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Abstract  

The paper seeks to examine whether the information contained in DOOM put options can be 
combined with information CDS contracts to estimate default arrival rates. Using a sample of 
European banks, it exploits a theoretical link between the equity deep-out-of-the-money put 
options  (DOOM )and CDS contracts proposed by Carr&Wu (2011) from a different angle 
with a view  to gauging their credit riskiness .In addition, we analyse the differences between 
the estimated default arrival rates and those rates emanating from the market ( historical 
default arrival rates) and find the financial guarantees provided by governments to 
systemically important institutions to be a significantly important factor in explaining those 
differences. The government guarantees also explain the differences in levels across banks 
of our estimates. Ultimately, our results suggest  that the estimated default arrival rates do 
not only reflect the angst of the financial markets with respect to the deteriorating credit 
risk profile of  European banks but can serve, at times, as early warning signals.  
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1. Motivation 

 

The Chicago Board Options Exchange argues in a report published in March 2009, that deep 

out the money options (DOOM options henceforth) can be used by investors as a “viable” 

and “liquid” alternative to CDS contracts1. Various reasons are put forward to defend this 

idea. Firstly, both derivatives tend to behave in the same way, particularly in times of credit 

crisis. Secondly, DOOM options occasionally prove to be a better indicator of credit 

deterioration than the CDS market. The last set of reasons is tied to the transparent feature 

and relatively low transaction costs of DOOM options as opposed the opaque nature and 

high transaction costs of CDS contracts. The whole CBOE argument is based on the work of 

Carr and Wu (2011). A paper where the authors propose a robust theoretical linkage 

between these two derivatives. In view of growing concerns about credit protection 

solutions, this study relies on the same model so as to verify the story put forward by the 

CBOE. It seems relevant to investigate the extent to which combined  information contained 

in DOOM put options and CDS contracts can be used in the pricing of credit risk. More 

precisely, we exploit an existing theoretical link which proves an equivalence between a 

DOOM put option and a CDS contract to back out default arrival rates which are typically 

extracted from CDS contracts only. In this sense, we take a different empirical approach than 

Carr and Wu’s (2011): We do not place the focus on computing unit recovery claims values 

extracted from a CDS contract and comparing them to values of unit recovery claims 

extracted from a DOOM option. Rather, we are interested in using the theoretical linkage 

between these two types of derivatives, and hence the combined information from CDS and 

DOOM options to provide estimates of default arrival rates.  

The model underlying the study is a ‘simple’ theoretical link between DOOM  American put 

options on a company’s stock  and a credit insurance contract on the company’s bond. The 

key underpinning of the model is the presence of   ‘default corridor’ [ A,B]  the stock price 

cannot penetrate. Before default the stock price remains above a barrier B before  sliding  

                                                           
1
 http://www.cboe.com/micro/doom/doomquickreference.aspx 
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below a barrier A<B  after default. Under this condition   a spread between two American 

put options struck within the corridor replicates a credit contract whose pay-off is only 

possible before the option expires. The most desirable attribute of the model is that the 

replication is materialized regardless of the details of the stock price dynamics before and 

after default, the interest rate dynamics, and specifications about default arrival rate, 

provided that the stock price is located outside the default corridor. A legitimate question 

arises regarding the likelihood of such a default corridor. The question is partly answered by 

a body of literature which  models default as a strategic decision. In other words, debt 

holders  have an incentive to spur or cause default while the value of the stock is still greater 

than zero, B>0 . Papers addressing the topic of strategic default include Leland and Toft 

(1996); Anderson, Sundaresan (1996) ; Mella-Baral and Perraudin (1997) and Broadie, 

Chernov, Sundaresan (2007). On the other hand, Car and Wu (2011) justify the assumption 

of the escalation of the stock price from above B to below a lower barrier by costs which are 

inherent to the bankruptcy process. 

 

Futhermore, the authors clearly spell out that when the company is viewed as too big to fail 

(TBTF), default does not occur even when the stock price falls below the strike price of the 

DOOM option due to the existence of government guarantees. However, we take a 

particular interest in examining systemically important European banks. Our Argument is 

that Lehman Brothers collapsed despite being deemed TBTF. Thus, we would like to treat a 

sample of systemically important banks as though they would not be bailed out in the event 

of a default and analyse how their default arrival rates behave across time. In fact, the 

awareness of the systemic importance of certain institutions grew after the collapse of 

Lehman Brothers. Our interest in this type of banks is also justified by an empirical 

observation by the CBOE based on our reference model. As the plot below shows, during the 

crisis period of September 2008 to January 2009, the put spread and CDS spread of Lehman 

Brothers behaved in quite an identical fashion:  
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 Source: http://www.cboe.com/micro/doom/doomquickreference.aspx 

Thus, we apply the theoretical link of Carr and Wu ( 2011) and confront information about 

put spreads with that of CDS spreads for a sample mainly composed of  systemically 

important institutions. More importantly we gauge the credit riskiness of such institutions, 

before and during the financial crisis, through the estimation of their default arrival rates.  

In a second stage of our analysis we will attempt to take into account the government 

guarantee component provided to systemically important banks to judge whether it is 

necessary incorporate it to our estimation of their default arrival rates. We estimate 

government guarantees using the same approach as Gray and Jobst ( 2011)2 and gauge their 

effect on the credit risk of the banks’ composing our sample, and more specifically on the 

differences between the estimated and historical  default arrival rates. 

From an academic perspective, several studies3 demonstrate an empirical Link between  CDS 

contracts and  stock options. To cite a few, Acharya and Johnson (2007), Berndt and 

Ostrovnaya (2008) investigate the impact of announcement of negative credit news on 

both credit default swap (CDS) and options market. The empirical findings show that both 

the CDS and the option market react prior to the announcement of negative credit news. 

                                                           
2  See also the April 2014 Global Financial Stability Report, Gray et al.(2008), Gray and Malone 2008 (book) 2012 

 
3 See also Campbell and Taskler (2002), Benkert (2004) and Alexander and Kaeck (2008). 

 

 

 

http://www.cboe.com/micro/doom/doomquickreference.aspx
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But, options prices reveal information about forthcoming adverse events at least as early as 

do credit spreads. Cao et al. (2010) show that the implied volatility (IV) explains CDS spreads 

not only because it forecasts future volatility, but also because it captures a time-varying 

volatility risk premium. Avino et al. (2011) investigate the price discovery process in single-

name credit spreads obtained from four markets: bonds, credit default swaps, equities and 

equity options on European data from January 2006 to July 2009. Using a VECM of changes 

in credit spreads, they find that during the crisis, the option market lead the three other 

markets (so the option market lead the CDS market). This is confirmed by the strong 

volatility spillovers observed from the option market to the other markets. Bekkour and 

Lehnert(2011) work on a large European sample and demonstrate that the CDS market leads 

the option market. This pattern have only emerged during the recent financial crisis. Before 

the crisis the option market is found to lead the CDS market.  

While is ample empirical literature looking at the relationship between stock options and 

CDS contracts, the main feature of these studies is that they exploit the informational aspect 

of the markets where these derivatives are traded and attempt to determine the direction in 

which information flows. Yet, the flaw with this approach is that it ignores that information 

extracted from the tails of the distribution is likely to reveal more about the behaviour of the 

markets it describes. The more interesting movements happen at the level of the tail where 

troublesome options can be found. That is why our data selection process is designed to 

extract information from the tail distribution of put options. 

On the other hand, research tackling this relationship from a pricing perspective is scarce. 

Merton’s model (1974)4 establishes a link between corporate bond spread and stock return 

volatility. Despite providing a good foundation, the link is mainly based on the strong 

assumption whereby asset value follows a Geometric Brownian Motion and volatility is held 

constant. Hull, Nelken and White (2004), propose a link between CDS spreads and stock 

option prices through a modification in the estimation of Merton’s framework .The 

calibration  proposed by the author is nonetheless static. Carr and Wu (2010) Design a 

dynamic framework capable of joint estimation and valuation of put options and CDS 

contracts inherent to the same firm. The model decomposes the total risk on an individual 

stock into two components: risk in the return variance rate under normal market conditions 

                                                           
4 See also Merton (1973, 1976) 
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and risk in the default arrival rate. Using data on stock options and CDS spreads they 

disentangle the two sources of risks and identify their respective market prices. Unlike in 

Carr & Wu (2011) the default arrival rate is stochastic. Nonetheless, its estimation procedure 

based on the Kalman Filter is costly and complex.Therefore, we opt for the framework of 

Carr and Wu (2011) –explained earlier- to infer default arrival rate estimates. 

The objective of our study differs from that of Carr and Wu’s (2011). Indeed, we do not seek 

to calibrate the CDS data in the model to prove that the CDS recovery claim is equivalent to 

the DOOM put option .Instead, we use the theoretical link to estimate a variable of interest, 

i.e, the default arrival rate. We do so with a specific focus on European the banking sector to 

gauge its credit riskiness. Altogether, our results indicate that the estimated default arrival 

rates do not only reflect the angst of the financial markets with respect to the deteriorating 

credit risk profile of European banks but can serve, at times, as early warning signals.  

Furthermore, our findings suggest that higher financial guarantees from their sovereign 

display a lower default risk and hence have a lower CDS spread along with a lower estimated 

default arrival rate. Ultimately, the government guarantee explains the differences in the 

level of estimated default arrival rates across banks as well as the observed differences  

between estimated  ( i.e derived from Carr&Wu ‘s model) and historical ( CDS spreads scaled 

by (1-recovery rate)) default arrival rates.  

The remainder of the paper is organised as follows. Section 2 exposes the underpinning 

theoretical framework along with the estimation procedure. Section 3 describes the data 

and the related statistics.  Section 4 outlines the main results and discusses their implications 

on the risk profile of the banks in our sample. Section 6 concludes the paper. 

2. Methodology 

Our estimation of the default arrival rates (Lambda) relies upon the framework of  Carr and 

Wu (2011).We start off by outlining its major points of the framework . The authors develop 

a ‘simple’ theoretical link between DOOM American put options on a company’s stock  and a 

credit insurance contract on the company’s bond. Under certain conditions the following 

relationship holds:  

 

𝑈𝑝(𝑡, 𝑇) = 𝑈𝑐(𝑡, 𝑇)       (1) 
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⟹     
𝑃𝑡(𝐾2, 𝑇) − 𝑃𝑡(𝐾1, 𝑇)

𝐾2 − 𝐾1
= ∫ 𝑒−(𝑟+𝜆)𝑑𝑠         

𝑇

𝑡

(2) 

 

 

 𝑃𝑡(𝐾2, 𝑇) − 𝑃𝑡(𝐾1, 𝑇)

𝐾2 − 𝐾1
= 𝜆

1 − 𝑒−(𝑟+𝜆)(𝑇−𝑡)

𝑟 + 𝜆
            (3) 

 

                                 

 

Where :  

 

Up(t,T) is the unit recovery claim inferred from a  DOOM put option 

Uc(t,T) is the unit recovery claim inferred from a  credit contract 

Pt(K2,T)-Pt(K1,T) is the spread between two observable put option prices at time t 𝐾2 − 𝐾1 

K2-K1 is the strike difference.  

R  is the interest rate  

𝜆 is the risk neutral default arrival rate 

T is the expiry date 

 

The key assumption underpinning the model is the presence of   ‘default corridor’ [A, B] the 

stock price cannot penetrate. Before default the stock price remains above a barrier B 

before sliding below a barrier A≤K1<K2≤B after default. Under this condition   a spread 

between two American put options struck within the corridor replicates a credit contract 

whose pay-off is only possible before the option expires. The most desirable attribute of the 

model is that the replication is materialized regardless of the dynamics of the stock price 

before and after default, the interest rate dynamics, and specifications about default arrival 

rate. This implies that not only pricing of the option becomes less complex but also the 

inference of risk measures such as default probabilities and default arrival rates proves more 

parsimonious.  
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While Car and Wu (2009) use the theoretical linkage to show empirically that the values of 

credit contracts generated by CDS contracts and American put options co-move strongly, we 

exploit the linkage from a different angle. We use the relationship in equation (3) to infer the 

parameter 𝜆 , which represents the default arrival rate, based on the scaled spread in the 

pricing of two DOOM put options (left hand side of equation (3)). The spread corresponds to 

the cost of replicating a standardized default insurance contract paying 1 if the company 

defaults prior to T and 0 otherwise. 

 

In order to determine a default corridor [A, B] in a discrete setting  we  work with  the  two 

lowest strike prices with non-zero bids for the  highest  possible time to maturity on the 

same trading day. 

We first estimate the prices of the American put options 5 according the Bjerksund-Stensland  

(1993 )(a) and (2002) option pricing model. Basically, the computer efficient method 

presented in the latter paper provides a simple approximation of the value of an American 

call and put options by dividing maturity into two periods, each with a flat early exercise 

boundary. This way, a lower bound to the option value is obtained. 

 

In the context of complete continuous-time Black-Scholes economy, the price of the 

underlying asset St at a future date t will be: 

 

𝑆𝑡 = 𝑆𝑒𝑥𝑝 {(𝑏 − 0.52)𝑡 +  𝑡}     

 

Where :  

S is the spot price 

b<r is the drift rate w/r to the equivalent martingale measure. (b) is regarded as a cost of 

carry 

 is the volatility  

t is Wiener process  

 

                                                           
5
 Working with historical prices leads to noisy results 
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 The value of an American call with maturity T and strike K and a given feasible strategy 

within the stopping date τ € [0.T] can be written as:  

                                    𝐶(𝑆, 𝐾, 𝑇, 𝑟, 𝑏, ) = 𝑠𝑢𝑝𝐸𝑜[𝑒𝑥𝑝{−𝑟𝜏}(𝑆𝑡 − 𝐾) +]    

 

The relationship in equation (4) can be transformed to obtain the value of the put option 

such that : 

 

                                𝑃(𝑆, 𝐾, 𝑇, 𝑟, 𝑏, ) = 𝐶(𝑆, 𝐾, 𝑇, 𝑟 − 𝑏, −𝑏,) 

 

Once put options are estimated, and assuming constant recovery rates  𝑅𝑏 the inference of 

the default rate arrival (𝜆) becomes possible. We take two routes with this regard: One 

implying the use of historical volatilities and the second involving the estimation of an 

implied volatility surface with a view to curing the issue of noise in the data. However, the 

cost of estimating an implied volatility surface does not lead to any improvements in the 

results. 

 

2.1 (𝜆) using estimated option prices and historical volatilities : 

All variables  in equation (3)  are  known  apart from the parameter of interest. However, it is 

not possible to find a close form solution without having recourse to optimization technique. 

We set a starting value6 of 𝜆= 1  and we obtain a numerical value for  𝑈𝑝(𝑡, 𝑇) ( The unit 

recovery contract inferred from puts options) and 𝑈𝑐(𝑡, 𝑇) (The unit recovery contract 

inferred from a credit contract). Hence, on each trading day, we obtain a pair of  (𝑈𝑝, 𝑈𝑐). 

The optimization problem consists simply of minimizing   the following objective function:  

𝑈𝑝(𝑡, 𝑇) ≤ 𝑈𝑐(𝑡, 𝑇)                                (4)    

                                      

⟹ min(𝑈𝑝(𝑡, 𝑇) − 𝑈𝑐(𝑡, 𝑇))                  (5) 

                                                           
6
  We perform the optimization with various starting values and the results remain unchanged.  
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This allows us to obtain a time series of optimal solutions for (𝜆), the default arrival rate 

corresponding to each trading day from  01/01/2006 to 31/12/20097.      

 

 2.2(𝜆) using estimated option prices and estimated volatilities : 

In a second stage, the same methodology is applied for the Lambda inference except  that 

we estimate implied volatilities for the American option according to the model of 

Bjerksund-Stensland  (2002) 

 Important are the assumptions about: rate structure , stock specification and the 

continuous dividend yield ( we chose a negligible level) 

With a view to eliminating part of the noise inherent to option data, we further estimate a 

volatility surface. We use a modification of the prominent ad-hoc Black-Scholes model of 

Dumas, Fleming and Whaley (1998). Expect that our IVs are not Black -Scholes-related but 

are generated from a model for American option pricing 

TTTIVi deltadeltadelta 5

2

43

2

210  
 

The regression we had for each date t and put option i , we  have one observation of delta ( 

based the theoretical model), and T . We obtain the coefficients of the equation through OLS  

which allows us to have a new IV for each put option. The resulting implied volatilities are 

then used to infer option prices, which are in turn used for the optimization in equation (5). 

The use of an estimated volatility surface does not necessarily to an improvement in our 

results. Therefore, we only present the results using historical volatilities and estimated 

option prices. 

 

Once the default arrival rates 𝜆  are inferred based on the linkage between DOOM put 

options and the credit protection contract,  we can  compare them to default arrival rates  

which are computed solely based on the credit protection contract  such that :  

 

                                                           
 

(6) 
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𝑘 = 𝜆(1 − 𝑅𝑏) 

                                                                                   𝜆(𝑡, 𝑇) =
𝑘(𝑡, 𝑇)

(1 − 𝑅𝑏)⁄           (7) 

k are the  historical CDS spreads 

𝑅𝑏 𝑖𝑠 𝑡ℎ𝑒 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑦 𝑟𝑎𝑡𝑒 𝑓𝑖𝑥𝑒𝑑 𝑎𝑡 40% 

The obtained new time series represents historical default rates which are confronted the 

estimated default arrival rates with a view to comparing the ‘prediction power’ of each type 

of indicator. 

In a second stage of our analysis we will attempt to take into account the government 

guarantee component provided to systemically important banks and relate it to our 

estimation of their default arrival rates.  We conjecture that government guarantees might 

well explain the differences in levels of default arrival rates. Essentially, banks enjoying 

higher financial guarantees from their sovereign should display a lower default risk and 

hence have a lower CDS spread along with a lower estimated default arrival rate. 

Furthermore, we are interested in determining whether government guarantees explain the 

observed differences between the estimated default arrival rates and those rates emanating 

from the market, i.e. historical default arrival rates (results 4) .The underpinning argument is 

that the implicit put option derived from the equity price reflects the total expected loss of 

the bank net of any financial guarantee while the put derived from the CDS captures the 

expected loss retained by the bank after accounting for financial guarantees. The difference 

between these two puts defines the scope of government guarantees. 

 Following Gray and Jobst (2011), the estimation of the implicit guarantee is possible by 

combining the market-implied expected losses induced through the contingent claim 

framework 𝑃𝐸  (𝑡) ( i.e. Merton’s implicit put option) and information from the credit default 

swap markets, specifically the put option value using a CDS, 𝑃𝐶𝐷𝑆 (𝑡)  which is a measure of 

expected default net of any financial guarantee. Hence, the combination of the two types of 

implicit puts allows us to disentangle between the fraction of expected losses covered by the 
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government𝛼(𝑡) 𝑃𝐸  (𝑡) , which represents the government implicit guarantee ( i.e. 

contingent government liability) and the expected loss borne by the bank and translated in 

its CDS spread(1 − 𝛼(𝑡))𝑃𝐸  (𝑡)  according to the equation below:  

𝛼(𝑡) = 1 − 𝑃𝐶𝐷𝑆(𝑡) 𝑃𝐸⁄ (𝑡)            (8) 

 

Where  𝑃𝐸  (𝑡) , the market-implied expected loss is given by the Black-Scholes- Merton 

equation for the value of an implicit put option :  

 

𝑃𝐸  (𝑡) = Be−r(T−t)Ф(-𝑑2) − 𝐴(𝑡) Ф(-𝑑1) 

 

A(t) is the asset value of the bank with strike price B which represents a distress barrier. 

On the other hand , 𝑃𝐶𝐷𝑆(𝑡), is the expected loss net of financial guarantees. 

 

𝑃𝐶𝐷𝑆(𝑡) = [1 − exp (− (
𝑆𝐶𝐷𝑆(𝑡)

10,000
) (

𝐵

𝐷(𝑡)
− 1) (𝑇 − 𝑡))]  𝐵𝑒−𝑟(𝑇−𝑡)    

 

Once the implied government guarantees are retrieved we relate the difference between 

the estimated and historical default arrival rates of bank i at time t  to the corresponding   

government guarantee i at time t  through the following panel regression with fixed effect8 

|𝛿𝜆|𝑖𝑡 = 𝑎 + 𝑏𝛿𝐺𝐺𝑖𝑡 + 𝑋𝑖𝑡 + 휀𝑖𝑡     (9) 

Where |𝛿𝜆| is the difference between the estimated and historical default arrival rates in 

absolute value (Lambda E – Lambda H). 

 𝛿𝐺𝐺𝑖𝑡is the government guarantee in first differences  computed as (alpha*equity put option) 

                                                           
8
 We run a Haussmann test and reject the null hypothesis that the efficient  random effects estimators are the 

same as the consistent fixed effect  estimators ( significant p-value = 0.000, p<Chi2=18.2) 
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X_it  is a set of two controls  : Size as measured by market capitalization and VSTOXX which as 

measure of the risk appetite of the financial markets.   

In addition we run two more panel regressions9 to verify the relationship between the implied 

government guarantee and the estimated default arrival rates on the one hand, and the implied 

government guarantee and the CDS spread on the other. We expect the relationship to be negative 

and significant in both instances implying that banks with higher financial government guarantees 

display less default risk.    

𝛿𝐿𝑎𝑚𝑏𝑑𝑎𝐸𝑖𝑡 = 𝑎 + 𝑏𝛿𝐺𝐺𝑖𝑡 + 𝑋𝑖𝑡 + 휀𝑖𝑡        (10) 

                                                       𝛿𝑠𝐶𝐷𝑆𝑖𝑡 = 𝑎 + 𝑏𝛿𝐺𝐺𝑖𝑡 + 𝑋𝑖𝑡 + 휀𝑖𝑡      (11) 

 Where10 𝛿𝐿𝑎𝑚𝑏𝑑𝑎𝐸𝑖𝑡 is the estimated default arrival rate of bank i in first differences at 

time t ,  𝛿𝑠𝐶𝐷𝑆𝑖𝑡   its  CDS spread in first differences and 𝛿𝐺𝐺𝑖𝑡 is the government guarantee 

in first differences  computed as (alpha*equity put option) 

X_it  is a set of two controls  : Size as measured by market capitalization and VSTOXX which as 

measure of the risk appetite of the financial markets.   

3.  Data  Collection and Statistics  

3.1. Data Collection 

Our study spans from January 2006 to December 2009 and thus covers a pre-crisis and a 

crisis period. We work on a sample of large European banks. The American  put options data 

as well as the  stock data is from  Thomson Reuters tick database while the CDS spreads are 

from Bloomberg11. The options data on Thomson Reuters is displayed in the form of RIC 

symbols which stands for ‘Reuters Instrument Code’ , This code encompasses information 

about the month-letter for  the option type ( Call / Put) and its strike price and the exchange 

identifier.  The expiry date needs to be computed from complementary information. We also 

extract mid quotes  of  14:30 p.m along with the corresponding stock prices. We extract data 

at this point of the day because the highest value of  options trading occurs around this time. 

                                                           
9
 We run a Haussmann test and reject  the null hypothesis that the efficient  random effects estimators are the 

same as the consistent fixed effect  estimators ( significant p-value = 0.000, p<Chi2=43.98 , p-value = 0.000, 
p<Chi2=42.23   for Lambda E and s respectively  ) 
10

 The Augmented Dickey Fuller test shows the presence of  a unit root and so we work with first differences 
11

 We use  the German government interest rate  the spot interest rate found on Bloomberg 
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To start with, we set a reference time series of trading days from 02/06/2006 to 30/12/2009. 

In constructing the sample of DOOM options, we apply a number of selection criteria.  We 

sort the data so that for a given put option, on a given trading day, we end up with the two 

lowest strike prices for the highest possible time to maturity. Maturities which are lower 

than 200 days are discarded. The combination of low strikes and high maturities is supposed 

to ensure that the put options are ‘deep’ enough and are struck within Carr and Wu ‘s ( 

2011) default corridor. Indeed, As pointed out by the authors, we are not apt of identifying  

this corridor ex-ante  because we do not have put quotes for a continuum of strikes. 

Therefore, we deal with the discrete nature of strikes by selecting  the lowest (K1, K2) with 

non-zero bid quotes and non-zero open interest rate  such that K2 > K1. The non-zero(mid) 

bid quote and  non-zero open interest rate conditions  are meant  to ensure  the option is 

actually traded. Another crucial condition for the model to be implemented is that the stock 

represents an upper barrier B for (K1, K2) and escalades to a lower barrier  A= 0 upon default  

such that : A<K1<K2<B. In addition, the estimated delta of the American options of our 

sample is lower than 15%  and is another condition to help identify options struck within the 

corridor. We apply this filtering procedure to a sample of 50 banks and obtain 15 banks 

which match the requirements for the model implementation. However, the assumption 

related to the non-penetration of ‘default corridor’ is intermittently violated by some banks 

of our sample. When plotting the Strike prices (K1, K2) along with the underlying asset  

prices (B)  of each bank, we observe banks that  have asset prices which never penetrate the 

‘default corridor’ throughout the whole period of our study namely : BARC, CNKG, 

CRDI,DBKG, KBC, , STAN,. And, banks for which the asset price penetration of the corridor is 

barely ostensible, this the case of : ERTS and CSGN. The plots which can be found in 

appendix 3, describe the evolution of those three variables throughout our study period for 

each bank and so periods over which this particular assumption is violated can be visualized.  

In addition, we retrieve over-the counter- CDS quotes at 5 years maturities due to their 

reliability.  

An additional set of data is required for the estimation of the implicit government guarantee 

which is obtained by recovering the difference of an implicit put option from equity and 

implicit put option using a CDS derivative. For 12 banks of our sample we retrieve 

information from Bloomberg about equity prices, the number of shares outstanding and 
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government bond yields, the S&P 500 index, quarterly book values of short and long-term 

debt . The implied equity risk premiums are downloaded from Damodaran website 

(http://pages.stern.nyu.edu/~adamodar/). 

3.2. Statistics  

The number of banks which match our filtering criteria amounts to 15 over a period of 3 

years (2006 through 2009). At maturities which are no lower than 200 days, we have 1044 

observation for each bank. 

 

Table 1 reports summary statistics calculated based on the banks’ time series mean values for default 

arrival rates, CDS spreads and strike prices K1 and K2. The mean value for the CDS is  44 bp with a 

standard deviation of 61%. The strikes prices K1 and K2 have mean values of 12,80 and 13,93 and 

standard deviations of 14,80 and 16,26. The mean on the mean values of the stocks prices is around 

66 with a high standard deviation of around 1144. This gives us an indication of the large differences 

among the banks of our sample.  

 

 

Table 2 reports statistics related to the strike prices of the DOOM put options  used in the 

calibration of the model along with the underlying stock prices.  Despite the fact that the 

banks composing our sample share the common feature of being large and/or  systemically 

important banks, the descriptive statistics show considerable difference among these banks. 

A major difference has to do with the volatility of the stocks. The UK banks (Barclays, RBS 

and Standard Chartered) have on average the most volatile stocks. Dexia and KBC have the 

least volatile stocks. The same applies to the mean value of stock prices of these banks.  RBS 

has the maximum stock value (4430.91) and BBVA has the lowest (12.18). Interestingly,   In 

terms of mean, the British banks also have very low strike prices together with German 

banks : STAN ( 0.77,094) ; BARC(1.3, 1.40); RBS ( 4.86, 4.93) , DB (1.97,1.96); CBKG(0.59, 

0.67). Another estimate worth of comparison is the skew statistics. This estimate is negative 

for the put option of some banks suggesting that investors perceive a downward risk and 

seek protection by buying put options. 
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4. Empirical Results 

Table 3 describes the summary statistics of estimated, historical default arrival rates  and 

CDS spreads. There are visible differences in the estimates of each bank.  The mean for the 

CDS ranges from 18 bp to 79bp, whereas it ranges from 248% to 23% for the estimated 

default arrival rates. According to the descriptive statistics the banks with the most volatile 

stocks and the deepest out of the money strike prices are not necessarily the banks for 

which the default arrival rate is highest. 

The first set of results reported in table 3 is characterized by dramatic differences across 

banks. The highest mean values of estimated default rates are registered by CSGN (248%), 

Barclays (197%), STAN (153%), whereas the lowest mean values are registered by CBKG 

(23%), ERSTE (30%).The mean value computed based on the cross section of the default 

arrival rates mean value of the banks of our sample is around 49%. When computing 

summary statistics based on the mean estimates of all bank, we obtain a standard deviation 

from the mean of 63,70 % which indicates that there are considerable differences in the 

level of default arrival rates across banks. 

The standard deviation values also give us an indication for the volatility of our estimates 

and hence the degree of variation in the credit risk of the banks composing our sample. The 

sharpest variations are observed for  CAGRA, CSGN, KBC with standard deviations of 150.79, 

149, 104.84 respectively and corresponding minimum and maximum values of 

(33;609),(44;656),(14;539). (table3) 

The plots displayed in Figure 3 clearly show that the estimated default arrival rates 

constitute a less noisy measure than the historical default rates. The historical measure 

being largely based on information stemming from the CDS market is bound to have liquidity 

issues leading to noisy information. Therefore, combining information from the CDS market 

together with information from the put option market appears to improve the quality of 

information about the default risk of the financial institution composing our sample. 

In the following section we discuss the patterns observed in our estimated default arrival 

rates and confront them to major events of the financial turmoil that marked the period of 
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our study 2006 -2006. We do so with a view to finding evidence of the ability of our 

estimates co move with the patterns of the financial markets  or provide warning signals as 

to the deterioration of the credit profile of the financial institutions.   

Figure 3 shows that the default arrival rates increased around beginning of 2007 which 

precedes the start of the credit crunch with BNP Paribas being the first bank to declare 

exposure to subprime mortgage risk through the collateralised debt obligations. In the 

following month, the British bank Northern Rock (albeit not part of our sample) faces 

liquidity strain and causes the first bank run in Britain in 150 years. Banks displaying 

heightened default arrival rates include Deutsche Bank, Dexia, Unicredit, Barclays, , Erste 

Group Bank, Credit Suisse.  For RBS and Standard Chartered, the increase in the estimate 

before the credit crunch is slightly less stable but still intelligible.  

In the case of BNP Paribas, we do not observe an increase in our credit risk estimates prior to 

the burst of the credit crunch crisis. Admittedly, this may be due to the fact has BNP Paribas 

already announced its troublesome situation with regard to the valuation of CDOs to the 

financial markets thus becoming one of the institutions which played a major role in 

triggering the subprime crisis.  

More pronounced spikes occurred in early 2008, Before Lehman Brothers spread off panic in 

the financial markets worldwide by filing for bankruptcy. We observe the spikes notably for 

Credit Agricole, BNP, Credit Suisse and BBVA. Over this period, the subprime crisis in the US 

was intensified by a series of events, the most consequential being the purchase of Bearn 

Stern by JP Morgan in March 2008 ,followed by the US government bail-out of Fanny Mae 

and Freddie Mac in September prior to the collapse of Lehman Brothers the same month. In 

the particular case of RBS where we only possess data for 2006 and 2007, we observe a 

sharp and abrupt rise of default arrival rates towards the end of 2007. RBS happens to be 

one of the banks which were bailed out in October 2008 by the British government to 

prevent a collapse of the banking sector in the UK. The observation of spikes prior to the 

intensification of the crisis suggests that our estimated default arrival rates could potentially 

send early warning signals. In the case of some banks no spikes are observed but the 

increase in our estimates is very clear and the trend appears more upward than downward 

for the following months (Barclays, UniCredit, ING Group) .Hence, when not providing early 
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warning signals, our estimates reflect the angst of the financial markets with respect to the 

deteriorating credit risk profile of  European banks. 

Sharp spikes are also observed towards the beginning of 2009. However for most banks the 

default arrival rates appear to decrease gradually after the increase or stabilize towards the 

end of the year. One should note that this period was marked by the start of recovery of 

European banks thanks to the various interventions carried out by governments and central 

banks. An example of such interventions is the 5tn dollars global stimulus package issued on 

the G20 meeting in April2009. However, an interesting observation emerges for 2009. 

Indeed BBVA displays a trend upward throughout year. This coincides with the Spanish 

sovereign being hit during the sovereign debt crisis starting in October in Greece. One could 

argue that the rising default arrival rates of BBVA suggests the worry of the markets about a 

struggling sovereign potentially unable to bail out their banks. 

The second part of our analysis involves the estimation of financial government guarantee12. 

The purpose of that is to look at the extent to which this component help explain the 

differences in levels between the estimated   and historical default arrival rates. Government 

guarantee also help explain the dramatic differences across the banks of our sample. The 

level of financial guarantee provided by the governments -reflecting primarily the ability of a 

sovereign to bail out a troubled blank- plays a role in reducing the default risk of the bank. 

Figure 5 represents the times series plot of the Government guarantees. Around the 

beginning of 2008 we observe a rise in levels which supposedly reflects the intervention of 

European governments to prevent banks from suffering the effect of the US credit crunch. 

The rise in level is however more pronounced towards the beginning of 2009, a period 

where the financial crisis repercussions spread to Europe and were amplified by the start of 

the sovereign debt crisis. 

Table 4 reports regression analysis ( Equation 9 through 11)  relating to the government 

guarantee component. The First equation (9) relates differences between estimated and 

                                                           
12

 The estimation of the government guarantee involves  the estimation of a faction alpha (𝛼) 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝛼(𝑡)𝑃𝐸  (𝑡). While 

the alphas should never be negative from a conceptual viewpoint .This factor takes a negative value for a very limited number 

of observations in our sample but it worth pointing out reasons which may be at the origin of this deviation from theory, these 

include: Differences between the put option values of the Merton model may differ from the put option values from CDS 

spreads due to, e.g., illiquidity in CDS markets, distortions in pricing due to irrational behaviour, recovery value perceived as 

different from the 40% used in pricing CDS, the effects of government interventions such as capital injections that dilute 

banks' equity. 
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historical default arrival rates to government guarantees. The coefficient is negative and 

significant. The higher the level of guarantee, the lower the difference in levels between the 

two types of default arrival rates. This is in line with the fact that CDS spreads represent the 

default exposure of the bank after taking into account the government guarantee. Put 

differently, a higher government guarantee, results into a lower the CDS spread, and so we 

obtain a higher historical default arrival rate which in turn reduces the differences between 

the historical and estimated default arrival rates. 

Equation (10) and (11) verify the relationship between the government guarantee variable 

and default risk indicators, namely our estimates of default arrival rates and CDS spreads. In 

both instances we find strong evidence of the expected relationship (negative and significant 

coefficients), that is, banks with higher guarantees have less default risk. 

We introduce size and an indicator of the risk appetite of the European financial markets and 

our results remain unchanged. 

 

 

Concluding Remarks 

The contribution of this work is twofold. First, we contribute to the literature linking CDS 

spreads to put options. Second, and more importantly we exploit the theoretical link 

between these two derivatives to  estimate the default arrival rate in an innovative way. We 

do so with a specific focus on European the banking sector to gauge its credit riskiness. 

Altogether, our results indicate that the estimated default arrival rates do not only reflect 

the angst of the financial markets with respect to the deteriorating credit risk profile of 

European banks but can serve, at times, as early warning signals.  Furthermore, our findings 

suggest that higher financial guarantees from their sovereign display a lower default risk and 

hence have a lower CDS spread along with a lower estimated default arrival rate. Ultimately, 

the government guarantee explains the differences in the level of estimated default arrival 

rates across banks as well as the observed differences  between estimated  ( i.e derived from 

Carr&Wu ‘s model) and historical ( CDS spreads scaled by (1-recovery rate)) default arrival 

rates. 
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A practical goal of the paper is to verify whether combined with information from the CDS 

market, DOOM put options could prove to be an alternative indicator of credit deterioration 

instead of solely relying on CDS derivatives deemed to have an opaque nature. 
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APPENDICES  

 

Figure 1:List of Banks  

 

 

Bank Code  Bank Name Ticker 

BARC Barclays BARC:LN 

BBVA Banco Bilbao Vizcaya Argentaria BBVA:SM 

PNPPA BNP Paribas BNP:FP 

CAGRA Credit Agricole ACA:FP 

CBKG COMMERZBANK CBK:GR 

CRDI UniCredit SpA UCG:IM 

CSGN Credit Suisse Group AG CSGN:VX 

DBKGn Deutsche Bank DBK:GR 

DEXI DEXIA DEXB:BB 

ERST ERSTE Bank Group EBS:AV 

ING ING DIRECT INGA:NA 

KBC KBC Bank KBC:BB 

RBS Royal Bank of Scotland (RBS) RBS:LN 

STAN Standard Chartered Bank STAN:LN 

UBSN UBS UBSN:VX 

http://www.reuters.com/finance/stocks/overview?symbol=CRDI.MI
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Table 1: Summary statistics calculated based on the banks time series mean values for default 

arrival rates, CDS spreads and strike prices K1 and k2 

 

 

 

 

 

 

 Estimated Lambda CDS Stock K1 K2 

Mean 49,31 44,73 655,37 12,80 13,95 

STD 63,70 61,06 1144,57 14,80 16,26 

Q1 52,85 59,73 29,18 7,11 7,41 

Median 79,21 73,38 64,12 11,61 13,55 

Q3 128,58 116,26 230,64 29,80 33,91 

Skew 1,13 1,77 3,36 0,57 0,57 

Kurto 0,70 2,93 11,85 -1,20 -1,21 

Min  23,34 49,84 12,18 1,13 1,24 

Max 248,03 264,88 4430,91 42,20 47,52 
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Table 2: Summary statistics of   Strikes prices and Stocks Prices 

 Mean Median STDEV Min Max Q1 Q3 Skew Kurto 

Barclays 

K1
 

3,30 4,20 1,48 0,48 6,4 1,70 4,20 -0,47 -1,19 

K2 3,61 4,20 1,56  6,5 2,30 4,60 -0,47 -1,15 

S 667,53 688,49 277,90 72,32 1086,74 439,19 926,48 -0,32 -1,16 

BBVA 

K1
 

27,37 17,00 17,70 9 80 14,50 38,00 1,07 -0,17 

K2 29,82 17,50 19,33 9,75 80 15,00 42,00 0,97 -0,51 

S 12,18 13,01 3,30 4 17,16 10,02 14,95 -0,57 -0,82 

CAGRA 

K1
 

23,17   24,50 10,13 4,8 50 14,76 31,48 0,30 -0,10 

K2 23,77 25,84 10,49 4,8 50 14,76 32,00 0,04 -0,94 

S 20,37  21,35 8,00 6,11 32,71 12,85 27,99 -0,20 -1,53 

CBKG
 

K1
 

1,13 1,40 0,66 0,13 2,79 0,48 1,60 -0,18 -1,19 

K2 1,24 1,59 0,75 0,13 2,39 0,36 1,80 -0,28 -1,37 

S 123,56 149,50 64,90 13,51 223,38 44,49 175,13 -0,38 -1,35 

CRDI
 

K1
 

32,22 38,00 15,66 6,4 76 17,00 48,00 -0,26 -1,24 

K2 37,99 44,00 18,46 6,4 90 20,00 54,00 -0,37 -1,04 

S 337,72 390,23 133,00 51,61 632,81 235,58 443,68 -0,43 -1,02 

DBKG
 

K1
 

4,15 4,00 2,28 0,74 9,2 1,20 6,00 -0,11 -1,31 

K2 4,02 4,20 2,36 0,72 9,2 1,20 6,60 -0,07 -1,27 
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S 66,25 75,10 24,62 15,535 107,162 44,94 86,09 -0,41 -1,06 

DEXIA
 

K1
 

11,61 14,00 6,30 0,8 20 4,40 18,00 -0,43 -1,49 

K2 12,48 16,00 6,67 1 21 4,80 19,00 -0,46 -1,50 

S 13,08 16,08 6,84 1,03 22,46 5,31 18,94 -0,40 -1,49 

ING
 

K1
 

16,31 16,00 9,55 1,23 25 4,80 24,00 -0,09 -1,72 

K2 13,81 20,00 10,11 1,6 30 6,00 25,00 -0,16 -1,50 

S 17,30 19,79 8,17 1,91 27,61 7,40 24,60 -0,49 -1,37 

KBC
 

K1
 

41,80 44,00 28,55 4,4 88 10,00 72,00 0,09 -1,67 

K2 45,15 41,00 30,44 4,8 92 11,00 76,00 0,05 -1,70 

S 102,51 89,50 69,04 5,5 223,38 32,20 168,12 0,18 -1,43 

           

RBS
 

K1
 

10,20 13,50 5,36 1,67 17 4,00 14,00 -0,68 -1,30 

K2 10,67 13,50 5,44 1,83 18 4,83 14,50 -0,72 -1,25 

S 4430,91 4908,72 2940,02 145,49 8512,39 754,64 7144,26 -0,25 -1,59 

UBS
 

K1
 

11,12 5,80 7,80 1,6 44,82 4,40 18,68 0,47 -0,66 

K2 13,55 6,40 10,51 1,6 85,91 4,80 22,41 0,87 1,55 

S 37,98 30,36 22,02 8,57 71,147 16,52 62,37 0,24 -1,67 

BNP
 

K1
 

42,20 48,00 13,59 12 76 36,00 49,61 -0,63 -0,23 

K2 47,52 54,57 15,22 14 90 40,00 54,57 -0,35 0,06 

S 64,12 68,08 16,37 20,77 91,6011 54,56 76,25 -0,71 -0,22 

CSGN
 

K1
 

39,89 59,69 37,75 3,8 119,38 4,60 59,69 0,50 -1,02 

K2 41,70 43,77 34,13 4 139,28 5,20 67,65 0,28 -1,09 

S 38,11 38,54 10,19 14,81 55,86 31,15 46,30 -0,26 -0,81 

ERSTE
 

K1
 

3,30 3,20 2,04 1 9,5 1,60 4,80 0,88 0,12 

K2 3,48 3,40 2,09 1 9,5 1,70 5,00 0,88 0,04 

S 38,18 41,99 14,07 6,59 57,93 28,73 49,51 -0,60 -0,78 

STAN
 

K1
 

11,51 11,50 0,98 10 17 11,00 12,00 0,99 3,57 

K2 11,93 12,00 1,16 10 17,5 11,00 13,00 0,62 1,54 

S 1263,52 1247,23 123,80 1024,6 1652,85 1176,39 1339,15 0,66 0,23 
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Table 2 reports summary statistics of the DOOM put options strikes K1, K2 along with the underlying stock price S for each 
bank over the period of January 2006 to December 2009. 

 

 

 

 

 

 

 

 

 

 

Table 3: Summary statistics of estimated , historical default arrival rates  and CDS spreads 

 Mean Median STDEV Min Max Q1 Q3 Skew Kurto 

Barclay 

Lambda E 167,34 197,08 89,80 28,31 322,31 76,96 253,60 0,08 -1,49 

Lambda H 116,01 101,12 107,90 9,08 435,20 14,38 198,84 0,74 -0,49 

CDS
 

69,60 60,67 64,74 5,45 261,12 8,63 119,31 0,74 -0,49 

BBVA 

Lambda E 52,42 28,29 52,45 13,56 301,85 23,14 63,72 2,80 8,93 

Lambda H 156,51 155,00 42,79 70,64 295,60 130,00 171,67 0,72 0,66 

CDS
 

93,91 93,00 25,67 42,39 177,36 78,00 103,00 0,72 0,66 

CAGRA 

Lambda E 187,86 121,59 150,79 33,59 609,25 50,73 311,32 0,78 -0,55 

Lambda H 83,07 71,26 69,69 9,72 276,12 12,22 142,03 0,33 -1,32 

CDS
 

49,84 42,76 41,82 5,83 165,67 7,33 85,22 0,33 -1,32 

CBKG
 

Lambda E 23,34 16,48 24,38 4,28 320,68 11,65 28,76 6,23 62,02 

Lambda H 89,78 98,66 66,87 13,09 274,16 20,32 138,14 0,41 -0,90 

CDS
 

53,87 59,20 40,12 7,85 164,50 12,19 82,88 0,41 -0,90 

CRDI
 

Lambda E 74,55 72,27 32,52 25,69 170,67 41,35 91,73 0,61 -0,25 

Lambda H 100,67 84,16 86,11 12,46 460,39 20,50 158,85 1,03 1,05 

CDS
 

60,40 50,50 51,66 7,48 276,23 12,30 95,31 1,03 1,05 

DBKG
 

Lambda E 50,64 43,85 35,93 12,63 265,08 23,72 60,04 2,01 6,19 

Lambda H 98,42 91,95 75,66 15,92 286,66 21,74 159,21 0,44 -1,08 

CDS
 

59,05 55,17 45,39 9,55 172,00 13,05 95,53 0,44 -1,08 

DEXIA
 

Lambda E 71,07 59,85 52,92 12,24 208,53 27,09 96,01 0,96 -0,15 

Lambda H 444,36 401,38 138,44 160,00 983,33 320,47 522,83 0,78 -0,20 

CDS
 

264,88 236,64 84,38 96,00 590,00 189,94 313,46 0,82 -0,20 

ING
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Table  3 reports summary statistics of the   Estimated , historical default arrival rates  and CDS spreads for each bank. 
Respectively  Lambda E, Lambda H, CDS   over the period of January 2006 to December 2009. Lambda E, Lambda H is 
expressed in % whereas CDS is expressed in bp 

 

 

 

 

 

 

Lambda E 88,32 65,88 64,48 21,80 281,80 36,17 108,55 1,29 0,81 

Lambda H 119,09 115,35 77,47 9,54 305,03 50,80 172,27 0,20 -0,82 

CDS
 

71,45 69,21 46,48 5,72 183,02 30,48 103,36 0,20 -0,82 

KBC
 

Lambda E 103,67 50,48 104,84 14,26 539,87 28,55 162,90 1,65 3,06 

Lambda H 328,98 366,67 120,54 96,25 570,83 247,81 429,17 -0,47 -0,84 

CDS
 

197,39 220,00 72,32 57,75 342,50 148,69 257,50 -0,47 -0,84 

           

RBS
 

Lambda E 79,21 68,83 45,76 33,36 240,99 53,92 87,72 2,01 4,13 

Lambda H 122,31 107,80 112,80 6,61 508,16 12,40 214,18 0,57 -0,70 

CDS
 

73,38 64,68 67,68 3,96 304,89 7,44 128,51 0,57 -0,70 

UBS
 

Lambda E 88,32 65,88 64,48 21,80 281,80 36,17 108,55 1,29 0,81 

Lambda H 174,92 160,04 135,66 9,33 607,80 54,81 230,22 0,85 0,38 

CDS
 

104,95 96,02 81,40 5,60 364,68 32,89 138,13 0,85 0,38 

BNP
 

Lambda E 53,29 38,26 36,64 12,13 223,04 22,35 72,85 0,99 0,70 

Lambda H 86,58 94,43 49,95 10,95 239,21 48,09 119,66 0,07 -0,54 

CDS
 

51,95 56,66 29,97 6,57 143,52 28,86 71,80 0,07 -0,54 

CSGN
 

Lambda E 248,03 237,67 149,79 43,89 656,58 117,34 360,86 0,51 -0,75 

Lambda H 143,26 131,35 94,17 18,33 443,81 76,11 194,79 0,68 -0,04 

CDS
 

85,96 78,81 56,50 11,00 266,28 45,67 116,87 0,68 -0,04 

ERSTE
 

Lambda E 30,23 23,72 22,17 4,05 133,18 16,43 33,71 1,53 2,53 

Lambda H 212,62 205,91 170,51 18,06 803,36 59,17 307,47 0,99 0,95 

CDS
 

127,57 123,54 102,31 10,83 482,02 35,50 184,48 0,99 0,95 

STAN
 

Lambda E 153,48 135,30 47,21 99,91 265,42 118,58 166,00 1,04 -0,10 

Lambda H 238,59 222,50 124,84 93,50 583,33 129,79 292,71 1,01 0,28 

CDS
 

143,15 133,50 74,91 56,10 350,00 77,88 175,63 1,01 0,28 
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Table 4: Regression results of equations 9 through 11 

Variable                                  Coefficients 
 

Model 1 (|  |) 

GG -2.426*** 
(0.000) 

-1.696*** 
(0.000) 

VSTOXX - -0.002 **   
(0.014) 

Size - 0.883 ***    
(0.000) 

R-squared 0.164 0.175 

Model 2 (Lambda) 

GG -3.340***    
(0.000) 

-0.995  ***    
(0.000) 

VSTOXX - -0.002 ***   
(0.000)   

Size - 0.598 ***   
(0.000) 
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Table 4 reports fixed effect panel13 regression results over the period 2006-2009.  
The depend variables are:|𝛿𝜆|,𝛿𝐿𝑎𝑚𝑏𝑑𝑎𝐸𝑖𝑡 and  𝛿𝑠𝐶𝐷𝑆𝑖𝑡 
Where |𝛿𝜆| is the difference between the estimated and historical default arrival rates in absolute value (Lambda E – Lambda H); 
𝛿𝐿𝑎𝑚𝑏𝑑𝑎𝐸𝑖𝑡 is the estimated default arrival rate of bank i in first differences at time t and  𝛿𝑠𝐶𝐷𝑆𝑖𝑡   its  CDS spread in first differences 
The independent variables are: 𝐺𝐺𝑖𝑡 , size and VSTOXX 
 𝛿𝐺𝐺𝑖𝑡is the government guarantee in first differences  computed as (alpha*equity put option); Size as measured by market capitalization 
and VSTOXX which as measure of the risk appetite of the financial markets.   
 

 
 

Figure 3:  Plots of Estimated  versus Historical Default Arrival rates  
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13 We run the fixed effect model after performing Haussman test  
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Appendix3:  Plots of daily strikes prices and the underlying asset for each banks  
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STAN 

  

 

Plots of daily strikes prices, K1, K2 and the underlying asset for each banks. The strikes prices K1, K2 are comprised in the 

‘default corridor’ described by the model, which the asset prices should never enter. For certain banks of our sample, this 

assumption is not materialized throughout the whole period of study.  

 

 

 

 

 

Figure 5 : Plots of  Government guarantees 
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 The Government guarantees  which represents the  government implied liability is calculated as alpha*equity put option 

where alpha is a factor defined as  (1- Put on CDS/ Put on equity) 
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