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1. Introduction1

Yields in sovereign bond markets in emerging economies largely reflect the2

risk that a domestic borrower may default on foreign creditors since it does not3

in principle have any reason to care about the well-being of these creditors.4

But a sovereign borrower’s lack of welfare concern for its foreign lenders is5

not the only relevant friction that arises from the international nature of these6

markets: Information frictions also play a large role in cross-border financial7

transactions: Investors are likely to be less informed about payoff-relevant8

shocks in other countries (Hatchondo [2004], Van Nieuwerburgh and Veldkamp9

[2009], or Bacchetta and van Wincoop [2010]).10

This is true even for institutional investors, as few developing countries11

fully adopt International Public Sector Accounting Standards (IPSAS) or12

other international standards for government finance reporting. Further, their13

sovereign bonds are usually traded over-the-counter with limited information14

and thin trading activities relative to assets traded in exchanges, such as stocks.15

Nevertheless, payoff-relevant information can often be acquired at a cost.16

In this paper we seek to understand how costly information acquisition17

affects the equilibrium pricing of sovereign default risk. To do so, we construct18

a model in which the sovereign’s default and borrowing decisions as well as19

the lenders’ acquisition of payoff-relevant information are jointly endogenous:20

Lenders always observe some public states, such as output growth and debt21

levels, but cannot directly observe other potentially payoff-relevant states when22

making investment decisions, such as the recovery rate in the event of default23

or the severity of the recession implied by default in the borrowing country.24

1



Information regarding these sorts of shocks can only be acquired at a cost.25

In any market-based model of costly information acquisition, one encoun-26

ters the dilemma highlighted by Grossman (1976), which is that market prices27

tend to reveal too much information and thus kill incentives to acquire in-28

formation in the first place. We circumnavigate this issue by separating the29

information acquisition decision from market participation, much like Angele-30

tos and Werning (2006). An independent contractor/forecaster interested only31

in the integrity of its forecast such as the credit rating agencies in Manso (2013)32

or Holden et al. (2018) conducts the information acquisition. As market par-33

ticipants, lenders pay a small fee to gain access to the information that is34

obtained by the forecaster. The usefulness of the information depends on the35

acquisition efforts of the forecaster in that state. Real world analogues of the36

forecaster might be financial software and analytics firms, such as Bloomberg37

or Reuters; alternatively they could be public, supernational entities such as38

the IMF or the World Bank, or credit rating agencies such as Moody’s or S&P.39

Our calibration strategy reflects this market framework.40

Our principal contributions are twofold: First, we demonstrate that the41

model generates substantial heteroskedasticity in the country-risk spread with-42

out assuming it in any of the exogenous fundamental processes and that its43

novel concomitant predictions are consistent with the data. Time-variation in44

macroeconomic volatility is a well-documented empirical fact (Justiniano and45

Primiceri [2008] or Bloom [2009]) but little has been done as of yet to un-46

derstand its causes,1 despite the fact that Fernández-Villaverde et al. (2011)47

1Some notable recent exceptions are Seoane (2015) and Johri et al. (2015), but these papers explain time-
varying volatility in the country risk spread by assuming exogenous time-varying volatility in fundamentals.
Sedlacek (2016) provides an alternative solution, but it generates time-varying cross-sectional dispersion
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show that second-moment fluctuations in the country-risk spread can have48

substantial first-moment effects on investment and output.49

Second, we propose a model-free metric of heteroskedasticity in the coun-50

try risk spread that we call the Crisis Volatility Ratio (CVR) and use it to51

demonstrate the efficacy of our model against alternative models. The CVR52

has a simple construction: It is the sample average of the ratios of sample53

volatilities surrounding precisely defined ‘crisis’ events. Its interpretation is54

even simpler: It is a scalar measure of how much more volatile a country be-55

comes on impact in the aftermath of a crisis event. If the underlying process56

features no heteroskedasticity (e.g., an AR(1)) the CVR will approach unity57

as the sample size grows. We show that the average CVR for a large panel58

of emerging markets is 2.36.2 Alternative sampling windows and crisis defi-59

nitions change this figure only mildly. Our model can deliver CVRs in this60

range, where alternative models typically fall short, even those designed to61

generate heteroskedasticity.62

The intuition behind the heteroskedasticity in our model is as follows:63

During normal times when debt levels are low and output growth is high,64

the forecaster has little to gain from information acquisition regarding un-65

observed shocks since default risk is negligible for most of their realizations.66

Consequently, lenders receive little to no accurate information regarding these67

shocks. They assume them to be at their mean when pricing default risk,68

which implies that bond yields do not respond to their realizations and spread69

volatility is lower. However, during periods with high debt levels and low70

among firms. Chari and Kehoe (2003) also show that investor herding behavior can increase uncertainty
during crises.

2See Table 2.

3



growth, i.e., crises, the forecaster more carefully studies the borrower and its71

associated default risk since unobserved shocks may substantially affect default72

risk. Hence, lenders acquire additional information about these shocks, which73

then become priced. This implies that bond yields do respond to realizations74

of unobserved shocks during crisis times, which increases spread volatility.75

To test our model’s quantitative performance, we calibrate it to Russia. We76

select Bloomberg as our empirical counterpart for the forecaster. Bloomberg77

not only provides investors with information about sovereign borrowers, but78

also provides a novel dataset that they call ‘news-heat,’ that we use to iden-79

tify information costs. News-heat tracks Bloomberg publications on sovereign80

borrowers as well as reading and searching activities on Bloomberg terminals,81

but is only available from 2008-2016. In this period, Russia featured a CVR82

of 2.46, which is within the typical range of an emerging market. Our model83

can match this moment without targeting it. Further, the CVR is primarily84

explained by state-contingent information acquisition: A comparative static85

exercise reveals that the CVR is higher for intermediate information costs than86

it is for either free information (1.85) or infinitely costly information (1.10). It87

is also a substantive improvement over both an alternative calibration with no88

unobserved information flows, which yields a CVR of 1.90, and an estimated89

AR-ARCH-M model3, which yields a CVR of 1.38.90

Finally, we test our model’s predictions more broadly. Using a combined91

panel dataset of EMBI and news-heat for 28 countries (2008-2016), we use92

regression analysis to show that increased information flows are associated with93

3Among the GARCH-class models, the data tend to favor the AR-ARCH-M, which is why we contrast
our model to this.
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greater spread levels and spread volatility. The effect is state-contingent and is94

only statistically significant during crises, which accords with the predictions95

of our model.96

Our focus on relations between a single sovereign borrower and its lenders97

over time and the implications for the ergodic price distribution distinguishes98

our analysis from the related work of Cole et al. (2016). These authors also99

explore a model of costly information acquisition in sovereign debt markets,100

but their focus is static. They highlight the potential for this channel to cause101

contagion effects across many countries and generate multiplicity. Angeletos102

and Werning (2006) and Carlson and Hale (2006) also explore how market-103

based information acquisition or rating agencies affect equilibrium multiplicity104

or uniqueness in variations on the canonical model of Morris and Shin (1998).105

Durdu et al. (2013) explore the impact of news shocks in a similar model. Re-106

cently, Bassetto and Galli (2017) also study the role of information on sovereign107

bond pricing in a two-period Bayesian trading game, focusing on implications108

for inflation risk. Cole and Kehoe (1998), Sandleris (2008), Catao et al. (2009),109

and Pouzo and Presno (2015) have all shown that information asymmetries110

are key to explaining various features of sovereign bond markets, though none111

have considered the consequences of allowing information to be gathered at a112

cost.113

This paper is also connected to a growing literature on corporate finance,114

stock returns, and investor information acquisition. Dang et al. (2015) and115

Babenko and Mao (2018) consider optimal security design problems in the116

financing of a risky investment with information acquisition. Pagano and117

Volpin (2012) show that issuers of asset-backed securities may choose to release118
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coarse information to enhance primary market liquidity, even if it reduces119

secondary market liquidity. Barber and Odean (2008), Da et al. (2011), Ben-120

Rephael et al. (2017) show empirically that investor attention predicts stock121

returns and Cziraki et al. (2018) show that the geographic distribution of122

attention matters for stock returns. Most similar to our work are Vlastakis123

and Markellos (2012), Andrei and Hasler (2015), and Dimpfl and Jank (2016)124

who show that an increase in investor attention corresponds to an increase in125

stock-return volatility.126

The remainder of this paper is divided as follows: Section 2 describes the127

model; Section 3 discusses the data and quantitative implementation of the128

model; Section 4 discusses the model’s key results; Section 5 tests the empirical129

predictions of the model in a broader dataset; and Section 6 concludes.130

2. Model131

We consider a small open economy model of endogenous sovereign default132

in the vein of Eaton and Gersovitz (1981). This is in part for tractability and133

in part to demonstrate our model’s applicability and compare results to the134

recent, expanding quantitative literature, e.g., Aguiar and Gopinath (2006),135

Arellano (2008), Hatchondo and Martinez (2009), or Mendoza and Yue (2012).136

There is a sovereign borrower who issues one-period non-state-contingent debt137

to a unit mass of foreign lenders. This borrower lacks the ability to commit138

to repay this debt in subsequent periods and will default if it is optimal to do139

so ex post.140

For clarity, we distinguish a random variable from its realization by placing141

a tilde over the former.142
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2.1. Shocks143

There are two shocks in this model. The first is a growth shock to the144

sovereign’s endowment, Yt = Y0 × Πt
s=1e

gs , where Y0 is given and the growth145

rate gt = (1 − ρ)µg + ρgt−1 + σgνt. νt is an iid standard normal shock and146

µg is the average growth rate. The endowment and its growth processes are147

publicly observed by everyone. We collect the publicly observed exogenous148

states into a vector st = {Yt, gt}. This vector follows a Markov process with149

transition density ft(st+1|st).4150

The second shock in the model is an iid shock, mt, to the recovery rate on151

defaulted debt. This shock is unobserved by all agents when they make debt152

issuance and demand decisions; information regarding it can only be acquired153

at a cost. In particular, with a certain probability a proposed swap takes place154

in states of default and credit-market-exclusion: The existing stock of debt is155

replaced by new debt with a face value being a fraction ht = min{αemt , 1− ε}156

of the original debt, where 0 < α < 1 and 0 < ε < 1 is fairly small such that157

all recovery rates are guaranteed to be less than unity. The sovereign then158

decides if it is willing to service these new bonds. If so, it re-enters credit159

markets. This debt recovery setup is also the approach taken by Hatchondo160

et al. (2016) in their analysis of dilution risk. For the benchmark, we assume161

that mt is normally distributed around zero with an unconditional standard162

deviation σm. When mt < 0, the recovery rate is in [0, α]; if mt ≥ 0, it is in163

[α, 1− ε]. Both α and σm will be chosen to match empirical recovery moments164

4Note that our endowment structure features permanent shocks to income following Aguiar and Gopinath
(2006). This is not crucial to the novel mechanism; the intuition goes through with transitory shocks in the
vein of Arellano (2008) as well.
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laid out in Benjamin and Wright (2009).165

2.2. Timing166

The timing of events is as follows: Period t begins with the realization167

of st, following which the sovereign makes a default decision. Conditional168

on repayment, it then chooses a level of debt issuance Bt+1 to maximize its169

expected utility prior to the realization of mt+1.170

Next, a professional forecaster, who observes the public states st and Bt+1,171

chooses the accuracy with which he acquires information about mt+1 given172

some information cost. He designs a signal of the unobserved shock, xt, and173

can pay a cost to increase its accuracy.174

Following the information acquisition decision, mt+1 and xt are jointly re-175

alized in the middle of period t. The market coordinates on the signal: Com-176

petitive lenders know both the signal and its accuracy, and then decide bond177

demand. The sovereign then determines an issuance price that clears the bond178

market and period t ends.179

Notice that we assume that the sovereign cannot change its bond sup-180

ply following the realization of mt+1.5 This allows us to focus on the role181

of information acquisition and avoid the complicated and, for our purposes,182

unnecessary signaling game that would ensue.183

2.3. Sovereign Borrower184

As is standard in the literature, we use a recursive, Markov-Perfect specifi-185

cation with limited commitment on the part of the sovereign. At the beginning186

5We do not specify whether sovereign gets to know mt+1 before or after the lenders do. Since the
sovereign decides its bond supply before mt+1 realizes and cannot change its issuance decision in either
case, it does not matter.
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of each period, it compares the value of repaying debt, VR,t, with that of de-187

fault, VD,t, and chooses the option that provides a greater value:188

Vt(st, Bt,mt) = max{VR,t(st, Bt), VD,t(st, Bt,mt)}

The sovereign has time-separable log utility6 over consumption and is a mo-189

nopolist in his own debt market. Given the timing assumption, we can express190

the value of repayment at the beginning of period t as follows:191

VR,t(st, Bt) = max
Bt+1∈Bt

Em̃t+1,x̃t

[
log (Ct(x̃t)) + βEs̃t+1|stVt+1(s̃t+1, Bt+1, m̃t+1)

]
(1)

subject to Ct(x̃t) = Yt −Bt + qt(Bt+1|st, x̃t)Bt+1

The determination of the issuance price schedule, qt(Bt+1|st, xt), will be dis-192

cussed in the market clearing section below.7193

When a default happens in period t, the sovereign ceases servicing the194

debt and is excluded from credit markets and faces positive, multiplicative195

output losses emax{0,−ψ0−ψ1gt}. These costs could be interpreted as the usual196

consequences of tightening credit conditions, a disruption of trade credit, or197

a banking slump (Mendoza and Yue [2012] or Sosa-Padilla [2012]). Following198

Arellano (2008), we allow proportional default costs to be state contingent.199

Our model also features recovery on defaulted bonds, as in Hatchondo et al.200

(2016). When a default happens, a debt swap is proposed with Poisson prob-201

ability φ and the sovereign can choose to accept it to return to credit markets202

or reject it to stay in financial autarky and wait for another proposal. The size203

6Our results do not require utility to be log. This assumption is for simplicity. Any concave function
would suffice.

7If the budget set is ever empty, either before or after the realization of xt, we follow the literature
standard and assume that the sovereign defaults. In the calibrated model, we can easily construct the set
Bt such that the budget set is never empty at any point in the state space and the upper bound on Bt never
binds.
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of the haircut in these proposals is the source of unobserved uncertainty in the204

period before default, i.e., ht ≡ min{αemt , 1 − ε} ∈ (0, 1). After default, the205

mt shock, and thus ht, is assumed to be constant until the sovereign accepts206

a proposal and returns to the credit markets. Under these assumptions, the207

value of default can be expressed recursively as follows:208

VD,t(st, Bt,mt) = log
(
Ct
)

+ βEs̃t+1|st [φVt+1(s̃t+1, htBt,mt) + (1− φ)VD,t+1(s̃t+1, Bt,mt)]

subject to Ct = Yt × emax{0,−ψ0−ψ1gt} (2)

where mt is assumed to be normally distributed around zero. Notice that209

the sovereign’s choosing to accept or reject a debt swap proposal is embedded210

in the term Vt+1(s̃t+1, htBt,mt). In particular, it may reject a proposal if211

its current endowment growth state makes it more valuable to remain in the212

default regime. Moreover, every time the sovereign rejects a proposal, the213

next proposal will further reduce the debt to be repaid by the same haircut214

rate. Hence, both the accumulated haircut by the time the sovereign accepts215

a proposal and the number of periods of continuous financial exclusion are216

endogenous and depend on how many times the sovereign rejects a proposal.217

It is worth noting that the repayment value does not take mt as an argument218

since mt determines the recovery rate, which is irrelevant should the sovereign219

choose to repay because it is iid. On the other hand, VD,t does take mt as an220

argument because it determines the size of the haircut when it is eventually221

proposed. Vt is a function of both VR,t and VD,t and hence it takes mt as an222

argument.223

We define the sovereign’s default decision with a binary operator:224

dt(st, Bt,mt) = 1{VR,t(st, Bt) < VD,t(st, Bt,mt)}
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2.4. Forecaster225

There is an inherent difficulty associated with market-based information226

acquisition problems: The price tends to convey too much information. Perfect227

Bayesian investors can infer all relevant information from market prices, which228

gives them no incentive to acquire information in the first place (Grossman229

[1976], Kyle [1985], or Dow and Gorton [2006]). We circumvent this problem by230

designing the market to operate with complete rationality and transparency on231

a signal of the true hidden information.8 No additional information regarding232

payoff-relevant states can be gleaned from the price besides what participants233

already know.234

In particular, we separate the information acquisition decision from bond235

investment, much like Angeletos and Werning (2006). We assume that all236

lenders are fully rational, but that each acquires information by employing237

the same contractor, whom we call the forecaster. In a sense, the forecaster238

serves as a market maker by coordinating market information. Veldkamp239

(2011) argues that information is a commodity that is difficult to obtain but240

essentially costless to disseminate. Our market set-up reflects this feature of241

information production by allocating the task to a single specialist. Once the242

information is produced, it is transmitted to all market participants. Real-243

world analogues of the forecaster would be financial media and analytics firms244

such as Bloomberg or Reuters. Alternatively, they could be interpreted as245

financial news or media outlets such as the Wall Street Journal of the Financial246

8The other popular option is to add unseen noise to the aggregate supply, e.g., Grossman and Stiglitz
(1980). In our model, however, supply is determined by the optimal behavior of the sovereign. Thus, there
is little plausible room for such noise.
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Times, credit rating agencies such as Moody’s or S&P, or supernational public247

institutions such as the International Monetary Fund.248

The forecaster has a technology capable of gathering information regarding249

the unobserved shock, mt+1, at a per-unit cost κ. He sells his services to250

lenders and sovereign as an independent contractor for a small fee, lt ≥ 0. For251

simplicity, we assume that the fee is cointegrated with the sovereign’s output.252

A subscription fee for such a service is not unrealistic. For instance, one pays253

a subscription fee to access IMF’s International Financial Statistics data or254

a Bloomberg terminal. We also assume for simplicity that lenders must pay255

this subscription fee to have access to the sovereign bond market, such that256

all lenders in this market have access to a forecaster-provided signal of the257

unobserved shock.258

Because the forecaster is interested in the integrity of its forecasts, much259

like the rating agencies in Holden et al. (2018) or Manso (2013), it actively260

weights this objective against information acquisition costs. In each period261

it produces a signal, xt, of the next period’s unobserved shock, mt+1. The262

signal and the unobserved true state are jointly normal, and the informa-263

tion contained in this signal is reflected in ρmx,t = corr(xt,mt+1) ∈ [0, 1],264

which is the forecaster’s choice.9 That is, the forecaster can modify the sig-265

nal to make it more or less informative about mt+1: More informative signals266

will feature a larger ρmx,t. For this reason we will call ρmx,t the accuracy267

or precision of the signal.10 The forecaster uses this information to pub-268

9Our restriction to signals with positive correlation is without loss of generality, since negatively corre-
lated signals have the same information content.

10This information structure is isomorphic to a Gaussian signal-noise model in which the forecaster
chooses the variance in the noise. We prefer our specification to this, though, since it features a closed
domain, i.e., an infinitely noisy signal would arise with some regularity along the equilibrium path.
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lish a forecast (distribution) over all future states, observed and unobserved:269

f̂t(st+1,mt+1|st, xt) = ft(st+1|st)gρmx,t(mt+1|xt). The goal is to minimize the270

mean-square-error of the default-risk forecast under this distribution.271

In our benchmark, we assume mt+1 and xt to be orthogonal to observed272

states st, but our framework is flexible enough to allow for some correlation273

with no change in the mechanism. The forecaster would simply acquire the274

residual information that is not conveyed through observed states.275

The information required to obtain a signal is given by a time-invariant276

function, I(ρmx,t), which is increasing in signal accuracy. The per-unit cost277

of information is a constant κ. In the benchmark, we assume that I(·) is the278

reduction in entropy in mt+1 that comes from knowledge of xt, but our results279

do not hinge on this functional form.11 Any increasing function would work.280

We formulate the forecaster’s information acquisition problem as below,281

given st and Bt+1:282

min
ρmx,t∈[0,1]

Ex̃tEm̃t+1,s̃t+1|x̃t,st
[
dt+1(s̃t+1, Bt+1, m̃t+1)− d̄t+1

]2
+ κI(ρmx,t) (3)

subject to d̄t+1 = Em̃t+1,s̃t+1|st [dt+1(s̃t+1, Bt+1, m̃t+1)]

where dt+1(·) is the binary default identifier.12 To see the benefit of information283

acquisition, notice that the variance of the interior expectation is decreasing284

in ρmx,t. Consequently, the variance in the forecaster’s default forecast can be285

reduced if he is willing to undergo costly information acquisition. When st and286

Bt+1 indicate a greater risk of default, acquisition of more accurate information287

11This notion of information was developed primarily by Shannon (1958) and applied to economics by
Sims (2003, 2006).

12We prefer to think of the objective as a utility rather than a resource cost, so we do not incorporate
their fees into the objective. Since the fee is cointegrated and we stationarize the model to solve it, such a
model would be isomorphic to ours.
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will be optimal, since the unobserved shock matters for the variance of the288

forecast. When these publicly known states indicate little to no default risk289

instead, the forecaster can save on information costs and provide imprecise290

or even orthogonal signals because mt+1 is adding little to no variance to the291

forecast.292

2.5. Foreign Lenders293

There is a unit mass of risk-averse foreign lenders who invest in risky294

sovereign debt. These lenders act competitively, similarly to Lizarazo (2013)295

or Aguiar et al. (2016a). Lenders arrive in overlapping generations and each296

lives for two periods. Each lender is endowed with wealth, wt, and pays the297

contractor fee, lt, to gain access to the forecaster’s signal, xt. Then, they solve298

a portfolio allocation problem to decide how much to invest in risky sovereign299

debt and how much to invest in a risk-free asset yielding a return, rt. We also300

follow Aguiar et al. (2016b) and assume that their wealth is cointegrated with301

sovereign output.302

Overlapping lenders can arrive in one of two states of the world: Sovereign303

inclusion in capital markets or sovereign default/exclusion. In states of inclu-304

sion, the sovereign supplies debt and the new lenders demand it; in states of305

default/exclusion, the old lenders supply debt on the secondary market and306

new lenders demand it. Thus, the primary market alone is active in periods307

of inclusion and the secondary market alone is active in periods of exclusion.308

2.5.1. Primary Market Demand309

Given the above setup, investor i takes the bond issuance price, qt, as given310

and solves the following problem, knowing public states st and Bt+1 as well as311
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the signal xt and its accuracy ρmx,t = ρt(st, Bt+1):312

max
bi,t+1

Es̃t+1,m̃t+1|st,xt

[
c1−γL
i,t+1

1− γL

]
(4)

subject to ci,t+1 = (wt − lt − bi,t+1qt)(1 + r) +

bi,t+1 [1− dt+1(s̃t+1, Bt+1, m̃t+1) + dt+1(s̃t+1, Bt+1, m̃t+1)qD,t+1(s̃t+1, Bt+1, m̃t+1)]

where qD,t+1(s̃t+1, Bt+1, m̃t+1) is the price in the secondary market of a bond313

that has been defaulted on. Notice there is no Bayesian extraction problem314

to be undertaken as in Lucas (1972), Grossman (1976), or Bassetto and Galli315

(2017), since the forecaster has coordinated market expectations on its noisy316

signal.317

We denote aggregate bond demand in non-defaulting periods by:318

BD,t+1(st, xt, Bt+1, qt) ≡
∫ 1

0

b?i,t+1(st, xt, Bt+1, qt)di.

Though we use the i-index to denote individual investors, there is no hetero-319

geneity among them, so the indexing will be irrelevant in the benchmark; the320

same will be true for the secondary market.321

2.5.2. Secondary Market Demand322

A lender who purchases a bond on the secondary market during a period of323

sovereign exclusion also faces uncertainty. One of three things can happen: (1)324

Next period there is no proposed swap and the creditor sells all her holdings on325

the secondary market, i.e., bi,tqD,t+1; (2) Next period there is a proposed debt326

swap and the sovereign accepts, in which case the creditor receives payment327

on a fraction of the bond, i.e., bi,tht; and (3) next period there is a proposed328

debt swap and the sovereign rejects, in which case the secondary bond supply329

shrinks by ht and the creditor sells her reduced holdings at the secondary330

market price, i.e., bi,thtqD,t+1.331
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Given our recovery set-up spelled out above, secondary bond demand at a332

given price, qD,t, is determined as follows:333

max
bi,t

Es̃t+1|st,mt

[
c1−γL
i,t+1

1− γL

]
(5)

subject to ci,t+1 = (wt − lt − bi,tqD,t)(1 + r) + (1− φ)bi,tqD,t+1(s̃t+1, Bt,mt)

+ φbi,tht [1− dt+1(s̃t+1, htBt,mt) + dt+1(s̃t+1, htBt,mt)qD,t+1(s̃t+1, htBt,mt)] ;

ht = min{αemt , 1− ε}.

Notice that in this market mt is constant and already known, with public334

states st and Bt+1. Despite this, we assume that investors’ subscription and335

access to the forecaster stand and thus still pay the contractor fee lt.336

2.6. Market Clearing337

Once the information structure is chosen by the forecaster, the signal is338

realized and distributed to all lenders, who then enter a competitive market339

with a common information set. The sovereign issues its predetermined debt340

stock, Bt+1 at the highest possible price. Primary market clearing requires341

that BD,t+1 = Bt+1. This yields a pricing schedule identical in structure to342

that in Aguiar et al. (2016b) but with the inclusion of the signal realization343

as an additional state.344

The forecaster plays no role in the secondary market since they can mitigate345

no risk for buyers or sellers there. Again, lenders will be representative and346

the market price, qD,t will adjust until BD,t = Bt, where BD,t is given by the347

solution to Equation 5.348
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2.7. Equilibrium Definition349

Definition 1. A Markov Perfect Equilibrium is a set of functions,350

{Vt(st, Bt,mt), VR,t(st, Bt), At(st, Bt), VD,t(st, Bt,mt), ρt(st, Bt+1), qt(Bt+1|st, xt), qD,t(mt, st, Bt)}∞t=0351

such that (1) VR,t(st, Bt) and VD,t(st, Bt,mt) solve Recursions 1 and 2 and im-352

ply the policy353

Bt+1 = At(st, Bt) and Vt(st, Bt,mt) = max{VR,t(st, Bt), VD,t(st, Bt,mt)}; (2)354

ρt(st, Bt+1) solves Problem 3; (3) qt(Bt+1|st, xt) ensures that the primary mar-355

ket clears in states of non-exclusion, where bond demand is derived from Prob-356

lem 4; and (4) qD,t(mt, st, Bt) ensures that the secondary market clears in357

states of exclusion, where demand is derived from Problem 5.358

3. Quantitative Implementation359

To determine the impact that costly information acquisition has on the360

pricing of sovereign risk, we calibrate the model to match a set of empirical361

moments from Russian quarterly data between 2008 and 2016. During this362

time, Russia both had access to credit markets and underwent a large, salient363

crisis in late 2014 and 2015. The intuition, however, is general enough that we364

could perform the exercise for other countries. We solve the model using an365

iterative procedure over a discrete grid. Details regarding the solution method366

can be found in Appendix A.367

We draw data from three primary sources: First is the JP Morgan Emerging368

Market Bond Index (EMBI) database taken from Datastream; second is the369

World Bank database; and third is Bloomberg’s news-heat database.370
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3.1. Information Cost Identification371

First and foremost, to find a proper cost value per unit information, κ, we372

match the variability of information acquisition in the model and in the data.373

We find a value for κ that matches, in the model and the data, the fraction374

of periods in which intense attention is paid to the borrower country, where375

intense attention is defined as information flows greater than the midpoint.376

As information becomes infinitely costly, this fraction approaches zero; as it377

becomes free, this fraction approaches one. Further, this fraction increases as378

information costs decrease and thus identifies it.379

The model has a direct measure of information acquisition, I(ρmx). The380

literature has proposed many different empirical measures of ‘attention’ or in-381

formation acquisition ranging from news to trading volume to extreme returns382

to Google search trends.13 Given our model set-up, we instead select an empir-383

ical entity, Bloomberg, to serve as the forecaster, and invoke their news-heat384

data as an empirical proxy for information acquisition. Since Bloomberg ter-385

minal users are mainly financial professionals who are likely to have both the386

incentives and financial resources to react to important news, this news-heat387

dataset can be used as a proxy for investor attention on a specific equity and388

its underlying company or sovereign.14
389

Bloomberg news-heat data come in two types: One measures the daily390

number of its news stories on companies and sovereigns; the other measures391

its users’ news reading and news searching activities on Bloomberg terminals.15
392

13Barber and Odean [2008], Gervais et al. [2001], Seasholes and Wu [2007], or Da et al. [2011].
14See Ben-Rephael et al. (2017) for a composition of Bloomberg clients’ job titles and industries.
15Although Bloomberg does not track news-heat on bonds directly, according to Bloomberg one can still

measure investors’ attention on issuers by taking the news-heat data corresponding to the primary equity
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For instance, Ben-Rephael et al. (2017) use Bloomberg news-heat daily max393

readership data and find significant impact of institutional investors’ atten-394

tion on their trading behavior and stock price dynamics. To best mimic the395

structure of the model, we use Bloomberg daily total number of news story396

publications as our main indicator for investor attention, since it proxies for397

Bloomberg’s information acquisition efforts.16 It is similar to Bi and Traum398

(2016), who use the volume of newspaper articles related to fiscal policy as399

a measure of investor attention. This publication measure also has better400

data quality than the news-heat readership data in our case. The sample pe-401

riod ranges from 3/3/2008 to 3/14/2016 for 61 countries.17 We sum the daily402

publication data over a quarterly frequency and normalize each observation403

by the total number of publications in the entire dataset for that quarter.404

Consequently, our measure of attention is a quarterly time-series that can be405

described as a publication share. The fraction of periods with intense attention406

by this metric is 19%.407

3.2. Calibration408

To obtain the output process, we estimate via MLE an AR(1) process (ρg =409

0.1407, µg = −0.0062, σg = 0.1153) on dollar-valued GDP growth for Russia410

from 2008-2016 at a quarterly frequency. We target parameters α and σm411

in the ht function by ensuring that our truncated log-normal process matches412

both the mean and volatility of recovery data taken from Benjamin and Wright413

that is underlied by an issuer. We first use Bloomberg’s World Countries Debt Monitor to identify equities
that are associated with sovereigns and their debt, and then obtain news-heat data on these equities.

16In Section 5, we conduct formal econometric exercises on all emerging economies in a matched
EMBI/news-heat dataset of 28 countries.

17Historical data are missing for the periods of 8/22/2008–10/19/2008 and from 3/15/2016 onward.
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(2009) under the assumption ε = 0.1, which implies that the maximum possible414

recovery rate, 0.9, is the largest observed in the dataset. This procedure yields415

α = 0.377 and σm = 0.85.416

We further assume that the risk-free rate is fixed at 1% quarterly; that the417

lenders exhibit constant relative risk-aversion preferences with CRRA γL; and418

that φ = 0.083, which is an estimate used by Mendoza and Yue (2012) for an419

average duration of 6 years before returning to international bond markets.18
420

For simplicity, we also assume that lender wealth is co-integrated with output,421

as is the fee they pay to the forecaster, i.e., wt = (1 + f)Yt and lt = fYt, for422

some small but positive f , the value of which is irrelevant.19 The sovereign423

does not pay the forecaster since Bloomberg is our empirical analogue.424

We calibrate the remaining five parameters, {β, ψ0, ψ1, γL, κ}, using sim-425

ulated method of moments (SMM) to jointly match five moments: Average426

annual spread, annual spread volatility, average debt-service-to-GDP, the av-427

erage risk premium, and the fraction of quarters with intense attention. To428

compute the average risk premium, we follow Longstaff et al. (2011), who de-429

compose the spread into default risk and a risk premium as follows: After430

estimating their model with a risk-averse pricing kernel, they price the exact431

same default risk using a risk-neutral pricing kernel and back out the implied432

spread, and find that about 1/3 of the spread is a risk premium. We repeat433

this exercise in our model, computing the average spread demanded by a hypo-434

thetical risk-neutral lender, and target the ratio of this against our benchmark435

average spread.436

18We find, as do Hatchondo et al. (2016), that the sovereign takes the first deal proposed to exit autarky
with probability near unity.

19This structure removes the state-contingency of the fee in the stationarized model.
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These parameters are given in Table 1. Each parameter is primarily iden-437

tified by its corresponding target moment, though there are significant cross-438

partial effects. The resulting parameterization is fairly standard and only a439

couple of parameters require discussion. First, β = 0.85 may at first glance440

appear to be very low. However, it is actually higher than estimates from simi-441

lar models, e.g., Aguiar and Gopinath (2006) or Aguiar et al. (2016a). Myopic442

behavior is often required to generate sufficiently high default frequencies to443

justify empirical spreads, even with risk-aversion.444

Second, γL = 12.0 appears high relative to many business cycle models445

with power utility. Bear in mind, though, that lenders are overlapping and446

consume only in the second period. Thus, 1/γL does not translate to their447

intertemporal elasticity of substitution. Further, Hatchondo et al. (2016) con-448

struct a sovereign default model in which lender risk-aversion is distinct from449

intertemporal substitution and set it to be higher than ours: CRRA = 59.0.450

The model also generates reasonable non-targeted moments. Just as in451

Aguiar and Gopinath (2006) the ratio of consumption growth volatility to452

output growth volatility is greater than one (1.06), consumption is pro-cyclical453

(corr(Consumption,Output) = .78), and the trade balance is countercyclical454

(corr(Trade Balance,Output) = −.24).455

3.3. Novel Features456

Before we exposit the properties that are unique to this model, it is worth457

noting that along many dimensions it preserves key features of a standard458

quantitative sovereign default model. Bond demand as a function of issuance459

is downward sloping and resembles those in Aguiar and Gopinath (2006) or460

Arellano (2008) despite the added complexity of endogenous information ac-461
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quisition. Further, as in Aguiar et al. (2016a), better growth shocks lead to462

higher price schedules and higher debt issuance (Figures 1a, 1b). In terms of463

dynamics, the model again behaves as a standard model would: Leading up to464

a default is a series of benevolent growth shocks that induce higher borrowing.465

A default occurs when the sovereign accumulates a large amount of debt in466

this fashion and then experiences a severe and unanticipated drop in growth.467

What is novel in this model is the state-contingent acquisition of informa-468

tion: More information is endogenously acquired during times of crises. We469

can see in the information acquisition policy functions in Figure 2a that the470

forecaster pays attention at lower debt levels when growth is low. Notice fur-471

ther that for very high debt levels information acquisition drops off. This is472

because default is near certain in these regions, regardless of the realization of473

the unobserved shocks. Consequently, there is no point for the forecaster to474

pay a cost to learn about those shocks.475

The bond demand schedule across signal xt can be seen Figure 2b. For476

low debt levels, the forecaster does not acquire useful information about un-477

observed shocks; this implies that lenders do not pay attention to these unin-478

formative signals and thus prices do not react. Hence, there is no difference479

across the two price schedules. As debt levels rise, though, the forecaster480

begins to acquire useful information, the lenders start to make use of the valu-481

able signals, and the bond demand schedules begin to diverge according to the482

different signal values.483

Figure 3a provides a graph of optimal signal correlation leading up to a484

typical default event. We can see that attention increases as the default ap-485

proaches. Signal precision is relatively low in the periods prior to the event,486
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i.e., during non-crisis times. As observed states indicate that default risk is487

rising, however, the forecaster becomes more aggressive in its acquisition of488

information, increasing it from an average of about ρmx = 0.11 to ρmx = 0.16489

on the cusp of a default event.490

4. Results491

The acquisition of more information during crises has a number of implica-492

tions and results.493

4.1. Heteroskedasticity in the Country Risk Spread494

The primary result is that our model endogenously generates state-contingent495

variation in sovereign spread volatility. Spreads exhibit increased volatility496

during crises when lenders price the unobserved shocks more accurately rather497

than considering them to be at their mean, which they do during non-crisis498

times.499

4.1.1. New Metric: Crisis Volatility Ratio500

To assess our model’s ability to generate state-contingency in the spread501

volatility, we propose a model-free metric of heteroskedasticity that we call502

the Crisis Volatility Ratio or CVR.20 It is defined as follows: In a series of503

data, either simulated or empirical, let T̂x denote the set of all periods in which504

the change in the spread from the prior period is above the (1− x) percentile505

of its distribution for some small, positive number x. We follow Aguiar et al.506

(2016a) in calling such events “crises.” By construction they are much more507

20Typically, when measuring time-varying volatility, the literature imposes quite a bit of structure. For
instance, Melino and Turnbull (1990) and Fernández-Villaverde et al. (2011) measure the impact of time-
varying volatility in the context of a stochastic volatility model. Imposing this or another similar structure
to measure the quantitative efficacy of the model would be inappropriate in our case, since we know that
the data-generating process for the simulated data is not a stochastic volatility model.
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likely to happen than default events and are always observed in the data even508

if a default is not. With this notation, we define the CVR for a given crisis509

threshold x as510

CV Rx,w =
1

|T̂x|

∑
t∈T̂x

σ̂t:t+(w−1)

σ̂t−w:t−1

where σ̂t1:t2 is the sample standard deviation calculated using the periods from511

t1 to t2. This ratio compares the volatility in a window of w periods immedi-512

ately prior to a crisis to the volatility in a window of w periods after. Neither513

window includes the crisis itself, which is a change between periods. If the514

CVR is larger than one, then post-crisis periods tend to be more volatile than515

pre-crisis periods. Table 2 shows empirical CVRs for a panel of 23 emerg-516

ing markets with a variety of frequencies; additional details can be found in517

Appendix B. The average across them at a quarterly frequency is 2.36 when518

x = 2.5% and w = 5. It suggests that a typical emerging market features519

crises that more than double the volatility on impact.520

We define the CVR here for the country risk-spread and restrict attention521

to this case because it most directly reflects the predictions of our model. It522

is worth noting, however, that the structure could easily be generalized to523

capture other forms of heteroskedasticity. For instance, if a researcher were524

working with a series of hp-filtered output or output growth, she could define a525

crisis as any period falling in the lowest x percentile of the change distribution526

and then construct the CVR accordingly.527

To give a sense of the metric, any AR(1) process would feature an average528

CVR equal to one regardless of x or w, since the volatility of the innovation is529

independent of any prior observation. However, a model designed to generate530

heteroskedasticity, such as an AR-ARCH or an AR-ARCH-M model, will fea-531
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ture CVRs greater than unity. To see this, we simulate both AR-ARCH and532

AR-ARCH-M models defined as follows:21
533

st = κ0 + ρsst−1 + γσt + σtεt, and σt = ω + α1ε
2
t−1

where st is the spread, εt is a sequence of iid errors following N(0, 1). Notice534

that α1 governs the persistence of volatility in the above model and γ deter-535

mines the impact of volatility on spreads. An AR-ARCH simply sets γ = 0536

where an AR-ARCH-M allows it to be non-zero. We then calculate CVRs537

from simulating these two models for 1.5 million periods under different pa-538

rameterizations of (α1, γ).22 Across different parameter pairs of (α1, γ), we539

set the AR parameter at ρs = 0.6 and adjust κ0 and ω until the simulated540

series has both a mean of 2.9% and a volatility of 1.4%, which is consistent541

with the spread data for Russia. In Table 3, we report the CVR comparative542

statics and demonstrate that these models indeed can generate CVRs greater543

than unity, but in this case a large γ is required to bring the CVR into the544

empirically relevant range.545

4.1.2. CVR Comparison546

For our benchmark, we first compute the CVR for the Russian data (the547

first column in Table 4). We can see that heteroskedasticity is a strong feature548

of the data by this metric: When x = 2.5% and w = 5, the CVR in the data549

is 2.46. Russia in this period is typical of emerging markets in general, since550

Table 2 tells us that this figure is within 10% of a standard deviation from the551

21An AR-GARCH-M or a similar variation could also be used to generate heteroskedasticity with similar
results. We favor an ARCH to a GARCH specification for two reasons: First, the CVR behaves quantitatively
very similarly across both; second, when we do estimate this model, the EMBI data appear to favor an ARCH
to a GARCH, at least for the case of Russia. When we allow for the additional GARCH parameter, the ML
procedure routinely sets it to zero, i.e., its lower bound.

22Note in order for the model to be stationary, α1 is bounded above by unity. The same sequence of
innovations is used across all parameterizations.
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mean. A non-zero CVR comes as no surprise, as strong time-variation in the552

volatility of the country-risk spread is documented by Fernández-Villaverde et553

al. (2011).554

Our benchmark model (the second column in Table 4) matches this CVR555

without having targeted it (2.46). If we broaden the definition of a crisis, as we556

do in the second column, then the empirical CVR increases whereas it decreases557

for our model. Nevertheless, there is still substantial heteroskedasticity by this558

metric. Further, nearly all of this is due to information acquisition: The third559

column provides a pair of CVRs for the case in which we set information costs560

to infinity and no information is ever transmitted. In this case the CVRs are561

barely above unity.562

To get a sense of our model’s relative performance, we consider three alter-563

native common existing models. First, we re-calibrate our benchmark model564

assuming infinite information costs and not matching the attention fraction;565

it is effectively a variation of Aguiar et al. (2016a) with recovery and default566

cost curvature. This alternate calibration can be found in Table 1 as well.567

By increasing default cost curvature, which increases spread volatility when568

unobserved shocks are not priced, the re-calibration is able to bring up the569

CVR significantly (1.90). This is because additional curvature makes default570

more costly in most states of the world and less costly in crises; thus, normal571

times imply spreads near zero but crises remain volatile. While this figure is572

an improvement, it is still quite short of both the data and the benchmark573

model.574

Next, we estimate via maximum likelihood an AR-ARCH and an AR-575

ARCH-M model on the Russian spread data. We report the CVRs in Table576
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4 as well.23 For these latter models, the parameters are estimated to capture577

not only the first two spread moments, mean and variance, as our benchmark578

model does, but rather the entire spread distribution. Nevertheless, both the579

AR-ARCH and the AR-ARCH-M yield CVRs less than 1.4, which is also short580

of both the data and the benchmark model. While these models, designed to581

generate conditional heteroskedasticity, can generate CVRs in the empirically-582

relevant range, they do not at the maximum likelihood parameters.583

4.2. Comparative Statics584

Further evidence of the power of costly information acquisition to generate585

heteroskedasticity in the country risk spread can be found in Figure 4a, which586

gives the CVR for a wide range of different information costs. It makes clear587

that the CVR is hump-shaped in the information cost: When the information588

cost is low unobserved shocks are priced often, even during normal times;589

when the cost is high, such shocks typically never get priced, even during590

crises; hence, in both cases CVRs are low. This highlights that it is the591

state-contingent nature of costly information acquisition that is important for592

generating heteroskedasticity, as opposed to mere transparency.593

The CVR is not the only model moment affected by information costs.594

The most relevant affected moments are shown in Figure 4b, which provides595

a comparative static of how the model responds to an array of information596

costs. These moments consist of the median spread, the spread volatility, and597

the attention fraction. As information costs decrease, both the fraction of598

time spent paying attention to the sovereign and the spread volatility increase599

23Parameter estimates and associated confidence bands can be found in Appendix C.

27



significantly. The intuition for the former is trivial and was in fact used for the600

calibration; the intuition for the latter is that cheaper information means that601

unobserved shocks are priced more often through the signals instead of being602

considered at their average. This naturally increases overall spread volatility.603

The median spread also falls with information costs. This is because the604

risk premium demanded by the lenders falls as greater information flows re-605

duce uncertainty generated by mt+1. And this reduction in the risk premium606

happens in most states of the world i.e. non-crisis times, which brings the607

median spread down. This result accords with the findings of Bernoth and608

Wolff (2008) and Iara and Wolff (2014) that increased transparency tends to609

reduce borrowing costs.610

It is worth noting, however, that average spreads remain fairly flat across611

information costs. While the median falls with information costs, crises be-612

come more severe in terms of spread levels. These two effects tend to cancel613

out in the computation of the average. Other moments that are relatively614

invariant to information costs are average debt levels and default frequencies,615

both of which hover around their benchmark levels for the relevant set of in-616

formation costs. This is because the sovereign here behaves as in Aguiar et al.617

(2016a), borrowing until the average spread becomes prohibitively high. Since618

the sovereign is not very risk averse (CRRA = 1.0) he does not delever in619

response to the increased volatility induced by lower information costs. As a620

consequence, debt levels and, through them, default risk and average spreads,621

remain largely unchanged.622
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5. Empirical Analysis623

The calibrated model yields interesting implications and may leave one624

wondering whether these results are specific to our benchmark calibration or625

whether they hold more generally. Figure 5 shows a positive co-movement626

between investor attention and sovereign bond spreads for a broad range of627

countries.628

To more formally test how sovereign bond spread moments relate to investor629

attention, we conduct a reduced-form empirical analysis. We estimate the630

following equation using the daily EMBI spread and Bloomberg publication631

share data over the period of 2008/3/3–2016/3/14 for 28 emerging economies:632

Bit = β0 + β1IAit + β2IAitCrisisit + β3zi + εit (6)

The dependent variable Bit is the daily measure of sovereign bond spread633

moments for country i. Here we use two different measures to get a robust634

picture: logged daily EMBI and its (rolling window) standard deviation. We635

include the standard deviation as a dependent variable because our theoretical636

model also predicts a rise in spread volatility when investor attention increases.637

The standard deviation is calculated over the current date and the previous638

four days. For the standard deviation regressions, we also include logged daily639

EMBI level as a control variable to remove any alternate impact from level640

effects.641

IAit is the measure of investor attention: the share of Bloomberg news642

stories of country i among those of all 61 countries on which Bloomberg reports643

news-heat data.24 In Appendix E, we also use Bloomberg readership data as644

24There is no particular trend shown in the news heat data for bloomberg’s publication behavior or for
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the investor attention measure in robustness checks.645

Crisisit is a dummy variable that is equal to zero during normal times646

and one during crises. A crisis is defined the same way as before when CVR647

is calculated, that is, a period in which change in the EMBI from the prior648

period is above the 97.5 percentile of its distribution, follow Aguiar et al.649

(2016a). We allow the publication variable to interact with the crisis dummy,650

which measures how the impact of the investor attention on bond spreads651

shifts during crises. zi is a country fixed effect.652

The first two columns in Table 5 show the daily-data regression results.653

We can see that the publication’s relations with the EMBI and its standard654

deviation are statistically significant and positive during the sovereigns’ crisis655

periods but not otherwise. This is precisely what the structural model predicts:656

During crises the correlation between investor attention and the bond spread657

becomes stronger; further, spread volatility increases with investor attention658

because more information is priced and the model suggests that this effect is659

stronger in crises when information flows contain more useful information.660

We then extend the baseline regression with more country-specific control661

variables. The estimated equation becomes:662

Bit = β0 + β1IAit + β2IAitCrisisit + β3zi + β4Xit + εit (7)

where the new addition in the equation, Xit, denotes a vector of control vari-663

ables and includes government balance as a share of GDP, debt-to-GDP ratio,664

RGDP growth, inflation, and unemployment rate. For the standard-deviation665

regression in the 4th column we also control for spread level. In order to run666

any country during our sample period. Nevertheless, we have run regressions with detrended data, the
results are consistent with those below when we use non-detrended data.
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the extended regression, quarterly data are used instead. More specifically, we667

use the quarterly J.P. Morgan EMBI data and calculate its standard deviation668

by averaging the daily EMBI’s standard deviation for each quarter. For pub-669

lication shares, we first sum up the daily number of Bloomberg publications670

to the total publications each quarter and then use the quarterly publications671

to calculate the shares. The Crisisit dummy is calculated as before but using672

quarterly EMBI data.673

The last two columns in Table 5 show the quarterly-data regression results.674

The publication’s relations with the EMBI and its standard deviation remain675

statistically significant and positive during the sovereigns’ crisis periods. More676

specifically, during crises, a one percentage point increase in a country’s pub-677

lication share is associated with a 38 percent increase in its EMBI and a 26678

percent increase in its EMBI’s standard deviation.679

6. Conclusion680

Costly information acquisition plays an important role in the pricing of681

sovereign risk. We constructed and calibrated a structural model of endoge-682

nous default and information acquisition using Bloomberg news-heat data683

as an attention metric to identify information costs. We demonstrated that684

costly information acquisition generates country-specific heteroskedasticity in685

the sovereign bond spread, developed a new model-free metric, CVR, to mea-686

sure such heteroskedasticity, and showed that our benchmark model outper-687

forms other models among other results. We also empirically verified that our688

model’s predictions bear out a broad panel of countries.689

Possible extensions to our framework could include rollover crises in the690
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vein of Cole and Kehoe (1996), long-maturity debt (Hatchondo and Martinez691

[2009] or Chatterjee and Eyigungor [2012]), or persistent unobserved shock692

processes. The intuition of our results should not change with any of these693

extensions, though the quantitative results may be affected. A more general694

exploration of the impact of information acquisition on the competitive pricing695

of risk would also prove enlightening.696
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Tables and Figures847

Table 1: Calibrated Parameters by Simulated Method of Moments

Benchmark Value Target Description Data Model
Discount factor β=0.85 Average Spread 2.9% 3.0%
Output cost (level) ψ0=0.0087 Average Debt-Service-to-GDP Ratio 3.9% 3.9%
Output cost (curvature) ψ1=0.0488 Spread Volatility 1.4% 1.3%
Lender CRRA γL = 12.0 (Avg. RN Spread)/(Avg. Spread) 67% 67%
Unit info cost κ = 3.861× 10−5 Fraction of Quarters with IA > Midpoint 19.0% 19.0%

κ =∞
Discount factor β=0.85 Average Spread 2.9% 2.9%
Output cost (level) ψ0=0.0078 Average Debt-Service-to-GDP Ratio 3.9% 3.9%
Output cost (curvature) ψ1=0.0899 Spread Volatility 1.4% 0.9%
Lender CRRA γL = 12.0 (Avg. RN Spread)/(Avg. Spread) 67% 67%
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Table 2: Empirical Crisis Volatility Ratios (1994-2018)

Country Q M I M II W I W II D I D II

Argentina 4.23 3.87 0.98 1.88 0.75 1.96 0.92
Brazil 2.09 2.09 2.48 2.09 1.36 1.79 1.51
Bulgaria 1.91 1.70 2.97 1.96 1.20 1.62 1.41
Chile 2.10 2.28 2.39 2.48 3.11 1.76 2.04
China 1.82 3.44 1.12 2.38 1.31 1.85 1.75
Colombia 3.38 1.91 2.54 1.70 1.14 1.60 1.22
Hungary 3.42 2.29 2.37 1.70 2.30 1.99 2.29
India 2.56 2.50 2.81 1.48 4.10 1.27 2.30
Indonesia 1.59 1.99 2.86 3.26 1.91 2.32 2.84
Latvia 1.14 0.38 1.33 1.17 0.98 1.34 1.38
Lithuania 1.49 0.85 2.06 2.15 0.66 1.67 0.68
Malaysia 3.07 3.44 3.11 2.85 1.69 1.81 1.99
Mexico 1.96 4.89 2.23 2.01 0.63 1.84 2.19
Peru 1.49 1.62 2.21 1.65 2.03 1.83 1.90
Philippines 1.23 3.06 3.25 2.57 3.57 1.88 2.63
Poland 2.33 1.70 2.69 1.85 2.14 1.78 3.70
Romania – 3.06 7.53 2.08 4.16 1.66 0.32
Russia 3.51 9.50 2.01 1.54 2.31 1.38 1.07
South Africa 1.54 1.82 1.63 1.90 1.48 2.07 1.11
Thailand 2.12 1.74 1.57 8.19 1.45 1.82 1.44
Turkey 1.10 1.75 1.32 1.34 2.30 1.68 1.25
Ukraine 2.51 2.00 4.29 1.90 1.65 2.38 2.45
Venezuela 1.38 1.19 1.64 1.56 1.64 1.90 1.24

Average 2.36 2.57 2.50 2.25 1.91 1.79 1.72
Stdev. 1.04 1.82 1.35 1.38 1.01 0.27 0.77

Notes: In the first column we use quarterly data and set the crisis threshold and window to x = 2.5%
and w = 5, respectively, as in the benchmark calibration. Other columns use different frequencies of the
same dataset. Q means quarterly, M monthly, W weekly, and D daily. A numeral I indicates the same
CVR parameters (x = 2.5% and w = 5) at alternate frequencies, whereas a numeral II indicates those
same frequencies with x and w adjusted to match that of the quarterly data, e.g., for the Monthly II,
x = 2.5× 1

3
% and w = 5× 3.

In the event that a crisis event occurs close to the beginning or end of the sample, we compute
the sample standard deviation using the minimum of the designated window size and the available data.
Using this approach, we are only unable to compute the CVR for Romania in the first column because
there is only one crisis in the sample and it occurs at the second observation. Consequently, we cannot
compute a sample standard deviation prior to the crisis.
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Table 3: Crisis Volatility Ratios: Comparative Statics with Simulated Data

Parameter AR-ARCH CVR Parameter AR-ARCH-M CVR

(α1, γ) = (0.05, 0.0) 1.18 (α1, γ) = (0.5, 1.0) 1.28
(α1, γ) = (0.25, 0.0) 1.17 (α1, γ) = (0.5, 5.0) 2.18
(α1, γ) = (0.5, 0.0) 1.22 (α1, γ) = (0.5, 10.0) 2.61
(α1, γ) = (0.75, 0.0) 1.38 (α1, γ) = (0.5, 20.0) 2.76
(α1, γ) = (0.95, 0.0) 1.58 (α1, γ) = (0.5, 50.0) 2.80

Notes: For all cases, we set the AR parameter at ρs = 0.6 and adjust κ0 and ω until the simulated series
has both a mean of 2.9% and a volatility of 1.4% as in the Russian spread data.

Table 4: Crisis Volatility Ratios: Data, Benchmark, and Alternate Models
with MLE

Data Benchmark κ =∞ κ =∞ (II) AR-ARCH AR-ARCH-M
CV Rx=2.5%,w=5 2.46 2.46 1.10 1.90 1.37 1.38
CV Rx=5.0%,w=5 2.67 1.97 1.06 1.65 1.38 1.39

Notes: AR-ARCH and AR-ARCH-M parameters are maximum likelihood estimates. Their details are in
Appendix C. κ = ∞ (II) is the case in which information costs are infinite but parameters are chosen via
re-calibration to match the same moments rather than using the benchmark parameters.

Table 5: Bloomberg Publication Share and EMBI at Crisis Times

Daily Quarterly
Expl. Variables log(EMBI) log(Std. Dev.) log(EMBI) log(Std. Dev.)

Pub. Share 0.00 0.19 −0.03 2.66
( 0.35 ) ( 0.21 ) ( 0.71 ) ( 1.87 )

Pub. Share× Crisis 2.23 5.83 37.74 26.38
( 1.11 ) ( 0.67 ) ( 13.63 ) ( 7.10 )

Other Controls None log(EMBI) Yes Yes
Country FE Yes Yes Yes Yes
Observations 9682 9508 445 302
Adj. R-squared 0.008 0.165 0.192 0.292

Note: All regressions include fixed effects and robust standard errors. Other controls include government
balance as a share of GDP, debt-to-GDP ratio, RGDP growth, inflation, and unemployment rate. For
both spread standard deviation regressions, we also include log(EMBI) as a control variable. Data is from
Bloomberg and CEIC. Standard errors in parentheses.
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Figure 1: Model Objects: Typical Behavior

(a) Equilibrium Bond Demand Function (b) Sovereign Policy Function

Figure 2: Information Acquisition: Model Objects

(a) Information Acquisition Policy Function (b) Equilibrium Bond Demand Function
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Figure 3: Typical Default

(a) Information Acquisition Before Default (b) Spread Before Default

Figure 4: Comparative Static: Information Cost

(a) Crisis Volatility Ratio (b) Other Relevant Moments
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Figure 5: Bloomberg Daily Publication Share and EMBI, 2008/3/3-
2016/3/14

Notes: News heat publication share is the number of Bloomberg news stories on a country divided by the
total number of Bloomberg news stories on all the 61 countries that Bloomberg news heat data report,
though in our empirical exercises we focus on only 28 emerging markets. There is a modest disconnect
between 2010 and 2012 for many countries that seems largely to be driven by the Eurozone crisis. This
crisis generated many news articles, which worked to push down the publication share of other emerging
markets, but also generated contagion effects, which worked to push up their spreads.
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Supplemental Appendices848

Appendix A. Solving the Model849

We consider the case of CRRA preferences for generality. We stationarize850

this model by dividing the sovereign resource constraint in every period by851

Yt, and the value functions by Y 1−γ
t . This delivers a convenient recursive852

structure which is independent of both time and the level of output. We853

denote b′ = Bt+1/Yt and c = Ct/Yt.854

vR(g, b) = max
b′≥0

Em̃′,x̃

[
c(x̃)1−γ

1− γ
+ βEg̃′|ge

g̃′(1−γ)v(g̃, b′, m̃′)

]
s.t. c(x̃) = 1− be−g + q(g, b′, x̃)b′

The value of default is scaled similarly, yielding855

vD(g, b,m) =
e(max{0,−ψ0−ψ1g})(1−γ)

1− γ
+

βEg̃′,m̃′|g

[
φeg̃

′(1−γ)v(g̃′, hb,m) + (1− φ)eg̃
′(1−γ)vD(g̃′, b,m)

]
h = min{αem, 1− ε}

This stationarization implies that we can express the default policy function856

using only stationarized model objects, since Yt does not influences the default857

decision once gt is known.858

d(g, b,m) = 1{e−g(1−γ)vR(g, b) < e−g(1−γ)vD(g, b,m)}
The benchmark model with sovereign’s log-preferences will simply be the limit-859

ing case as γ → 1. This will imply that the stationarized model will feature log860

flow utility and that the impact of g on the effective discount factor vanishes.861

The forecaster’s problem is already stationarized, since it deals only with862

the distributions. We can stationarize the lenders’ problem as well under the863

assumption that wt − lt = Yt.864

max
b′i

Em̃′,g̃′|xi,g

[
c
′1−γL
i

1− γL

]
s.t. c′i = (1− b′iq)(1 + r) + b′i [1− d(g̃′, b′, m̃′)]

The payoff structure changes for lenders who enter in a default, but the same865
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stationarizing procedure applies.866

We solve the model using a discretized grid over the state space: We ap-867

proximate the growth process using a Tauchenized Markov process with 25868

grid points; we use a uniform grid over debt levels from [0, .25] of 201 points;869

and we discretize mt, xt, and ρmx,t+1 across 11 points each. Relevant model870

moments remain virtually unchanged when we increase the size of this grid871

along any dimension.872

Appendix B. CVR Cross-country Statistics873

Here, we provide cross-country statistics for the CVR from the EMBI dat-874

set. Table 2 gives the CVR for the same panel of emerging economies consid-875

ered in the empirical work of Aguiar et al. (2016b). Different columns indicate876

different parameters for the CVR parameters. In the event that a crisis is near877

the beginning or end of a sample and this window is insufficient, we use the878

largest window possible. The only cases in which this is impossible is if the879

crisis is the second or penultimate period in the sample. This happens only880

once in the sample, for Romania at a quarterly frequency.881

In the first column we use quarterly data and set the crisis threshold and882

window to x = 2.5% and w = 5 respectively, as in the benchmark calibration.883

Across columns, Q stands for quarterly, M monthly, W weekly, and D daily.884

A numeral I indicates the same CVR parameters (x = 2.5% and w = 5) at885

alternate frequencies, whereas a numeral II indicates those same frequencies886

with x and w adjusted to match that of the quarterly data e.g. for the Monthly887

II, x = 2.5× 1
3
% and w = 5× 3.888

Table 2 suggests that a typical emerging market features crises that are889

more than twice as volatile as non-crisis times, with the quarterly average890

for the dataset coming in at 2.36 and most other metrics coming in near or891

above 2 as well. Even the lowest metric, Daily II, yields an average CVR892

of 1.72, implying that a CVR greater than unity is a strong feature of the893

data. We also provide the correlations across these different metrics in Table894

B.6. There is broad positive correlation across these metrics, particularly with895

regard to the quarterly series, which is what we use in the benchmark model.896

The Standardized Generalized Standard Deviation (SenGupta [1987]) is 0.86,897
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which is smaller than the volatilities of most of the individual series, which are898

given in the last row of Table 2.25 This indicates broad comovement across899

the seven series. Consequently, the exact frequency or parameter choice is not900

pivotal in the computation of the CVR.901

Table B.6: Empirical CVR (1994-2018): Correlation Table

Q M I M II W I W II D I D II

Q 1.00
M I 0.47 1.00
M II 0.29 0.03 1.00
W I 0.01 -0.08 -0.05 1.00
W II 0.31 0.13 0.57 -0.07 1.00
D I 0.03 -0.19 0.07 0.20 -0.21 1.00
D II 0.16 -0.09 -0.01 0.04 0.18 0.33 1.00

Appendix C. Alternative Models: Parameter902

Estimates903

We provide here in Table C.7 the maximum-likelihood parameter estimates904

for the Russian spread data used to compute the alternate-model-generated905

CVRs in Table 4. These results are robust to a wide range of initial parame-906

ters in the optimization, including all those from Table 3 designed to generate907

large CVRs. 95% confidence bands are estimated using the observed Fisher908

information matrix. Notice that in both cases, the conditional heteroskedas-909

ticity term, α1, is fairly large and statistically significant. The mean term in910

the AR-ARCH-M model, while positive, is not statistically significant.911

25For reference, if there was zero correlation across a set of series, the Standardized Generalized Variance
would simply be the geometric average of the variances of the series.
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Table C.7: ML Estimates

Parameter AR-ARCH AR-ARCH-M
κ0 .0239

[.0181,.0296]
.0209

[.0135,.0283]

ρs .5529
[.3516,.7542]

.5100
[.3028,.7172]√

ω .0068
[.0046,.0089]

.0067
[.0046,.0088]

α1 .7626
[.4422,1.0830]

.7534
[.4279,1.0789]

γ N/A .1835
[−.2151,.5821]

Appendix D. News-heat Data Summary Statis-912

tics913

Table D.8 shows the summary statistics of the raw Bloomberg publication914

data at daily frequency during the period of 2008/3/3-2016/3/14 for 28 indi-915

vidual emerging economies and for all the 61 countries available, respectively.916

Most countries have about 4 articles on Bloomberg each day. Surprisingly,917

Dominican Republic has a large number of articles by Bloomberg, most of the918

publications actually were around June 2010–March 2011 during its election919

year. Among all countries, Japan had the most articles (24552) on one day,920

March 11, 2011, when a magnitude-9 earthquake and tsunami hit the country921

and were followed by a nuclear meltdown.922
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Table D.8: Summary Statistics of Bloomberg Daily Publication Number on
Sovereigns (2008/3/3-2016/3/14)

Country Obs. Median Max Std. Dev.

Argentina 888 2 98 9
Brazil 768 4 126 14
Bulgaria 291 2 36 5
Chile 255 2 49 7
China 1695 44 649 46
Colombia 1428 2 56 4
Croatia 542 3 43 5
Dominican Republic 320 149 811 131
Ecuador 693 4 61 7
Hungary 761 3 58 7
India 1350 3 79 7
Indonesia 552 3 89 7
Kazakhstan 824 2 49 5
Lebanon 266 3 27 4
Lithuania 167 3 44 7
Mongolia 19 4 11 3
Nigeria 646 1 45 4
Pakistan 433 2 29 4
Panama 18 5 15 5
Philippines 273 3 57 8
Romania 348 3 47 6
Russia 1771 10 139 15
South Africa 303 2 49 7
Turkey 458 2 94 9
Ukraine 598 4 415 35
Uruguay 388 2 40 5
Venezuela 1182 2 123 9
Vietnam 273 1 63 6
All 61 Countries 34461 4 24552 417

Appendix E. Empirical Analysis: Robustness923

Bloomberg readership data has more missing observations than the publi-924

cation data, nevertheless, we use it to measure investor attention as robustness925

checks. It is defined as the maximum value of news heat, which reflects user926

activities (reading and searching news), on a specific country for the day. It927

is worth noting that news heat readership index does not report the absolute928

number of times an article being read, instead it measures readers’ interest in929

an issuer relative to the previous 30 days, based on the number of times people930

call up stories with the issuer’s equity ticker attached and the number of times931
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they run the ticker looking for news. A score of 0 indicates readership is not932

widespread or is below the 30-day average. Scores of 1-4 indicate readership933

is unusually high, with 4 representing the top of the range. The daily and934

quarterly regression results are reported in Table E.9 and are consistent with935

those in the previous tables. Bloomberg users become much more interested936

in an issuer during the issuers’ crisis periods.937

Table E.9: Bloomberg Readership and EMBI at Crisis Times

Daily Data Quarterly Data
Expl. Variables EMBI Std. Dev. EMBI Std. Dev.
Readership −2.49 0.06 1.17 0.01

( 4.21 ) ( 0.24 ) ( 1.38 ) ( 0.04 )
Readership× Crisis 36.01 6.78 7.00 0.10

( 12.56 ) ( 2.28 ) ( 1.06 ) ( 0.04 )
Other Controls No EMBI Yes Yes
Country FE Yes Yes Yes Yes
Observations 1269 1269 377 311
Adj. R-squared 0.020 0.319 0.445 0.300

Note: All regressions include fixed effects and robust standard errors. Other controls include government
balance as a share of GDP, debt-to-GDP ratio, RGDP growth, inflation, and unemployment rate. For both
spread standard deviation regressions, we also include EMBI as a control variable. Data is from Bloomberg
and CEIC. Standard errors in parentheses.
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