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1. Introduction1

When making consumption decisions, an investor faces uncertainty about both2

the relevant underlying state and the data-generating process governing the evolution3

of the state. While uncertainty about the state is risk that the investor understands4

and can model, uncertainty about the data-generating process represents agents’5

pessimism about their ability to identify the correct model. This paper argues that6

prices of credit securities are sensitive to the investors’ preferences toward model7

uncertainty and that the implied time-variation in the level of model uncertainty is a8

source of variation in credit spreads that explains the asymmetric response of credit9

spreads to upturns and downturns in the economy.10

The recent financial crisis highlighted two short-comings of standard structural11

credit risk models. First, models calibrated to match credit spreads at long ma-12

turities underestimate credit spreads at short maturities. Second, rapid changes in13

the overall level of credit spreads cannot be explained in the standard risk aversion14

framework.1 Matching the levels of short-term credit spreads necessitates that the15

structural model can generate non-zero default probabilities even at short maturities16

while matching the overall time series evolution of the credit curve requires that the17

model can update default probabilities quickly. One of the difficulties in explaining18

the behavior of credit spreads during the recent episode is the speed with which19

market conditions deteriorated. At the beginning of 2007, financial markets were20

liquidity-unconstrained and credit spreads were at historical lows. Even as late as21

May 2007, it would have been hard to predict the magnitude of the response that the22

losses on subprime mortgages had generated. Compared to the total value of finan-23

cial instruments traded worldwide, the subprime losses were relatively small: even24

the worst-case estimates put them at around USD 250 billion.2 Further, for investors25

familiar with these instruments, the losses were not unexpected. By definition, the26

subprime mortgages were part of the riskiest segment of the mortgage market, so it27

was hardly surprising some borrowers would default on the loans. Yet, despite their28

predictability, the defaults had precipitated the current liquidity crisis that spread29

between the credit markets. This effect is particularly clear in the evolution of the30

five year default swap (CDS) spread on major financial institutions during the crisis,31

plotted in Fig. 1. Before the start of the crisis in August 2007, the five year CDS rate32

for these companies was below 50 bps. During the course of the crisis, it increased33

to as high as 1000 bps.34

1See Online Appendix for an example of calculating default swap spreads with risk averse agents.
2Source: Caballero and Krishnamurthy (2008)
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In this paper, I argue that the increases in CDS spreads observed during the35

2007–2008 crisis were due to increases in investors’ doubts about the validity of36

their pricing models and the quality of the signals available to market participants.37

I modify the standard Black and Cox (1976) model of credit risk by introducing38

ambiguity-averse, imperfectly-informed agents. The ambiguity-aversion reflects the39

fact that, when it is difficult for investors to observe firms’ assets directly, they40

are forced to rely on imprecise accounting information. In this situation, investors41

must draw inference from accounting data and other publicly available information.42

Investors realize that, although they may be able to pick a model of the fundamental43

asset value and the accounting signals to best fit the historical data, this may not be44

the true data-generating model. Under this assumption, I derive the asset prices in45

the economy, explicitly accounting for the implications of imperfect information and46

model misspecification.47

The ambiguity aversion preferences representative agent impact credit spreads in48

two ways. First, since ambiguity-averse agents place a higher probability of transi-49

tioning to a lower utility state next period, they believe the probability of default50

next period to be higher than their ambiguity-neutral counterparts, raising the short51

term credit spreads relative to the benchmark model. In the model considered in52

this paper, this effect is further exacerbated by the presence of imperfect information.53

As shown in Duffie and Lando (2001), imperfect information also raises the level of54

short term credit spreads since imperfectly-informed agents are uncertain about how55

close a firm is to its default boundary. Ambiguity-aversion has a bite here as well:56

ambiguity-averse agents interpret signals pessimistically and believe the firm to be57

closer to the default boundary to begin with, raising the short-term credit spreads58

even further relative to the perfectly-informed, ambiguity-averse agents.59

Since ambiguity-averse agents assign higher probabilities to lower utility out-60

comes, they also react more strongly to negative news than agents who use Bayes’61

Law to update their beliefs. In particular, on observing unexpected negative signals,62

ambiguity-averse agents can quickly update their beliefs about default probabilities,63

leading to rapid increases in CDS spreads. Notice that, when agents are averse to am-64

biguity about both signal quality and model quality, agents can use negative signals65

to either update their beliefs about the current state or about the underlying tran-66

sition dynamics. Thus, the strong reaction to negative signals does not necessarily67

constitute a panic on the part of investors.68

Using observations of the CDS spreads on financial institutions, I estimate the69

degrees of investors’ aversion to ambiguity about signal quality and to ambiguity70

about the fundamental asset value dynamics. Estimating the two ambiguity aver-71

sion coefficients using three sub-periods – before the start of the crisis in July 2007,72
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from the start of the crisis to the bailout of Bear Stearns in March 2008, and from73

the bailout of Bear Stearns to the liquidation of Lehman Brothers in September 200874

– I find that the three estimates are not statistically significantly different, implying75

that investors’ misspecification preferences did not change during the crisis. Instead,76

changes in the level of CDS spreads during the crisis were driven by increases in77

the amount of ambiguity in the economy. Furthermore, the relative contribution of78

the two sources of ambiguity changed during the crisis. The initial BNP Paribas79

announcement in August 2007 and the subsequent Northern Rock revelations lead80

to an increase in ambiguity about the quality of the signals available to market81

participants. Intuitively, while no major financial institution had defaulted on its82

obligations, market participants could interpret the signals in the market as infor-83

mative about the quality of the signals produced by financial institutions, and not84

about the quality of the assets on their balance sheets. The bailout of Bear Stearns85

and the bailout of Lehman Brothers, on the other hand, lead to an increase in am-86

biguity about the underlying dynamics. That is, the effective default of these two87

institutions increased investors’ doubts about the quality of the surviving financial88

institutions. The level of ambiguity stabilizes after the introduction of Troubled As-89

set Relief Program (TARP) in October 2008 but at a higher level than before the90

start of the crisis.91

Using the estimates from the CDS market, I then compute the model-implied92

equity prices for the financial institutions. While the credit risk model cannot match93

the levels of equity prices and, in fact, is not geared to do so, it does match the qual-94

itative behavior of equity prices during the crisis. Since equity is a long-lived claim95

to a firm’s cash-flows, changes in the amount of ambiguity about signal quality have96

a smaller impact on equity than on CDS spreads. Thus, the model with ambiguity97

averse agents can generate the non-decrease in equity prices of financial institutions98

before the bailout of Bear Stearns in March 2008 that we observe in the data. Notice99

that this fact is a challenge even for models with time-varying risk aversion as the100

increase in risk aversion necessary to explain the increases in CDS spreads would be101

accompanied by decreases in equity prices.102

The rest of the paper is organized as follows. I review the related literature in103

Section 2. I describe the model considered in the paper in Section 3. The results104

of the estimation of the model are presented in Section 4. Section 5 concludes.105

Technical details are relegated to the appendix.106

2. Literature Review107

A rapidly growing literature studies the behavior of asset prices in the presence108

of ambiguity in dynamic economies. A substantial part of this literature considers109
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investor ambiguity about the data-generating model. Anderson et al. (2003) derive110

the pricing semigroups associated with robust perturbations of the true state prob-111

ability law. Trojani and Vanini (2002) use their framework to address the equity112

premium and the interest rate puzzles, while Leippold et al. (2008) consider also the113

excess volatility puzzle. Gagliardini et al. (2009) study the term structure implica-114

tions of adding ambiguity to a production economy. This setting has also been used115

to study the portfolio behavior of ambiguity-averse investors and the implications for116

the options markets (see e.g. Trojani and Vanini (2004), Liu et al. (2005), Drechsler117

(2010)).118

The second strand in the literature, however, assumes that, although the agents119

in the economy know the “true” data-generating model, they face uncertainty about120

the quality of the observed signal about an unobservable underlying. Chen and121

Epstein (2002) study the equity premium and the interest rate puzzles in this set-up,122

and Epstein and Schneider (2008) consider the implications for the excess volatility123

puzzle. The portfolio allocation implications of this setting have also been studied124

extensively in e.g. Uppal and Wang (2003) and Epstein and Miao (2003).125

However, none of these papers study the relationship between ambiguity aver-126

sion and the term structure of credit spreads. Following Hansen and Sargent (2005,127

2007), I introduce model misspecification by considering martingale distortions to128

the reference model probability law. As Hansen and Sargent (2007) show, the mar-129

tingale distortion can be factored into distortions of the conditional distribution of130

the underlying state (signal quality) and the evolution law of the hidden state (asset131

value dynamics). I assume that the representative investor in the secondary debt132

market has max-min preferences over consumption paths under possible models.133

This paper is also related to the literature on preference-based explanations for134

the credit spread puzzle (that yield spreads between corporate bonds and treasuries135

are high and volatile). One popular approach is to examine credit spreads in the136

presence of long-run risk. Chen (2010) uses a discrete-state version of Bansal and137

Yaron (2004) model of long-run risk as a driver of business cycles. The paper argues138

that the credit spread puzzle and the under-leverage puzzle can be explained by139

two observations: defaults are more highly concentrated during economy downturns,140

when marginal utility is high, and the losses associated with default are higher during141

such times. Thus, investors demand high risk premia for holding defaultable claims,142

including corporate bonds and levered firms. Bhamra et al. (2010) also use long-143

run risk as a driver of business cycles and show that the optimal earnings default144

boundary, default rates and credit spreads are countercyclical.145

Using similar intuition, Chen et al. (2009) argue that the credit spread puzzle146

can be explained by the covariation between default rates and market Sharpe ratios.147
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That is, investors must be compensated more for holding credit risk securities be-148

cause default rates (and, hence, expected losses from default) increase at the same149

time as market returns are more uncertain. More specifically, the authors investigate150

the credit spread implications of the Campbell and Cochrane (1999) pricing kernel151

calibrated to equity returns and aggregate consumption data. Identifying the his-152

torical surplus–consumption ratio from aggregate consumption data, the paper finds153

that the implied level and time-variation of spreads match historical levels well.154

3. Model155

In this section, I present the economy considered in this paper. I begin by de-156

scribing the reference model used for pricing credit securities and then proceed to157

the misspecification problem faced by the representative agent in the economy.158

3.1. Reference model159

As the reference model, I consider a modified version of the Black and Cox (1976)160

economy. Consider a (sector of the) economy consisting of I firms, indexed by161

i = 1, . . . , I and denote by Ait = eait the fundamental value of the assets of firm162

i at date t = 1, 2, . . .. To fix ideas, assume that there are ny = 12 data periods in a163

year, so that each period corresponds to a month. I assume that the log-asset value164

of each firm can be decomposed into the sum of two components:165

ait = zit + ρizct, (1)

where zit is a firm-specific shock to the asset value of firm i, zct is an aggregate shock166

to the asset values of all the firms in the sector and ρi is the loading of firm i on the167

aggregate component. Denote by zt = [z1t, . . . , zIt, zct]
′ the vector of the components168

of asset values at date t. I assume that the vector zt evolves according to an N -state169

Markov chain, with possible values ξ1, . . . , ξN and the transition probability matrix170

Λ defined as:171

{Λ}jk ≡ λjk = P (zt+1 = ξk| zt = ξj) . (2)

There are two types of agents in the economy: managers and investors. All172

the day-to-day operations of the firm are delegated to the respective manager. I173

assume that there are no agency problems between a firm’s managers and the equity174

holders of the firm, so that the managers act in the best interest of the equity holders.175

Further, similarly to Duffie and Lando (2001), I assume that the managers are better176

informed about the firm they manage than the participants in the public markets177

and, in particular, that the managers of the firm observe perfectly the evolution178
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of the fundamental value of the firm’s assets. To prevent information spill-over, I179

assume that managers are precluded from trading in the public assets markets.180

In this paper, I abstract from modeling the operational decisions of the firm181

managers and, in particular, from modeling the optimal capital structure, dividend182

payment and default decisions faced by the managers. As in Leland (1994) and Duffie183

and Lando (2001), I assume that each firm i issues perpetual debt with face value184

Di. This debt is serviced by a constant coupon rate Ci. While firm i is in operation,185

it generates a constant fraction δi of assets as cash-flows which accrue, minus the186

coupon payments, as equity in the firm.187

Notice that the above specification excludes any time trend in firms’ earnings.188

An alternative would be to specify the time t value of firm i as Ait = eγit+ait , where189

γi is the deterministic trend for firm i. The stochastic component eait then represents190

deviation in firm value from the deterministic trend. With this specification, the face191

value of debt would also grow with the deterministic trend, so that the constant Di192

would translate into a constant leverage ratio.193

The managers decide on behalf of the equity holders when to default. As in194

Black and Cox (1976), I abstract from modeling the liquidation decision faced by the195

managers and assume instead that, for each firm i, there is a state i∗ of the Markov196

chain that is labeled as the default state for that firm. Denoting by aBi
= ξi∗ the197

vector of asset values in state i∗, the (stochastic) default date τi of firm i is the198

first hitting time of the state aBi
: τi = inf {t : zt = aBi

}. In economic terms, the199

exogenous default rule can be interpreted as a debt covenant. The firm is liquidated200

at the present value of the discontinued cash flows, with the proceeds distributed201

among the firm’s primary debt holders and the equity holders receiving 0. Although202

this assumption implies that there is no cost of default, it is possible to incorporate203

liquidation costs into the model by allowing the value for firm i in its default state to204

reflect a cost of liquidation. For simplicity, I assume that each firm has a single default205

state and that firms do not default simultaneously. Notice that, since managers206

observe perfectly the asset value evolution of the firm under their management, there207

is no uncertainty about the firm being liquidated upon hitting its default boundary.208

Finally, denote by aB =
⋃I
i=1 aBi

the union of the default states of all the firms and209

by acB its complement, which is the set of states where none of the firms default.210

Consider now the participants in the public markets. Similarly to Duffie and211

Lando (2001), I assume that the representative investor does not observe the true212

evolution of asset values in the sector and receives instead imperfect, unbiased signals213

about the fundamental value of the assets of each firm, Âit = eyit , and the aggregate214

component of asset values in the sector, Âct = eyct . More specifically, assume that215

yit = ait + uit and yct = zct + uct where the signal errors ut = [u1t, . . . , uIt, uct]
′ are216
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serially uncorrelated and normally distributed, independent of the true realization of217

zt: ut ∼ N (u,Σu). Here, u is the mean signal error and Σ−1u the signal quality. At218

each date t, the representative agent also observes whether any of the default states219

have been reached and any of the firms have been liquidated. Thus, the information220

set of the representative agent at date t is:221

Gt = σ
{
ys, 1zs∈acB : s = 1, . . . , t

}
,

where yt = [y1t, . . . , yIt, yct]
′ is the full signal vector at date t.222

Denote by pjt the probability, conditional on the date t information set of the223

representative investor, of the vector z being in state j at date t:224

pjt = P (zt = ξj| Gt) .

In the Online Appendix, I present the updating rule in terms for the vector of un-225

normalized probabilities ~πt, which are related to the proper probabilities by:226

pjt =
πjt∑N
j=1 πjt

, j = 1, . . . , N.

Finally, consider the utility of the representative agent. I assume the represen-227

tative agent is risk-neutral and, thus, holds all the claims to the firm’s asset value.228

Thus, the date t expected present value of the utility of the representative agent is229

given by:230

Jt = E

[
+∞∑
s=0

βs
I∑
i=1

δiAi,t+s

∣∣∣∣∣Gt
]
, (3)

where β is the subjective discount factor. For the discussion below, it is useful to231

represent the expected present value of utility in recursive form:232

Jt = E

[
I∑
i=1

δiAit + β1zt+1∈acBJt+1 + β
I∑
i=1

1zt+1=aBi
Jτi

∣∣∣∣∣Gt
]
, (4)

where Jτi is the value function of the representative agent in case firm i defaults.233

3.2. Asset prices234

In this paper, I consider two types of claims to the assets of the firm: a claim to235

the firm’s equity and a credit default swap (CDS) written on the consol bond. Recall236

that equity in firm i accrues as a constant fraction δi of the fundamental asset value237
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and that the equity holders receive 0 in case of the firm being liquidated. Thus, the238

date t price of a claim to equity of firm i, Vit, is given by:239

Vit = E

[
τi∑
s=0

βs(δiAi,t+s − Ci)

∣∣∣∣∣Gt
]
,

where τi is the (stochastic) default date of the firm i. Notice that the equity price240

satisfies the Euler equation:241

Vit = E [δiAit − Ci + β1τi>t+1Vi,t+1| Gt] . (5)

Consider now the default swaps written on the primary debt of firm i. With a242

given maturity T , a default swap is an exchange of an annuity stream at a constant243

coupon rate until maturity or default, whichever is first, in return for a payment of244

X at default, if default is before T , where X is the difference between the face value245

and the recovery value on the stipulated underlying bond. A default swap can thus246

be thought of as a default insurance contract for bond holders that expires at a given247

date T , and makes up the difference between face and recovery values on the bond248

in the event of default.249

I assume, as typical in practice, that the default swap annuity payments are made250

semiannually, and that the default swap’s maturity date T is a coupon date. As in251

Duffie and Lando (2001), I take the underlying bond for the default swap on firm i to252

be the consol bond issued by firm i. Recall that, in case of default, the debt holders253

receive the present value of the discontinued cash flows. Thus, the payment Xi per254

unit of primary debt if firm i defaults before the swap maturity date T is given by:255

Xi = 1− δi(I − βΛ)−1i∗ e
ξ

Di

.

That is, the payment in case of default compensates the protection buyers for income256

lost due to the default of the underlying entity. The at-market default swap spread257

is the annualized coupon rate ci(t, T ) that makes the default swap sell at date t for258

a market value of 0. Thus, with T = t+ 6n for a given positive integer n,3 the CDS259

spread is given by:260

ci(t, T ) =
2XiE [βτi−t1τi<T | Gt]∑n
s=1 β

6sE [1τi≥t+6s| Gt]
. (6)

3Recall that there are 12 data periods in a year
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In the above, the numerator reflects the expected present value of payment to the261

insurance buyer in case of default before the maturity date T , while the denominator262

reflects the present value of the scheduled payments to the insurance seller until263

default or maturity, whichever one comes first.264

3.3. Model misspecification265

This paper studies asset prices in a setting where the representative agent makes266

decision rules robust to possible misspecifications of asset value and accounting sig-267

nals models. In reality, the correct specification assumption of the reference model is268

overly restrictive. It implies that, even though the participants in the public markets269

only observe imperfect signals about the evolution of the fundamental asset value,270

they can still correctly identify the parametric model that governs the relevant dy-271

namics. More realistically, I assume that the representative investor in the firm fears272

misspecification of the probability law generated by the model above and believes273

instead that the signals are related to the true asset value realizations by a family of274

likelihoods.275

As in Hansen and Sargent (1995), Hansen et al. (1999) and Anderson et al.276

(2003), I model preferences of the representative agent in the presence of model277

misspecification using the recursion:278

Jt = −θs logE
[

exp

[
−U(zt) +Rt(βJt+1; θd)

θs

]∣∣∣∣Gt] , (7)

where:279

Rt(βJt+1; θd) ≡ −θd logE
[

exp

(
−βJt+1

θd

)∣∣∣∣Ft]
and280

Ft = σ
{
zs, ys, 1zs∈acB : s = 1, . . . , t

}
is the full information set. The tilted recursion (7) replaces the standard utility re-281

cursion (4), incorporating the representative agent’s misspecification doubts in two282

steps. First, the tilted continuation function Rt makes an additional risk adjust-283

ment to the continuation value function of the representative agent, accounting for284

misspecification fears about the fundamental asset value evolution dynamics. Sec-285

ond, the tilted expectations over the current period utility adjusts for misspecifi-286

cation fears about the filtered probability distribution over the current state. As287

emphasized by Hansen and Sargent (1995), the log-exp specification of the recursion288

links risk-sensitive control theory and a more general recursive utility specification289

of Epstein and Zin (1989). The degree of the representative agent’s aversion to mis-290
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specification of the underlying dynamics is quantified by θ−1d (where d stands for291

dynamics) and the degree of the representative agent’s aversion to misspecification292

of the filter distribution is quantified by θ−1s (where s stands for signals). When293

θ−1s = θ−1d = 0, the risk-sensitive recursion (7) reverts to the usual utility recursion294

under Von Neumann-Morgenstern form of state additivity. For values of θ−1d greater295

than zero, the recursion (7) implies an increased aversion to risk associated with the296

time evolution of the hidden state vis a vis the Von Neumann-Morgenstern specifica-297

tion. Similarly, for values of θ−1s greater than zero, the recursion implies an increased298

aversion to risk associated with the unobservability of the true state vis a vis the Von299

Neumann-Morgenstern specification. Finally, notice that, since the distorted contin-300

uation value function Rt conditions on the full information set Ft (and, hence, on the301

true realization of the hidden state), the investors in this economy have the option302

of focusing their attention on misspecification of the joint probability distribution of303

future signals and state.304

Hansen and Sargent (2007) show that, corresponding to the tilted continuation305

function Rt is the worst-case likelihood ratio:306

φt(zt+1, yt+1) =
exp

(
−βJt+1

θd

)
E
[

exp
(
−βJt+1

θd

)∣∣∣Ft] . (8)

φt tilts the joint distribution toward lower continuation value states, decreasing the307

expected future value of the continuation utility. Similarly, corresponding to the308

recursion (7), is the worst-case likelihood ratio:309

ψt(z) =
exp

(
−U(z)+Rt(βJt+1;θd)

θs

)
E
[

exp
(
−U(z)+Rt(βJt+1;θd)

θs

)∣∣∣Gt] (9)

between the conditional distribution over the state at date t under the misspecfied310

and reference models. ψt tilts the conditional distribution toward lower utility states,311

decreasing the expected value of utility at the current date.312

To quantify the amount of distortion in the economy, Hansen and Sargent (2007)313

introduce measures of the conditional relative entropy between the reference and the314

distorted models. In particular, under the full information setting, the conditional315

relative entropy between the reference and the worst case model of the future state316
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and signals evolution is defined as:317

ε1t (φt+1, ξj) =
N∑
k=1

∫
τ(ξk, yt+1|ξj)φ(ξk, yt+1|ξj) log φ(ξk, yt+1|ξj)dyt+1

and the conditional relative entropy between the reference and the worst case model318

of the current state by:319

ε2t (ψt) =
N∑
j=1

pjψj logψj.

The total conditional relative entropy between the reference model and the worst320

case model at date t is then given by:321

εt = ε2t (ψt) + Ẽ
[
ε1t (φt+1, zt)

∣∣Gt] ≡ ε2t (ψt) + ε̂1t (φt+1). (10)

In general, the recursion (7) does not have a closed-form solution. Instead, I look322

for a first order approximation to the representative agent’s value function around the323

point θ−1d = θ−1s = 0, which corresponds to the solution under the reference model.324

Notice that the approximation I construct here is different in its nature from the small325

noise approximations constructed in Campi and James (1996) and Anderson et al.326

(2012) as, instead of approximating the reference model value function around the327

deterministic steady state, I approximate around the value function corresponding328

to the zero signal precision case.4 The following result holds:329

Lemma 3.1. The first order approximation to the value function around the point330

θ−1d = θ−1s = 0 is given by;331

J(π; θ−1d , θ−1s ) ≈ J0(π) + θ−1d Jθ−1
d

(π) + εJε(π), (11)

where ε = θ−1s /θ−1d − 1. The first order approximation to the implied distortion to332

the conditional joint distribution of next period’s signals and state is then given by:333

φt (zt+1, yt+1) ≈ 1− θ−1d β (J0(πt+1)− E [J0(πt+1)| Ft]) (12)

−
(
θ−1s − θ−1d

)
β (Jε(πt+1)− E [Jε(πt+1)| Ft]) ,

and the first order approximation to the implied distortion to the conditional distri-334

4When the signal precision approaches 0, the agent does not update the conditional probability
distribution and, hence, the stationary distribution can be used as the prior distribution.
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bution of the current state by:335

ψt(zt) ≈ 1−
(
θ−1d − θ

−1
s

)
β (E [Jε(πt+1)| Ft]− E [Jε(πt+1)| Gt]) (13)

− θ−1s (U(zt) + βE [J0(πt+1)| Ft]− E [U(zt) + βJ0(πt+1)| Gt]) .

Proof. See Online Appendix.336

Here, J0 is the value function of the ambiguity-neutral agent, Jθ−1
d

measures337

the change in the value function as the overall level of ambiguity in the economy338

increases and Jε measures the change in the value function as the agent becomes more339

averse to ambiguity about the signal quality than ambiguity about the underlying340

dynamics. Since the ambiguity-averse agent is solving a minimization problem in341

determining optimal consumption and portfolio choices, Jθ−1
d

is negative. Thus, as the342

agent becomes more ambiguity averse overall, his value function decreases. Similarly,343

Jε is also negative, since increasing the agent’s aversion to ambiguity about the344

signal quality increases the total level of ambiguity. Notice that, since both Jθ−1
d

and345

Jε are time-varying, the agent’s perceived risk attitudes change depending on the346

conditional distribution of the hidden state.347

Consider now the implied amount of ambiguity, as measured by the relative en-348

tropy between the reference and the worst-case models. Substituting (12) into the349

definition of ε1t , the relative entropy between the reference and the worst-case models350

for the fundamental asset dynamics, we obtain:351

ε1t = E [φt(zt+1, yt+1) log φt(zt+1, yt+1)| Ft]

≈ θ−2d β2var (J0 (πt+1)| Ft) +
(
θ−1s − θ−1d

)2
β2var (Jε (πt+1)| Ft)

+ 2
(
θ−1s − θ−1d

)
θ−1d β2cov (J0 (πt+1) , Jε (πt+1)| Ft) .

Notice first that, when the representative agent is equally averse to both sources352

of ambiguity, so that θd = θs, the amount of ambiguity due to misspecification353

of the fundamental asset value dynamics depends only on the variance of the next354

period’s value function. For the case θd 6= θs, two more quantities are instrumental in355

determining the amount of ambiguity: the variance of next period’s correction to the356

value function in the direction of greater aversion to ambiguity about signal quality357

and the covariance between the reference model value function and the correction358

term. Since J0 and Jε are negatively correlated, there is a trade-off between aversion359

to ambiguity about signal quality and aversion to ambiguity about the underlying360

dynamics. In particular, if the representative agent is more averse to ambiguity361

about signal quality than to ambiguity about the fundamental asset value dynamics362
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(so that θ−1d < θ−1s ), aversion to ambiguity about signal quality reduces the amount363

of ambiguity about the underlying dynamics. If, on the other hand, the agent is364

more averse to ambiguity about the underlying dynamics (so that θ−1d > θ−1s ), the365

aversion to ambiguity about signal quality increases the amount of ambiguity about366

the fundamental asset value. Intuitively, if the agent is more averse to ambiguity367

about signal quality, then he will not apply as a large of a distortion to the transition368

probabilities since misspecification of the underlying dynamics is a smaller concern369

in his mind.370

Similarly, we can represent the relative entropy between the reference and the371

worst-case models for the posterior distribution of the current state as:372

ε2t = E [ψt(zt) logψt(zt)| Gt]

≈ θ−2s var (U(zt) + βJ0(πt+1)| Gt) +
(
θ−1d − θ

−1
s

)2
β2var (Jε (πt+1)| Gt)

+ 2
(
θ−1d − θ

−1
s

)
θ−1s βcov (Jε (πt+1) , U(zt) + βJ0(πt+1)| Gt) .

Thus, when the agent is equally averse to both sources of ambiguity, the amount of373

ambiguity about signal quality depends only on the variance of the current period374

reference model value function. For the case θs 6= θd, however, the trade-off between375

aversion to ambiguity about signal quality and aversion to ambiguity about the376

fundamental asset value dynamics reemerges. If the agent is more averse to ambiguity377

about the signal quality than about the underlying dynamics (so that θ−1d < θ−1s ),378

the aversion to ambiguity about the underlying dynamics increases the amount of379

ambiguity about signal quality. If, on the other hand, the agent is more averse380

to ambiguity about the underlying dynamics (so that θ−1d > θ−1s ), the aversion to381

ambiguity about the underlying dynamics mitigates the impact of the ambiguity382

about the signal quality. Intuitively, if the representative agent is more averse to383

ambiguity about the underlying dynamics, he will not apply as large a distortion to384

the current period posterior probabilities since misspecification of the filter dynamics385

is a smaller concern in his mind.386

Finally, notice that the implied transition probability matrix can be represented387

as:388

λ̃jk ≡ P̃ (zt+1 = ξk| zt = ξj)

≈ λjk
[
1− θ−1d (E [J0(πt+1)| Ft, zt+1 = ξk]− E [J0(πt+1)| Ft])

]
(14)

− λjk
(
θ−1s − θ−1d

)
(E [Jε(πt+1)| Ft, zt+1 = ξk]− E [Jε(πt+1)| Ft]) .

Thus, the worst-case transition probability matrix puts a higher transition proba-389
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bility on states with lower expected utility payoffs. Notice further that the magni-390

tude of the distortion is determined primarily by the degree of the agent’s aversion391

to ambiguity about the underlying dynamics, θ−1d , since the value function of the392

ambiguity-neutral agent dominates the correction terms. Notice also that the above393

implies that, unlike the reference model, the transition probability matrix under the394

misspecified model is time-dependent introducing additional time variation in asset395

prices in the economy.396

3.4. Asset prices under the misspecified model397

Since the representative agent evaluates expectations under the worst-case mea-398

sure when making consumption decisions, the Euler equation holds under the worst-399

case likelihood and assets can be priced using the worst-case Euler equation. That is,400

the date t price of a claim to the equity of firm i is given by (5) and the corresponding401

CDS spread by (6) but with the expectations taken under the worst-case likelihood.402

To understand the contributions of the two sources of ambiguity to asset prices,403

compare the price of a claim to a firm’s equity and the 6 month CDS spread on the404

same firm. By definition, the 6 month CDS spread reflects only the probability that405

the firm defaults before six months. At such short horizons, the current state has a406

large impact in determining whether the firm will default before the specified horizon.407

Thus, the 6 month CDS spread will reflect the representative agent’s aversion to both408

ambiguity about signal quality (since that influences his beliefs about the current409

state) and ambiguity about the underlying dynamics (since that influences how fast410

the economy can transition to the default state of the firm). The equity price, on411

the other hand, reflects the agents’ beliefs about the probability of default at all412

future horizons. As the horizon increases, the corresponding default probability is413

determined more by the structure of the transition probability matrix and less by414

the current state. Since the short default horizons correspond to a small portion of415

the expected cash-flows from the equity instrument, the price of equity is determined416

mainly by aversion of the representative agent to ambiguity about the underlying417

dynamics. The rest of the CDS term structure lies between these two extremes,418

with the agent’s aversion to ambiguity about the underlying dynamics playing an419

increasingly important role as the maturity of the CDS contract increases.420

4. The 2007–2008 Financial Crisis421

In this section, I estimate the model in Section 3 using data on financial insti-422

tutions. Although the returns on the equity of financial institutions accounts for a423

small portion of the overall level of consumption in the economy, these institutions424
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were at the forefront of the 2007 financial crisis and, thus, to understand the asset425

price movements during the crisis, it is important to understand the movements in426

the prices of claims on these institutions. I begin by estimating the parameters of427

the reference model using the observations of book equity of financial institutions as428

firm-specific signals and the Case-Shiller 10 Cities Housing (CS10) Index as the signal429

about the common component of the asset values. Although book equity of finan-430

cial institutions makes for imperfect signals, both because by its nature the series is431

backward-looking and because of the infrequency of observations, using observations432

of market equity is also fraught with difficulty. The problem of inverting market433

prices to obtain time series observations of risk-neutral probabilities is a complex434

problem in general. For the model considered in this paper, the matter is compli-435

cated by the fact that all market prices reflect the worst-case distortions imposed by436

the preferences of the representative agent. Thus, if market prices were to be used as437

firm-specific signals, then estimation could no longer be decomposed into two parts438

– estimating independently the parameters of the reference model and then using439

these parameters as inputs to estimate the ambiguity preference parameters, further440

complicating the estimation procedure. While I believe that observations of market441

equity for the institutions concerned provide interesting insights into the nature of442

risk and uncertainty in the market, in the current paper I prefer to use these time443

series to provide an outside test for the validity of the estimated parameters. I choose444

observations of the CS10 Index as the aggregate signal to capture the exposure of445

the financial institutions to risks associated with the national housing market.446

Next, I use historical observations of CDS spreads for the financial institutions447

prior to the start of the crisis to obtain an estimate of θs and θd – the parameters448

governing the investors’ aversion to misspecification of the filter distribution and449

underlying dynamics, respectively. Using these estimates, I compute the implied450

relative entropy between the reference and the worst-case models and decompose the451

entropy calculation into the contributions from misspecification of the signal model452

and misspecification of the fundamental value of assets model for the whole time453

series. Finally, I compare the model-implied CDS rates and equity prices to the454

observed time series.455

4.1. Estimating the reference model456

To estimate the reference model, I use historical observations of the firm-specific457

signals and the aggregate signal. The sample includes monthly observations of the458

Case-Shiller 10 Cities Index from May 1987 through July 2007, and quarterly obser-459

vations of the balance sheet variables for the same time period. Below, I provide the460

outline of the estimation procedure. The details of the estimation are provided in461
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Online Appendix.462

As observations of firm-specific signals, I use observations of book equity from463

COMPUSTAT. As observations of the aggregate signals, I take the time series of the464

Case-Shiller 10 Cities index. Notice that, while balance sheet data are observed at a465

quarterly frequency only, observations of the CS10 Index are available at a monthly466

frequency. The procedure described in Online Appendix accounts explicitly for this467

dual frequency of observations. Notice also that, to estimate the reference model,468

I only use observations up to Q2 2007 to avoid introducing measurement error by469

including observations of the accounting signal which reflect mark-downs taken since470

the start of the crisis, as well as the increased ambiguity discount in credit derivatives471

held on the balance sheets of these institutions.472

Recall that the reference model is described by the parameters:473 (
Λ, {ξj}Nj=1 , {ρi}

I
i=1 , Σu, {Di, Ci}Ii=1 , {δi}

I
i=1

)
.

I begin the estimation by identifying the face value of the perpetual bond issued by474

firm i, Di, with the last pre-crisis (Q2 2007) observation of the firm’s value of long-475

term debt; notice that, since the model-implied debt has infinite maturity, long-term476

debt is a better measure than total debt as it excludes short-term liabilities. The477

coupon payment, Ci, is then chosen to make the level of debt Di optimal.5 Following478

the model assumption that each firm generates a constant fraction δi of assets as479

cash-flows, I identify δi as the time-series average of the total earnings as a fraction480

of total assets. The rest of the parameters are estimated using the Gibbs sampling481

procedure of Online Appendix. The estimated reference model parameters are also482

presented in Online Appendix.483

4.2. Estimating the misspecification preference parameter484

Consider now estimating the degree of aversion toward misspecification of the485

underlying dynamics, θ−1d , and misspecification of the filter distribution, θ−1s . Rewrite486

the CDS equation (6) as:487

0 = 2XiẼ
[
βτi−t1τi<T

∣∣Gt]− ci(t, T )
n∑
k=1

β6sẼ [1τi≥t+6s| Gt] .

5That is, I assume that the firm managers choose the debt level and the corresponding coupon
payment to take optimal advantage of the debt tax shield as in Duffie and Lando (2001).
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Recall that the expectation functions Ẽ [βτi−t1τi<T | Gt] and Ẽ [1τi≥t+6s| Gt] are cal-488

culated using the worst-case likelihood and, thus, depend on investors’ preferences489

toward ambiguity. Thus, to estimate θ−1d and θ−1s , I assume that the CDS rates490

are observed with a measurement error. In particular, assume that the observation491

equation is given by:492

0 = 2XiẼ
[
βτi−t1τi<T

∣∣Gt]− ĉi(t, T )
n∑
k=1

β6sẼ [1τi≥t+6s| Gt] + ηiT,t,

where ĉi(t, T ) are the observed CDS rates and the vector of maturity-specific mea-493

surement errors ηit = [ηi1,t, . . . , ηiT,t] is normally distributed and i.i.d. across time494

and firms: ηi ∼ N(0,Ση). Taking the point estimates from the Gibbs sampling pro-495

cedure as estimates of the reference model parameters, I make draws of the vector496

θ−1 =
[
θ−1d θ−1s

]′
using a Random Walk Metropolis algorithm with a flat prior. The497

accept/reject probability for the draws of θ−1 is the likelihood ratio of the CDS rates498

for all firms, at all available data points and for all available maturities.499

The estimation procedure faces two identification concerns. The first is whether500

it is possible to separately identify the agents’ degree of aversion to ambiguity about501

the information quality and to ambiguity about the underlying dynamics. Recall502

from above that, for longer maturities, the CDS spread is determined primarily by503

agents’ beliefs about the future states while for shorter maturities the uncertainty504

about the current state also plays an important role. Recall further that the mag-505

nitude of the worst case distortion to the posterior distribution of the current state506

is determined by the degree of aversion to ambiguity about the information quality507

while the magnitude of the worst-case distortion to the transition probability matrix508

is determined by the degree of aversion to ambiguity about the underlying dynam-509

ics. Thus, considering CDS of different maturities allows us to separately identify510

the agents’ preferences toward the two sources of ambiguity.511

The second concern relates to differentiating between time variation in agents’512

attitudes toward ambiguity (as measured by θ−1d and θ−1s ) and time variation in the513

amount of ambiguity in the economy (as measured by ε1 and ε2). Within a given514

sample, only the variation in one of these two quantities can be identified, with the515

other kept constant for the purposes of estimation. To circumvent this problem, I516

conduct three different estimations of the parameters θ−1d and θ−1s using different data517

sub-periods: the pre-crisis period (January 2004 – July 2007), the period from the518

start of the crisis to the bailout of Bear Stearns (August 2007 – March 2008) and the519

period from the bailout of Bear Stearns to the liquidation of Lehman Brothers (April520

2008 – September 2008). While the estimation assumes that the agents’ attitudes521
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toward ambiguity are constant within each subsample, examining the differences in522

the estimates on different sub-periods informs us about time variation in agents’523

attitudes between the sub-periods, separating it from time variation in the amount524

of ambiguity.525

The results of these estimations are presented in Table 1. Notice that the esti-526

mation suggests that the investors in this market exhibit a higher degree of aversion527

to ambiguity about the filter distribution than to ambiguity about the underlying528

dynamics. Notice further that the three different periods do not yield significantly529

different estimates of θ−1d and θ−1s , suggesting that the investors attitudes toward530

model misspecification do not change significantly during the crisis period. Instead,531

the observed changes in CDS rates are due to the amount of ambiguity faced by532

agents in the markets and to shifts in what kind of misspecification the agents are533

more concerned about. Finally, consider the model error detection probabilities534

reported with the estimates. The model error detection probability measures the535

probability of making a mistake (that is, interpreting the data as being generated by536

the wrong model) in trying to distinguish between the reference and the misspecified537

model in a sample of the same size as the observed data (275 observations). Thus,538

for example, there’s a 23% probability of making a mistake in distinguishing between539

the reference model and the worst-case model implied by the pre-crisis estimates of540

the ambiguity aversion parameters. Overall, the estimated detection error probabili-541

ties are similar to those found in the previous literature. For example, Barillas et al.542

(2009) find detection error probabilities of around 20% to be reasonable.543

Consider now the model-implied time series evolution of credit spreads. Since the544

estimate of θ−1 does not change during the crisis, I use the pre-crisis estimates of θ−1d545

and θ−1s to compute the model-implied CDS spreads. Table 2 presents the observed546

5 year CDS spreads for the financial institutions at five dates of interest – before547

the start of the crisis, July 2007, at the start of the crisis in August 2007, after the548

bailout of Bear Stearns in March 2008, after the liquidation of Lehman Brothers in549

September 2008 and after the introduction of TARP in October 2008 – together with550

the model-implied CDS rates at these dates. Notice first that the model-implied CDS551

rates follow the observed pattern of increasing during the financial crisis. Further,552

for most institutions, the implied CDS rates match the levels of CDS spreads over553

time, although the performance of the estimated model worsens after the liquidation554

of Lehman Brothers.555

Recall that the estimates of the ambiguity aversion parameters θ−1d and θ−1s do556

not change significantly over the crisis. What then generates the time series behav-557

ior of CDS rates that we observed during the crisis? In this paper, I argue that558

the observed rapid increases in CDS spreads are driven by changes in the amount of559
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total ambiguity faced by investors in the market, as well as changes in how this total560

amount of ambiguity is decomposed into the amount of ambiguity about the under-561

lying dynamics and the amount of ambiguity about the filter distribution. In Fig.562

2, I plot the time series evolution of ambiguity, as measured by the conditional rela-563

tive entropy between the reference and the worst-case likelihoods6, during the crisis.564

Notice that at the beginning of the crisis (after the BNP Paribas announcement in565

August 2007), only ambiguity about the filter distribution increased. Intuitively, at566

the beginning of the crisis, although investors observed the negative reports released567

by financial institutions, since no defaults of major institutions occurred, they could568

interpret these new signals as informing about the quality of information and not569

about the quality of the assets on the balance sheets of these institutions. Contrast570

this with the changes to the amount of ambiguity after the bailout of Bear Stearns571

in March 2008 and after the liquidation of Lehman Brothers in September 2008.572

In these cases, it is the amount of ambiguity about the underlying dynamics that573

increases. Unlike the start of the crisis, investors now observed default by major574

financial institutions, which increased their uncertainty about the quality of assets575

held by financial institutions. Notice also that, although the amount of total en-576

tropy decreased a little after the introduction of TARP in October 2008, it was still577

higher than before the start of the crisis, which is consistent with the Caballero and578

Krishnamurthy (2008) intuition that ambiguity increased during the crisis.579

To further understand the evolution of asset prices during the crisis, consider580

the time series evolution of expected time to default of the financial institutions.581

Table 3 presents the expected time to default for the financial institutions at five582

dates of interest – before the start of the crisis (July 2007), at the beginning of583

the crisis in August 2007, after the bailout of Bear Stearns in March 2008, after584

the liquidation of Lehman Brothers in September 2008 and after the introduction585

of TARP in October 2008 – together with the percentage change in the time to586

default relative to the previous month. The initial BNP Paribas announcement587

in August 2007 lead to a decrease in the expected time to default for only Bank of588

America, Goldman Sachs and Morgan Stanley. This coincides with the intuition that589

investors interpreted the announcements by financial institutions at the beginning590

of the crisis as increasing the amount of ambiguity about the filter distribution, and591

not necessarily indicative of the quality of assets held by the financial institutions.592

More interesting is the fact that the bailout of Bear Stearns in March 2008 lead593

to a decrease in the expected time to default for only some firms. In contrast,594

the liquidation of Lehman Brothers in September 2008 decreased the expected time595

6See the definition of conditional relative entropy in eq. (10)
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to default for all institutions except Goldman Sachs and Morgan Stanley. Thus,596

while the bailout of Bear Stearns induced contagion effects for some of the financial597

institutions, the effect was not as widespread as that induced by the liquidation of598

Lehman Brothers.599

Compare this to the evolution of expected times to default under the reference600

model, presented in Panel B of Table 3. Notice first that, under the reference model,601

the expected time to default is longer at all dates than that under the misspecified602

model. Intuitively, the misspecification-averse agent perceives the probability of603

default next period to be greater than under the reference model, decreasing the604

expected time to default. Next, consider the time evolution of the expected times to605

default. The initial BNP Paribas announcement leads to a slight ( 0.03%) decrease606

in the expected time to default for each of the institutions. As under the misspecified607

model, the decrease in the expected time to default is much greater after the bailout608

of Bear Stearns. Notice, however, that the decrease under the reference model is609

greater than under the misspecified model. Intuitively, since the misspecification-610

averse agent already has more pessimistic views of the future, observing the bailout611

of Bear Stearns did not have as a large of an impact on her beliefs as it did on the612

beliefs under the reference model. Similarly, the decrease under the reference model613

after the liquidations of Lehman Brothers is larger than under the misspecified model.614

After introduction of TARP in October 2008, however, the increase in the expected615

time to default under the reference model is much smaller than under the misspecified616

model.617

Finally, consider the implied time series evolution of equity prices during the618

crisis. Fig. 3 plots the observed evolution of equity prices together with the model-619

implied evolution. Although we cannot hope to match the level of equity prices since620

the model of firm earnings in this paper is extremely simplistic, the model should621

be able to match the observed movements in equity prices. Comparing the model-622

implied evolution to the true evolution of equity prices, we see that the model-implied623

equity prices lag the observed equity prices. This is not surprising since the signals624

used to construct the time series evolution of conditional probabilities are backward-625

looking; for example, the Case-Shiller 10 Index is constructed using observations over626

the previous three months. The model is able to capture the overall downward trend627

of equity prices during the crisis and especially well the sharp drop in equity prices628

after the bailout of Bear Stearns and after the liquidation of Lehman Brothers.629

5. Conclusion630

The rapid increases in CDS spreads observed during the recent financial crisis631

are puzzling from the standpoint of standard structural credit risk models, espe-632
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cially since initial increases in CDS spreads were not accompanied by decreases in633

equity prices. Introducing misspecification concerns to an incomplete information634

version of the Black and Cox (1976) model of credit spreads exacerbates the im-635

perfect information problem faced by the representative agent. This leads to an636

increased level of default swap spreads overall and greater sensitivity of CDS spreads637

to bad news. The misspecification-averse agent perceives the probability of default638

next period to be higher than under the reference model, increasing CDS spreads639

and decreasing expected time to default. Observing a bad signal not only increases640

the conditional probability of being in a low-payoff state in the current period but641

also increased the perceived probability of default in the next period.642

Estimating this model using data on nine major financial institutions, I find that,643

while agents’ preferences toward model misspecification did not change, the total644

amount of ambiguity in the economy increased during the crisis. Furthermore, the645

relative contributions of ambiguity about the underlying dynamics and of ambiguity646

about the signal quality shifted during the crisis, causing a disconnect between credit647

spreads and equity prices in the early part of the crisis. In particular, the initial BNP648

Paribas announcement in August 2007 led to an increase in ambiguity about the649

signal quality, increasing CDS spreads but not decreasing equity prices. The bailout650

of Bear Stearns in March 2008 and the liquidation of Lehman Brothers in September651

2008 on the other hand led to an increase in the amount of ambiguity about the652

underlying dynamics, increasing CDS spreads and decreasing equity prices.653

While the model considered in the paper is geared toward explaining observed654

increases in CDS spreads, similar intuition could be used to explain observed changes655

to prices of collateralized debt obligations (CDOs) and other complex securities. In656

fact, since arguably CDOs have a more complicated underlying structure than default657

swaps, model misspecification concerns would be even more relevant in pricing these658

securities. A formal treatment of this problem, however, is left for future research.659
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Pre-crisis Pre- Bear Stearns Pre- Lehman Brothers
(01/04–07/07) (08/07–03/08) (04/08–09/08)

θ−1d
0.23 0.21 0.29

(0.017) (0.028) (0.018)

θ−1s
0.64 0.65 0.69

(0.021) (0.029) (0.019)
MSE 2.63 4.04 8.51

Detect. Prob. 0.23 0.21 0.23

Table 1: Estimates of investors’ degree of aversion to ambiguity about the underlying
dynamics, θ−1d , and degree of aversion to the filter distribution, θ−1s . Half-width of the
95% confidence intervals are reported in parentheses. Mean Squared Error (MSE)
is the average squared error between the observed CDS rates and the model-implied
CDS rates for all institutions, maturities, and observations. The model detection
error probability (Detect. Prob.) measures the probability of not distinguishing
between the reference model and the implied worst-case model in a sample of size 275
months. The reference model parameters are estimated using monthly observations
from May 1987 through July 2007, inclusively. Draws are made using the Metropolis-
Hastings procedure of Section 4.2.
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BAC BSC Citi GS JPM MER MS WB WFC

Jul 31 07
36.2 161.7 37.2 81.2 55 74.7 75.2 39.5 35.9
29.6 51.3 34.9 71.2 54.7 73.8 73.2 39.3 38.7

Aug 31 07
39.7 135.7 45.5 68.8 45.4 71.7 68.8 39.4 35
22.1 128.7 41.4 36.5 43.2 72.2 64.7 32.3 32.2

Mar 31 08
86.8 122.7 138.2 115 87.5 195.8 153.9 142.8 80.8
65.1 157.0 128.62 133.9 85.3 109.7 93.4 83.2 90.9

Sep 30 08
170 143.3 301.7 452.5 143.8 410.8 1022 385.8 170

102.7 144.5 486.4 482.8 152.6 380.03 317.3 386.5 138.1

Oct 31 08
133.1 120.2 197.6 313.3 119.9 216.2 413.3 121 97.2
133.3 161.3 178.8 380.7 146.6 203.5 416.26 131.3 93.1

Table 2: Observed 5 year CDS rates and model-implied 5 year CDS rates at five
different dates. The reference model parameters are estimated using the Gibbs sam-
pling procedure of Online Appendix for the time period May 1987 through July
2007; the degree of aversion to ambiguity about the underlying dynamics, θ−1d , and
the degree of aversion to ambiguity about the filter distribution, θ−1s , are estimated
using the Metropolis-Hastings algorithm of Section 4.2 for the time period January
2004 through July 2007.
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Panel A: Misspecified Model

BAC BSC Citi GS JPM MER MS WB WFC

Jul 31 07
5.15 9.54 10.04 13.32 11.65 10.80 13.34 11.02 10.96

100.43 -18.79 -25.16 256.87 -9.95 -32.18 47.10 -26.28 -28.05

Aug 31 07
2.61 11.74 13.42 3.77 13.01 16.03 9.11 15.03 15.32

-49.44 23.04 33.73 -71.71 11.64 48.39 -31.73 36.44 39.81

Mar 31 08
4.81 0.00 16.22 5.12 11.64 13.42 9.08 12.83 13.01
5.11 -100.00 19.85 37.19 -9.44 -15.05 0.53 -13.45 -13.90

Sep 30 08
4.27

–
9.55 10.31 11.50 10.47 13.77 10.74 10.66

20.39 -42.75 155.77 -0.53 -23.03 59.41 -16.98 -18.83

Oct 31 08
5.00

–
13.86 4.55 10.44 11.81 8.25 11.34 11.49

17.20 45.09 -55.83 -9.24 12.77 -40.09 5.61 7.72

Panel B: Reference Model

BAC BSC Citi GS JPM MER MS WB WFC

Jul 31 07
16.47 16.47 16.47 16.47 16.47 16.47 16.47 16.47 16.47
0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04

Aug 31 07
16.46 16.46 16.46 16.46 16.46 16.46 16.46 16.46 16.46
-0.03 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03

Mar 31 08
11.23 0.00 11.26 11.23 11.21 11.19 11.21 11.22 11.21
-31.74 -100.00 -31.63 -31.79 -31.88 -31.98 -31.90 -31.81 -31.87

Sep 30 08
11.23

–
11.25 11.25 11.26 11.22 11.21 11.22 11.22

-28.05 -27.97 -27.99 -27.92 -28.12 -28.18 -28.13 -28.15

Oct 31 08
11.32

–
11.35 11.34 11.35 11.32 11.31 11.32 11.31

0.81 0.85 0.84 0.79 0.84 0.85 0.87 0.85

Table 3: Expected time to default and the percentage change in the expected time
to default relative to previous month for different financial institutions. Panel A:
expected time to default perceived by the misspecification-averse agent. Panel B:
expected time to default under the reference model. The reference model parameters
are estimated using the Gibbs sampling procedure of Online Appendix for the time
period May 1987 through July 2007; the degree of aversion to ambiguity about the
underlying dynamics, θ−1d , and the degree of aversion to ambiguity about the filter
distribution, θ−1s , are estimated using the Metropolis-Hastings algorithm of Section
4.2 for the time period January 2004 through July 2007.
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Figure 1: Evolution of the five year CDS spreads for financial institutions over the
course of the crisis. Data source: Datastream
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Figure 2: Components of relative entropy between the reference and misspecified
models over time. Upper panel: entropy due to misspecification of the joint signals
and states dynamics; central panel: entropy due to misspecification of the current
period conditional probability; lower panel: total entropy. The solid line in each
panel is the three month moving average of the corresponding entropy measure.
The three vertical lines correspond, respectively, to the BNP Paribas announcement
in August 2007, the bailout of Bear Streans in March 2008 and the liquidation of
Lehman Brothers in September 2008. The reference model parameters are estimated
using the Gibbs sampling procedure of Online Appendix for the time period May
1987 through July 2007; the degree of aversion to ambiguity about the underlying
dynamics, θ−1d , and the degree of aversion to ambiguity about the filter distribution,
θ−1s , are estimated using the Metropolis-Hastings algorithm of Section 4.2 for the
time period January 2004 through July 2007.

30



0

12

24

36

48

60
BAC

J07 D07 J08 J09 A09 M10
800

860

920

980

1040

1100

0

40

80

120

160

200
BSC

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

0

20

40

60

80

100
Citi

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

0

80

160

240

320

400
GS

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

20

28

36

44

52

60
JPM

J07 D07 J08 J09 A09 M10
0

32

64

96

128

160

0

20

40

60

80

100
MER

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

0

20

40

60

80

100
MS

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

0

20

40

60

80

100
WB

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

0

8

16

24

32

40
WFC

J07 D07 J08 J09 A09 M10
0

20

40

60

80

100

Figure 3: Value of equity under the misspecified model (dashed line, right-hand scale)
and the observed value of equity (solid line, left-hand scale) of the different financial
institutions over time. The three vertical lines correspond, respectively, to the BNP
Paribas announcement in August 2007, the bailout of Bear Streans in March 2008
and the liquidation of Lehman Brothers in September 2008. The reference model
parameters are estimated using the Gibbs sampling procedure of Online Appendix
for the time period May 1987 through July 2007; the degree of aversion to ambiguity
about the underlying dynamics, θ−1d , and the degree of aversion to ambiguity about
the filter distribution, θ−1s , are estimated using the Metropolis-Hastings algorithm of
Section 4.2 for the time period January 2004 through July 2007.
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