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ABSTRACT 

Den klassiske og anerkendte Black-Scholes Equity option pricing formel antager konstant 

volatilitet. I praksis, er forventningen til volatliteten for en bestemt equity option dog forskellig 

afhængigt af ændringer i strike prisen. Generelt, stiger denne forventede volatilitet (bedre kendt som 

implicit volatilitet), når strike prisen bevæger sig væk fra den nuværende aktiekurs, og derved 

kreerer et ”volatilitets-smil”. Ofte stiger volatiliteten mere når striken falder relativt til når striken 

stiger, resulterende i et skævt volatilitets-smil: et ”volatilitets-smirk”.  

Denne kandidatafhandling har til hensigt at undersøge krumningen på volatilitets-kurvens relation 

til kredit risiko og hvilke karaktertræk der er afgørende for dette forhold. Endvidere undersøger den 

om en profitable handelsstrategi kan etableres på baggrund heraf. Til formålet konstruerer jeg 

linærer og ikke-linærer målbare proxyer (indikatorer) for volatilitets-kurvens krumning. Baseret på 

disse indikatorer, foretager jeg en ’back test’ på alle aktier i S&P 500 og 400 fra 2005 til 2015, med 

henblik på at identificerer merafkast gennem en optionsbaseret handles strategi, som spiller på 

kredit risiko. 

Porteføljerne munder ud i nogle resultater, der tydligt viser at det absolutte volatilitets-niveau har 

større betydning for den implicerede kredit risiko end volatilitetes-kurvens konveksitet. Dog er det 

kun de ikke-linærer indikatorer, vis merafkast er statistisk signifikante til trods for en ubetydelige 

størrelse. Hverken de linærer eller ikke-linærer indikatorers afkast kan måle sig med merafkastet fra 

kontrol-indikatoren (en Credit Default Swap kontrakt). Dette peger i retning af at volatilitets-smilet 

ikke indeholder kredit-risiko-information ellers ukendt til markedet. Dog antyder sekundærer 

resultater på at en akties upside potentiale (den højre halvdel af volatilitets-smilet) kan indeholde 

yderligere information i henhold til den samlede kredit risiko. 
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1   INTRODUCTION 
Prior to the US stock market crash of 1987, the pricing of any given company’s Equity Options was 

uniform (see Figure 1), regardless of the option’s strike price. That is to say, whether you wanted 

the right to sell and option in three months’ time at the current stock price or 10% below it, the price 

of the option was the same. After the crash, investors realized the equity market’s fragility and 

began pricing options differently across strikes. In other words, the price for Put options increased 

as strikes decreased, thus introducing the volatility smirk. The recent financial crisis only confirmed 

the often-unexpected risk associated with our economy, and showed the vulnerability – and 

opportunity – associated with the market.  

The opportunity arises when an investor expects a default, and decides to bet on this by either 

entering into a Credit Default Swap (CDS) contract or selling the stock short. The CDS, of course, 

only pays out if the underlying asset experiences a dramatic hit to its credit, which will trigger a 

“credit event”. Credit distress (as I will account for in the literature review) is associated with large 

negative price jumps, but selling the stock short ties up a lot of capital in margin accounts, so a 

natural strategy when anticipating credit distress is to enter into option positions. 

Figure 1: Volatility Curve 
The x-axis represents the strike or “moneyness” of the option (in % of the underlying stocks current price). The strike is the pre-specified price at 

which the buyer has the right to sell or buy (Put or Call option) the underlying stock. The y-axis represents the implied volatility of the option, which 

directly corresponds to the price of the option. When the stock price is equal to the strike price of an Option, it is said to be at-the-money (ATM). 

When the stock price is above (below) for a Put (Call) it is out-of-the-money (OTM), and in-the-money (ITM) in the opposite case. 

The green line represents a uniform volatility curve as assumed in the Black-Scholes model. The red line represents a common volatility curve 

(Smirk). 
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It has been shown by Bates (1991) and Pan (2002), amongst others, that higher implied volatility 

(IV) smirks should reflect a greater risk of large negative price jumps, which goes to show that 

higher anticipated risk is associated with high OTM Put prices. Combined with Bondarenko’s 

(2014) findings that the average Put return between 1987 and 2000 was -39% for ATM and -95% 

for deep OTM (DOOM) Puts, it seems that there is great financial potential in trading options based 

on the volatility curve. This paper will try to shed light on this potential, by identifying credit risk 

implied by the volatility smirk.  

Although several papers have already studied the implications of trading Puts based on different 

aspects of the volatility curve and its relation to credit risk, the link between the volatility smirk and 

credit risk is still not perfectly clear, especially in terms of which attributes of the curve the 

relationship (and returns) lies. For that reason, attempting to identify the specific attributes of the 

volatility curve on which the relationship relies will be extremely interesting and will possibly add 

great value to the academic literature on the subject.  

1.1   Research Question 
It is the aim of this paper to gain insights into the implications between the shape of a volatility 

curve and the underlying’s credit risk. The research question that will be the guiding force in this 

thesis is as follows: 

 Can the shape of the volatility curve imply credit in such a way that betting against the 

implied credit risk through trading an option strategy will yield a statistically significant 

return? 

1.2   Hypotheses 
In order to focus my investigation on the relationship between IV and credit risk, I propose and test 

three hypotheses: 

1. It is possible to earn excess returns with an option trading strategy (a Risk Reversal) 

betting against credit risk implied by the shape of the volatility curve. 

2. Higher implied credit risk will produce greater absolute returns. 

3. Risk Reversal option strategies with a narrow strike spread will outperform strategies 

with a wider spread.  
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1.3   Delimitation 
Transaction costs associated with trading options are assumed to be non-existent. This is a large 

assumption, and one that could remove any profitability discovered. In addition, private investors 

rarely have access to trading equity options, let alone to shorting them. This would make a private 

investor unable to apply the strategies used in this thesis. To work around these limitations, I take 

the viewpoint of a sizeable hedge fund, thereby assuming the required trading licenses and minimal 

transaction costs.    

In my empirical back test, I make use of 3-month zero-cost buy-and-hold strategies. This has two 

applications. First, through a zero-cost strategy, the relationships between option prices are 

incorporated into the respective strategies’ payoff. Identifying the most cost-efficient indicator and 

strategy is not relevant. Second, by purchasing the strategy and holding it until expiration, I remove 

any speculation into potential shifts in the volatility curves during the 3-month period. From a 

research perspective, this is both a pro and a con. It would obviously be favorable to take shifts into 

account and rebalance the strategy during the 3-month period, to ensure that all portfolios included 

the “correct” firms. On the other hand, it would not only complicate matters a great deal, but would 

also enhance the effect of transaction cost returns remarkably, thus weakening an essential 

assumption. Besides, rebalancing a portfolio is more important the longer the holding period. 

Therefore, to keep the focus of this thesis clear, I put portfolio rebalancing outside of the scope.  

1.4   Structure 
The remainder of this thesis is organized as follows: Part 2 will give a review of essential option 

theory, as well as presenting relevant empirical research, which will be the foundation for my 

analysis. In Part 3, the methodological approach of the thesis is outlined, including sample data, the 

choice and computation of indicators, and the computation of returns and evaluation measures. 

Furthermore, I will explain the construction of portfolios and strategies that I back-test. Part 4 will 

be a presentation of the results of the different indicators and strategies, while Part 5 consists of the 

discussion section, where my main findings and their implications are summarized and discussed. 

Part 6 presents the final conclusions of the thesis.  

2   LITERATURE REVIEW 
2.1   Option theory 
Options are financial instruments that give the holder the right, but not the obligation, to perform a 

pre-specified transaction (either buy or sell) on an underlying asset at a certain point in time. There 
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are two different types of options: Call and Put. The Call option gives the right to buy, whereas the 

Put option gives the right to sell. The option contract further specifies an exercise price (or strike 

price) and an exercise date (or maturity date). A Call (Put) will give the right to buy (sell) the asset 

at the strike price on the maturity date. An option will only be exercised if the price of the 

underlying asset makes it favorable, i.e. the spot price of the asset is higher (lower) than the Call 

(Put) option’s exercise price (see Figure 2). A European option can only be exercised on the 

expiration date, whereas an American option includes the possibility to exercise earlier. Options are 

traded on a wide range of assets, such as stocks, indices, currency and commodities. 

Figure 2: Put and Call Payoffs 
This figure shows the non-linear payoff of the two types of options (Put and Call). The x-axis represents the level of moneyness in % and the y-axis 

represents the options’ payoff. The blue and red lines represent the payoff (in $) of an ITM Call and ATM Put, respectively. 
Since the current stock price is in the middle of the x-axis (100% moneyness), the Put option has a payoff of zero and will keep that unless the stock 

price decreases. On the contrary, the Call’s payoff will increase as the stock price increases, and has a strike price set at 90% of the current stock 

price, so already has a payoff of $1. 

  

 

2.1.1   Black-Scholes pricing model 

The complex task of pricing options hit a breakthrough in 1973 when Black, Scholes and Merton 

published their award-winning pricing model. The Black-Scholes model (B&S) is to this day 

widely accepted and used (often as a foundation) in option trading. The model assumes the options 

to be European; it assumes that the returns of the underlying asset are lognormally distributed; and, 

most importantly, it assumes that the underlying asset’s volatility is constant. Since volatility is the 
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only parameter in the formula that is not directly observable in the market, and can only be 

calculated from historical volatility, the indirect or implied volatility is used. The implied volatility 

(IV) is the volatility backed out of the formula when market prices are set, and represent investors’ 

expectations about future volatility (e.g. Gârleanu et al. 2009). The volatility implied by the Black-

Scholes model is a convenient tool for traders, and options are therefore quoted in IV. I will 

elaborate on the equations and actual computation in the Methodology section. 

2.1.2   Greeks and Higher Moments 

Options have a unique and complex risk profile, and managing them can be difficult. Option returns 

are non-linear and their price changes both with changes in the price of the underlying asset, when 

the time to the expiration date becomes shorter, and when the volatility of the underlying asset 

fluctuates. These sensitivities are represented by greek letters, and are often referred to as “the 

Greeks”. The three factors mentioned above are Delta, Theta and Vega, respectively. This aspect of 

options gives the possibility of tailoring a desired exposure by removing other risk through hedging. 

I will now go through the basic Greeks, and briefly describe their attributes for a non-dividend-

paying option. 

Delta is the sensitivity to movements in the underlying asset’s price and can be removed by “Delta 

hedging”, i.e. by purchasing the underlying asset. As with any form of hedge, the position in the 

underlying asset will require rebalancing as the price fluctuates. Such a strategy introduces more 

complexity; for example, increased transaction costs. Delta is positive (negative) for Call (put) 

options and going to zero as the stock price goes towards zero (infinity). Theta, also known as time 

decay, is the option price’s sensitivity to the passage of time. Theta is usually negative because, all 

else being equal, an option’s price decreases with as it nears maturity, as this reduces the time the 

price has to move above or below the strike. Theta is most negative close to ATM and goes to zero 

as maturity goes to zero. Vega is the option’s sensitivity to changes in the volatility of the 

underlying asset. A high (low) volatility in absolute terms means that changes in the underlying 

asset’s volatility have a large impact on the option price. A long Call will always have a positive 

Vega, and it will be largest around ATM. Since the underlying asset has a Vega of zero, a volatility 

hedge cannot be achieved through a position in the underlying asset, so traders often hedge Vega 

through buying and selling options with different strikes on the same underlying asset. One step 

deeper is the option price’s sensitivity to changes in the three Greeks just described. Gamma, for 

example, is the option price’s sensitivity to changes in Delta (i.e. the differential of Delta). To create 

a Gamma-neutral position, a trader must trade options, as with Vega hedging, since the underlying 
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has a Gamma of zero. Thus, it can be a challenge to create a portfolio that is both Gamma and Vega 

neutral. In this way, many of the Greeks are interrelated. For example, if Gamma is high, it means 

that one has to Delta-rebalance with a higher frequency, and a high Gamma tends to be 

accompanied by a large negative Theta. 

2.1.3   Stock skew 

I will now give a brief description of the higher moments of the price distribution, since these relate 

to some of the literature on options that I will present in the next section. In a statistically perfect 

world, the returns of a stock would follow a normal distribution (i.e. bell shaped). The distribution 

has four higher moments, which determines its shape. The first is the mean. The mean is an average 

of past observations, and is an estimate of the future price, but not a prediction of a specific price on 

a specific date. The second moment is volatility or standard deviation. This moment is the risk 

associated with the asset, and illustrates the width of possible future price around the mean. The 

third is skewness. The skewness is an indication of an overweight in expectations of either negative 

or positive returns. If the expectation of negative returns is high, the bell curve will be left-skewed 

to represent the larger risk (see Figure 3). Investigating a possible connection between the subject of 

this thesis (credit risk) and left-skewed distributions would definitely be of interest, but goes beyond 

the scope. The same goes for the fourth moment, which is Kurtosis. In extremely simple terms, 

Kurtosis is the variance of the volatility and will determine the “fatness” of the distributions’ tails in 

practice. As will become clear in the last part of this section, the skewness of the return distribution 

can be directly linked to credit risk, and thus any conclusions based on skew are implied to be true 

for credit risk as well (e.g. Hull et al. 2012, Carr and Wu 2011, Shover).  
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Figure 3: Return distribution skew 
This figure shows a negative and positive skewed return (x-axis) distribution. The negative return has a greater probability of lower returns and for the 

positive skew, vice versa. 

 

 

 

2.2   Academic research 
Options and their higher moments have become an academic field of their own. The notion that the 

option market contains information that can predict movements in the equity market has been the 

subject of numerous studies. I will now review various studies with direct relevance to this thesis. 

The behavior of option prices and their higher moments often offer testimony to illogical patterns. 

One of the earliest academic publications that looked at the behavior of option prices was provided 

by Stein (1989). He investigated the relationship between options’ maturities and movements in the 

underlying asset. His hypothesis was that the longer an option’s maturity, the lower its sensitivity to 

price swings in the underlying asset, but he had to conclude that long maturity options usually 

overreacted to such price swings. Later research has switched its focus from maturity and towards 

volatility, as the main factor in option pricing. One of the most famous studies is that by Goyal and 

Saretto (2009). Their paper identifies a positive relationship between volatility returns (through 

trading straddles and delta-hedged Calls) and the difference in implied and historical volatility 

(HV). 

Another characteristic of options that has been widely studied is skew (e.g. Bali & Murray, 2013; 

Bates, 1991; Pan, 2002, Bollen & Whaley, 2004. Schneider, Wagner & Z 2015). Many studies link 

skew and its associated risk premium to predicting both option and equity returns. These results 

have been achieved by observing both the skew, defined as the spread between OTM Put options, 
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and ATM Call options (Chakravarty et al., 2004; Ofek et al., 2004) and by examining the shape of 

the volatility curve (Xing, Zhang, & Zhao, 2010). 

Bali and Murry (2013), for example, were inspired by Gayol and Saretto’s paper, and conducted a 

similar test on the effects of skew, as Gayol and Saretto did on volatility spreads. Through options, 

they constructed a skewness asset with a value that increases (decreases) when skewness increases 

(decreases) and found a strong negative link between its return and risk-neutral skewness. Similar 

results have been shown regarding expected future stock returns (Atilgan, Bali & Demirtas, 2010).  

However, not all research points towards options having an explanatory power over equity returns. 

Heston (1993) built an option-pricing model that is able to generate skew, but this skew does not 

predict equity returns. His model is constructed on stochastic volatility and assumes perfect 

information flow between the equity market and the option market. Results from other studies prove 

this assumption to be critical. They show a two-way information flow between the stock and option 

markets, which could be the reason that Heston’s model does not show a relationship between skew 

and equity prices (Atligan, Bali & Demirats 2010, Xing, Zhanf & Zhao 2010, and Carr & Wu 

2011).  

Atligan, Bali and Demirtas (2010) also put emphasis on information flow as the main contributor to 

their findings. By analyzing the spread between OTM Put options and ATM Calls, they found a 

negative relationship with expected stock returns. They argue that investors prefer skewness and are 

therefore willing to accept a lower return from assets that increase a portfolio’s skewness. However, 

their findings are most significant in periods where firms report earnings, and thus they suggest that 

the information flow has a higher explanatory power for their results than the skewness. Still, they 

suggest that the volatility curve may predict returns: 

"Since the implied volatility spreads are interpreted as the slope of the volatility smirk, they can proxy for the 

conditional skewness, hence may forecast returns." (Atligan, Bali & Demirtas 2010) 

Demand has been shown to be directly linked with option prices (Gârleanu, 2009), and Xing, Zhang 

and Zhao (2010) suggest that one market leads the other, due to well-informed traders. They look at 

individual stock options and argue that:  

“Informed traders with negative news prefer to trade out-of-the-money Put options,” and “… thus 

the shape of the volatility smirks might reflect the risk of negative future news.” 
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They found that not only do the steepest smirks underperform their counterparts, but that they also 

experience a greater shock in the quarter following earnings reporting, i.e. negative expectations for 

equity are reflected in higher OTM Put prices. This is in line with Pan (2002), who concludes that 

higher IV smirks reflect a greater risk of large negative price jumps, and it has further been shown 

that the return of deep OTM Puts are higher than ATM Puts (Bondarenko, 2014). Complementary 

to these findings, it has been shown that Puts are more expensive in periods with economic down-

swings, which implies that weaker credit conditions lead to higher risk premiums (Hore, Lopes & 

McCulloch, 2009).  

The above research implies a link between Put prices (risk premiums), Credit Risk and 

option/equity returns. It also puts an emphasis on the importance of information flows between 

equity and option markets, suggesting that excess returns predicted by the curvature of the smirk are 

created by information (expectations) alone. In recent years, research on options’ connection with 

credit risk has intensified. Carr and Wu (2011) were able to replicate a CDS contract using 

American deep OTM Put options. They create a “corridor” of two Put options with strikes so low 

that they hypothesize that the stock price will never settle within the corridor. It will either not enter 

or pass below (i.e. default). The pure existence of this asset is further proof of the connection 

between credit risk and implied volatility (i.e. option prices).  

Kozhan, Neuberger and Schneider (2013) confirm this relationship by connecting the risk exposure 

of skewness swaps and volatility swaps. They confirm the existence of risk premiums for both skew 

and variance on equity indices, and that excess returns can be captured based on these premiums 

through a Risk Reversal strategy. However, they conclude that the returns are extremely sensitive to 

variance, and become statistically insignificant from zero, when this exposure to variance is hedged 

away. An even greater connection to credit risk is established by Schneider, Wagner and Zechner 

(2015). Their findings namely give insight into explaining the credit distress puzzle. They show that 

the higher a firm’s beta, the more the Capital Asset Pricing Model overestimates its expected return. 

From this, they further show that betting-against-beta is profitable for firms with high ex-ante skew, 

and demonstrate the opposite for firms with low or positive skew. They also conclude that by 

holding the downside risk of firms in credit distress, investors can earn a positive return through 

options or CDS contracts, where returns are utilized by higher risk premiums.  
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2.3   Framework for this thesis 
From the above research, I draw the connections as shown in Figure 4. I believe that the literature 

documented above establishes a clear and significant connection between firm-specific credit risk 

and option prices, and that credit risk can be implied from both the firm’s CDS price and OTM Put 

price.  

Figure 4: Framework 
This figure displays the basis of my reasoning throughout this thesis. The solid lines are connections explicitly documented through the research in the 

literature review. The dashed lines are connections that I believe are implied when combining prior research and looking at the big picture. This thesis 
will strive to potentially confirm these implied relations. 

. 

 

Furthermore, it has been shown that an option-trading strategy, such as Risk Reversal, which bets 

against credit risk, can yield excess returns when firms are allocated into portfolios through deciles, 

i.e. the firms with the highest (lowest) credit risk are allocated to portfolio 10 (1). So far, the trading 

strategies have not taken the entire volatility smirk into consideration when determining credit risk. 

I will contribute to prior research by investigating which attributes of the shape of the volatility 

curve have any predictive power in determining credit risk and, in turn, the option return from a 

Risk Reversal strategy. The seven indicators I create and describe in Section 3.3 Indicator are set up 

to allocate volatility curves based on multiple characteristics of the curves’ shape 

3   METHODOLOGY 
In this section, I will first describe my data and how I filtered it. Next, I will go through the 

construction of each indicator designed to catch different characteristics of the volatility shape. I 

will then present the Black-Scholes formula for pricing European options, and continue to explain 

the computation behind the portfolio returns. Finally, I will present certain measures for evaluating 

my results and my portfolio’s risk. 
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3.1   Data 
My data source is Bloomberg and for this thesis I chose to use European stock options on all listed 

tickers in the S&P 500 and the S&P 400 from the 1st of March 2005 to the 1st of April 2015. Prior to 

2005, Bloomberg does not have the implied volatility data available. I use this data for three 

reasons, primarily the availability. The number of strikes is essential for constructing a reliable 

volatility smile, and Bloomberg can supply up to nine levels of moneyness for European stock 

options on most large firms. Second, a gross sample of 905 (575 after filtering) stocks is relatively 

large compared to previous research. Finally, the literature on which I build my hypothesis uses 

option data from US stocks; thus, choosing the same market and stocks influenced by the same 

market conditions allows me to draw valid conclusions based on that research.  

3.1.1   Option prices 

I extracted the spot price of all the tickers in SPX INDEX and MID INDEX for the same period. I 

need implied volatility data to calculate both option prices and trading signals. Other than IV, the 

Black-Scholes Option Pricing Model contains five variables: Spot (S), Exercise (K), risk-free rate 

(r), maturity (T) and Volatility (σ). As mentioned, IV is available for nine different levels of 

moneyness: 80%, 90%, 95%, 97.5%, 100%, 102.5%, 105%, 110%, and 120% of the spot price. A 

moneyness of 80% means that the option’s strike is set at 80% of the spot value. All options are 

OTM, so strikes below 100% are IV for Put options, and those above 100% are for Call options. 

ATM IV does not differ significantly for Puts and Calls. The exact Bloomberg description is 

“Three-month implied volatility at 80.0% moneyness from the Listed Implied Volatility Engine 

(LIVE) calculator. Volatility of the underlying security in the Black-Scholes model that yield the 

option price (mid).” I calculate strike by multiplying the spot price with the level of moneyness for 

the relevant option. The option maturity was set to 3 months. Two points can be made to justify this 

choice. First, drastic changes in credit risk rarely happen overnight, so a buy-and-hold strategy 

playing on credit risk could suffer from a “too short” maturity. On the other hand, since the data 

sample only covers 10 years, choosing a longer maturity would limit the number of observations. 

Thus, the length of maturity is a tradeoff between potential insights and sample size. The 3-month 

maturity choice results in 41 trading periods. In addition to these arguments, the relatively short 

maturity helps to avoid a potential weakness of the analysis, as a question could be put forward 

challenging the lower bound 80% moneyness OTM Put. Is 80% a deep enough OTM to catch 

default risk – i.e. is a 20% drop in a firm’s stock price significant enough to conclude that the stock 

is at severe risk? That is obviously reflected in the particular stock’s standard deviation, but all else 
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being equal, a 20% price drop will be more severe the shorter the timeframe. Whereas a 5% 

decrease in stock price over a 3-month period might be seen as a minor loss for most firms, I will 

argue that a 20% drop is significant enough to indicate a structural risk (for example, credit risk). 

I use the USGG3M index as my risk-free rate in order to comply with the option maturity. I chose 

the USGG3M for two reasons. First, nothing is risk-free, but the USGG3M has a 3-month mean and 

a standard deviation of 0.00011 and 0.00056 over the last 10 years; thus, I will argue that it is the 

best proxy for a 3-month risk-free rate available (see Figure 5). Second, all of my sample firms are 

from the US, so they have a similar macro risk exposure. Although the rate is not a perfect proxy, it 

has a uniform impact on all options. 

Figure 5: Risk-free rate 
This figure shows the development of USGG3M over the last 10 years, which I use as a risk-free rate. Y-axis: annual return (%). 

 

 

3.1.2   Indicator data 

Besides as input to the Black-Scholes model, I also use IV for trading signals by constructing 

various indicators. The big advantage of using market observable data as IV, rather than HV, is that 

the analysis becomes model-free (Friewald et al., 2014). I supply the IV-based indicators with a 

benchmark indicator, namely the Credit Default Swap for each of the respective stocks. It is 

described by Bloomberg as a “5 Year CDS (credit default swap) spread for the company implied by 

the Bloomberg Issuer Default Risk model Likelihood of Default”. A CDS is a swap written on a 

firm’s corporate bonds, and is bought to protect against credit risk. The buyer of the contract pays a 

fixed premium to the seller for a fixed period of time. If a pre-specified credit event occurs, the 

-0,01

0

0,01

0,02

0,03

0,04

0,05

0,06

0
1

-0
6

-2
0

0
5

0
1

-1
2

-2
0

0
5

0
1

-0
6

-2
0

0
6

0
1

-1
2

-2
0

0
6

0
1

-0
6

-2
0

0
7

0
1

-1
2

-2
0

0
7

0
1

-0
6

-2
0

0
8

0
1

-1
2

-2
0

0
8

0
1

-0
6

-2
0

0
9

0
1

-1
2

-2
0

0
9

0
1

-0
6

-2
0

1
0

0
1

-1
2

-2
0

1
0

0
1

-0
6

-2
0

1
1

0
1

-1
2

-2
0

1
1

0
1

-0
6

-2
0

1
2

0
1

-1
2

-2
0

1
2

0
1

-0
6

-2
0

1
3

0
1

-1
2

-2
0

1
3

0
1

-0
6

-2
0

1
4

0
1

-1
2

-2
0

1
4

0
1

-0
6

-2
0

1
5

USGG3M (risk-free)



Page | 16  

 

buyer stops making payments and the seller pays the par value for the corporate bond. The CDS is 

directly linked to a firm’s credit risk, so if another indicator mimics the CDS’s returns from a Risk 

Reversal trading strategy, it will suggest that that indicator shares the link. Therefore, the CDS, as 

an indicator, will be the baseline for comparison and evaluation.  

As mentioned, my time-series allows for 41 3-month trading periods. Each trading period (except 

the first and last) consists of three steps. Every 3 months, when a new option contract opens 

(becomes on-the-run), I use the first day (Step 1, usually a Monday) to observe the indicators and 

construct portfolios, requiring IV and CDS data. The next trading day (Step 2), I enter into the 

desired position. This step requires data input to B&S for calculating option prices. At the maturity 

date (Step 3, the third Friday in the maturity month), the position is closed. To calculate the payoff 

of an option strategy, I only need the spot price of the underlying asset. I will refer to these dates as 

Datei, Datee, and Datem, which represent “indication”, “enter”, and “maturity”. 

To sum up, I extracted IV, CDS prices, Stock price, and risk-free rate for a 10-year time period. I 

will use the data quarterly, following an option calendar for European equity options with 3-month 

maturity (Option Expiration Calendar, 2016). Table 1 below shows the data I use on particular 

dates. 

Table 1: Data usage 
The matrix display with “X”s the combination of data and dates I use in my analysis.  

Data usage 𝐷𝑎𝑡𝑒𝑖 𝐷𝑎𝑡𝑒𝑒 𝐷𝑎𝑡𝑒𝑚 

Implied Volatility (x9) X X  

Credit Default Swap X   

Stock Price  X X 

Risk-free rate  X  

3.2   Sorting 
With my data collected, I moved on to the filtering process. This process consisted of three steps, as 

well as discarding 430 tickers from my gross data set of 905. Of the remaining 575, 67.3% are from 

the S&P 500 and 32.7% are from the S&P 400. Even though the sample is almost cut in half, 575 

tickers still represent a large sample. The steps were: 

1. Aligning the dates 

2. Removing the unnecessary dates 

3. Removing firms with missing data 
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The first step was to align dates for all firms. Instead of displaying blanks on a date where a firm 

had no registered observation, the data was contracted around the missing observations. Aligning 

the dates revealed firms with large chunks of data missing, primarily for IV data. These firms were 

discarded. Second, all observations in between the three relevant dates were removed. For the three 

dates themselves, all data and date combinations that were not relevant (as explained and shown in 

table 1) were also removed.  

I kept firms with less than three data points missing at this stage. Keeping firms with a few missing 

data points in the sample will later cause a slight deviation in the uniformity of my portfolio across 

trading periods, but I prioritized the additional explanatory power provided by the other 38 data 

points. 

Furthermore, CDS data was not available for any firms before the fourth trading period (beginning 

19-12-2015). Thus, the first three trading periods only trade on the other indicators, resulting in the 

sample size for the CDS being limited to 38 periods. Since the CDS represents our control 

indicator, a relationship between it and credit risk can safely be assumed, and the lack of three 

sample periods is found to be acceptable. 

Later in the Methodology section, I will describe the construct of my indicators, one of which is 

CON. CON is an attempt to catch any explanatory effects from the curvature of the volatility curve. 

In doing so, it also identifies “flat” and concave volatility curves. These two types are excluded 

from the sample in their occurring trading period, but the firms are not removed from the sample in 

periods where their curves do not show such shape characteristics. An arbitrary limit is set to 

identify “flat” curves by adjusting and manually examining all curves returning extreme values, 

until no “flat” curves remain. It should be stressed that this limit is very low and only excludes 

extremely flat curves. For the case of concave curves, the concave volatility curve is a special and 

interesting phenomenon; it is one that has not, to the best of my knowledge, been subject to any 

prior research identifying its underlying mechanics. The inclusion of concave curves lies beyond the 

scope of this thesis and would interfere with the results and purpose of the CON indicator. 

3.2   Option price 
Moving on to the data usage, I used the Black-Scholes Option pricing model for pricing non-

dividend-paying European stock options in order to get the price of the options that are the key 

focus of this thesis. However, its main criticism is the one thing that this thesis is trying to 
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investigate, namely assuming a constant volatility (i.e. it assumes no volatility smile). The formulas 

shown below are well acknowledged and the industry standard.  

 

𝑑1 =
(ln (

𝑆0

𝐾 ) + (𝑟 +
𝜎2

2 ) 𝑇)

𝜎√𝑇
 

𝑑2 = 𝑑1 − 𝜎√𝑇 

 

𝐶𝑎𝑙𝑙 = 𝑆0𝑁(𝑑1) − 𝐾𝑒−𝑟𝑇𝑁(𝑑2) 

𝑃𝑢𝑡 = 𝐾𝑒−𝑟𝑇𝑁(−𝑑2) − 𝑆0𝑁(−𝑑1) 

where the function 𝑁(𝑥) is the cumulative probability distribution. In Excel, I used the built-in 

NORMSDIST function. The variables are explained in the data section. 𝑆 is the spot price of the 

underlying. 𝐾 is the strike price, in this case, 𝑆 ∗ 𝑙𝑒𝑣𝑒𝑙 𝑜𝑓 𝑚𝑜𝑛𝑒𝑦𝑛𝑒𝑠𝑠. 𝑟 is the risk-free rate. 𝜎 is 

the standard deviation of the underlying asset, or in this case IV, and finally, 𝑇 is the time to 

maturity. For the 3-month maturity, I used a fixed value of  
365

4
= 91.25. Both IV and r are 

expressed in yearly figures. 

3.3   Indicators 
First, I want to recap what my analysis is attempting to accomplish. Since my hypothesis predicts 

that the shape of the volatility curve can imply credit risk, this is the purpose of my indicators.  

First, I will introduce my seven indicators (including the benchmark: CDS) before elaborating on 

each. The five main indicators are: VOL, SLO, CON, PC80/120, and PC90/110. Besides the 

benchmark (CDS), they fall into two groups. VOL and SLO are linear indicators, while CON, 

PC80/120 and PC90/110 are non-linear. CDS and VOL values are directly observable in the market, 

whereas the rest are computed from the IV dataset. I will further combine VOL and SLO to create a 

sixth indicator: COMBO. COMBO is also a linear indicator. Thus, I will test portfolios constructed 

on seven different indicators, six of which attempt to imply credit risk through different 

characteristics of the shape of the volatility curve, as well as one benchmark indicator. I will use 

three different trading strategies (RR80.120, RR90.110, and RR95.105) to trade on the portfolio 

generated by each indicator, in order not only to compare the indicators with one another, but also 
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to test how they behave for different option strategies. I will describe the details of the three 

strategies in the Strategy section.  

Based on the seven indicators, for each trading period I will create 10 portfolios sorted into deciles. 

This will result in the firms with an indicator value in the lowest 10% of the sample being placed in 

portfolio 1 and the highest 10% in portfolio 10. I will explain this in more detail in the Portfolio 

construction section. For now, I will denominate the portfolios for the respective indicators: 

[indicator].[portfolio], for example, “VOL.1”. 

3.3.1   CDS 

The best indicator for credit risk is the price of a CDS contract. We already know that the payoff of 

a CDS contract can be replicated with deep OTM Put options, but the connection between CDS 

prices and Put options is not completely clear. There is no direct link between the CDS price and 

the volatility smile. A logical indirect link would be a correlation between deep OTM Put premiums 

and CDS premiums as they both represent the risk associated with great drops in stock prices. 

However, at what level of moneyness and what combination of OTM Put prices is unknown.  

Since CDS prices are the market’s perception of a firm’s credit risk, they will also serve to confirm 

that Risk Reversal is actually a strategy betting against credit risk by yielding large negative returns. 

In this way, it is the baseline for comparing the other indicators' fit. 

Although this is the most direct indicator of credit risk, it does have a downside. Imagine a very 

healthy economy without any companies close to defaulting. In this world, even though all CDS 

contracts will be cheap, the top 10% will still end up in CDS.10. Now, imagine the opposite – an 

economy on the brink of collapse, in which any given company could default on any given day. In 

this world, with extremely expensive CDS contracts, 10% would still end up in the “safest” 

portfolio CDS.1. While this is obvious when using a decile method for portfolio construction, I 

believe it is worth explicitly stressing, since the decile method will somewhat hinder identifying 

profitable returns, if one only expects a lucrative trading strategy from firms in deep credit distress. 

That being said, these scenarios are theoretical and, in practice, at any given point in time, there will 

be companies in credit distress and companies far from it.  

The CDS indicator is determined as: 

𝐶𝐷𝑆 = 𝐶𝑟𝑒𝑑𝑖𝑡 𝐷𝑒𝑓𝑎𝑢𝑙𝑡 𝑆𝑤𝑎𝑝 𝑝𝑟𝑖𝑐𝑒 
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3.3.2   VOL 

While CDS is an obvious measure of financial distress, volatility is more ambiguous. In its essence, 

volatility is an indication of price movements. The most common way to measure stock volatility is 

through annualized standard deviation; however, there is not a standardized method. Although 

widely used, volatility as a measure does have drawbacks, in terms of both its theoretical foundation 

and its method of computation The theory is, in particular, based on two crucial assumptions: first, 

that returns fall within a standard normal distribution; and second, that they follow a “random 

walk”. Unfortunately, returns are not this well behaved. Return distributions are often both skewed 

and exhibit kurtosis. Skewness, as mentioned, is an asymmetry in the return distribution, and 

kurtosis is an abnormal period of continuously extreme returns (positive or negative). A “random 

walk” can also not be guaranteed, since returns often show dependency of prior returns. 

Furthermore, the computation of volatility is ambiguous. A standard method does not exist, so 

results rely on both a choice of interval and time span. Whether you use daily, monthly or yearly 

intervals, combined with the time length of your study period, can have a large impact on the 

volatility measure. It is clear that no stock has one true volatility. The volatility measure described 

above is known as Realized or Historical Volatility (HV), which may be a misleading name, due to 

its lack of consistency. Either way, as an indicator, HV differs from a CDS contract, for example, 

with regard to one important feature; namely, that CDS contracts are traded in the market, thus 

deriving their value from investors’ expectations about the future. IV share this attribute. Unlike 

HV, IV has one true value which is observable in the market.  

I use the VOL indicator to identify whether a specific volatility curve lies high or low relative to the 

rest of the sample. VOL is equal to the implied volatility at 100% moneyness (IV.100) on 𝑑𝑎𝑡𝑒𝑖.  

Since the curve consists of nine points, this may seem like a very simple method, and it could be 

argued that a median or an average should be constructed in order to take the entire smile into 

consideration. There are two reasons why I do not construct such a measure. First, after constructing 

multiple potential measures and testing them on a smaller sample (carefully selected to include 

different types of curves), it was clear that the potential measures and the simpler method I used did 

not differ much. Second, the curve’s convexity is caught by the CON indicator, while its slope is 

caught in SLO. Thus, a pure level indicator as IV.100 is sufficient, and will give insights free from 

curvature. I will combine the VOL and SLO indicators later on to identify any synergy. Therefore: 

𝑉𝑂𝐿 = 𝐼𝑉. 100 
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3.3.3   SLO 

The second linear predictor is the slope of the volatility curve. SLO only looks at the slope between 

IV.80 (IV for 80% moneyness) and IV.100. Whereas I create CON with an emphasis on deep OTM 

strikes, SLO takes a simpler approach. In this way, I can compare SLO with the non-linear 

indicators to test whether the structural curvature is obsolete, and whether only the difference 

between deep OTM and ATM volatility matters. SLO will indicate the size of the risk premium for 

an OTM Put, without taking the absolute volatility level into account.  

𝑆𝐿𝑂 =
𝐼𝑉100 − 𝐼𝑉80

100 − 80
∗ −1 

3.3.4   COMBO 

The four scenarios in Figure 6 show four curves with different values of VOL and SLO. Both are 

high for curve A1 and low for curve B2. A COMBO predictor is created to test both for synergies 

between the two linear indicators and to determine whether the isolation of one indicator relative to 

the other will have explanatory power (for example, only SLO with high VOL). COMBO should be 

interpreted as different slopes with absolute levels taken into account, and can therefore be defined 

as a linear indicator. A value will not be computed for COMBO and portfolios will therefore not be 

allocated through the decile method, as they are with the other indicators. Instead, the COMBO 

portfolio allocation uses a simple 3x3 matrix system, taking three levels of SLO and combining 

with three levels of VOL to arrive at 9 portfolios. Therefore, COMBO portfolios cannot be directly 

compared to the rest when evaluating the indicators, and will have to be examined more carefully. I 

will elaborate on COMBO and the portfolio allocation in Section 5. 

Figure 6: Four Scenarios 
The four curves all represent a “corner” of the 3x3 COMBO matrix. The matrix will be presented in Section 5: Portfolio Construction, which 

describes the construction of portfolios. 
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3.3.5   CON 

The primary focus of my hypotheses is to connect OTM Puts to Credit Risk. On the volatility curve, 

OTM Puts represents the left side of the smirk, and one especially interesting attribute is its 

convexity. Therefore, I created an indicator for the convexity (CON). This indicator emphasizes the 

deepest OTM Put (IV.80). I only used the lowest five strikes of my IV sample: IV.80, IV.90, IV.95, 

IV.97 and IV.100. The purpose of this proxy is to obtain a single figure with a high value for a 

curve that is very convex and a low value for a flatter curve. My approach for constructing this 

indicator revolved around the slope between each adjacent IV. The idea is that if the slope between 

IV.80 and IV.90 is below negative 1 and the slope between IV.97 and IV.100 is close to zero, then 

the curve must be convex. On the basis of this theory, I began constructing and testing multiple 

proxies. I selected a test sample of curves with a clear visual difference in convexity for testing. I 

then began constructing and testing each proxy, constantly adjusting to optimize against my success 

criteria, until they were met.  

This indicator is clearly subjective, and could have taken other forms. After going through the 

construction process, however, I am confident that it depicts the convexity to a satisfying degree, 

and, while it could be calculated differently, it would not have any major effects on my portfolios.  

My convexity indicator is calculated through six steps: 

Step1 – Absolute level 

As I mentioned earlier, an IV curve in general consists of two factors: its absolute level and its 

convexity. Thus, just as I did not take convexity into account in VOL, I first need to remove any 

effect from absolute levels. This is done by subtracting each adjacent strike. This leaves four values, 

which I denominate x, y, z, and p. 

𝑥 = 𝐼𝑉. 80 − 𝐼𝑉. 90 

𝑦 = 𝐼𝑉. 90 − 𝐼𝑉. 95 

𝑧 = 𝐼𝑉. 95 − 𝐼𝑉. 97 

𝑝 = 𝐼𝑉. 97 − 𝐼𝑉. 100 

Step2 - Concave 

Now I discard all curves with a negative x, y, z, or p value. A negative value is a result of IV.xx < 

IV.yy, where xx < yy. Regardless of whether a curve is truly concave (IV.80 < IV.90 < IV.95 < 

IV.97 < IV.100) or “wave-shaped” where IVs are higher and/or lower than their adjacent 

moneyness points, at any section of the curve, I deem them “concave”. The concave volatility curve 
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(or volatility frown) is indeed an interesting phenomenon but, as mentioned, it goes beyond the 

scope of my analysis.  

Firms with a concave IV curve at time t are excluded from the analysis in time t. The reasoning is 

again that I want to identify credit risk. As I explicitly avoid hypothesizing on the origin, behavior, 

and effects of a concave IV curve, to include it in my analysis regarding credit risk would be 

unwise. 

Step3 - Flat 

Another characteristic curve shape is extremely “flat” curves. These are curves with a very small 

deviation in IV across all strikes. Later on in my calculations of CON, this group of curves, 

although in all manners similar, took on very different values. This was an issue, as all other curves 

began to fulfill my success criteria, but the “flat” curves did not. Therefore, I excluded them from 

my analysis. Luckily, there is a theoretical argument for doing so. First, if my assumption is correct 

that OTM Puts can help imply credit risk, and that this relationship can in fact be identified through 

my CON proxy, then it would follow that the companies with these “flat” curves have a very low 

risk of default. With this conviction, one could argue that this group of firms is perfect for my 

analysis. However, since I identify curves as “flat” on a very small margin (a difference of 0.04 

between IV.80 and IV.120), it is only 77 out of 23,575 observations. With such small differences, it 

could be argued that these curves occurred as a result of mechanics different from credit risk, and 

would thus (just as the concave) jeopardize an analysis of implied credit risk. Thus, I discarded all 

flat curves. 

I identified a flat curve by subtracting IV.80 from IV.120 and then comparing them against a cut-off 

factor. I tried multiple other computations, but this simple method proved sufficient. When 

determining the cut-off factor, I obviously wanted to preserve as much of my sample as possible. I 

used a trial-and-error approach to determine that the factor lay somewhere between 0.03 and 0.04 

and rounded up. 

Step4 - Distribute 

The next step was to evenly distribute x, y, z, and p across the x-axis. I identified the spread 

between the strikes and divide x, y, z, and p with their respective factors to make them uniform. 

Since x is IV.80 – IV.90, I divided x with the spread between the two strikes (10), and so forth. I 

denominated the new values in capital letters. 



Page | 24  

 

𝑋 =
𝑥

90 − 80
 

𝑌 =
𝑦

95 − 90
 

𝑍 =
𝑧

97.5 − 95
 

𝑃 =
𝑝

100 − 97.5
 

Step5 – Relative Slope 

Now I had the slopes between each adjacent strike. To achieve a high convexity, I needed a large 

relative change in adjacent slopes. Thus, I was interested in the slopes relative to each other. Since 

deep OTM Puts are the most relevant in my focus on credit risk, I took each slope relative to the 

slope between IV.80 and IV.90 (𝑋), and denominated them with a “:” in between. 

𝑋: 𝑌 =
𝑋

𝑌
 

𝑋: 𝑍 =
𝑋

𝑍
 

𝑋: 𝑃 =
𝑋

𝑃
 

 

Step6 – Summation 

Finally, I summed the values calculated in Step 5 to arrive at my convexity indicator CON.  

I have now constructed a convexity proxy by summing the slopes between each point on the 

volatility curve’s left side taken relative to the furthermost slope. The entire formula is as follows: 

𝐶𝑂𝑁 =
(

𝐼𝑉. 80 − 𝐼𝑉. 90
𝑆. 80 − 𝑆. 90 )

(
𝐼𝑉. 90 − 𝐼𝑉. 95

𝑆. 90 − 𝑆. 95
)

+
(

𝐼𝑉. 80 − 𝐼𝑉. 90
𝑆. 80 − 𝑆. 90 )

(
𝐼𝑉. 95 − 𝐼𝑉. 97

𝑆. 95 − 𝑆. 97
)

+
(

𝐼𝑉. 80 − 𝐼𝑉. 90
𝑆. 80 − 𝑆. 90 )

(
𝐼𝑉. 97 − 𝐼𝑉. 100

𝑆. 97 − 𝑆. 100 )
 

 

3.3.6   PC 

Thus far, I have not been concerned with the volatility of OTM Calls. However, there may be credit 

information hidden in how the market prices deep OTM Puts relative to OTM Calls. If the Call is 

cheap relative to the Put, then the market estimates that the downside risk must be higher than the 

upside potential, which makes this relationship an obvious indicator. Therefore, I calculated the 

indicator PC to describe the relationship between deep OTM Put IV and deep OTM Call IV. To 
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investigate whether the depth of out-of-the-moneyness matters, I created two different PC indicators 

for two different levels of moneyness, thus computing both  𝑃𝐶80/120 and 𝑃𝐶90/110. 

𝑃𝐶80/120 =
𝐼𝑉80

𝐼𝑉120
 

𝑃𝐶90/110 =
𝐼𝑉90

𝐼𝑉110
 

3.3.7   Indicator sum-up 

That concludes the explanation of my seven predictors, on behalf of which I construct portfolios 

and test a Risk Reversal option strategy. More specifically, I used CDS as a benchmark, VOL and 

SLO as linear predictors, with COMBO as a combination thereof to shed light on potential 

synergies. Last, CON, PC80/120, and PC90/110 were used to analyze any information in the 

curvature of the smirk. Table 2 below shows the statistics for each of these indicators, and Figure 7 

shows a boxplot of all computed indicator values. These statistics are for all indicator values across 

the 10-year test period.  

Table 2: Indicator statistics 
This table shows the statistics for the indicator scores’ distribution. It shows the maximum, mean, median, minimum, standard deviation, and standard 

deviation divided by the mean. VOL and SLO are linear indicators, and the rest are non-linear indicators. The table is visually depicted in Figure 7.  

 

CON especially stands out with a high standard deviation relative to its mean. As can be seen from 

Figure 7, the middle 50% of its values lie extremely close with a large spread between values in 

both its distributions tails. With its mean in the center between the distribution’s 5th and 95th 

percentiles, it can be assumed that the distribution resembles a bell curve. With such a high standard 

deviation, the spread of the bell curve must be large, resulting in fat tails. On the contrary, the CDS 
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mean lies rather low compared to its 5th and 95th percentiles. Not unsurprisingly, it has extreme 

maximum values and its mean is skewed towards the lower values. Since the only factor influencing 

CDS price is credit risk, this is to be expected, due to the financial crisis affecting three trading 

periods in my sample. These three periods obviously include high CDS prices compared to the other 

38 periods and push the entire distribution. Even though PC90/110 and PC80/120 show a slight 

negative skew, numerous factors are in play when determining the shape of the volatility curve, and 

it is therefore not surprising that the same negative skew that CDS experiences does not recur in the 

other indicators. 

Standard deviations of around half the mean and greater result in a rather large spread in values for 

all indicators. This is key for my analysis’ potential to arrive at statistically significant conclusions. 

If we imagine that the opposite was true, i.e. very low standard deviations, then all values would be 

closely centered around the mean. With a very small spread, the stocks distributed in Portfolios 1 

and 10 would not be very different. This means that the sample lacks extreme values, which are 

needed to analyze critical credit risk, thus limiting the explanatory power of the analysis. Therefore, 

it is paramount with high standard deviations. 

Figure 7: Indicator Statistics Box-plot 
In each box-plot, the lowest and highest horizontal black lines represent the 5th and 95th percentiles. The two lines constituting “the box” are the 25th 

and 75th percentiles, and the line inside “the box” represents the median. The green dot (to the right of the rest) is the mean value, which is displayed 

in Table 2. The red dots represents “tail observations” (aka outliers). 
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3.4 Strategy 
The strategy I will back-test in search of excess returns only includes trading in European equity 

options. I limit my test in an attempt to avoid clouding my results through too much complexity. 

The Risk Reversal strategy I will now present, has proven its capabilities as a credit risk strategy, 

and will thus confirm a relationship between my indicators and a firm’s credit risk, if yielding 

negative returns. 

3.4.1   Risk Reversal 

This option strategy has been widely used to capture potential relationships between returns and IV 

(Martin 2013, Andersen 2015). Risk Reversal as a strategy for betting against credit risk follows 

directly from the relations I established at the end of the literature review (Figure 4: Framework). 

When a firm has high credit risk, implied by the shape of the volatility curve, its stock price is 

expected to fall, thus yielding negative returns from a short Put position.  

The strategy consists of trading two options each trading period for each firm; selling an OTM Put 

option and purchasing an OTM Call option. I used Put and Call options, which are the same level of 

moneyness away from ATM. Equal IV levels ensure a comparable interpretation through a uniform 

risk profile. 

I traded three strategies for all of my portfolios, starting with the widest spread in moneyness 

available, and decreasing the spread twice for the other two strategies. Thus, the three strategies I 

used are as follows: short 80% OTM Put and long 120% OTM Call, short 90% OTM Put and long 

110% OTM Call, short 95% OTM Put and long 105% OTM Call. I denote these three strategies as 

RR80.120, RR90.110, and RR95.105, respectively (see Table 3). As mentioned, all strategies will 

be both buy-and-hold and zero-cost strategies. I will present the arguments for these two attributes 

below. 

Table 3: Risk Reversal Strategies: Construction 
This table displays which option trades are included in each strategy. Each strategy contains a sold Put and a purchased Call, always out-of-the-

money. The (%) represents the level of moneyness at which the individual options are fixed. 

Strategies Short Put Long Call 

RR80.120 80%  OTM 120%  OTM 

RR90.110 90%  OTM 110%  OTM 

RR95.105 95%  OTM 105%  OTM 
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Prior studies have hedged the Risk Reversal with a position in the underlying asset. The drawback 

of the simple buy-and-hold Risk Reversal without adding a hedge in the underlying asset or its 

forward contract is that the strategy’s risk profile will change over time. Thus, any risk premium 

identified includes the underlying asset’s risk premium (Kozhan, Neuberger & Schneider, 2013). 

With a zero-cost strategy, risk premiums do not directly affect returns, but rather indirectly through 

determining the structure of the strategy.  

Figure 8: Risk Reversal Strategies: Payoffs 
This figure shows the payoffs of each of the three strategies when combining the short Put and long Call. The x-axis is the level of moneyness and the 

y-axis is the return in ($). The stock price will have to swing less for RR95.105 to attain a non-negative payoff than RR90.110, and an even greater 

price swing is necessary for RR80.120. Notice that the payoff between the Put and the Calls’ respective strike prices is zero. This is the result of the 

zero-cost attribute and thus the strategies demand zero initial payment.

 

3.4.2   Buy-and-hold 

 A buy-and-hold strategy involves entering into an option position and holding it until the option’s 

maturity date, i.e. from 𝑑𝑎𝑡𝑒𝐸 to 𝑑𝑎𝑡𝑒𝑇. This way, the position returns the option payoff instead of 

a market-determined price at a time between 𝐸 and 𝑇. The inability to close a European option 

position early is a large benefit of a buy-and-hold strategy. Early closing would involve determining 
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when to exit the position. Including a parameter for time-of-exit would be an unnecessary increase 

in the complexity of the analysis. 

3.4.3   Zero-cost 

There are two main arguments for using a zero-cost strategy. First, it makes the results more 

transparent by simplifying the returns computations. With a non-zero-cost strategy (as short one Put 

and long one Call), cases would arrive where the initial cost would be so close to zero that returns 

would reach extremes. Although technically correct, random extreme returns would cloud the 

results. Second, with three different strategies, investing in a different amount of Puts and Calls 

enables scenarios in which the returns can be higher for the strategies with the widest gap, instead 

of always having the greatest absolute returns for the strategy with the narrowest spread. Such 

scenarios could prove to be essential when looking for excess returns in the structure and thus the 

interlinked relationship of options along the entire width of the volatility curve. 

3.5   Returns 
At the end of each trading period, I will report returns of my zero-cost buy-and-hold Risk Reversal 

portfolios. I will go through the strategy in the next section. Though European options lack the right 

to early exit, you can of course close your position in the market. However, as mentioned, I chose a 

buy-and-hold strategy, and thus needed to calculate the options’ payoff at maturity. Since an 

option’s payoff is non-linear, this was not straightforward. 

I test three different strategies: RR80.120, RR90.110, and RR95.105. Each had 10 portfolios for 

each of my six indicators and 9 for the last. I calculated the returns for each of the 10 portfolios, and 

an additional portfolio. This additional portfolio (Portfolio 11) is constructed by buying Portfolio 10 

and selling Portfolio 1. As I use strategies with an initial investment of zero, I first identified the 

amount of options to sell and purchase to match the initial in- and outflows of cash. Second, I 

identified the payoff of my options at maturity. Finally, I scaled the payoff with the spot price (at 

maturity) in order to arrive at a 3-month return.  

3.5.1   Zero Investment Strategy 

With the existence of the volatility smirk, it follows that Puts are usually more expensive than Calls. 

As I was selling Puts and purchasing Calls, I chose to scale the amount of Calls to match the price 

of one Put. Thus, the amount of Calls I bought for each strategy was: 

𝐶# =
𝑂𝑇𝑀 𝑃𝑢𝑡𝑝𝑟𝑖𝑐𝑒

𝑂𝑇𝑀 𝐶𝑎𝑙𝑙𝑝𝑟𝑖𝑐𝑒
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3.5.2   Option payoffs 

Option payoffs, as mentioned, are non-linear. This means that for a long (short) option position, 

your payoff is either zero or positive (negative). For Calls (Puts), the payoff becomes non-zero with 

an increase (decrease) of the spot at maturity above (below) its strike price.  

𝐶𝑝𝑎𝑦𝑜𝑓𝑓 =
𝑆𝑇 < 𝑋 0
𝑆𝑇 > 𝑋 𝑆𝑇 − 𝑋

 

𝑃𝑝𝑎𝑦𝑜𝑓𝑓 =
𝑆𝑇 < 𝑋 𝑋 − 𝑆𝑇

𝑆𝑇 > 𝑋 0
 

Risk Reversal has the payoff of a Short OTM Put and a Long OTM Call. Thus, the payoff for each 

individual strategy in the indicators’ portfolios is: 

𝑅𝑅𝑝𝑎𝑦𝑜𝑓𝑓 = 𝐶# ∗ 𝐶𝑝𝑎𝑦𝑜𝑓𝑓 − 𝑃𝑝𝑎𝑦𝑜𝑓𝑓 

3.5.3   Portfolio Returns 

Now, the payoff of each firm’s option strategy was scaled with the closing spot price on the day of 

maturity.  

𝑅𝑅𝑟𝑒𝑡𝑢𝑟𝑛 =
𝑅𝑅𝑝𝑎𝑦𝑜𝑓𝑓

𝑆𝑝𝑜𝑡
 

To arrive at my final returns, I simply allocated the returns into their respective portfolios and took 

the average return. 

3.6   Sharpe Ratio 
The Sharpe ratio, created by William F. Sharpe in 1966, is widely used to measure portfolio 

performance, since it accounts for both risk and return. It computes an asset’s excess return relative 

to the asset’s risk.  

𝑆ℎ𝑎𝑟𝑝𝑒 𝑟𝑎𝑡𝑖𝑜 =  
𝑟 − 𝑟𝑓

𝜎
 

where 𝑟 is the portfolio return, 𝑟𝑓 is the risk-free return and 𝜎 is the portfolio’s standard deviation.  

3.7   Maximum Drawdown 
Another popular portfolio performance measure is Maximum Drawdown (MDD), especially for 

hedge fund evaluation. This method measures the maximum loss between two peaks. In other 

words, when a new peak is reached, the MDD is the percentage change from the old peak to the 

lowest recorded in the meantime. The relationship is shown below in Figure 9, where A and D are 

adjacent peaks, and B is the lowest low in the “valley”. Although C is a new historical high, it is not 

a peak, since it is followed by positive returns. When a data series ends (F), this will automatically 

be a high or low to its subsequent match (E).  
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𝑀𝐷𝐷 =
𝐿𝑜𝑤 − 𝑃𝑒𝑎𝑘

𝑃𝑒𝑎𝑘
 

“There is no such thing as a time frame for a MDD, it can be a 1-week spike, can be 2 years’ slow 

trend down and even a 100-year trend down” (Burkhardt, Duncan, & Liu 2003). 

Figure 9: Theoretical Maximum Drawdown  
This figure displays a theoretical example of the Maximum Drawdown measure.

 

Figure 10 shows the returns for one of my portfolios. These returns are represented by three pairs of 

peaks and lows, and thus three MDDs: one for A and B, one for C and F, and one for G and H.  D is 

not a low, since its “valley” stretches from C to G. This is because E < C. Most portfolios in my 

analysis show a similar pattern, but a few are reversed. It is clear that the MDD from C to G is 

extremely affected by the financial crisis, and its MDD will be very sensitive to the size of the prior 

peak. Thus, I will compute two MDD scores; one is for the period affected by the financial crisis 

(𝑀𝐷𝐷𝑐𝑟𝑖𝑠𝑖) and one is for the period following (𝑀𝐷𝐷𝑝𝑜𝑠𝑡). 
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Figure 10: Maximum Drawdown Realized Example 
This figure shows the realized excess returns for the SLO indicators Portfolio 11 with the Risk Reversal strategy 80.120 (SLO.11 for RR80.120). The 

letters A – H represent the portfolio excess return’s peaks and lows relevant for explaining the MDD measure. 

 

 

3.8   Portfolio Construction 
I tested a total of six characteristics of the volatility curve’s shape and one benchmark indicator, 

resulting in 59 portfolios per trading period. When constructing portfolios, I approached one 

indicator differently. The six others I allocated into deciles based on the indicator value, resulting in 

ten portfolios for each of my indicators (CDS, VOL, CON, SLO, PC80/120, and PC90/110) and for 

the last, I combined VOL and SLO to construct nine additional portfolios. 

For the first six, I used the same method as that in the prior research. The best argument for the 

decile method (when conducted on market observable data) is that it is completely objective. Thus, 

I determined values for all firms’ indicators at 𝑑𝑎𝑡𝑒𝑖𝑛, calculated deciles, and then allocated each 

stock into its respective portfolio. I repeated this exercise for each indicator in each trading period. I 

named these portfolios numerically in the following format, [indicator].[portfolio], for example 

VOL.1 is the lowest implied credit risk portfolio constructed with respect to VOL in a given trading 

period. When presenting my results, I will use the indicator and portfolio denomination to refer to 

the average excess return of portfolios constructed with respect to the indicator in question.  

The last indicator consists of nine portfolios in each trading period constructed by combining VOL 

and SLO, (i.e. COMBO). As mentioned in the Indicator section, I do not take the slope into 

consideration when determining VOL and filter out absolute volatility levels when calculating SLO. 

I make up for this by combining the two and constructing portfolios with a 3x3-matrix approach. 
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3.8.1   Decile Allocation 

As mentioned, I constructed 10 equally weighted portfolios for each trading period for each of my 

indicators. I determined the deciles with the Excel function PERCENTILEINC. When calculating 

deciles for trading period t, I only used data from 𝑑𝑎𝑡𝑒𝑖𝑛 in that trading period, because I do not 

take historical or future data into account when calculating deciles. In a perfect world, all my 410 

portfolios would be completely equally weighted, with 57.5 firms in each (a “ticker count” of 57.5). 

However, due to both the unavailability of volatility data and data discarded through the filtering 

process, the ticker count varies across both indicators and time.  

I will now describe the portfolio composition for each indicator, both across the analysis period and 

each trading period.  

3.8.1.1   CDS 

The CDS data is not available for the first three trading periods. For the rest of the analysis period, 

however, no data is missing, so all portfolio sets consist of 575 tickers. Thus, the number of tickers 

in each individual trading period has a mean of 57.5 with a standard deviation of 5.8 across the 

whole analysis. The high standard deviation is caused by the first 11 trading periods. Trading period 

Mar’07 includes the maximum and minimum ticker counts; 90 and 24, respectively. If only the last 

27 trading periods are counted, the standard deviation falls to 3.2 and the maximum and minimum 

are reduced to 67 and 47, respectively. Across the analysis period, the distribution between the ten 

portfolios is fairly even, ranging from 9.6% - 11.0% of the total ticker count. It is worth noting that 

the CDS values are not continuous like the rest, but rather stochastic. This has a large effect in the 

first half of the analysis period, where the middle portfolios (3-6) are only separated by a few 

points.   

3.8.1.2   VOL 

For VOL, only 44 data points (0.19%) were unavailable across the analysis period. The VOL 

portfolios have a mean of 57.4 with a standard deviation of 5.2. The maximum and minimum ticker 

counts are 58 and 56, respectively. The distribution between the ten portfolios across the analysis 

period ranges from 9.9% -10.1%. 

3.8.1.3   CON 

The issues with CON and it taking both “flat” and concave values have been previously discussed. 

Those issues are reflected in its portfolio composition. First, although 214 curves are unavailable 

(0.9%), sorting out the flat and concave curves results in excluding an additional 7% of the data, the 

majority (5.8%) being convex and only 0.3% flat. The majority of the concave curves are present in 
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the first 10 and last 7 trading periods. This could indicate that concave volatility curves are more 

common during economic upswings, but more research is required before making any such 

conclusions. For the data available, the curves are distributed with a mean of 53.4 and a standard 

deviation of 3.37. The maximum ticker count in a single portfolio is 57 and the minimum ticker 

count is 43. Across the entire analysis period, the curves are distributed evenly, with the largest and 

lowest proportions being 9.36% and 9.26%, respectively.  

3.8.1.4   SLO 

SLO has only 157 data points missing (0.7%). With an average ticker count of 57.1 and a standard 

deviation of 1.6 for each individual portfolio, its portfolios are close to uniform. The same is 

evident from the distribution between the ten portfolios across the analysis period, which ranges 

from 9.5%-10.1%. 

3.8.1.5   PC 

Last, with only 0.8% of data points missing, an average ticker count of 57.1, a standard deviation of 

1.4, and a portfolio distribution across the analysis period between 9.6% and 10.2, the P/C 

portfolios are as uniform as the SLO portfolios.  

3.8.2   Matrix Allocation 

When determining VOL and SLO indicators, I made sure to separate absolute levels from relative 

differences between strikes. With COMBO, I tried to identify synergies between the two. I 

constructed the portfolios by allocating all curves in each trading period into a 3x3 matrix. 

Table 4: COMBO Portfolio Allocation: 3x3 Matrix 
This table shows the percentile allocation for the COMBO indicator. The rows (columns) indicate which percentile for the VOL (SLO) indicator is cut 

off. Inside the matrix, the text on the left of the “/” is the respective portfolio names and the numbers in parentheses are the portfolio number that will 

be displayed in the tables presenting my results. 

Percentiles SLO < 33th  33th < SLO < 66th  SLO > 66th  

VOL > 66th  V3.S1       /     (7) V3.S2        /        (8) V3.S3        /      (9) 

33th < VOL < 66th V2.S1     /     (4)                V2.S2          /       (5) V2.S3         /       (6) 

VOL < 33th V1.S1   /   (1) V1.S2       /          (2) V1.S3      /         (3) 

 

I found the 33.3rd and 66.6th percentiles for both indicators and allocated firms into nine portfolios 

accordingly. Each portfolio was named with a V and S, followed by a number from 1-3, 1 being the 

lowest and 3 being the highest implied credit risk, as shown in Table 4. The numbers in parentheses 

are the portfolio numbers, which will be referred to in later tables when presenting the results.  
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With this approach, there is no guarantee of evenly distributed portfolios. Across the 10-year 

trading period, V.1.S3 and V3.S3 are the portfolios with the highest and lowest proportions of all 

curves (16.0% and 7.1%). The individual portfolio mean is 63.7 with a standard deviation of 20.8, 

with the smallest portfolio ticker count being 15 and the highest 123. Even though the distribution 

statistics are compromising, the large standard deviation is due to a small ticker count in portfolio 

V3.S3 in the last half of the analysis period and a high ticker count in V1.S3. For the smallest 

portfolios, the sample size could jeopardize the theses conclusion conclusions. I will address this 

issue again when presenting the analysis’ results. 

3.8.3   Portfolio summary 

The portfolio statistics are summarized in table 5. With five indicators generating 10 portfolios each 

in every trading period and a combination of two indicators generating an additional 9, I was ready 

to test these 59 portfolios. The findings based on these portfolios and the Risk Reversal strategies 

will be presented in the next section. 

Table 5: Portfolio Statistics 
This table shows the results of the portfolio construction. The first two columns are the average ticker count (number of firms) in each portfolio across 

the entire sample period and the related standard deviation. The last three columns show the % of firms with no curves available, flat curves, or 

concave curves. 

 Mean ticker 

count 

Standard 

deviation 

Blanks 

 (% of total) 

Flat 

 (% of total) 

Concave  

(% of total) 

CDS 57.4 5.885 0.00 - - 

VOL 57.4 0.521 0.19  - - 

SLO 57.1 1.586 0.67  - - 

COMBO 63.7 20.804 0.24 - - 

PC80/120 57.1 1.428 0.76 - - 

PC90/110 57.1 1.316 0.76 - - 

CON 53.4 3.378 0.91 0.33 5.81 
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4   RESULTS 
In the following section, each strategy’s average excess returns will be presented. The excess 

returns of all portfolios have been computed and now significant and interesting patterns as well as 

outliers will be described. This will only include numerical results and brief comments on the 

highlights of the analysis; the elaboration and the application of the findings will be provided in the 

next section: Discussion. 

Conventionally, the construction of an 11th portfolio (Portfolio 10 – Portfolio 1 or high - low) will 

be denominated “Portfolio 10-1”. However, since the COMBO indicator only produces nine 

portfolios, for consistency, I will denominate the lowest credit risk portfolio subtracted from the 

highest credit risk portfolio for all indicators as “Portfolio 11” or “[indicator].11”. 

To start out, I want to point out that the only statistically significant portfolios are CON.11, 

PC80/120.11, and PC90/110.10. These portfolios are statistically significant across all three trading 

strategies on at least a 95% confidence interval. CDS.11 is also statistically significant for 

RR95.105, and CDS shows a clear pattern across all strategies. I will describe the rest of my results 

as well, since most of them show a clear pattern across strategies, it could suggest a relationship, but 

since they are not statistically significant, no further conclusions will be drawn.  

For comparison, all the tickers combined for each of the three Risk Reversal strategies RR80.120, 

RR90.110, and RR95.105 across the entire trading period have realized raw returns of -0.73%,         

-0.59%, and -0.02%, and excess returns of -1.97%, 1.83%, and -1.27%, respectively. From my 210 

portfolios, only 12 of them have a positive excess return, but from the 21 portfolio 11s (high – low), 

we see 9 positive excess returns. 

I will first describe CDS, evaluating its role as a benchmark. Next, I will go through the linear 

indicators (VOL, SLO, and COMBO), before turning my focus onto the explanatory power of 

curvature (CON, PC80/120, PC90/110). I will end this section by presenting the Maximum 

Drawdown risk measure. 

4.1   CDS as benchmark 
First of all, looking at the CDS indicator, this is our most legitimate proxy for credit risk. Any 

indicators mirroring its return patterns suggest a definite connection to credit risk. The CDS 

portfolios show a clear pattern of large negative returns in Portfolio 11 (see Table 6-8 and Figure 

11). The returns are the largest in absolute value across all indicators (3-month excess return of -
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12.6% for RR95.105). CDS.11’s returns are generated from the extreme credit risk portfolio 

CDS.10. It is evident CDS.10 realizes the largest negative returns (see Table 6-8). Here, it should be 

noted that the top 10% of CDS scores are extremely large relative to the other 90%. However, 

Portfolios 8 and 9 also realize sizeable negative returns, indicating that firms with the highest 30% 

of CDS spreads are prone to large negative drops in stock prices. Across strategies, a pattern 

emerges; namely, that returns from RR95.105 > RR90.110 > RR80.120. This is a logical resolution, 

since any price movements in the price of the underlying asset produce a higher absolute payoff the 

closer the option’s strike is to ATM. CDS.1 gives positive returns for the two tightest Risk 

Reversals, which is to be expected for low credit risk portfolios. Furthermore, CDS.11 for strategy 

95.105 is statistically significant. All of this confirms the obvious, that CDS is a valid benchmark 

indicator for credit risk.  
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Table 6 - 8: Excess Returns 
These tables show the realized excess returns of all 11 portfolios for each indicator. Each individual table contains the results for one of three 

strategies. 
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Figure 11: Excess Returns (All Portfolio 11s) 
This figure shows Portfolio 11’s excess return for each indicator and strategy combination (x-axis: excess return. y-axis: indicators).  
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Table 9 - 11: T-statistics 
These tables show the excess returns-related t-stats for Portfolio 11 for each indicator. Each table contains the results for one of the three strategies. 

Since none of the Portfolios 1 to 10 were statistically significant, the tables do not show these t-stats 

 

4.2   VOL & SLO 
VOL and SLO both take a linear approach to analyzing the volatility smile. SLO realizes lower 

absolute returns than both CDS and VOL, and does not show any signs of a pattern, across either 

individual portfolios or strategies. VOL, on the other hand, generally mirrors CDS scores, but with 

lower absolute values. VOL.11 especially follows the pattern of CDS.11 across strategies. This is 

consistent with the direct relationship between IV and credit risk established in prior research. 

However, unlike the CDS portfolios, portfolios with the lowest VOL scores do not produce positive 

returns. In fact, all 30 VOL portfolios realized negative returns. This was somewhat unexpected for 

an indicator of credit risk. However, just as with the CDS, the top ten percent of VOL scores 

included extremely large values. Thus, VOL.10 stands out with relatively large negative returns 

compared to the other nine portfolios. These large negative returns suggest that the overall level of 

volatility (remembering that VOL is the ATM volatility) could imply critical credit risk, and further 

produce profit through option trading. 

Contrary to both VOL.11 and CDS.11, SLO.11 shows no pattern across strategies, nor is a pattern 

present in Portfolios 1 to 10. Its returns are also lower than both VOL and CDS. However, the 

highest implied credit risk portfolio, SLO.10, does have the greatest negative excess return of the 

ten, at a rather steady level between -0.0312 and -0.0366 for all three strategies. Thus, there is no 

immediate sign of SLO being able to imply credit risk. 
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4.3   COMBO 
As mentioned, COMBO Portfolios 1 to 8 need to be evaluated differently from the other indicators. 

COMBO.11, however, can be compared directly to the other Portfolio 11s. Since COMBO is a 

combination of VOL and SLO, it is not surprising that the size of COMBO.11’s excess returns lies 

between VOL.11 and SLO.11. Unlike SLO, it takes on the same pattern across strategies as VOL 

and CDS, RR80.120 < RR90.110 < RR95.105. Moving on to its individual portfolios, V3.S3 

(Portfolio 9) earns a negative excess return significantly greater than the rest (see Table 12). Thus, 

the highest implied credit risk portfolio yields the greatest negative excess returns. Similar to both 

SLO and VOL, its lowest implied credit risk also yields negative excess returns. A peculiar result is 

Portfolio V2.S3 compared with V3.S3. They both have the same steep slope, but a lower absolute 

level of V2.S3 results in positive returns compared to S3.V3’s negative returns.  

Table 12: COMBO Excess Returns 
This table shows the extreme COMBO portfolios’ excess return relative to the rest for all three strategies. Rows represent each strategy. The columns 

furthest to the left and furthest to the right show the excess returns of Portfolios 1 and 9, respectively. The middle column shows the average of the 

other seven portfolios. For a detailed breakdown, see Table 6-8 or Appendix A. 

 Portfolio 1 

(V1.S1) 

Average of 

portfolio 2 – 8 

Portfolio 9 

(V3.S3) 

RR80.120 - 0.0148 - 0.0027 - 0.0270 

RR90.110 - 0.0139 - 0.0003 - 0.0310 

RR95.105 - 0.0208 - 0.0066 - 0.0413 

 

4.4   PC 
Moving on to the indicators investigating the curvature (non-linear) of the volatility smile: 

PC80/120, PC90/110, and CON, it is evident from Figure 11 that all non-linear indicators’ Portfolio 

11s realize positive returns across all three strategies. These nine portfolios are statistically 

significant and, on the surface, it seems (from the two PC indicators) that constructing the portfolios 

on credit risk implied by the relative relationship between Put and Call prices, and trading against it, 

yields a positive excess return. This is not the case when we dig deeper into Portfolio 11. 

In the wake of the financial crisis, the two PC indicators’ Portfolio 11 realized positive returns 

highest for PC80/120.11 with RR95.105 (61.9%) and lowest for PC90/.11 with RR80.120 (37.7%). 

In late 2009, when all linear indicators’ portfolios had recovered, both PC indicators realized losses. 

These losses were equal in magnitude for both indicators, although they were greatest for strategy 
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RR80.120 (-12.0%) compared to RR95.105 (-8.4%). It is noticeable that the narrower Risk Reversal 

outperforms the wider, with both higher gains and smaller losses, as shown in Figures 12 and 13. 

Thus, the PC.11s’ returns follow the general pattern (of greater returns the tighter the gap between 

strikes) for positive returns, but a reverse pattern when facing losses, making it a superior strategy. 

This pattern could potentially continue as the gap tightened further to eventually turn the Risk 

Reversal into a synthetic Forward (short Put IV100 and long Call IV100). 

Figures 12 and 13: PC and CDS Excess returns  
These two figures show the excess return post-financial crisis for each Risk Reversal. The first figure shows for the PC90/110 indicator and the 

second for the CDS indicator (for reference). The PC90/110 graph clearly shows that RR95.105 is (often) either higher than or equal to the other two 

strategies. Thus, the tighter Risk Reversal is in all ways superior to one with wider strike spread.

 

 

Positive excess returns, especially during the financial crisis, could lead to the conclusion, as 

mentioned, that the relationship between OTM Calls and OTM Puts indicates a strategy for credit 
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hedging. However, if we break down Portfolio 11 for both PC indicators (see Appendix A), we can 

see that all ten portfolios give a negative return. In fact, across indicators, portfolios, and strategies, 

contrary to the other indicators, the two PC indicators’ returns are fairly stable – between -0.01 and 

-0.02. The slight exception to this is Portfolio.10 in strategy RR95.105, which goes as low as -

0.0035. The reason behind positive returns in Portfolio 11 is namely that negative returns are lower 

in Portfolio 10 than Portfolio 1. This suggests that higher PC scores imply lower credit risk and vice 

versa. That would mean that the higher OTM Call price, relative to the OTM Put price, the higher 

the credit risk. Since all six Portfolio 11s for the two PC indicators are statistically significant, it is 

fair to suggest that PC80/120 and PC90/110 would be decent strategies for credit hedging, not 

taking the portfolio risk into consideration. I will elaborate on the risk of all indicators later. 

4.5   CON 
CON shares many of the characteristics mentioned above. It yielded positive returns during the 

financial crisis as well, and also took minor losses in late 2009 when the market bounced back up. 

As for CON.11’s returns, the returns during and after the crisis were less extreme than PC’s, 

ranging from 17% in early 2009 to -6% later the same year. The same pattern as PC emerges from 

drilling down into CON’s ten portfolios, namely that for the most part, they all lie in the range of -

1% to -2%, with CON.1 being less negative than CON.10. However, this is where the similarities 

end. In fact, despite these similarities, CON behaves differently and often completely opposite to 

the PC indicators across the time-span of my analysis.  Specifically, in 17 out of the 41 trading 

periods, CON shows returns contradictory to PC to a significant degree. Furthermore, one of the 

most interesting results from my analysis is CON.11’s returns across the three strategies. Unlike all 

other indicators, the returns grow as the risk-reversal spread widens, i.e. returns for strategy 

RR80.120 > RR90.110 > RR95.105.  

Although CON shows a statistically significant and interesting return pattern contradictory to other 

indicators, the returns of CON.11 are very close to zero, ranging from 0.32% to 0.46% for a 3-

month trading period. 

4.6   Portfolio Risk 
Taking a look at Tables 13-15, as with the linear indicators, the standard deviations for PC80/120, 

PC90/110 become greater the higher the excess returns. For the PC.11s, they range from 0.084 to 

0.115, and from 0.030 to 0.042 for CON.11. Two observations are noteworthy concerning these sets 

of standard deviations. First, PC.11’s standard deviations, while following the same pattern across 
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strategies (i.e. 80.120 < 90.110 < 95.105), increase relatively less, resulting in noticeably greater 

Sharpe ratios for their narrower Risk Reversals, but still only reach 0.256 for both PC80/120 and 

PC90/110. Second, for CON.11, the pattern across strategies has reversed, and the higher returns 

from the wider Risk Reversals actually have lower standard deviations than the narrower Risk 

Reversals. Thus, CON.11 also shows relatively higher Sharpe ratios for the strategy with the highest 

excess returns, compared to the lower returns. These tweaks aside, as was the conclusion for the 

linear indicators, all three indicators have very low Sharpe ratios. 

Notice from Tables 6-8 that Portfolio 10s for CDS, SLO and VOL are more volatile than their 

respective Portfolio 1s. On the contrary, the two PCs have more volatile Portfolio 1s and CON.1 

and CON.10 are rather fixed to each other. 
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Table 13 - 15: Standard Deviation for All Portfolios 
These tables show the realized standard deviations of all portfolios for each indicator. Each individual table contains the results for one of three 

strategies. 

 

Looking at the risk of CDS, VOL, SLO and COMBO, it follows the respective portfolio’s returns 

rather nicely, i.e. the greater absolute excess returns, the higher the standard deviations. As with 

excess returns, all standard deviations are lowest for the widest Risk Reversal spread and increase 

as the spread tightens (see Tables 13-15). The standard deviations, however, are noticeably higher 

than the excess returns. As a result, although realizing extreme 3-month returns, all portfolios 

become undesirable investments based on their Sharpe ratio. Of the CDS and VOL Portfolio 11s, 

the 3-month standard deviations range from 0.169 to 0.343, resulting in Sharpe ratios between -

0.127 and -0.368. However, options are by design extremely leveraged and the low Sharpe ratios 

are thus expected. A more suitable risk measure will be the MDD. 
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4.7   Maximum Drawdown 
The relatively high variance for all portfolios is in line with [[deltahedge=0significantreturns]]’s 

findings. Furthermore, investigating the portfolios’ risk makes these trading strategies, although 

yielding a statistically significant excess return, still less desirable. MDD is shown in Table 16 and, 

as can clearly be seen from Appendix B, 𝑀𝐷𝐷𝑐𝑟𝑖𝑠𝑖𝑠 compared to 𝑀𝐷𝐷𝑝𝑜𝑠𝑡 is extremely high, 

reaching -2,000% to -4,000% for CDS and VOL during the crisis. The high MDD is to be expected 

from a strategy with an initial investment of 0. After the financial crisis, VOL and SLO show 

similar MDD scores of between -100% and - 200%. During the crisis, however, SLO’s MDD was 

significantly lower than VOL’s. It is noteworthy that CDS and COMBO show greater absolute 

𝑀𝐷𝐷𝑐𝑟𝑖𝑠𝑖𝑠 scores than all others, but have 𝑀𝐷𝐷𝑝𝑜𝑠𝑡 scores on a similar level. This underlines their 

high sensitivity to volatility. For the non-linear indicators, PC80/120 and PC90/110 never exceed a 

maximum loss of 180%. CON shows similar results. These three had positive returns during the 

crisis, which is the reason for their relatively minimal 𝑀𝐷𝐷𝑐𝑟𝑖𝑠𝑖𝑠.  

 

Table 16:  Maximum Drawdown 
This table shows the MDD (loss) of Portfolio 11 for each of the indicators. The columns are first split into the three strategies, and then divided into 

the MDD measures for each of the two periods (crisis and post-crisis). 
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5   DISCUSSION & IMPLICATIONS 
In this section, more detail will be provided regarding my results and their implications. I will 

discuss what underlying market mechanisms could be at the root of my findings, and present my 

own interpretation of the results.  

5.1   CDS 

First of all, the results from CDS sanction my analysis approach and the fact that I can actually test 

my implied credit risk indicators through Risk Reversal. Even though the connection between credit 

risk and the Risk Reversal option strategy was created through prior research presented in the 

literature review, the large negative returns from CDS confirm this relationship. Furthermore, it 

establishes a baseline for the size of returns achievable. It is rather a high baseline at an absolute 

annual return of 41.73%.  

5.2   Linear indicators 

I especially anticipated a relationship between CDS and VOL. The higher the volatility, the higher 

the stock swings and thus the associated risk is present. We see the relationship in the similarities 

across the three strategies, but with lower absolute returns for VOL. This suggests that ATM IV 

does contain information about the credit risk, but its value is comprised of other factors as well. 

This makes sense, given that the pricing of ATM options contains upside potential along with 

downside risk. From this conclusion, it follows naturally that we should try to isolate the downside 

risk represented in VOL by supplementing with SLO. The lack of explanatory power in SLO by 

itself is disappointing. When combining the two, the t-stat (in absolute value) decreases, 

emphasizing SLO’s lack of importance. That being said, in the midst of insignificance, the 

portfolios representing extreme credit risk (VOL.10, SLO.11, and V3.S3) stand out from the rest. 

All other portfolios than those implying extreme credit risk behave inconsistently and far from what 

is expected from a theoretical point of view. Like CDS, the lowest credit risk portfolio should have 

positive returns, and returns should then decrease as implied credit risk increases. Almost none of 

the portfolios (neither linear nor non-linear indicators) show positive returns. Across the 10-year 

period, the average returns for all firms have been slightly negative (-0.728% for RR80.120, -

0.591% for RR90.110, and -0.024% for RR95.105). However, my indicators obviously allocate 

some high-risk firms realizing negative return in the lower portfolios. This would also explain why 

VOL portfolios fall short of matching the large returns of CDS. The consistency in this pattern 

across strategies suggests that linear volatility curve indicators can imply credit risk for firms in 
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great credit distress, but when the firm’s credit risk becomes less critical, the volatility curve’s 

implications lack clarity. 

5.3   Non-linear indicators 

Turning our focus away from the linear indicators and onto the three indicators investigating the 

curvature of the smirk, we find that they introduce a much more complex story. To start with the 

similarities, CON and the two PC indicators also invite the conclusion that the volatility curve can 

imply critical credit risk. Furthermore, the non-linear indicators give two insights. First, contrary to 

expectations, the implied credit risk yields positive excess returns. Second, and again contrary to 

expectations, the wider Risk Reversal spread outperformed the narrower.  

5.3.1   Positive excess returns 

CON.11, PC80/120.11 and PC90/110.11 are all statistically significant, at least at a 95% confidence 

interval. All of these high – low risk portfolios yield positive excess returns. Even with CON 

yielding minor annual excess returns ranging from 1.271% to 1.860%, which, accompanied by 

standard deviations of 0.177 and 0.124 could be called horrible investment prospects, it still shows 

an unexpected statistically significant pattern. If we take a look at the PC indicators first, we see 

that they follow the same relationship between strategies as the non-linear in that RR95.105 has the 

greatest absolute return. To get a better understanding of why the returns are positive, we must 

consider the structure in which the PCs describe the volatility curve. They are the only indicator that 

includes the right side of the curve. By taking the risk premium relative to the expected upside, they 

can distinguish between curves that increase and decrease as Call options become deeper and 

deeper out of the money, the former being allocated to PC.1 and the latter to PC.10. Firms with a 

large downside risk relative to the expected upside potential are allocated to PC.10 and vice versa. 

Now we have to acknowledge that the positive returns originate from PC.1 being more negative 

than PC.10. For firms in PC.1 to yield lower negative returns than PC.10, firms with a higher risk 

premium relative to their OTM Call experience less negative equity returns, i.e. where the market 

expects greater risk of losses relative to the upside, the opposite occurs. To suggest that as the price 

of a Call option decreases as it gets further out of the money, the credit risk lowers (or at least 

experiences less negative returns) would be a stretch based on the type of analysis I have performed 

- but the indication is there.  

We see the PC80/120 returns are slightly higher than PC90/110. This difference (in the standard 

deviation as well) is based on a single trading period, which was affected by the financial crisis, 
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with a return of 53% compared to 38% for PC90/110. In the trading both before and right after, the 

two indicators yielded almost exactly the same returns. As a matter of fact, they moved completely 

uniformly across the entire analysis period, except in that single period. This leads me to believe 

that no significant difference lies in the indicative powers of out-of-the-moneyness of the Put and 

the Call; instead, it is purely based on how they are priced relative to each other. Combined with the 

VOL results (ATM results), this takes away from the idea of deep OTM Put being the biggest 

catalyzer for implying credit risk. 

5.3.2   CON 

CON is designed to indicate a volatility curve convexity, with a focus on the convexity of the left 

side of the volatility smile. We expected the highest implied credit risk to be accompanied by the 

greatest negative returns. Since negative excess returns are greater for CON.1 compared to CON.10, 

the argument goes that lower convexity indicates higher credit risk. On the surface, this could 

contribute to the conclusion from the linear indicators that OTM Puts are less important than ATM 

options. However, CON.5-7 yields the greatest negative returns of all individual CON portfolios, 

and as none of them are statistically significant, we cannot say anything with certainty. All three 

CON.11s are statically significant, though, and as with all other CON portfolios, they have an 

unexpected pattern across strategies. 

5.3.3   RR 80.120 > RR90.110 > RR95.105 

The pattern across strategies for CON.11 is an interesting development. Whereas all other indicators 

show the narrower Risk Reversal spread to yield greater absolute returns, CON.11, despite having 

minor excess returns, shows the opposite pattern. There are two aspects to this pattern. 

If we first consider the technical aspect of this finding, we have to remember that CON.11 is only 

positive because CON.1 is more negative than CON.10. We now focus on CON.1 and split its Risk 

Reversal into its two components – an OTM Put and an OTM Call. Any negative return from the 

Put leg must be greater for the 95% Put than for the 80% Put. Thus, for RR80.120 to yield a greater 

negative return, it must be from the implication of the Call. It logically follows that the 105% Call 

will yield higher returns than the 120% Call, cancelling out the greater negative returns of the 95% 

Put. I can thus conclude that as a precondition for the strategies’ interrelation to exist, its portfolios 

must include more firms (or Calls) with expected stock returns of 𝑟𝐴 than 𝑟𝐵. 

𝐸[𝑟𝐴] < −20% 

5% < 𝐸[𝑟𝐵] < 20% 
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Thus, CON yielding greater returns the larger the RR spread must mean that the stocks’ returns of 

the firms in CON.11 are less prone to moderate gains and more prone to extreme drops. 

The second part of the story relates to the zero-cost strategy. Since all strategies include one Put and 

X Calls, and we established that greater negative returns from RR80.120 can only be due to a higher 

proportion of positive returns in RR90.105, it follows that: 𝑥𝑅𝑅95.105 > 𝑥𝑅𝑅80.120. To gain a greater 

number of Calls, the Put price relative to the Call price must be greater for RR80.120 than 

RR95.105. From this, I can conclude that for the RR80.120 > RR90.110 relationship to be true, the 

CON indicator catches firms where investors have priced the risk premium of “deep” OTM Puts 

higher than for OTM Puts, or the upside potential for “deep” OTM Calls . The former we know to 

be true by the sheer notion of the smirk, but the latter shows the same conclusion as with PC, that a 

negative slope on the right side of the curve implies greater credit risk. 

5.3.4   Implications 

If we take a step back with this conclusion in mind. Had the CON returns yielded greater absolute 

excess returns than the CDS, that would indicate that the convexity of a stocks volatility curve 

contained more (or different) information about a stocks credit risk (and eventually default risk), 

than its Credit Default Swap contract. Investors would then be able to add the volatility smirk as a 

valuable instrument to their toolbox for determining a particular stocks credit risk. Unfortunately, 

these were not the results of the analysis, but the conclusion just mentioned, suggests that there is 

information hidden in the pricing of different levels of positive expectations relative to each other. 

Thus reminding investors not to neglect the markets’ pricing of upside potential when estimating a 

stocks default risk.   

5.4   Relation between PC and CON 

Other than the relationship between the three Risk Reversals, the non-linear indicators share the 

attributes of positive Portfolio 11s (i.e. greater negative returns for Portfolio 1 than for Portfolio 10) 

and are statistically significant. Furthermore, in line with their overall positive excess returns, they 

all yield positive returns during the financial crisis, whereas the linear indicators suffer severe 

losses. However, as can be seen from Appendix C, the CON diverts from the two PCs multiple 

times, taking on a positive return, while the two PCs realize negative returns. It is also clear from 

Appendix C that there are no major differences between PC80/120 and PC90/110.   
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6   CONCLUSION 

This thesis set out to analyze the empirical properties of the volatility curve of European stock 

options and their ability to identify the credit risk of the underlying asset. The main objective was to 

test whether any indication from the shape of the curve could imply a credit risk, as well as yielding 

excess returns through an option trading strategy. It can be said that the volatility curve does indeed 

contain information capable of implying a firm’s credit risk, but it seems to be limited to firms in 

extreme credit distress. All elements of the curve have some explanatory power for these extreme 

cases, but the convexity and steepness of the curve are minor factors compared to the absolute level 

of volatility.  

6.1   Hypotheses 
By proposing and testing seven indicators representing the curve’s different attributes, I attempted, 

based on available empirical literature, to identify a relationship between credit risk and volatility 

through excess returns from three Risk Reversal option strategies. 

Revisiting my three hypotheses: 

1. It is possible to earn excess returns with an option trading strategy (a Risk Reversal) 

betting against the credit risk implied by the shape of the volatility curve. 

2. Higher implied credit risk will produce greater absolute returns. 

3. Risk Reversal option strategies with a narrow strike spread will outperform strategies 

with a wider spread.  

On a 95% confidence interval, I do not reject my first hypothesis. Although the largest returns 

would have been acquired through shorting a Risk Reversal and betting on the absolute level of 

volatility (ATM), it was the three non-linear indicators that yielded statistically significant excess 

returns. Their high minus low portfolios (Portfolio 11) yielded positive returns because the “low” 

implied credit risk portfolio yielding greater negative returns than the “high” portfolios.   

Though all 30 CDS portfolios show the clear pattern that higher risk yields higher absolute returns, 

only two of the is statistically significant, and I can therefore not reject my second hypotheses. My 

linear portfolios do not match this pattern in the returns of the low-risk portfolios, but, as 

mentioned, actually show a much greater return for the portfolios, implying extreme credit risk 

relative to the rest. Unfortunately, the same pattern does not follow in the non-linear portfolios. 
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Here, with the “high minus low” portfolios yielding positive returns, the reverse should follow: that 

higher implied risk portfolios equal small returns. While the non-linear Portfolio 10s do yield 

relatively lower returns than Portfolio 1, no pattern is indicated across Portfolios 1 to 10 

whatsoever.  

For my last hypothesis, inconsistent results were received. Although five out of seven indicators 

showed the pattern that narrower Risk Reversals yield higher returns for the high-minus-low 

portfolios, and the two PCs are even statistically significant, CON takes the opposite stand. CON 

has almost irrelevant excess returns, but is still statistically significant at a 95% confidence interval 

towards rejecting my hypothesis. With these contradicting results, I can only make the vague 

conclusion that, somewhere along the line of involving the element of convexity from the volatility 

smile, the hypothesized pattern breaks. 

In summary, I do not identify any advantage in trading on credit risk implied by the volatility smile, 

as compared to trading based on the Credit Default Swap contract. The absolute excess returns are 

nowhere near as high for the indicators, implying credit risk as the true indicator (CDS). The 

greatest returns from the implied credit risk portfolios are produced by the simplest indicator 

(VOL). Even though CDS has larger risk (𝑀𝐷𝐷𝑐𝑟𝑖𝑠𝑖𝑠) than VOL during the/a crisis, in the period 

following (𝑀𝐷𝐷𝑝𝑜𝑠𝑡), their risks are parallel, and with Sharpe Ratios favoring CDS, the 

implications seem strong. This does not rule out the possibility that a profitable trading strategy can 

be constructed based on credit risk implied by the volatility smile. On the contrary, the patterns 

displayed by the convexity indicators suggest that trading on the basis of the volatility curve, as 

opposed to CDS, can yield greater returns the cheaper (further OTM) the options.  

6.2   Further Research 

As with prior research, I put a great deal of focus on OTM Put options, where my findings actually 

indicate that more information is implied when including the right side as well. A deeper analysis 

into the implication of OTM Calls on credit risk could reveal further insights. When looking at a 

firm’s returns, the upside potential (compared to downside risk) is not what springs to mind at first. 

However, the relationship between the pricing of two (upside and downside expectations) could be 

key.   

I believe that there is more potential in the convexity indicator. It hints at an ability to construct a 

profitable trading strategy, and it would be extremely interesting to pursue this further by applying 
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different trading strategies betting on credit risk, such as other option strategies or simply selling the 

stock short or purchasing a CDS contract based on the indication from the convexity indicator. 

Finally, it would be of great interest to investigate the nature and implications of concave volatility 

curves in relation to credit risk. 
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Appendices 
Appendix A: Excess Returns 

These figures visually depict the excess returns of Portfolios 1 to 10 from Tables 6 -8. Each figure represents the ten portfolios of an indicator and a 

strategy combination. Y-axis: Excess return. X-axis: Portfolio. The scale of the y-axis is the same for all three figures across an indicator, but not 

necessarily from one indicator to the next.  
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Appendix B: Maximum Drawdown 
These figures are a visual display of Table 16, to show the significant difference between the two MDD measures. 
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Appendix C: CON & PC Excess Returns Across Time 
This figure shows the CON and both PC indicators’ excess returns. Worth noticing is CON shifting back and forth between mimicking and opposing 

the pattern of PC (i.e. its sensitivity switching sign).   

 

 

 


