA,i)

.

[Figure 2 here]

Figure 2 displays the results for the S&P500. The monthly return of the skewness swap on the

S&P500 index is positive and very high; it amounts on average to 79% before the crisis and 84% after

the financial crisis. The return of the basket of individual skewness swaps is much lower (32% before the

crisis and 49% after the crisis), leading to a very high and positive return for the coskewness swap. These

results provide evidence of a positive skewness risk premium for both the index and for individual stocks.

They also show that the S&P500 skewness risk premium is mainly due to the marketwide coskewnesses

and that investors have a strong preference for positive coskewness. Moreover, while the skewness risk

premium of the basket increases by more than 50% after the financial crisis, the S&P500 skewness risk

premium increases by only 5%. This result is surprising, because after a big systemic crisis such as

the one of 2007–2009, understanding why investors require a higher crash risk premium in individual

stocks but not in the market is not straightforward. Investors are pricing individual crashes with a

higher probability than before, but this new crash risk is not reflected in the market crash risk or in the

coskewnesses, that is, it is new idiosyncratic crash risk. In the next section, I propose a friction-based

explanation based on short-selling constraints that can explain the rise in the individual skewness risk

premiums but not the market skewness risk premium.

[Table 3 here]

Table 3 presents the complete results for all sector indices. The table shows that for the sector

indices, the results are qualitatively the same as those for the S&P500: for all sectors I find that while

the skewness risk premiums for the indices increase on average by 25% after the financial crisis, the

skewness risk premiums of the individual baskets increase on average by more than 100%. The most

striking result is achieved by the industrial sector where the basket skewness risk premium goes from 13%

to 65%. After the financial crisis, all sectors except finance have an index skewness risk premium between

70% and 90%, which mainly reflects a coskewness risk premium. The basket of individual skewness risk

premiums is significant but lower than the coskewness risk premium. Finance is an exception because

it is the only sector for which the skewness risk premium of the basket after the crisis is higher than

the corresponding index skewness risk premium (61.62% versus 60.39%). Moreover, the financial sector

is the only one for which the index skewness risk premium and the coskewness risk premium slightly

decrease after the crisis. This links my work with the paper of Kelly et al. (2016) in which the authors

show that during the financial crisis, a bailout sector guarantee is priced in the financial sector index
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only. The guarantee lowers the systematic crash risk priced in the index compared to the idiosyncratic

crash risk priced in the basket.

[Table 4 here]

To complete the analysis, Table 4 assesses the statistical significance of the post-crisis increases in

the skewness risk premiums documented in Table 3. This is a difficult task because the skewness risk

premiums are gains from strategies that are bets on extreme events and hence the returns are very volatile

and include many outliers. In addition, I am considering monthly non-overlapping returns and hence the

size of my sample is limited. Taking into account all these limitations, I compute the following statistical

exercise. For each skewness swap return time series, I compute the bootstrap confidence interval for the

median return in the pre-crisis and post-crisis samples separately, and then I calculate the confidence level

α at which the two confidence intervals do not overlap. This α is the confidence level at which I can reject

the null hypothesis that the median skewness risk premium in the pre-crisis period (2003–2007) is equal

to the median skewness risk premium in the post-crisis period (2009–2014). The exercise is performed

for each index skewness swap return time series, basket skewness swap return time series, and coskewness

swap return time series of Table 3. Table 4 displays the results. With the exception of the finance and

utility sectors, the increase in the basket skewness risk premium is statistically significant at standard

confidence levels for all the sectors. The increase is also marginally significant for the S&P500 basket

(α = 14%). The confidence level α found for each index skewness risk premium is always higher than

the one found for the corresponding basket, and for some sectors the difference is striking. For example,

for the industrial sector the increase in the basket skewness risk premium is statistically significant at

the 1% level while the increase in the index skewness risk premium is statistically significant at the 41%

level, which basically means that I do not find statistical evidence that the index skewness risk premium

increased. These results show that the individual skewness risk premiums increased more than the index

skewness risk premium not only in terms of economic size but also in terms of statistical significance,

which is higher for single stocks than for the index.

In summary, this section documents that the skewness risk premium is positive and economically

important, showing that investors fear crashes. The skewness risk premium of the index is higher than

that for individual stocks, in line with the idea that investors fear market crashes more than individual

stock crashes. However, while the index and coskewness risk premium did not change much through time,

I document a massive increase in the individual skewness risk premiums after the financial crisis of 2007–

2009. The result is quite surprising, because according to standard asset pricing theory, the idiosyncratic

risk should not be priced at all in a frictionless market. However, in practice the market is not frictionless.

Investors and market makers are often constrained in their trading activity, they have limited bearing

capacity, and information is not fully revealed in prices. As a consequence, the idiosyncratic risk might be

priced in this imperfect capital market. In Section 3.2.1, I link the idiosyncratic skewness risk premiums

of individual stocks with short-selling constraints.
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3.1.3 Robustness checks

In this section, I provide three additional pieces of evidence that show that the financial crisis is a

structural break for single stocks but not for the market index. First, I show that the implied volatility

smile for single stocks becomes steeper after the financial crisis, whereas for the market the change is

less significant. Second, I analyze the data with a different measure of skewness, namely the risk-neutral

skewness of Bakshi and Kapadia (2003). Finally, I show that the results are not driven by the difference

in data availability between the index and stock options.

[Figure 3 here]

Figure 3 plots the average implied volatility smile for single stocks and for the S&P500 before and

after the financial crisis. The graph is constructed following Bollen and Whaley (2004): for each stock

and each day I divide the put and call options with maturity up to one year in five moneyness categories

according to their deltas, and I average the implied volatilities of the options in each category. Finally,

I average the results across stocks and across days in each of the sample periods. I define the slope

of the implied volatility smile simply as the difference between the implied volatility of the options of

category 1 (deep out-of-the-money puts) and the implied volatility of the options of category 5 (deep

out-of-the-money calls). Before the financial crisis, the average slope for the S&P500 is 11% and for

single stocks is 5%. After the financial crisis, the average slope for single stocks increases to 12% (more

than 100% increase) while that for the index increases to 14%. We can see that the increase is more

important for deep out-of-the-money puts (options in moneyness category 1). This empirical exercise

does not rely on any measure of skewness and it shows that the structural break found in this section

on the skewness of single stocks is not driven by a potential bias of the new methodology used, nor is it

driven by the tenor of the strategies (1 month).

[Table 5 here]

As a second robustness check, I compute the risk-neutral skewness with the classic methodology of

Bakshi and Kapadia (2003). Appendix E explains the details of the implementation. Table 5 shows that

while the risk-neutral skewness of the S&P500 decreased by 34% after the financial crisis, the average

risk-neutral skewness of single stocks decreased by almost 60%.

[Figure 4 here]

Finally, it is important to assess to what extent the difference in the liquidity and data availability

between the index and stock options is responsible for the structural break. Indeed, while the S&P500

options have always been well traded, in particular out-of-the-money puts, the trading in the single

stock options market is more recent. Figure 4 shows the time series of the range of options traded

for the cross-section of stocks. We can see that the range of the options available increased after the

2007–2009 financial crisis, in particular the average moneyness of the most out-of-the money put traded

on single stocks went from −1.8 standard deviations before the crisis to −2.9 standard deviations. In

order to insulate the change in the skewness risk premium from the change in the range of moneyness
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available, I compute as an additional robustness check the return of a model-based skewness swap with

constant moneyness range and constant number of options. More precisely, for each stock and index, I

fit at each start day of the swap the empirical implied volatility smile with the Merton jump-diffusion

implied volatility smile. Then, I consider an equispaced grid of 40 synthetic option prices, 20 calls and 20

puts, calculated with the Merton jump-diffusion model previously calibrated, which spans the moneyness

range [−4SD,+4SD], and I construct my skewness swap with these synthetic options. I carry out this

computation separately for each stock and index and for each monthly skewness swap, that is, the model

is recalibrated each month for each stock or index. In this way, the range of moneyness and the number

of options are constant through time and they are the same between the stocks and the index. I compute

the return of this strategy in the pre-crisis and post-crisis period. The details of the implementation of

this model-based skewness swap are provided in Appendix F.

[Table 6 here]

Table 6 shows that the average return of the S&P500 model-based skewness swap is 70% before the

financial crisis and 73% after the financial crisis. However, for single stocks the change is more important:

the average model-based skewness risk premium goes from 41% to 49% after the crisis. The statistical

significance of this change is discussed in Appendix F. It is interesting to note that the magnitude of

the model-based risk premium is comparable to the tradable risk premium for single stocks and for the

S&P500 displayed in Tables 1 and 3. These results confirm that the change in the skewness risk premium

for single stocks is higher than the change in the risk premium for the index and that this result is not

only due to an increase in the moneyness range of the options available.

3.2 Possible explanations for the skewness puzzle

What happened during the financial crisis and why did the idiosyncratic crash risk premiums increase?

In this section, I discuss different hypothesis. Section 3.2.1 outlines a possible friction-based explanation

based on short-selling constraints, and in Section 3.2.2 I discuss and rule out alternative hypotheses.

I extract the idiosyncratic skewness risk premium from each individual skewness risk premium by

taking away the part of the risk premium that can be explained by the covariation of the stock with the

market. In details I run the following time-series regression separately for each stock:

RPi,t = αi + βiRPS&P500,t + εi,t (14)

where RPi,t (RPS&P500,t) is the time series of the realized skewness risk premium of stock i (of the

S&P500) measured with the gain of the monthly swap strategies given by Equation 10. I then extract

the realized idiosyncratic risk premium for each stock as follows:

Idiosyncratic risk premiumi,t = RPi,t − β̂iRPS&P500,t. (15)
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The idiosyncratic risk premium can also be expressed as percentage gain of the swap strategy:

Idiosyncratic risk premiumi,t,% =
RPi,t − β̂iRPS&P500,t

Ci,t(SA)
, (16)

where Ci,t(SA) is the capital needed to purchase the fixed leg of the swap of stock i on month t defined

in Equation 11.

[Table 7 here]

Table 7 shows the average idiosyncratic risk premium before and after the 2007–2009 financial crisis.

The table further supports the main finding of the paper: since the crisis, the idiosyncratic part of the

skewness risk premium of individual stocks has increased substantially.4

3.2.1 A friction-based explanation: short-selling constraints

In this section, I investigate the relation between short-selling constraints and idiosyncratic crash risk

premium. First, I compute a cross-sectional analysis of the short-selling constraints over the whole sam-

ple period, and then I discuss in more details the short-selling constraints during the financial crisis.

Cross-sectional analysis over the whole sample period.

By exploiting the cross-sectional heterogeneity of the idiosyncratic crash risk premiums, I show that

the higher the short-selling constraints, the higher the idiosyncratic crash risk premium. I outline two

economic channels that lead to this relation: (a) stocks that are hard to short-sell are more likely to be

overvalued and hence have a higher crash risk premium; and (b) stocks that are hard to short-sell have

higher volumes in put options, which shows that investors resort to the options market as an alternative

to shorting the stock. The higher volumes in put options in turn push up the crash risk premium of the

stock.

I use two variables as proxies for short-selling costs: the short interest ratio (SI) and the option-

implied lending fee of Muravyev et al. (2016). The short interest ratio is defined for each stock as the

ratio of the number of shares held short against the total number of shares outstanding; this proxies the

demand for short selling (see Asquith et al. (2005) and Stilger et al. (2016)). The idea is that the higher

the short interest ratio, that is, the higher the demand for shorting, the more difficult and costly it is

to short-sell the stock. The option-implied lending fee himp defined by Muravyev et al. (2016) is based

on the idea that an investor can alternatively short the stock in the options market by purchasing a put

option and selling a call option with the same strike and same maturity. himp measures the costs of

shorting the stock in the options market. In this section, I report the analysis only for the short interest

ratio, while the results for the option-implied lending fee are reported in Appendix G because they

are qualitatively identical. Appendix G also reports the details of the calculation of the option-implied

lending fee.

4The detailed results of the quantile regressions can be found in Table 20 of Appendix H; Figure 10 of Appendix I
breaks down the results by sector.
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[Table 8 here]

The cross-sectional relation between the short interest ratio and the idiosyncratic skewness risk pre-

mium is investigated via a portfolio sort and a Fama MacBeth regression. In Panel A of Table 8, I form

three portfolios sorted according to the idiosyncratic skewness risk premium, with ptf1 (ptf3) denoting

the portfolio of stocks with the lowest (highest) risk premium. I then compute the average ex-ante short

interest ratio of each portfolio, which is computed at the start date of the swaps. Compustat reports

the short interest of each stock every two weeks; hence, I take as ex-ante short interest the closest short

interest reported by Compustat before the start date of each swap. The average short interest ratio of the

portfolios ranges from 3.62% of portfolio 1 to 4.46% of portfolio 3 with a monotonic increasing pattern,

and the t-statistic of 6.59 shows that the short interest ratio of portfolio 3 is statistically higher than the

short interest ratio of portfolio 1. In Panel B of Table 8, I compute the same univariate portfolio sort

but in the reverse order: first I sort the stocks according to their short interest ratio and then I compute

the average ex-post idiosyncratic skewness risk premium for each portfolio. The results show that the

portfolio of stocks that are harder to short-sell commands a higher idiosyncratic crash risk premium,

which is both economically and statistically higher than the risk premium of the portfolio of stocks that

are comparably easier to short-sell. The two portfolio sorts show that the relation between short-selling

constraints and crash risk premium is necessary and sufficient. The results are confirmed by the Fama

MacBeth regression prsented in Panel C of Table 8. The loading on the short interest ratio is positive and

statistically significant, confirming that the higher the short-sale constraints, the higher the idiosyncratic

skewness risk premium. This connection reveals that there are short-sale constraints in the market and

investors require compensation for the associated risk.

Why do stocks that are harder to short-sell command a higher idiosyncratic crash risk premium? I

identify two economic channels: first, the stocks with higher short-sale constraints are more likely to be

overvalued, and overvalued stocks command higher crash risk premiums. And second, the stocks that

are harder to short-sell have higher volumes in put options, which in turn decreases the risk-neutral

skewness of the stock and increases the skewness risk premium.

[Table 9 here]

As a measure of overvaluation of stocks, I use the maximum daily return over the previous month

(MAX) as suggested by Bali et al. (2011), which was also used by Stilger et al. (2016). In their work

Bali et al. (2011) show that the stocks with the highest MAX value in the past month significantly

underperform the stocks with the lowest MAX value in the following month. This relation shows that

the stocks with the highest MAX value are more likely to be overpriced. I compute a univariate portfolio

sort on the basis of the short interest ratio and I calculate the average MAX value for each SI-sorted

portfolio. Panel A of Table 9 shows that the stocks in the upper SI tercile portfolio have a higher value of

MAX and that the relation between SI and MAX is monotonic and highly significant (t-statistic of the

difference portfolio is 9.62). The stocks that are harder to short-sell are more likely to be overpriced. I

then investigate the joint relation between SI, MAX, and the idiosyncratic skewness risk premium with

a double independent portfolio sort. At each start date of the swaps t, I independently sort the stocks
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in ascending order according to their SI estimate and MAX estimate, and I assign each stock to one of

the three tercile portfolios for each sorting variable. The intersection of these classifications yields nine

portfolios. I then calculate the average idiosyncratic skewness risk premium of these nine portfolios at

the end of the following month t+ 1 (i.e., ex-post risk premium). The results are displayed in Panel B of

Table 9. When I control for the level of MAX, the relation between SI and the idiosyncratic skewness

risk premium is significant only for the stocks that have a medium/high level of MAX. Indeed, the

portfolio with the highest idiosyncratic skewness risk premium (6.95%) is the portfolio in the upper SI

tercile and in the upper MAX tercile. The stocks that are harder to short-sell and that are overpriced

command higher idiosyncratic skewness risk premiums.

[Table 10 here]

The second mechanism is a very simple market substitution mechanism: if an investor wants to

short-sell a stock but it is too expensive to do it in the equity market, he or she might resort to the

options market as a cheaper alternative by simply buying puts or a combination of long puts and short

calls, which replicates a synthetic short position in the stock. This in turn creates short-selling pressure

in the options market and, according to the demand-based option pricing of Garleanu et al. (2009),

this pressure will push up the prices of the put options and push down the prices of the call options.

Ceteris paribus, the resulting risk-neutral skewness is therefore more negative and the resulting skewness

risk premium is higher. In order to study the connection between short-selling constraints and option

trading, I define a new variable, the volume ratio V R, which is calculated as the ratio of the volume of

out-of-the-money calls against the volume of out-of-the-money puts traded on that day on the stock. I

first compute a univariate portfolio analysis wherein for each month I sort the stocks into three tercile

portfolios according to their short interest ratio, and then I calculate the average V R of each portfolio.

The V R and the short interest ratio are calculated at each start date of the swaps, that is, the two

measures are contemporaneous. Panel A of Table 10 shows that the portfolio of stocks with the highest

short interest ratios has the lowest volume ratio, the pattern is monotonic through the portfolios, and

the t-statistic of the difference between the volume ratio of portfolio 1 and portfolio 3 is −3.62. This

pattern reveals that for the stocks with high short interest ratios, the put options are more frequently

traded than for the stocks with low short interest ratios. This supports the idea that investors resort to

the options market as an alternative for shorting a stock when shorting the stock directly in the equity

market is difficult. The joint relation between SI, V R, and the idiosyncratic skewness risk premium

is studied via a double independent portfolio sort. The results displayed in Panel B of Table 10 show

that the relation between SI and the idiosyncratic crash risk premium is stronger when V R is low (i.e.,

portfolio 1 of V R). The idiosyncratic skewness risk premium is the highest for the portfolio of stocks

that are more difficult to short sell and have a high volume in put options.

Short-selling constraints during the financial crisis.

Short-selling constraints played a dominant role in the financial crisis. In October 2008, naked short-

selling was banned, which implies that to short-sell a stock, investors first have to borrow it. However,
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at the same time, the work of Porras Prado et al. (2016) and the Securities and Exchange Commission

(SEC) reports of Baklanova et al. (2015, 2016) document that securities lending activity has decreased

substantially since the 2007–2009 crisis.

[Figure 5 here]

Figure 5 is taken from Baklanova et al. (2015); it shows that the volume of securities on loan dropped

dramatically after 2009. There are several reasons for this drop. As Baklanova et al. (2015) argue,

the decline in securities lending can be partly attributed to policymakers efforts to reduce short selling.

During the crisis, the SEC issued several emergency orders that tightened borrowing requirements for

shares in the largest financial firms. These efforts were aimed at minimizing the possibility of abusive

short selling and preventing potential sudden and excessive fluctuations in security prices that could

impair markets. In addition, many security lenders restricted their participation in securities lending

activity due to concerns about weak performance and outright losses on cash collateral reinvestment

portfolios.5 All of these elements suggest that since the financial crisis, short selling is more difficult

because of increased regulation. The index is less affected by the new regulation, because borrowing

ETF shares is easier and requires less quality collateral. Indeed, Li and Zhu (2017) report that the ETF

short interest increased massively through time and the authors even provide evidence that investors

decide to short ETFs instead of single stocks when shorting single stocks is too costly.

[Table 11 here]

I test whether the stocks that were most strongly hit by the short-selling restrictions during the

financial crisis had a subsequent greater increase in idiosyncratic skewness risk premiums. To this end, I

compute a cross-sectional regression of the average change in the idiosyncratic skewness risk premium on

three measures that quantify how severely each stock was hit by the frictions during the financial crisis.

These three measures are the maximum of (a) the option-implied lending fee of Muravyev et al. (2016),

(b) the short interest ratio, and (c) the overvaluation proxy of Bali et al. (2011), achieved by each stock

during the financial crisis (2007–2009). The results are displayed in Table 11 and show that, except for

the short interest ratio, the loadings on the other two measures are positive and statistically significant:

the stocks with the highest values in the friction measures during the financial crisis show subsequently

higher increases in the idiosyncratic skewness risk premium.

3.2.2 Alternative explanations

In this section, I discuss the following alternative explanations, which could potentially explain the skew-

ness risk premium puzzle: (a) increase in investor risk-aversion, (b) increase in options data availability,

(c) increase in the riskiness of firms in terms of closeness to default, and (d) increase in the correlations

among stocks.

5An anecdotal case is the one of AIG, which used its securities lending program as a mechanism to raise cash and
generate leverage. AIG almost collapsed in 2008 and risk management inefficiencies and misuse of the cash collateral
played an important negative role in its distress.
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Risk-aversion.

I can confidently rule out the hypothesis that investors became more risk averse (see the option-implied

risk-aversion methodology of Bliss and Panigirtzoglou (2004)). Indeed, if the increase in the risk premi-

ums after the financial crisis were due to an increase in the risk aversion of investors, I should have found

an increase in the risk premium for the market index as well, if we believe that the options market is

integrated across securities.

Options data availability.

I can also rule out the hypothesis that the risk premiums increased because the moneyness range of avail-

able options increased after the financial crisis (see Figure 4). Indeed, in Section 3.1.2, I showed that

if I construct model-based skewness swaps with constant moneyness range [−4SD,+4SD] in all sample

periods, the results still hold, that is, the individual model-based skewness risk premiums increase more

than the market model-based skewness risk premiums after the financial crisis.

Closeness to default.

Another possible explanation could be that firms became idiosyncratically riskier after the financial crisis

in terms of their closeness to default. To test this hypothesis, I compute a univariate portfolio sort of the

stocks based on their idiosyncratic skewness risk premium and then I compute the average book-leverage

of each portfolio. The results are displayed in Table 21 of Appendix H and show that the relation is

actually negative: the stocks with the highest idiosyncratic skewness risk premium are those with the

lowest book-leverage. Therefore, the increase in book-leverage cannot be responsible for the increase in

idiosyncratic skewness risk premiums.

Correlations.

Finally, another possible explanation could be that individual skewness risk premiums increased because

the correlation between the stock and the market increased after the financial crisis, and therefore, indi-

vidual crash risk premiums are catching up with the market crash risk premium. However, the focus of

this paper is to understand the increase in the idiosyncratic crash risk premium, and in Equation 14, the

part of the risk premium due to the covariation between the stock and the market is removed. Indeed,

Table 22 of Appendix H fails to detect a relation between the time-varying CAPM-beta of the stocks

and the idiosyncratic skewness risk premiums.

4 The rational expectation equilibrium model

In this section, I show how skewness risk can endogenously arise in a very simple rational expectation

equilibrium model with asymmetric information and short-selling constraints. The model is very basic,

but it is rich enough to provide an economic sense on how the interplay between short-selling costs and

demand and supply frictions can generate a negatively skewed conditional distribution of the final payoff.

The model is a simplified version of the model of Venter (2016), characterized by a two-period economy
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with dates t = 0 and 1. At date 0 investors trade, and at date 1 assets pay off. There are two securities

traded in a competitive market, a risk-free bond and a risky stock. The bond is in perfectly elastic

supply and is used as the numeraire, with the risk-free rate normalized to 0. The risky asset is assumed

to be in net supply of S > 0 and has a final dividend payoff d at date 1 that is the sum of two random

components: d = f + n. The first risky component of the dividend payoff, f , can be regarded as the

fundamental value of the asset. The second component, n, is thought of as additional noise, preventing

informed agents from knowing the exact dividend payoff. The price of the stock at date 0 is denoted by

p. f has an improper uniform distribution, while n ∼ N(0, σ2
n).

The market is populated by a unit mass of risk-averse rational traders with mean-variance preferences

and risk-aversion ρ. A fraction [0, λ) of them are informed and know the final payoff f . The others [λ, 1]

are uninformed and they form their expectations based only on the price p. A fraction w of the informed

traders are subject to short-sale constraints, which in this economy are modeled as the inability to sell

the stock. This market also contains noise traders whose trading activity is not derived from utility

maximization. Noise traders simply buy u shares, where u ∼ N(0, σ2
u).

The definition of the equilibrium is standard in this economy.

Definition 1. A rational expectation equilibrium (REE) of the asset market is a collection of a price

function P (f, u) and individual strategies for constrained informed, unconstrained informed, and unin-

formed traders xc(f, p), xuc(f, p), and xui(p) such that:

1. The demand xk is optimal ∀k, i.e.,

xk ∈ argmax E [Wk | Ik]− ρ

2
V ar [Wk | Ik] ,

where Wk is the terminal wealth of agent k: Wk = W0 + xk(d− p);

2. market clears ∀u, i.e.,

wλxc + (1− w)λxuc + (1− λ)xui + u = S.

The following theorem shows that this economy admits a unique equilibrium.

Theorem 1. A unique piecewise linear REE of the model exists in the form

P = f +

 A(u− C) u ≤ C

B(u− C) u > C
(17)

where A = (ρσ2
n)/(λ), B = (ρσ2

n)((1−w)λ), and C is the solution of an implicit function 0 = L(C). The

constant C is well defined and unique.

In equilibrium the quantities traded are, respectively, xuc(f, p) = (f − p)/(ρσ2
n), xc(f, p) = max{(f −

p)/(ρσ2
n), 0}, xui(p) = (D)/(ρ(E −D2 + σ2

n)), where D = −A
∫ C
−∞(u−C)φ(u)du−B

∫∞
C

(u−C)φ(u)du

and E = A2
∫ C
−∞(u− C)2φ(u)du+B2

∫∞
C

(u− C)2φ(u)du.

Proof. See Appendix C.
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Intuitively, the equilibrium price function P has a different sensitivity to u (the demand of the

uninformed agents) if the stock is overvalued or undervalued, because there are short-sale constraints. If

the stock is overvalued, that is, P > f or u > C, not all the informed investors can sell the stocks, and

hence the relative importance of u in the market clearing condition is higher. This is why B > A and in

the case of no short-sale constraints, that is, w = 0, we obtain the equality A = B.

[Figure 6 here]

The main prediction of the model is that with short-sale constraints, the distribution of the final payoff

that can be inferred from the prices, that is, f |P , is left skewed. Figure 6 shows the result graphically.

Mathematically, from the equilibrium price function of Equation 17, the distribution of f |P is Gaussian

without short-sale constraints because if w = 0, then A = B and the price function is simply linear.

If w > 0, then the distribution of f |P is instead piecewise Gaussian, the left tail has a higher variance

because B > A, and the resulting skewness is negative. Economically, the interpretation is very intuitive:

the short-sale constraints prevent the bad news from being fully incorporated in the prices, which leads

to larger realized losses when the final payoff is realized. Short-sale constraints thus generate skewness

risk.

In this equilibrium economy, there is also a positive equity risk premium because the price of the

stock is less than the conditional expectation of its future payoff:

E [f | P ] = P +D,

whereD = E[Iu≤C(−A(u−C))]+E[Iu>C(−B(u−C))] = −A
∫ C
−∞(u−C)φ(u)du−B

∫∞
C

(u−C)φ(u)du ≥ 0

and φ is the Gaussian distribution with mean 0 and variance σ2
u. Mathematically, the risk premium arises

from the constant C in the price function, which is solved in order to clear the market and meet the

positive supply S. If w = 0 (no short-sale constraints), then

D =
ρσ2

n(ρ2σ2
nσ

2
u + λ2)

λρ2σ2
nσ

2
u + λ2

S.

Economically, the risk premium is required by uninformed traders in order to trade, as xui = D/(ρ(E −

D2 +σ2
n)). If the price of the stock is less than its expected payoff, the price of a put option on the stock

will be higher than the expected payoff of the option, and this generates a positive crash risk premium.

The simple linear structure of the risk premium E[f | P ] = P +D shows that the more the prices reveal,

the lower the risk premium.

[Figure 7 here]

Figure 7 shows that D is monotonic in the friction variables w and λ. w, the proportion of con-

straint investors, quantifies the short-selling friction in the economy, while λ, the proportion of informed

investors, quantifies the information friction in the economy. When short-sale constraints are high (i.e.,

w is high) or when the information is more asymmetric (i.e., λ is low) prices are less revealing and the

risk premium is higher.
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5 Conclusion

In this work I implement a trading strategy to investigate the risk premium associated with the third

moment of a stocks’ return distribution. The strategy involves buying and selling out-of-the-money put

and call options in order to take a position in the underlying skewness and subsequently hedge in the

forward market. In this way, I develop a strategy that is independent of the first, second, and fourth

moments, and it is a pure bet on the skewness. The return of the strategy measures the realized skewness

risk premium.

I apply this strategy to the 500 constituents of the S&P500 in the period 2003–2014 and I find that the

skewness risk premium is positive and statistically significant for the majority of the stocks, in particular

after the financial crisis of 2007–2009. A positive skewness risk premium implies that the price of the

skewness (Q skewness) is lower than the realized skewness (P skewness). These results are consistent

with the theoretical model of Bakshi et al. (2003), which shows that because investors’ preferences are

towards positive skewness, the price of the skewness should be lower than the realized skewness.

I decompose the individual skewness risk premiums both systematically, common to all stocks, and

idiosyncratically, peculiar to each stock. Although the systematic part is the largest component of the

risk premium, I find that the idiosyncratic part also carries a positive loading. Based on this result, I

reject the null hypothesis of a frictionless capital market in which the idiosyncratic risk is not priced

because it can be diversified away. I therefore study which violations of the perfect capital market

hypothesis can generate the idiosyncratic skewness risk premium. My results reveal that short selling

constraints are associated with higher idiosyncratic crash risk premiums.
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A Tables

Table 1. Average return of the skewness swap on individual stocks.

Panel A of the table shows the median return of the skewness swap across the stocks in the pre-/post-crisis

subsamples, as well as the median fixed leg and floating leg of the swap. For each stock I consider the median

of the skewness swap returns across time; the table displays the average of these medians across stocks. The

same averaging procedure is computed for the fixed leg and floating leg of the swap. The numbers in parentheses

indicate the number of stocks that have a statistically significant positive swap return, where the confidence

interval for the median swap return is calculated with a bootstrap technique with 2000 bootstrap samples. The

table shows the skewness swap returns computed using American options, European options, and American

options with bid/ask prices. The Q skewness (P skewness) is the fixed leg (floating leg) of the swap standardized

by variance, that is, Q skewness =
fixed leg

(Q-variance)3/2
and P skewness =

floating leg
(Q-variance)3/2

. In Panel A, I consider

only the 209 stocks that have good option data coverage since the beginning of the sample. In Panel B (Panel

C), I consider the median return of an equally weighted (value-weighted) portfolio of skewness swaps. In Panels

B and C, I consider all the stocks of my sample in the portfolio construction.

Panel A: Summary statistics for individual skewness swaps

Before crisis
(2003–2007)

During crisis
(2007–2009)

After the crisis
(2009–2014)

Average return of the
skewness swap

43% (154) 43% (91) 52% (202)

Average Sharpe ratio 1.54 0.81 1.55

Average return of the
skewness swap with
European options

43% (155) 42% (82) 52% (201)

Average return of the
skewness swap with
transaction costs

26% (94) 29% (49) 39% (181)

Average fixed leg of the
swap (Q−skewness)

-0.65 -0.82 -0.99

Average floating leg of
the swap (P−skewness)

0.13 -0.03 0.07

Panel B: Portfolio of equally weighted skewness swaps

Before crisis
(2003–2007)

During crisis
(2007–2009)

After the crisis
(2009–2014)

Median return of the
portfolio

33.50% 43.49% 47.83%

Panel C: Portfolio of value-weighted skewness swaps

Before crisis
(2003–2007)

During crisis
(2007–2009)

After the crisis
(2009–2014)

Median return of the
portfolio

32.40% 43.32% 45.80%
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Table 2. Univariate portfolio analysis: skewness swap return vs variance swap return.

This table presents the results of two univariate portfolio sort analyses. In Panel A, the stock portfolios are

formed each month according to the stocks skewness swap return with ptf1 (ptf3) denoting the portfolio with

the lowest (highest) skewness swap return. Then, for each portfolio the table reports the average variance swap

return. The variance and skewness swap returns are the monthly percentage gain of the variance and skewness

swaps, respectively, and they are contemporaneous. The column labeled ‘3-1 t-stat’ reports the t-statistic of the

two-sample test for equal means, which tests the null hypothesis that ptf3 and ptf1 have the same average variance

swap return. In Panel B, the sorting variable is the variance swap return and the table reports the statistics for

the skewness swap return of each variance-sorted portfolio. The t-statistics are adjusted using Newey and West

(1987) with the optimal bandwidth suggested by Andrews and Monahan (1992).

Panel A: Skewness swap return

ptf1 ptf2 ptf3 3-1 t-stat

Variance swap return -10.92% -28.91% -11.37% -0.22

Panel B: Variance swap return

ptf1 ptf2 ptf3 3-1 t-stat

Skewness swap return 38.65% 38.25% 29.03% -3.77
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Table 3. The return of the index skewness swap, the basket of individual skewness swaps, and the
coskewness swap.

This table presents the median monthly returns of the three following swap trading strategies in the pre-/post-
crisis subsamples:

1. Index skewness swap return:
(∑

i wiri
)3

. This strategy trades the third moment of the returns of the
index. It is computed with the skewness swap of Section 1 applied to the options of the index (S&P500 or
SPDR sector ETF).

2. Basket skewness swap return:
∑

i w
3
i r

3
i . This strategy trades the sum of the third moments of the index

constituents. It is computed with a portfolio of skewness swaps applied independently to the options of
each stock, each one with weight w3

i .

3. Coskewness swap return:
(∑

i wiri
)3 −∑i w

3
i r

3
i = 3

∑
i,j wiw

2
j rir

2
j + 6

∑
i,j,k wiwjwkrirjrk. This strategy

is implemented by going long strategy 1 and short strategy 2.

The statistical significance of the median returns is assessed by computing the bootstrap confidence intervals

with 2000 bootstrap samples at the levels of 5%, 1%, and 0.1%.

Panel A: Before the crisis 2003–2007

Index skewness
swap return

Basket skewness
swap return

Coskewness swap return

S&P500 78.91%*** 32.81%*** 78.88%***
Financial sector 60.49%*** 45.15%*** 59.86%***
Energy sector 44.12%** 40.28%*** 38.97%*
Material sector 75.53%*** 41.75%** 73.85%***
Industrial sector 68.78%*** 13.07%* 56.59%***
Consumer discretionary sector 65.44%*** 30.18%*** 65.08%***
Consumer staples sector 67.52%*** 39.84%*** 59.81%**
Health care sector 54.00%** 30.22%*** 52.98%**
Technology sector 45.64%** 28.18%*** 45.46%***
Utility sector 79.34%*** 59.68%*** 79.15%***

Panel B: After the crisis 2009–2014

Index skewness
swap return

Basket skewness
swap return

Coskewness swap return

S&P500 84.17%*** 49.13%*** 84.13%***
Financial sector 60.39%*** 61.62%*** 59.77%***
Energy sector 74.98%*** 67.27%*** 72.20%***
Material sector 75.61%*** 59.46%*** 74.46%***
Industrial sector 76.01%*** 64.43%*** 75.38%***
Consumer discretionary sector 84.16%*** 65.09%*** 83.04%***
Consumer staples sector 80.97%*** 66.89%*** 75.50%***
Health care sector 79.77%*** 62.57%*** 78.59%***
Technology sector 72.57%*** 52.50%*** 70.87%***
Utility sector 85.68%*** 66.91%*** 83.36%***
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Table 4. The statistical significance of the post-crisis increase in the skewness risk premiums.

This table shows the confidence level α at which I can reject the null hypothesis that the median skewness

risk premium in the pre-crisis period (2003–2007) is equal to the median risk premium in the post-crisis period

(2009–2014). The α is calculated as the confidence level under which the bootstrap confidence interval of the

median skewness risk premium in the pre-crisis period does not overlap with the bootstrap confidence interval

of the median skewness risk premium in the post-crisis period. The exercise is performed for each time series of

index skewness swap returns, basket skewness swap returns, and coskewness swap returns of Table 3.

αindex αbasket αcosk

S&P 500 0.20 0.14 0.15
Financial sector 1.00 0.35 1.00
Energy sector 0.08 0.06 0.08
Material sector 0.97 0.04 0.90
Industrial sector 0.42 0.01 0.25
Consumer discretionary sector 0.28 0.01 0.28
Consumer staples sector 0.45 0.01 0.16
Health care sector 0.02 0.01 0.02
Technology sector 0.11 0.07 0.09
Utility sector 0.68 0.26 0.66

Table 5. Robustness check: Bakshi-Kapadia-Madan (2003) risk-neutral skewness.

The table shows the average risk-neutral skewness of Bakshi and Kapadia (2003) in the pre-/post-crisis subsamples

for the S&P500 and for the cross-section of stocks. The risk-neutral skewness is computed daily for each stock

by using the options with 30 days to maturity. The results are first averaged for each stock in each of the sample

periods, and then they are averaged across stocks. The column labeled ‘t-stat diff’ reports the t-statistic of the

two-sample test for equal means, which tests the null hypothesis that the average risk-neutral skewness in the pre-

crisis period (2003–2007) is equal to the average risk-neutral skewness in the post-crisis period (2009–2014). The

standard errors are adjusted using Newey and West (1987) with the optimal bandwidth suggested by Andrews

and Monahan (1992). The number in parentheses indicates the number of stocks for which the change in the risk

neutral skewness is statistically significant (t-stat bigger than 2).

The Bakshi-Kapadia-Madan (2003) risk-neutral skewness

Before crisis
(2003–2007)

After the crisis
(2009–2014)

t-stat-diff

S&P500 -0.53 -0.74 -14.25

Average across
stocks

-0.13 -0.21 -4.89

(310)

35



Table 6. Robustness check: the model-based skewness risk premium.

This table shows the median return of the model-based skewness swaps for the S&P500 and for the cross-section

of stocks in the pre-crisis and post-crisis subsamples. The model-based skewness swap is constructed at each

start date of the swap by using the option prices calculated according to the Merton jump-diffusion model that

best fits the data. The Merton jump-diffusion model is calibrated separately for each stock, and it is recalibrated

at each start date of the swap. Then, I consider an equispaced grid of 40 synthetic option prices, 20 calls and

20 puts, calculated with the Merton jump-diffusion model just calibrated, which spans a constant moneyness

range [−4SD,+4SD], where SD = (log(K/F ))/(σ
√
T ) is the moneyness of the options measured in standard

deviations. I finally construct my skewness swap with these synthetic options according to Equation 1 (fixed leg

of the swap) and Equation 2 (floating leg of the swap).

The model-based skewness risk premium

Before crisis
(2003–2007)

After the crisis
(2009–2014)

S&P500 69.98% 72.83%

Average across
stocks

40.68% 49.20%

Table 7. Idiosyncratic skewness risk premium.

The table shows the median idiosyncratic skewness risk premium across the stocks in the pre-/post-crisis sub-
samples. The idiosyncratic skewness risk premium is calculated separately for each stock as

Idiosyncratic risk premiumi,t,% =
RPi,t − β̂iRPS&P500,t

Ci,t(SA)
,

where RPi,t (RPS&P500,t) is the dollar gain of the skewness swap strategy of Section 1 implemented on stock i

(on the S&P500), β̂i is estimated with the median regression of Equation 14, and Ci,t(SA) is the capital needed

to purchase the fixed leg of the swap of stock i on month t defined in Equation 11. The numbers in parentheses

indicate the number of stocks that have a statistically significant positive and negative idiosyncratic risk premium,

where the confidence interval for the median risk premium is calculated with a bootstrap technique and 2000

bootstrap samples.

The idiosyncratic skewness risk premium

Before crisis
(2003–2007)

During crisis
(2007–2009)

After the crisis
(2009–2015)

Average across stocks -1.75% 9.15% 5.98%
N significant positive (113) (73) (157)
N significant negative (45) (10) (62)
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Table 8. Short interest ratio and idiosyncratic skewness risk premium.

This table presents the results of two univariate portfolio sort analyses and a Fama MacBeth regression. In
Panel A, the portfolios are sorted each month according to the stocks’ idiosyncratic skewness risk premium
(computed with Equation 16), with ptf1 (ptf3) denoting the portfolio with the lowest (highest) risk premium.
For each portfolio, the table reports the average short interest ratio, which is calculated for each stock at the
start date of the swaps as the ratio of the short interest (i.e., the number of shares held short) against the total
shares outstanding. The column labeled ‘3-1 t-stat’ reports the t-statistic of the two-sample test for equal means,
which tests the null hypothesis that ptf3 and ptf1 have the same short interest ratio. In Panel B, the sorting
variable is the short interest ratio and the table reports the statistics for the idiosyncratic skewness risk premium
of each portfolio.Panel C reports the results of the Fama MacBeth regression where the Idiosyncratic skewness
risk premium is regressed on the short interest ratio:

Idiosyncratic risk premiumi,t,t+1,% = αt + β1,tSIi,t + β2,tBidAski,t + β3,tV arRPi,t,t+1 + εi,t,

where SIi,t is the short interest ratio of stock i on day t, BidAski,t is the average bid ask spread of the options
on stock i on day t, and V arRPi,t,t+1 is the variance risk premium of stock i from month t to month t+ 1, which
is contemporaneous to the idiosyncratic skewness risk premium.
The Fama MacBeth procedure has two steps:

1. For each month t, I compute a cross-sectional regression of the idiosyncratic skewness risk premium on the
independent variables, and I obtain the estimates of the coefficients βj,t for j = 1, 2, 3. The table reports

the standardized betas of the regressions, which are computed as the average β̂ multiplied by the average
standard deviation of the regressor;

2. I test whether the time series of the coefficients βj,t is statistically different than zero. The t-statistics are
presented in parentheses.

All the t-statistics are adjusted using Newey and West (1987) with the optimal bandwidth suggested by Andrews

and Monahan (1992).

Panel A: Sort according to idiosyncratic skewness risk premium

ptf1 ptf2 ptf3 3-1 t-stat

Short interest ratio 0.0362 0.0394 0.0446 6.59

Panel B: Sort according to short interest ratio

ptf1 ptf2 ptf3 3-1 t-stat

Idiosyncratic skewness
risk premium

-18.28% -12.62% 0.89% 3.58

Panel C: Fama MacBeth regression

Idiosyncratic skewness risk premium

(1) (2)

Short interest ratio 0.0652*** 0.0571***
(7.30) (6.47)

Bid ask 0.0968*
(2.21)

Variance risk premium -0.0897***
(-6.34)

Average R2 0.0014 0.0595

37



Table 9. Short interest ratio and maximum daily return over the previous month (MAX).

Panel A presents the average value of MAX for three stock portfolios. The portfolios are sorted each month

according to the short interest ratio of the stocks, with SI 1 (SI 3) denoting the portfolio with the lowest (highest)

short interest ratio. The short interest ratio is calculated for each stock as the ratio of the short interest (i.e.,

the number of shares held short) against the total shares outstanding. MAX is the maximum daily return over

the previous month and it is calculated on the same day as the short interest ratio. The column labeled ‘3-1

t-stat’ reports the t-statistic of the two-sample test for equal means, which tests the null hypothesis that the

portfolios SI 3 and SI 1 have the same MAX value. Panel B shows the idiosyncratic skewness risk premium

of bivariate stock portfolios constructed on the basis of short interest ratio (SI) and the maximum daily return

over the previous month (MAX). At each start date of the swaps t, stocks are independently sorted in ascending

order according to their SI estimate and MAX estimate and are assigned to one of the three tercile portfolios for

each sorting variable. The intersection of these classifications yields nine portfolios. I then calculate the average

idiosyncratic skewness risk premium of these nine portfolios at the end of the following month t+ 1 (i.e., ex-post

risk premium). The t-statistics of the difference portfolios are provided in parentheses. All the t-statistics are

adjusted using Newey and West (1987) with the optimal bandwidth suggested by Andrews and Monahan (1992).

Panel A: Univariate portfolio sort

SI 1 (low) SI 2 SI 3 (high) 3-1 t-stat

MAX 0.0329 0.0386 0.0478 9.62

Panel B: Bivariate portfolio sort

MAX 1 (low) MAX 2 MAX 3 (high) Difference

SI 1 (low) -18.34% -24.09% -11.76% 6.58%
(1.02)

SI 2 -18.54% -18.72% -5.83% 12.71%*
(2.25)

SI 3 (high) -10.26% -4.07% 6.95% 17.21%**
(3.05)

Difference 8.08% 20.02%** 18.71%***
(1.12) (2.67) (5.42)
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Table 10. Short interest ratio and put option volumes.

Panel A presents the average option volume ratio for three stock portfolios. The portfolios are sorted each

month according to the short interest ratio of the stocks, with SI 1 (SI 3) denoting the portfolio with the lowest

(highest) short interest ratio. The short interest ratio is calculated for each stock as the ratio of the short interest

(i.e., the number of shares held short) against the total shares outstanding. The volume ratio (VR) is defined

as the ratio of the volume of the out-of-the-money calls against the out-of-the-money puts. The two measures

are calculated on the same day. The column labeled ‘3-1 t-stat’ reports the t-statistic of the two-sample test for

equal means, which tests the null hypothesis that the portfolios SI 3 and SI 1 have the same value of VR. Panel

B shows the idiosyncratic skewness risk premium of bivariate stock portfolios constructed on the basis of short

interest ratio (SI) and the option volume ratio (VR). At each start date of the swaps t, stocks are independently

sorted in ascending order according to their SI estimate and VR estimate and are assigned to one of the three

tercile portfolios for each sorting variable. The intersection of these classifications yields nine portfolios. I then

calculate the average idiosyncratic skewness risk premium of these nine portfolios at the end of the following

month t+ 1 (i.e., ex-post risk premium). The t-statistics of the difference portfolios are provided in parentheses.

All the t-statistics are adjusted using Newey and West (1987) with the optimal bandwidth suggested by Andrews

and Monahan (1992).

Panel A: Univariate portfolio sort

SI 1 (low) SI 2 SI 3 (high) 3-1 t-stat

Volume ratio 2.3678 2.1735 2.0695 -3.6181

Panel B: Bivariate portfolio sort

V R 1 (low) V R 2 V R 3 (high) Difference

SI 1 (low) -17.08% -25.07% -13.96% 3.12%
(0.38)

SI 2 -12.56% -15.42% -10.37% 2.19%
(0.49)

SI 3 (high) 4.72% -3.05% 0.43% -4.29%
(-1.56)

Difference 21.80%** 22.02%** 14.38%*
(3.12) (2.56) (2.01)
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Table 11. Cross-sectional regression: financial crisis.

This table shows the results for the cross-sectional regression:

∆IdioRPi = α+ βFrictioni + εi,

where ∆IdioRPi is the average change in the idiosyncratic skewness risk premium after the crisis for stock i. It

is computed as the difference between the median idiosyncratic skewness risk premium in the post-crisis period

and the median idiosyncratic skewness risk premium in the pre-crisis period for stock i. As measures of frictions,

I consider the maximum of the following three variables achieved by each stock during the financial crisis (2007–

2009): i) option implied lending fee of Muravyev et al. (2016); ii) short interest ratio; and iii) the overvaluation

proxy of Bali et al. (2011), which is computed as the maximum daily return of the stock over the previous month.

∆Idiosyncratic skewness risk premium

(1) (2) (3) (4)

MaxFee 0.9256** 1.0016**
(2.95) (2.84)

MaxSI 0.1601 -0.4044
(0.58) (-1.31)

MaxRet 0.4972** 0.4617**
(2.91) (2.64)

R2 0.0227 -0.0019 0.0220 0.0398
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Figure 1. The monthly skewness swap returns and the cumulative skewness swap returns. The top
panel shows the time series of the monthly return of the value-weighted portfolio of skewness swaps. The sample
period starts on 1 January 2003 and ends on 31 December 2014. The points in red highlight the months where
the return was less than −100%. The bottom figure plots the evolution of a one US dollar investment over time
for the value-weighted portfolio of skewness swaps. Each month, all the money is reinvested in the swap strategy
and when all the capital is lost (months highlighted in red dots), a new dollar is invested. The region in gray
corresponds to the financial crisis period.
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Figure 2. The return of the skewness swap on the S&P500 index, the basket of individual swaps,
and the S&P500 coskewness swap. This bar graph shows the median monthly returns of the three following
swap trading strategies applied to the S&P500 index and its costituents in the pre-/post-crisis subsamples:

1. S&P500 skewness swap return:
(∑

i wiri
)3

. This strategy trades the third moment of the returns of the
S&P500 index. It is computed with the skewness swap of Section 1 applied to the options of the S&P500.

2. Basket of individual swaps return:
∑

i w
3
i r

3
i . This strategy trades the sum of the third moments of the S&P500

constituents. It is computed with a portfolio of skewness swaps applied independently to the options of each
stock, each one with weight w3

i .

3. Coskewness swap return:
(∑

i wiri
)3 −∑i w

3
i r

3
i = 3

∑
i,j wiw

2
j rir

2
j + 6

∑
i,j,k wiwjwkrirjrk. This strategy is

implemented by going long strategy 1 and short strategy 2.
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Figure 3. The implied volatility smile before and after the 2007–2009 financial crisis. The figure
shows the average implied volatility smile before and after the financial crisis for the S&P500 and for the cross-
section of stocks. For each stock, I compute the daily implied volatility smile and average the results in the
pre-crisis sample and in the post-crisis sample. Then, I average the results across the stocks in each of the two
samples. In order to build the daily average implied volatility smile for each stock, I follow Bollen and Whaley
(2004) and divide all the options available on the day (both calls and puts) with maturity up to one year in five
moneyness categories according to their delta values as follows:

• Moneyness category 1: 0.875 < ∆C ≤ 0.980 and −0.125 < ∆P ≤ −0.020

• Moneyness category 2: 0.625 < ∆C ≤ 0.875 and −0.375 < ∆P ≤ −0.125

• Moneyness category 3: 0.375 < ∆C ≤ 0.625 and −0.625 < ∆P ≤ −0.375

• Moneyness category 4: 0.125 < ∆C ≤ 0.375 and −0.875 < ∆P ≤ −0.625

• Moneyness category 5: 0.020 < ∆C ≤ 0.125 and −0.980 < ∆P ≤ −0.875

where ∆C indicates the delta of call options and ∆P indicates the delta of put options. Finally, I average the
implied volatility of all options in each category, where I use the implied volatility of the options provided by
Optionmetrics. The average at-the-money implied volatility (implied volatility of the options of category 3)
slightly increased in the post-crisis period for both the S&P500 and single stocks. The pre-crisis smiles are then
shifted up in the graph in order to overlap the pre-/post-crisis smiles at their at-the-money volatility to better
visualize the variation in their slopes.
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Figure 4. Cross-sectional moneyness range. The figure shows the cross-sectional times series of the
minimum and maximum moneyness of the options traded for all the stocks of my sample. The moneyness of
an option is defined in standard deviations as (log(K/F ))/(σ

√
T ), where K is the strike price, F is the forward

price of the stock, T is the time to maturity, and σ is the average implied volatility of the at-the-money options
of the stock on that day. At each point in time, I compute for each stock the minimum and maximum moneyness
traded, I sort the values across stocks, and I plot the 10% quantile, 50% quantile, and 90% quantile. The options
used in this calculation are the same options used in the implementation of the skewness swaps, that is, out-of-
the-money options with maturity of one month and standard filters as outlined in Section 2.2. The region in gray
corresponds to the financial crisis period.
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Figure 5. Volume of security on loan. This graph is taken from Figure 9 of the SEC report of Baklanova
et al. (2015) and shows the total volume of the securities on loan from 2008 to 2015. The data source is Markit
Group, Ltd. The numbers presented are aggregate numbers and include all the following securities: US equities,
US Treasuries & Agencies, US Treasuries & MBS, Non-US equities, Non-US Sovereigns, Non-US Bonds.
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Figure 6. The predictions of the equilibrium model: distribution of final payoff. Distribution of
the conditional final payoff of the stock predicted by the equilibrium model given the price, f |P , with short-sale
constraints (right graph) and without short-sale constraints (left graph).
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Figure 7. The predictions of the equilibrium model: the risk premium as function of short-selling
constraints and asymmetry of information. These two panels show the value of the risk premium D as a
function of short-selling constraints w (left graph) and asymmetry of information λ (right graph). In the model w,
is the proportion of informed traders who are short-sale constrained and λ is the proportion of informed traders
in the economy.
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C Proofs

Proof of Proposition 1.

Proof.

SA = EQ0

[(∫ F0,T

0

Φ
′′
(K)PA,T,T dK +

∫ ∞
F0,T

Φ
′′
(K)CA,T,T dK

)]
=

= EQ0

[(∫ F0,T

0

Φ
′′
(K)(PE,T,T + (PA,T,T − PE,T,T ))dK

)]
+

+ EQ0

[(∫ ∞
F0,T

Φ
′′
(K)(CE,T,T + (CA,T,T − CE,T,T ))dK

)]
=

= EQ0

[(∫ F0,T

0

Φ
′′
(K)PE,T,T dK +

∫ ∞
F0,T

Φ
′′
(K)CE,T,T dK

)]
+

+ EQ0

[(∫ F0,T

0

Φ
′′
(K)(PA,T,T − PE,T,T )dK

)]
+

+ EQ0

[(∫ ∞
F0,T

Φ
′′
(K)(CA,T,T − CE,T,T )dK

)]
=

= SE +
1

B0,T

(∫ F0,T

0

Φ
′′
(K)(PA,0,T − PE,0,T )dK

)
+

+
1

B0,T

(∫ ∞
F0,T

Φ
′′
(K)(CA,0,T − CE,0,T )dK

)
.

In the same way the American floating leg can be decomposed in the following way

S̃A =

(∫ F0,T

0

Φ
′′
(K)PA,T,T dK +

∫ ∞
F0,T

Φ
′′
(K)CA,T,T dK

)

+

n−1∑
i=1

(
Φ
′
(Fi−1,T )− Φ

′
(Fi,T )

)
(FT,T − Fi,T ) =

= S̃E +

(∫ F0,T

0

Φ
′′
(K)(PA,T,T − PE,T,T )dK

)
+

+

(∫ ∞
F0,T

Φ
′′
(K)(CA,T,T − CE,T,T )dK

)
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Proof of Proposition 2.

Proof. For every Φ

SE = EQ0 [S̃E ] = EQ0

[∫ F0,T

0

Φ
′′
(K)PE,T,T dK +

∫ ∞
F0,T

Φ
′′
(K)CE,T,T dK

]
,

because EQi [FT,T − Fi,T ] = 0 for every i, and hence the conditional expectation of the second term of

the floating leg defined by Equation 2 is zero.

By applying the result of Carr and Madan (2001) to our case I obtain:

∫ F0,T

0

Φ
′′
(K)PE,T,T (K)dK +

∫ ∞
F0,T

Φ
′′
(K)CE,T,T (K)dK = Φ(FT,T )− Φ(F0,T )− Φ

′
(F0,T )(FT,T − F0,T ).

I substitute my definition of Φ of Equation 6 and by computing some calculations I obtain

Φ(FT,T )− Φ(F0,T )− Φ
′
(F0,T )(FT,T − F0,T ) =

= 72− (72FT,T )

F0.T
− 24

(
FT,T
F0.T

)0.5

log

[
FT,T
F0.T

]
+ 24

(
−8 +

(
FT,T
F0.T

)0.5
(

8 + log

[
FT,T
F0.T

]2
))

=

= 72− 72ey − 24ey/2y + 24(−8 + ey/2(8 + y2)) =

= y3 +O(y5),

where y = log(FT,T /F0,T ) and the last equality is obtained by substituting ey with its power series

expansion ey =
∑∞
n=0

yn

n! .
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Proof of Theorem 1.

Proof. The equilibrium price function is solved in three steps: i) find the optimal demands for all agents

ii) conjecture a price function iii) verify that the price function solves the market clearing condition.

1. Obtain the optimal demands by all investors given the prices. The optimal demand for agent k

is obtained by setting to zero the first order condition of the mean-variance utility function of the

final wealth Wk = W0 + xk(d− p):

xk = argmin U(Wk),

where

U(Wk) = E[Wk|Ik]− ρ

2
V ar[Wk|Ik] = W0 + xk(E[f |Ik]− p)− ρ

2

(
(xk)2(V ar[f |Ik] + σ2

n)
)
,

where I used the definition of the payoff d = f + n.

For the informed traders E[f |Ik] = f and V ar[f |Ik] = 0, hence xuc = f−P
ρσ2
n

and xc = max{ f−Pρσ2
n
, 0}.

For the uninformed trader the optimal demand is

xui =
E [f | P ]− P

ρ(V ar [f | P ] + σ2
n)

and it has to be made explicit by conjecturing a price function (next step).

2. Conjecture a price function in order to explicit the quantities E [f | P ] and V ar [f | P ] and hence

explicit the optimal demand of the uninformed traders. The conjectured price function is

P = f +

 A(u− C) u ≤ C

B(u− C) u > C

with A,B > 0. The idea is that the price is a function of the fundamental f plus a supply/demand

clearing which is different if P > f or P < f due to short-sale constraints. Because the prior of f

is uninformative, the uninformed investors learn about f only through the price, and the posterior

of f is a piecewise gaussian:

f = P −

 A(u− C) u ≤ C

B(u− C) u > C

Thus:

E [f | P ] = E [Iu≤C(P −A(u− C))] + E [Iu>C(P −B(u− C))] =

= P +D,

where D = E[Iu≤C(−A(u − C))] + E[Iu>C(−B(u − C))] = −A
∫ C
−∞(u − C)φ(u)du − B

∫∞
C

(u −

C)φ(u)du and φ is the gaussian distribution with mean 0 and variance σ2
u. D is always positive

because it is the expectation of a positive random variable. It cannot be solved explicitly because
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it involves the solution of the gaussian integral. But we know that D is well defined and positive.

Then we have to find V ar[f | P ]. I use the formula V ar[f | P ] = E
[
(f | P )2

]
−
(
E[f | P ]2

)
. For

the first term we know that

(f | P )2 = P 2 +

 A2(u− C)2 − 2AP (u− C) u ≤ C

B2(u− C)2 − 2BP (u− C) u > C

So E[(f | P )2] = P 2 +
∫ C
−∞A2(u−C)2φ(u)du−2AP

∫ C
−∞(u−C)φ(u)du+

∫ +∞
C

B2(u−C)2φ(u)du−

2BP
∫ +∞
C

(u− C)φ(u)du. Hence

E[(f | P )2] = P 2 + 2PD + E,

where E = A2
∫ C
−∞(u− C)2φ(u)du+B2

∫∞
C

(u− C)2φ(u)du. And finally

V ar[f | P ] = E
[
(f | P )2

]
−
(
E[f | P ]2

)
= (P 2 + 2PD + E)− (P +D)2 = E −D2.

3. In the previous steps I computed the optimal demands of the three rational investors: the informed

agents, informed constrained and uninformed. The last step consists in substituting these optimal

demands in the market clearing condition and solve for the constants A, B and C which make the

market clearing condition hold true ∀u.

For the uniqueness of the equilibrium see Venter (2016).
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D Numerical analysis

In this section I study the precision of my skewness swap in measuring the third moment of the asset

returns in the Merton jump-diffusion model. The choice of the Merton model is by no means restrictive,

because, as shown in Hagan et al. (2002), for time horizons less than one year the implied volatility

smile generated by the Merton model can satisfactory reproduce the empirical one. The dynamics of the

Merton model is the following:

dst =

(
r − λκ− 1

2
σ2

)
dt+ σdWt + log(ψ)dqt, (18)

where st is the logarithm of the stock price, r is the risk-free interest rate, and σ is the instantaneous

variance of the return conditional on no jump arrivals. The Poisson process, qt, is independent of Wt,

and such that there is a probability λdt that a jump occurs in dt, and (1−λ)dt probability that no jump

occurs:

qt =

1, with probability λdt

0, with probability (1− λ)dt

(19)

The parameter λ represents the mean number of jumps per unit of time. The random variable ψ is such

that ψ−1 describes the percentage change in the stock price if the Poisson event occurs, and κ = E[ψ−1]

is the mean jump size. I further make the standard assumption (for instance, see Bakshi et al. (1997))

that log(ψ) ∼ N(µ, δ2).

The characteristic function is given by:

φ(u) = E[eiu(st−s0)] = et(i(r−0.5σ2−λκ)u−0.5σ2u2+λ(eiµu−0.5δ2u2−1))

and the moments can be recovered from the property of the characteristic function:

E[(st − s0)k] = (−i)k d
k

duk
φ(u)|u=0.

I can then recover the third moment in closed form:

E[(st−s0)3] = 3δ2λµt+λµ3t−3(−δ2λ−λµ2−σ2)(r+(−κλ+λµ−0.5σ2))t2 +(r−κλ+λµ−0.5σ2)3t3.

I chose the following standard parameter values for my simulation study: r = 0, µ = −0.05, δ = 0.08,

σ = 0.2, λ = 3, t = 30/365. With these parameters the Merton implied volatility smile is left skewed

as shown in Figure 8. I compute the fixed leg of my swap defined by Equation 1 with the discrete

approximation of Equation 7 and Φ defined by Equation 6. I use the option prices implied by the

Merton jump-diffusion model.

Table 12 shows the convergence of the fixed leg of my swap to the true model-based third moment

when the number of options used increases from 8 to 100. I compare the performance of my swap defined

by ΦS with the swap of Schneider and Trojani (2015) defined by Φ3. The precision of my swap is superior
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Figure 8. Merton implied volatility smile. The figure displays the one month implied volatility smile
generated by the Merton model with the following set of representative parameters: r = 0, µ = −0.05, δ =
0.08, σ = 0.2, λ = 3.

because I can reach an error of less than 1%, while the swap defined by Φ3 has always an error around

20%. This shows that the isolation of the third moment from the fourth is important in order to have a

precise measure. It is also interesting to notice that in my swap even with only 8 strikes available (which

is the average number of options that I have empirically) the error is only of the order of 5%.

Second, I check how the precision of the methodology depends on the range of moneyness available.

In this contest I define the moneyness of an option in standard deviations (SD) as log(K/F0,T )/(σ
√
T ),

where K is the strike price, F0,T is the forward price, σ is the at-the-money implied volatility and T is

the time to maturity. I fix a number of options equal to 10 and I calculate the error that I make if my ten

options span the moneyness range ±1SD, ±2SD, ±3SD and ±4SD. Figure 9 shows that the precision

changes a lot depending on the moneyness range available. I need at least three standard deviations in

order to have an error around 10% and I need four standard deviations to have an error around 1%.
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Figure 9. Convergence in the moneyness range. This figure shows the implied volatility smile implied
by the Merton jump-diffusion process with parameters µ = −0.05, δ = 0.08, σ = 0.2, λ = 3, r = 0, t =
30/365, for increasing moneyness ranges. In the first plot I consider a moneyness range of [−1SD, 1SD], in the
second one [−2SD, 2SD], the third one [−3SD, 3SD] and the fourth one [−4SD, 4SD], where SD is defined
as SD = log(K/F0,T )/(σ

√
T ), in which K is the strike price, F0,T is the forward price, σ is the at-the-money

implied volatility and T is the time to maturity. Each plot is a zoom out of the previous one by 1SD. For each
moneyness range I compute the risk-neutral third moment of the returns with my skewness swap according to
Equation 7 and I compare it with the benchmark model based risk-neutral third moment which is recovered in
closed form. At the top right of each graph is displayed the error in percentage.
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Table 12. Convergence in the number of options.

This table shows the convergence of the fixed leg of the trading strategy to the third moment of the asset returns

when the number of options increases. The error is computed as
|True moment−Strategy fixed leg|

True moment and it is

displayed in percentage. The returns are assumed to follow a Merton jump-diffusion process with standard

parameters, i.e. µ = −0.05, δ = 0.08, σ = 0.2, λ = 3, r = 0, t = 30/365. The true moment is computed in closed

form and is equal to −3.12 · 10−4. In the second column I consider the skewness swap of Schneider and Trojani

(2015) with Φ = Φ3 while in the third column I consider my skewness swap with Φ = ΦS .

Number of options Error (%)

Φ3 ΦS

8 -18.81% -5.16%

10 -21.10% -1.70%

20 -22.70% -0.72%

50 -22.80% -0.86%

100 -22.80% -0.87%

E Bakshi-Kapadia-Madan (2003) risk-neutral skewness

The risk-neutral skewness proposed by Bakshi et al. (2003) has the following expression:

SKEW (t, τ) =
erτW (t, τ)− 3µ(t, τ)erτV (t, τ) + 2µ(t, τ)3

[erτV (t, τ)− µ(t, τ)2]
3/2

where µ(t, τ) = erτ−1− erτ

2 V (t, τ)− erτ

6 W (t, τ)− erτ

24 X(t, τ), and V (t, τ), W (t, τ), X(t, τ) are respectively

the prices of a volatility, cubic and quartic contracts which can be computed with option prices. The

price of a volatility contract is given by

V (t, τ) =

∫ ∞
S(t)

2
(

1− log
[
K
S(t)

])
K2

C(t, τ,K)dK

+

∫ S(t)

0

2
(

1 + log
[
S(t)
K

])
K2

P (t, τ,K)dK,

where C(t, τ,K) (P (t, τ,K)) is the price of an European call (put) option quoted on day t with time to

maturity τ and strike K. S(t) is the stock price on day t. Similarly, the prices of a cubic and quartic

contract are given by the following portfolios of options:

W (t, τ) =

∫ ∞
S(t)

6 log
[
K
S(t)

]
− 3

(
log
[
K
S(t)

])2

K2
C(t, τ,K)dK

−
∫ S(t)

0

6 log
[
S(t)
K

]
+ 3

(
log
[
S(t)
K

])2

K2
P (t, τ,K)dK,
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X(t, τ) =

∫ ∞
S(t)

12
(

log
[
K
S(t)

])2

− 4
(

log
[
K
S(t)

])3

K2
C(t, τ,K)dK

+

∫ S(t)

0

12
(

log
[
S(t)
K

])2

+ 4
(

log
[
S(t)
K

])3

K2
P (t, τ,K)dK.

I calculate the risk-neutral skewness of Bakshi et al. (2003) for each day of my sample period (01/01/2003

- 31/12/2014) and for each stock of my sample. I use the daily options quotes given by the optionmetrics

interpolated implied volatility surface with 30 days to maturity. I convert the implied volatilities given

by optionmetrics in European Black-Scholes prices and I use these prices in the algorithm (C(t, τ,K)

and P (t, τ,K)). The above expressions are written for a continuum of options, but in practice only a

finite number of options is available. I therefore apply the following discrete approximation. Suppose

that on day t, I have Nc out-of-the-money call options available with strikes S(t) < Kc,1 < · · · < Kc,Nc

and Np out-of-the-money put options available with strikes Kp,1 < · · · < Kp,Np < S(t). The price of a

volatility contract is discretized as follows

V (t, τ) =

Nc∑
i=1

2
(

1− log
[
Kc,i
S(t)

])
K2
c,i

C(t, τ,Kc,i)∆Ki

Np∑
j=1

2
(

1 + log
[
S(t)
Kp,j

])
K2
p,j

P (t, τ,Kp,j)∆Kj ,

where

∆Ki =

 K1 − S(t) if i = 1,

(Ki −Ki−1) if i > 1.

and

∆Kj =

 (Kj+1 −Kj) if j < Np,

S(t)−KNp if j = Np.

The cubic and quartic contracts are discretized in the same way.
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F Model-based skewness swap

As a robustness check, I implement a model-based skewness swap, where instead of using the actual

option prices, I use the option prices calculated from a fitted model. This skewness swap is not tradable,

because the fitted option prices are not real quotations, but it is nevertheless a useful econometric check

to compare the model-based skewness swap returns with the real tradable skewness swap returns.

There are two main steps in the implementation of the model-based skewness swap: i) calibration of

a model ii) implementation of the swap according to the calibrated model.

Calibration.

The model-based skewness swaps are implemented monthly, as the tradable skewness swaps, and they

start and end on the third Friday of each month. I recalibrate the model at each start date of the swap

and for each stock separately. In details, at each start date of the swap t and for each stock St, I consider

all the out-of-the-money options with maturity 30 days provided by the Optionmetrics implied volatility

surface file. This sample constitutes my calibration sample. I choose as benchmark model the Merton

jump-diffusion model with gaussian jump-size distribution, whose dynamics is given by Equation 18.

The variable log(ψ) (the size of the jump) is normally distributed with parameters N(µ, δ2). This model

is simple and tractable, and many empirical studies (see e.g. Hagan et al. (2002)) show that it provides

a good fit for short-term options data. I then calibrate the parameters of the Merton jump-diffusion

model by minimizing the implied volatility mean squared error (IVMSE) as

IV MSE(χ) =

n∑
i=1

(σi − σi(χ))2,

where χ = {λ, µ, δ, σ} is the set of parameters to estimate, σi = BS−1(Oi, Ti,Ki, S, r) is the market

implied volatility provided by Optionmetrics and σi(χ) = BS−1(Oi(χ), Ti,Ki, S, r) is the model implied

volatility, where Oi(χ) is the Merton model price of the option i. The model implied volatility is obtained

by inverting the Black-Scholes formula where the option price is given by the Merton model price. In

the Merton jump-diffusion model the option prices are available in closed form (see Merton (1976)). The

price of a call option is given by:

CMRT (t, τ,K) =

∞∑
n=0

e−λ
′τ+n log(λ′τ)−

∑n
i=1 lognC(St,K, rn, σn),

where λ′ = λ(1 +k), k = eµ+ 1
2 δ

2 − 1, C(St,K, rn, σn) is the Black-Scholes price of an European call with

volatility σn =
√
σ2 + nδ2

τ and risk-free rate rn = r − λk + n log(1+k)
τ . The price of a put option is de-

fined analogously. The choice of the implied volatility mean squared error (IVMSE) loss function follows

the argumentation of Christoffersen and Jacobs (2004), where they show that the calibration made on

implied volatilities is more stable out of sample. Table 13 displays the average calibrated parameters for

the S&P500 index and for the cross-section of stocks.
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Table 13. Calibrated parameters of the Merton jump-diffusion model.

This table displays the average calibrated parameters of the Merton jump-diffusion model for the S&P500 and

for the cross-section of stocks. The model is calibrated separately for each stock and index and it is recalibrated

monthly at each start date of the swap. The calibration sample includes all the out-of-the-money options with

maturity 30 days quoted by the Optionmetrics interpolated volatility surface file on the calibration day. The

numbers displayed are the average calibrated parameters across time and across stocks.

λ µ δ σ

S&P500 2.00 -0.10 0.02 0.10

All stocks 1.70 -0.11 0.13 0.20

Implementation of the model-based swap.

With the calibration of the Merton jump-diffusion model in the previous step, I estimate the parameters

{λ̂, µ̂, δ̂, σ̂} on day t for stock St. I then compute the Merton option prices of an equispaced grid of

strikes covering the moneyness range [−4SD,+4SD], where SD = log(K/St)

σ
√
T

is the moneyness of the

options measured in standard deviations. In this definition σ is calculated as the implied volatility of an

at-the-money option, i.e. σ = BS−1(CMRT , T, St, St, r), where CMRT is the Merton price of a call option

with strike equal to St. The equispaced grid is constructed as follows. First, I recover Kmin = Ste
−4σ
√
T

and Kmax = Ste
4σ
√
T , then I divide the range [Kmin, St] and [St,Kmax] in 20 intervals each, and finally

I compute the Merton option prices of these out-of-the-money puts and calls. In this way I keep constant

the number of options and the moneyness range, because I always have 40 option prices, 20 calls and 20

puts, which span the range [−4SD,+4SD].

The fixed leg of the swap (Equation 1) is computed using these model-based option prices, where the

discreteness of the options is addressed with the same quadrature-based approximation of the integral

explained in Equation 7. The floating leg of the swap (Equation 2) is given by the sum of the payoff of

the same option portfolio and a continuous delta-hedge in the forward market. The return of the swap

is computed with Equation 11.

Table 6 reports the average return of the model-based skewness swap for the S&P500 index and

for the cross-section of stocks in the pre-crisis and post-crisis subsample. While the risk premium for

the S&P500 does not change much after the crisis, the change is substantial for single stocks for which

the model-based skewness risk premium goes from 41% to 49%. To assess the statistical significance

of the change, I compute the same econometric exercise computed in Section 3.1.2. In details, for each

stock I calculate the bootstrap confidence interval for the median skewness risk premium in the pre-crisis

and post-crisis subsamples separately, and I look for the minimum confidence level α under which the

two intervals do not overlap. With this procedure I find that the post-crisis change in the model-based

skewness risk premium is statistically significant (i.e. α < 0.05) for only 31 stocks. This is not surprising

because the standard errors of a crash measure like the skewness risk premium are very high, especially

at the single stock level. In order to mitigate the effect of outliers, instead of considering the skewness

swap returns separately, I consider the portfolio of all skewness swaps, where the weight of each skewness

swap is proportional to the market capitalization of the stock: wi,t =
Si,tShi,t∑
j Sj,tShj,t

, where Si,t is the price
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of stock i on day t and Shi,t is the number of shares outstanding for stock i on day t. The average return

of this basket of skewness swaps is 25.79% before the financial crisis and 37.40% after the crisis, and the

change is statistically significant at the α = 0.025 level.
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G The option implied lending fee of Muravyev et al. (2016)

The option implied lending fee himp defined by Muravyev et al. (2016) is based on the idea that an

investor can alternatively short the stock in the option market by purchasing a put option and selling a

call option with the same strike and same maturity. The fee for shorting the stock in the option market

is given by the option implied lending fee himp which can be computed from a put-call pair with the

following formula:

Pt − Ct = Ke−r(T−t) − Ste−himp(T−t) + PV D, (20)

where St is the current stock price, PV D is the present value of future dividends, Ct and Pt are the

prices of the European call and put option respectively and K is the option strike price. Intuitively, the

payoff of buying a put and selling a call is K − ST . The equivalent strategy in the equity market is

to borrow Ke−r(T−t) and short the stock by paying the lending fee to the borrower, which is paid as a

continuous yield. With a reverse engineering of Equation 20 one can compute the lending fee implied in

option prices:

himp =
1

T − t
log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
. (21)

Muravyev et al. (2016) show that the average option implied lending fee equals the average realized

lending fee. Hence I use himp as proxy for short-selling costs.

I calculate the option implied lending fee himp,i,t for each stock of my sample at each start date of the

swaps t. For each stock-day combination I average the himp extrapolated with Equation 21 for all the

put-call pairs quoted by Optionmetrics on day t which satisfy the following requirements: I consider the

put-call pairs with maturity between 15 and 90 days and moneyness 0.9 ≤ K/S ≤ 1.1. I consider only

the pairs where both options have a positive open interest, positive implied volatility, positive bid-ask

spread and I exclude the options with bid price equal to zero. The prices of the European options Pt and

Ct are calculated with the Black-Scholes formula with the implied volatility provided by Optionmetrics.

I also exclude the options which are used in the calculation of the fixed leg of the swap in order to

avoid mechanical relations. With this methodology, each stock of my sample have a time-series of option

implied lending fee himp,i,t.

The next tables are the equivalent of the tables presented in Section 3.2.1 on the short-interest ratio

measure. The results are qualitatively similar, and they show that the stocks that are hard to short-sell

have a higher idiosyncratic crash risk premium, they are more likely to be overpriced and have higher

volumes in put options. However, econometrically the option implied lending fee is a very volatile and

noisy variable and the results are statistically weaker. In addition, even if I excluded the options which

are used in the calculation of the swap, there might be some endogeneity between the option implied

lending fee measure, the skewness risk premium and the volume ratio, given that they are all computed

using the Optionmetrics database. This is why in the main text I present the results for the short interest

ratio, which is a measure that does not involve options and has better econometric properties.

59



Table 14. Option implied lending fee and idiosyncratic skewness risk premium.

This table presents the results of two univariate portfolio sort analyses. In Panel A, the portfolios are sorted
each month according to the stocks’ idiosyncratic skewness risk premium (computed with Equation 16), with ptf1
(ptf3) denoting the portfolio with the lowest (highest) risk premium. For each portfolio, the table reports the
average option implied lending fee which is calculated for each stock at each start date of the swaps. In details,
for a given day t and a given stock i, I extrapolate the lending fees himp from each put-call pair with the same
strike and maturity with the formula:

himp =
1

T − t log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
.

I then average all the fees computed on day t for stock i in order to obtain himp,i,t. The column labeled ‘3-1

t-stat’ reports the t-statistic of the two-sample test for equal means, which tests the null hypothesis that ptf3

and ptf1 have the same implied fee. In Panel B, the sorting variable is the option implied lending fee, and the

table reports the statistics for the idiosyncratic skewness risk premium of each portfolio. All the t-statistics are

adjusted using Newey and West (1987) with the optimal bandwidth suggested by Andrews and Monahan (1992).

Panel A: Sort according to idiosyncratic skewness risk premium

ptf1 ptf2 ptf3 3-1 t-stat

Implied lending fee 0.31% 0.31% 0.43% 3.39

Panel B: Sort according to the implied lending fee

ptf1 ptf2 ptf3 3-1 t-stat

Idiosyncratic skewness
risk premium

-10.71% -12.07% -6.97% 1.96
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Table 15. Option implied lending fee and idiosyncratic skewness risk premium.

This table presents the results of the following Fama MacBeth regression:

Idiosyncratic risk premiumi,t,t+1,% = αt + β1,thimp,i,t + β2,tBidAski,t + β3,tV arRPi,t,t+1 + εi,t,

where the Idiosyncratic risk premiumi,t,t+1% is calculated according to Equation 16 from month t to month t+ 1
for stock i. The implied lending fee is calculated for each stock at each start date of the swaps as average of the
himp extrapolated from all the put call pairs with the formula

himp =
1

T − t log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
.

BidAski,t is the average bid ask spread of the options on stock i on day t, and V arRPi,t,t+1 is the variance risk
premium of stock i from month t to month t + 1, which is contemporaneous to the idiosyncratic skewness risk
premium.
The Fama MacBeth procedure has two steps:

1. For each month t, I compute a cross-sectional regression of the idiosyncratic skewness risk premium on the
independent variables, and I obtain the estimates of the coefficients βj,t for j = 1, 3. The table reports

the standardized betas of the regressions, which are computed as the average β̂ multiplied by the average
standard deviation of the regressor;

2. I test whether the time series of the coefficients βj,t is statistically different than zero. The t-statistics,
which are presented in parentheses, are adjusted using Newey and West (1987) with the optimal bandwidth
suggested by Andrews and Monahan (1992).

Idiosyncratic skewness risk premium

(1) (2)

Implied lending fee 0.0336** 0.0231*
(3.24) (2.26)

Bid ask 0.1279***
(4.05)

Variance risk premium -0.1342***
(-4.80)

Average R2 0.0013 0.0920
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Table 16. Univariate portfolio sort: maximum daily return over the previous month (MAX).

This table presents the average value of MAX for three stock portfolios. The portfolios are sorted each month
according to the option implied lending fee of the stocks, with ptf1 (ptf3) denoting the portfolio with the lowest
(highest) lending fee. The implied lending fee is calculated for each stock at each start date of the swaps. In
details, for a given day t and a given stock i I extrapolate the lending fees himp from each put-call pair with the
same strike and maturity with the formula:

himp =
1

T − t log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
.

I then average all the fees computed on day t for stock i in order to obtain himp,i,t. MAX is the maximum daily

return over the previous month and it is calculated on the same day of the implied lending fee. The column

labeled ‘3-1 t-stat’ reports the t-statistic of the two-sample test for equal means, which tests the null hypothesis

that ptf3 and ptf1 have the same MAX value. The t-statistics are adjusted using Newey and West (1987) with

the optimal bandwidth suggested by Andrews and Monahan (1992).

Sort according to the implied lending fee

ptf1 ptf2 ptf3 3-1 t-stat

MAX 0.0425 0.0403 0.0458 4.77

Table 17. Bivariate portfolio sort: implied lending fee and maximum daily return over the previous
month (MAX).

This table shows the idiosyncratic skewness risk premium of bivariate stock portfolios constructed on the basis
of the option implied lending fee and the maximum daily return over the previous month (MAX). The implied
lending fee is calculated for each stock at each start date of the swaps. In details, for a given day t and a given
stock i I extrapolate the lending fees himp from each put-call pair with the same strike and maturity with the
formula:

himp =
1

T − t log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
.

I then average all the fees computed on day t for stock i in order to obtain himp,i,t. MAX is the maximum

daily return over the previous month and it is calculated on the same day of the lending fee. At each start date

of the swaps t, stocks are independently sorted in ascending order according to their himp estimate and MAX

estimate and are assigned to one of the three tercile portfolios for each sorting variable. The intersection of

these classifications yields nine portfolios. I then calculate the average idiosyncratic skewness risk premium of

these nine portfolios at the end of the following month t+ 1 (i.e., ex-post risk premium). The t-statistics of the

difference portfolios are provided in parentheses and are adjusted using Newey and West (1987) with the optimal

bandwidth suggested by Andrews and Monahan (1992).

MAX 1 (low) MAX 2 MAX 3 (high) Difference

himp 1 (low) -22.28% -16.49% -2.15% 20.13%**
(2.67)

himp 2 -11.90% -15.95% -5.12% 6.78%
(0.93)

himp 3 (high) -25.37% -11.77% 2.09% 26.94%**
(2.77)

Difference -4.44% 4.72% 4.24%
(-0.51) (1.18) (1.52)
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Table 18. Univariate portfolio sort: implied lending fee and volume ratio (V R)

This table presents the average volume ratio (defined as the ratio of the volumes of out-of-the-money calls against
out-of-the-money puts) for three stock portfolios. The portfolios are sorted each month according to the option
implied lending fee of the stocks, with ptf1 (ptf3) denoting the portfolio with the lowest (highest) lending fee.
The implied lending fee is calculated for each stock at each start date of the swaps. In details, for a given day t
and a given stock i, I extrapolate the lending fees himp from each put-call pair with the same strike and maturity
with the formula:

himp =
1

T − t log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
.

I then average all the fees computed on day t for stock i in order to obtain himp,i,t. The column labeled ‘3-1

t-stat’ reports the t-statistic of the two-sample test for equal means, which tests the null hypothesis that ptf3 and

ptf1 have the same volume ratio. The t-statistics are adjusted using Newey and West (1987) with the optimal

bandwidth suggested by Andrews and Monahan (1992).

Sort according to the implied lending fee

ptf1 ptf2 ptf3 3-1 t-stat

Volume ratio 2.3746 2.1650 2.1394 -4.94

Table 19. Bivariate portfolio sort: implied lending fee and volume ratio (V R).

This table shows the idiosyncratic skewness risk premium of bivariate stock portfolios constructed on the basis
of the option implied lending fee and the volume ratio (V R). The implied lending fee is calculated for each stock
at each start date of the swaps. In details, for a given day t and a given stock i, I extrapolate the lending fees
himp from each put-call pair with the same strike and maturity with the formula:

himp =
1

T − t log

(
St

Ct − Pt +Ke−r(T−t) + PV D

)
.

I then average all the fees computed on day t for stock i in order to obtain himp,i,t. V R is defined as the ratio

of the volumes of out-of-the-money calls against out-of-the-money puts, and it is calculated on the same day of

the lending fee. At each start date of the swaps t, stocks are independently sorted in ascending order according

to their himp estimate and V R estimate and are assigned to one of the three tercile portfolios for each sorting

variable. The intersection of these classifications yields nine portfolios. I then calculate the average idiosyncratic

skewness risk premium of these nine portfolios at the end of the following month t+1 (i.e., ex-post risk premium).

The t-statistics of the difference portfolios are provided in parentheses and are adjusted using Newey and West

(1987) with the optimal bandwidth suggested by Andrews and Monahan (1992).

V R 1 (low) V R 2 V R 3 (high) Difference

himp 1 (low) -4.48% -18.26% -9.07% -4.58%
(-1.46)

himp 2 -10.20% -13.20% -12.67% -2.47%
(-0.43)

himp 3 (high) -4.63% -8.32% -5.87% -1.24%
(-0.33)

Difference -0.14% 9.95%* 3.20%
(-0.04) (2.40) (1.23)
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H Additional tables

Table 20. Idiosyncratic and systematic component of the skewness risk premium: quantile regres-
sions.

The table shows the results of the time series regressions:

RPi,t = αi + βiRPSP500,t + εi,t

where RPi (RPSP500,t) is the monthly gain of the swap trading strategy defined in Section 1 for stock i (for the

SP500). The regressions are run separately for each stock as quantile regressions, where I consider three quantiles:

q=0.5 (median regression), q=0.25, q=0.75. Panel A presents the summary statistics for the parameter α, while

Panel B presents the summary statistics for the parameter β. The field ‘N significant positive’ (‘N significant

negative’) indicates the number of stocks for which the estimate is statistically significant positive (negative) at

the 5% level.

Panel A: parameter α

q=0.25 q=0.5 q=0.75

Average estimate -0.0003 0.0001 0.0006
N significant positive 6 115 226
N significant negative 74 27 0

Panel B: parameter β

q=0.25 q=0.5 q=0.75

Average estimate 1.0723 1.3199 1.8106
N significant positive 378 430 380
N significant negative 4 4 0

Table 21. Univariate portfolio sort: book leverage.

This table presents the average book leverage for three stock portfolios. The portfolios are sorted each month

according to the stocks idiosyncratic skewness risk premium (computed with equation 16), with ptf1 (ptf3)

denoting the portfolio with the lowest (highest) risk premium. The book leverage is calculated for each stock at

each start date of the swaps as the logarithm of the ratio of the book value of the assets on the book value of

equity. The column labeled ‘3-1 t-stat’ reports the t-statistic of the two-sample test for equal means, which tests

the null hypothesis that ptf3 and ptf1 have the same book leverage. The t-statistics are adjusted using Newey

and West (1987) with the optimal bandwidth suggested by Andrews and Monahan (1992).

Sort according to idiosyncratic skewness risk premium

ptf1 ptf2 ptf3 3-1 t-stat

Book leverage 1.0950 0.9216 0.9021 -6.29

64



Table 22. Univariate portfolio sort: CAPM beta.

This table presents the average CAPM-beta for three stock portfolios. The portfolios are sorted each month

according to the stocks idiosyncratic skewness risk premium (computed with equation 16), with ptf1 (ptf3)

denoting the portfolio with the lowest (highest) risk premium. The CAPM-beta is calculated for each stock at

each start date of the swaps by regressing the daily excess returns of the stock in the previous month on the daily

excess return of the S&P500. The column labeled ‘3-1 t-stat’ reports the t-statistic of the two-sample test for

equal means, which tests the null hypothesis that ptf3 and ptf1 have the same CAPM-beta. The t-statistics are

adjusted using Newey and West (1987) with the optimal bandwidth suggested by Andrews and Monahan (1992).

Sort according to idiosyncratic skewness risk premium

ptf1 ptf2 ptf3 3-1 t-stat

CAPM-beta 1.1503 1.1719 1.1815 1.19
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I Additional figures
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Figure 10. Idiosyncratic and systematic skewness risk premium - breakdown by sector. This figure
shows for each sector the average estimate of the idiosyncratic and systematic skewness risk premium. For each
stock separately, I run the median regression RPi,t = αi + βiRPSP500,t + εi,t where RPi,t is the gain of my swap
trading strategy for stock i (see Table 20 for details). I then divide the stocks of my sample in nine portfolios
according to their sector and I compute the average sector idiosyncratic skewness risk premium as α̂i and the

average sector systematic skewness risk premium as β̂iE[RPSP500].
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