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Resumo
Há uma crescente literatura destacando a relação entre crises bancárias e episódios de
default soberano. Contudo, estimativas de efeitos causais de bancos em risco soberano, sob
hipóteses de identificação plausíveis, não existem nesse conjunto de trabalhos. Este artigo
busca preencher essa lacuna ao explorar choques exógenos de equity bancário provenientes
da divulgação de demonstrativos financeiros dos bancos. Dado que a surpresa relacionada
aos anúncios de resultados não é observável, nós aplicamos o método de identificação via
heteroscedasticidade. Usando dados brasileiros, encontramos que uma queda de 10% no
equity do setor bancário acarreta um aumento de probabilidades de default entre 1 e 3
pontos percentuais. Não encontramos efeitos significantes quando substituímos o setor
bancário pela ramo varejista, empresas estatais, ou o mercado de ações como um todo.
Portanto, os bancos parecem ser, de fato, fatores particularmente relevantes para o risco
soberano.

Palavras-chave: default soberano, bancos, demonstrativos financeiros, identificação via
heteroscedasticidade.



Abstract
A growing literature highlights the relation between bank crises and sovereign defaults.
However, causal estimates of the effect of banks on sovereign risk, under plausible identifying
assumptions, are badly missing from this literature. This paper attempts to fill this gap by
exploring the exogenous shocks to bank equity provided by bank earnings announcements.
Since the surprise in earnings announcements is not observable, we employ the method of
identification through heteroskedasticity. Using data from Brazil, we find that a 10% fall in
bank equity leads to an increase in default risk of around 1-3 percentage points. We do not
see any significant effect when we replace the banking sector by the retail industry, state
companies, or the stock market as a whole. Hence, banks seem to be indeed particularly
relevant drivers of sovereign risk.

Keywords: sovereign default, banks, earnings announcements, identification through
heteroskedasticity.
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1 Introduction

Banks hold substantial amounts of government debt, so shocks to sovereign default
risk have a large effect on bank equity. In turn, shocks to bank equity affect the capacity
of banks to channel funds to productive investment and to buy government bonds, so they
affect sovereign default risk. This link between sovereign risk and bank equity has been at
the core of policy discussions following the recent European debt crises and has received
the attention of a growing academic literature.

However, estimating the effect of bank equity on the risk of sovereign default is a
difficult task owing to the usual endogeneity concerns. Financial markets provide us with
information about the stock value of banks and the risk of sovereign default, but both
variables cause each other and are likely to be affected by several other variables that will
be omitted in a regression. Causal estimates of the effect of banks on sovereign risk, under
plausible identifying assumptions, are badly missing from this literature.

This paper attempts to fill this gap by exploring the exogenous shocks to bank equity
provided by surprises in earnings announcements. Since dates of earnings announcements
are set far in advance, it is plausible to assume that the unexpected component of bank
profits is exogenous to the risk of sovereign default. The surprise in earnings announcements
is not observable, but we circumvent this problem by using the method of identification
through heteroskedasticity (Rigobon and Sack, 2004). The critical identification assumption
is that, on earnings announcement dates, there is an extra shock to the value of banks
that might affect sovereign default risk (directly or indirectly), but no other shocks with a
direct impact on the sovereign default risk.

This paper explores data on banks of a single country: Brazil. This is a country
where sovereign default risk is an issue, the stock market is well developed, and corporate
governance rules are good enough to ensure that dates of earnings announcements are
exogenous for our purposes. From 2011 to 2018, the time period explored in this paper,
there is no sign of banking crises in Brazil. Given that most of the theoretical and empirical
literature on the relation between banks and sovereign risk explore credit and banking
crises contexts, it is unclear that banks are an essential element in the assessment of
sovereign risk for the Brazilian case.

In our analysis, the main regressor is an index of the stock value of banks that we
construct, which comprises the four main Brazilian banks. Considering that the banking
sector is highly concentrated in Brazil, such index is likely to serve as a great proxy for the
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performance of the sector as a whole.1 Earnings announcements of a bank have a direct
effect on its stock value but also affect expected earnings announcements of other banks.
The index captures both effects. Data on sovereign default risk comes from credit default
swaps (CDS) on Brazilian sovereign debt. From CDS spreads, we extract risk-neutral
default probabilities. This risk measure determines the probability of a credit event for
the Brazilian debt within a given time window. Since we work with 5-year sovereign CDS,
we obtain implied probabilities of default within 5 years following a given date.

The main result of this paper is that, in Brazil, a 10% fall in bank equity leads
to an increase in default probabilities of around 1-3 percentage points. We repeat this
exercise using the stock market as a whole, the retail sector (that could be a signal about
the current state of the economy), and an index of state-controlled firms (that could reveal
information related to the government). Interestingly, we do not find any significant effect.
The first stage of the regression is similar for all indices we consider, meaning that results
are not driven by earnings announcements being particularly important in the banking
sector.

Additional empirical exercises include sovereign CDS prices from other emerging
economies as dependent variables. The results imply that shocks to the stock value of
Brazilian banks also tend to affect sovereign default risk in other Latin American countries,
possibly through a contagion channel, while the value of other assets appear not to affect
CDS prices.

The results found for the banking sector remained valid even after a group of
robustness checks. First, we tested if effects on sovereign risk were driven by exchange rate
oscillations. Applying the same strategy of identification through heteroskedasticity, we
did not find any evidence of bank equity affecting exchange rates in Brazil. Therefore, that
is unlikely to be a mechanism or even a source of bias. We also used alternative methods
to calculate confidence intervals for the coefficients in our main model specifications and
they yielded very similar results. Moreover, we built two different types of equity indices
for banks: equally weighted and value weighted indices. Both alternatives implied the
same conclusions about the relevance of banking performance to sovereign default risk. At
last, we tested the existence of interactions between different sectors. Could retail equity
affect bank equity which, in turn, would interfere with default probabilities? Our results
did not bring any evidence of retailers or state-controlled companies significantly causing
any oscillation in bank equity. If, for example, we had found any evidence of retail equity
affecting banks, we should also expect that retail equity interfered with sovereign risk
(via bank equity). Nevertheless, our main results and robustness tests did not imply any
contradiction in that sense.
1 According to a report by the Brazilian Central Bank in 2017, most credit market categories had, until

that year, more than 70% of its share concentrated in 5 banks or less. One of these banks, Caixa
Econômica Federal, is a state-owned company, not publicly traded.
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Our results indicate, then, that banks seem to be indeed particularly relevant
drivers of sovereign risk: even in a scenario with no imminent threat of banking crisis, a fall
in the asset value of banks raises the risk of sovereign default. The discussion of mechanisms
underlying such effects is complex and very hard to assess based exclusively on the reduced
form approach brought in this paper. Although we provide a plausible interpretation for
these results, deeper analyses on mechanisms are left as possible extensions for this work.

1.1 Related Literature
A growing literature highlights the relation between bank crises and sovereign

defaults. Papers using historical data from many countries have shown several empirical
regularities. For example, banking crises often precede or coincide with sovereign default
episodes, and defaults lead to declines in private credit, especially when banks hold more
sovereign debt (Reinhart and Rogoff, 2011; Gennaioli et al., 2014; Balteanu and Erce,
2018). Similarly, Gennaioli et al. (2018) use a dataset on more than 20,000 banks – covering
20 sovereign default episodes between the years of 1998 and 2012 – to document a few
robust facts on the “dangerous embrace" of banks and governments. Despite the richness
of their data, the paper emphasizes difficulties of reaching causal identification in this
framework. We contribute to this literature by providing plausible causal estimates of the
effect of banks on sovereign risk.

Following the European debt crises, the feedback loops between bank equity and
sovereign risk have stimulated research on policies aiming at fostering financial stability
(Acharya et al., 2014; Brunnermeier et al., 2016). Quantitative models of sovereign debt
and default have also been incorporating these links (Bocola, 2016; Sosa-Padilla, 2018;
Thaler, 2019). Our estimates can inform these bodies of research.

Our identification strategy follows Rigobon (2003) and Rigobon and Sack (2004).
Most papers in this literature use dates of meetings of monetary policy committees as the
source of exogenous variation. Hébert and Schreger (2017) use dates of judicial decisions
about the battle between Argentinian government and vulture funds to estimate the effect
of sovereign risk on asset prices. To the best of our knowledge, this is the first paper
to employ the method of identification through heteroskedasticity using dates of profit
announcements as the source of exogenous variation.
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2 Data and Methodology

2.1 Methodology
The relation between equity value of banks and sovereign risk can be represented

as follows:

∆et = α∆st + κZt + εt

∆st = β∆et + Zt + ηt

where ∆et is a daily change in the equity value of banks, ∆st is a daily change in sovereign
risk, Zt are omitted variables with a direct effect on both variables, εt is a shock with a
direct effect on ∆et only and ηt is a shock with a direct effect on ∆st only.

In order to apply the method of identification through heteroskedasticity, we
partition our sample into two subsets: events (E) and non-events (NE). In our dataset, they
represent dates of earnings announcements and the rest of the business days, respectively.
The key identification assumptions are:

V arE(εt) > V arNE(εt), (2.1)

V arE(Zt) = V arNE(Zt), (2.2)

V arE(ηt) = V arNE(ηt). (2.3)

The variance of the shock εt during events – V arE(εt) – must be higher than
during non-events – V arNE(εt). Moreover, random variables Zt and ηt should have constant
variances across events and non-events. In other words, on dates of earnings announcements,
we must have an extra shock that affect directly the equity value of banks, but no extra
shocks that hit sovereign risk directly. In that case, what could ensure the exogeneity of
shocks in bank equity during dates of earnings announcements?

These events are set far in advance. Following the corporate governance requirements
imposed by Novo Mercado, N1 and N2 segments1 of the Sao Paulo Stock Exchange, all
firms must inform investors at year t about all the dates of financial statements publications
in year t+ 1. Earnings announcements of a bank have an obvious effect on the equity value
of banks, but are unlikely to reveal relevant information about other sources of sovereign
risk unrelated to the value of financial institutions.
1 Novo Mercado, N1 and N2 consist in listing segments for Brazilian stocks composed of companies that

voluntarily adopt certain standards of corporate governance. They work as certificates for firms with
good corporate governance practices. Each of these segments have different lists of requirements, but
all of them include the rule for financial statement publication dates to be set one year in advance.
Each bank included in our dataset belongs to one of these segments. See Appendix B for more details.
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One could argue that bank profits could contain relevant information about the
country’s macroeconomic scenario. This point, however, could be applied more broadly to
other types of firms. In order to examine this possibility, we run the same exercise using
the stock market index and another index that we construct focusing on retail firms, that
could perhaps provide relevant information about business cycles.

Assuming our definitions of events and non-events abide to hypotheses (2.1), (2.2)
and (2.3), the estimator proposed by Rigobon (2003) is easily derived by calculating the
covariance matrices of [∆st,∆et] in both subsets of our sample. We define Ωj, where
j ∈ {E,NE}, as the covariance matrix of bank equity and sovereign risk within a given
subset of observations:

Ωj :=
 V arj (∆st) Covj (∆st,∆et)
Covj (∆et,∆st) V arj (∆et)

 .
Then we define ∆Ω := ΩE − ΩNE, the difference between covariance matrices in

events and non-events. After calculating each term of these matrices we reach:

∆Ω = λ

 β2 β

β 1

 , where λ =
(
V arE(εt)− V arNE(εt)

(1− βα)2

)
.

There are multiple ways to estimate β, our coefficient of interest, by taking ratios
of terms in ∆Ω. Regardless of the method, we must have λ 6= 0. It is possible to test the
statistical significance of this inequality by verifying if V arE(∆et) > V arNE(∆et). We use
F-Tests and, as in Foley-Fisher and Guimaraes (2013), we use other types of tests for
differences in variances that do not impose normality assumptions over the distribution of
the data.

When λ 6= 0, observe that the following equality must hold:

β = ∆Ω1,2

∆Ω2,2
= CovE (∆st,∆et)− CovNE (∆st,∆et)

V arE (∆et)− V arNE (∆et)
.

A possible way to obtain β is to take the sample estimates of the variances and
covariances in the right-hand side of the above equation. This would be the standard
estimator of the identification through heteroskedasticity method. There is, however, a
very useful equivalence brought in Rigobon and Sack (2004) that provides an easier way
to estimate β. They show that the estimator described above can also be carried out in an
instrumental variables framework. In Appendix A, we provide a thorough description on
the procedure to reach this IV estimator, which we denote as β̂IV onward in this paper.
This new approach gives us several advantages: besides being easier to implement, it also
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allows us to add control variables in our regressions and to test hypothesis (2.1) using
first-stage statistics. For the latter, we follow the weak-identification F-Test of Stock and
Yogo (2002).

Although our identification strategy does not require the use of control variables,
the impact of earnings announcements on the value of the company is likely to be lower in
turbulent times, when information about past performance is less important. Hence, our
first stage regression is likely to be affected by measures of risk in the global economy. For
that reason, we follow Hébert and Schreger (2017) and use the VIX index and crude oil
prices as control variables. Every regression result displayed in this paper uses both of these
variables as controls. However, it is important to highlight that, without controls, coefficient
magnitudes remain very similar and regression results yield the same conclusions.

2.2 Data
In order to apply the identification strategy discussed above, our dataset is built

upon daily observations for bank equity values and sovereign risk measures. We also include
daily observations for exchange rates and for equity values of retail and state-controlled
companies, which are used for robustness checks and alternative regression specifications.
To define events and non-events, we use lists of dates for quarterly and annual financial
statement publications for each company comprising our dataset. For the sake of indices
construction, we also need annual equity information extracted from each company’s
balance sheets.

Therefore, our dataset consists of 1891 daily observations for a vast list of financial
variables: 18 stock prices listed in the Sao Paulo Stock Exchange2; credit default swap
(CDS) prices and spreads for 5-year3 Brazilian sovereign bonds and for other seven emerging
economies4; Brazilian real to US dollar (BRL/USD) exchange rate; VIX index; crude oil
prices (West Texas Intermediate); dummy variables for each company indicating their
dates of profit announcements; and balance sheet information for equity values in yearly
frequency. Our dataset contains information on 408 events of earnings announcements –
see Appendix B for more details on the distribution of these dates throughout the sample.

Our dataset covers the period between May 10, 2011 and December 28, 2018. This
is because corporate governance regulation for Novo Mercado, N1 and N2 segments were
2 The stock tickers are the following: ABEV3, B3SA3, BBAS3, BBDC3, BBDC4, BTOW3, ELET3,

ELET6, ITSA4, ITUB4, LREN3, MGLU3, PCAR4, PETR3, PETR4, SANB11, VALE3 and VVAR3.
3 Our choice for 5-year sovereign bonds follows Hébert and Schreger (2017), due to inconsistencies found

by them in different databases for CDS prices of different time horizons.
4 We use credit default swap prices for Brazilian sovereign debt in our main regression specifications, but

our dataset also comprises CDS prices for the following countries: Argentina, Chile, China, Colombia,
Mexico, Russia and South Africa. These variables for countries other than Brazil are used in alternative
specifications.
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formalized in different periods of time, but were in force simultaneously from May 10, 2011
onwards. Hence, we are confident about the exogeneity of earnings announcement dates in
our sample.

The data was extracted from two different sources: Bloomberg and CVM (The
Securities and Exchange Comission of Brazil).5 CVM is an entity managed by the Brazilian
Federal government, responsible for continuously monitoring activities and services of
security markets in Brazil. Due to its regulatory nature, CVM keeps track of dates and
exact time6 of document publications by joint-stock companies. For that reason, we
resort to CVM’s online database to extract balance sheet information and dates of profit
announcements.7 For CDS information, exchange rates, stock prices, VIX index and oil
prices we resort to Bloomberg’s database.

Most of our regression specifications use variables built over the data we collected.
First, we construct equity indices using different groups of stock prices, then take its
logarithmic differences in order to work with log returns. Moreover, as in Hébert and
Schreger (2017), we run regressions with risk-neutral default probabilities as a measure of
sovereign risk, which we build using CDS spread data. The following subsections discuss
these issues in detail.

2.2.1 Equity Indices

In order to check whether shocks to bank equity affect default probabilities, we
need to aggregate stock prices from different banks in an index for the equity value of
the sector. We employ a value weighted index. By normalizing stock prices to one at the
first period of the sample, then weighting each price using its equity value with respect to
the equity of all banks composing the index, we are able to measure the behavior of the
market value of the sector as a whole. We use the same procedure to build an index for
retailers and public companies, and use them in our alternative specifications. We also run
regressions with equally weighted indices in our robustness checks. In Appendix C, we
provide formal definitions for these variables.

The decision for the composition of the bank index is straightforward, since the
companies included correspond to all major players in the banking sector with stock market
participation. The decision for retailers relied mostly on data availability. All major retail
companies belonging to either Novo Mercado, N1 or N2 segments and with consistent
equity data in daily frequency from 2011 to 2018 were included in the set of firms. At
5 Originally named Comissão de Valores Mobiliários, in Portuguese.
6 The time details for these profit announcements are crucial for the definition of events. If a company’s

financial statement is made available at day t, but only at the end of it after markets were closed, then
we must define day t + 1 as an event. Price responses will only appear in the data of the following day,
after markets are open again.

7 Available at: “http://sistemas.cvm.gov.br/port/ciasabertas/consultdata.asp". At CVM’s data platform
in the link above, click on “Módulo IPE", then choose “Dados Econômico-Financeiros" category.

http://sistemas.cvm.gov.br/port/ciasabertas/consultdata.asp
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last, for public companies, we included only enterprises with stock market participation
and that are directly administrated by the public sector.8 Appendix C contains names of
companies and tickers composing each index.

2012 2013 2014 2015 2016 2017 2018
(Daily Observations: from 09/05/2011 to 28/12/2018)

0.5

1.0

1.5

2.0

In
de

xe
s

Public Companies
Retail
Banks
Ibovespa (Normalized)

Figure 1 – Equity Indices (Value Weighted) for Different Sectors

Results are in Figure 1. Sectoral indices are plotted along with the Bovespa index9,
so we can see how each sector performed when compared to the Brazilian market as a
whole. State companies had a poor performance when compared to other sectors, retailers
had a volatile performance between 2011 and 2018, and banks outperformed Ibovespa
through the vast majority of our sample (considering index levels). This reinforces the
idea that there were no signs of banking crises during the years comprised by our dataset.

2.2.2 Risk-Neutral Default Probabilities

There are several ways to measure sovereign risk. CDS prices and spreads by
themselves could already capture market expectations about default probabilities, since
this security works as an insurance for its buyer against credit events of Brazilian sovereign
debt – in the case of a security issued for Brazil. The empirical sovereign default literature
frequently extracts risk-neutral default probabilities from CDS spreads in order to use it in
econometric analyses, so that the interpretation of regression results is more straightforward.
As in Hébert and Schreger (2017) and Chari et al. (2019), we obtain risk-neutral default
8 Our main results are unaffected when other companies are included in the index (e.g., Vale), which

has the Brazilian government as its major shareholder.
9 Index known as Ibovespa, which is composed by a theoretical portfolio comprising about 60 stocks

that account for at least 80% of the volume traded in the last 12 months. The stocks composing the
portfolio are periodically revised.
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probabilities using the credit triangle method detailed in White (2013):

Prob(D < 5Y ) = 1− exp(−5λt), where λt = S5
t

1−R.

In the above expression, D is a random variable representing the time left before a credit
event in Brazil, implying that the left hand side of the equation stands for the probability
of a credit event happening within the next five years. λt are hazard rates at period t, S5

t

are 5-year CDS spreads at period t and R stand for recovery rates10, which are assumed
to be constant over time. We do not observe, however, recovery rates in our case. For that
reason, we build different variables for risk-neutral probabilities using different spread
measures (bid- and ask-spreads) and assuming different recovery rates.

Results displayed in Figure 2 show that different spread measures do not imply
visible differences in the graphed outcomes. Different recovery rate assumptions, however,
imply different levels for risk-neutral default probabilities. Nonetheless, our regressions
use first-differenced variables. Figure 3 shows that, although all recovery rates and spread
measures imply first-differenced variables centered at zero, higher recovery rates imply
higher volatilities.
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Figure 2 – Default Probabilities for Different Recovery Rates and Spreads

10 In the case of sovereign bonds, recovery rates correspond the expected value – as a percentage of its
original value – right after it emerges from default. This is a crucial parameter for CDS pricing.
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3 Results

3.1 Main Specifications
We begin by reporting the results of our main regression specifications using the IV

estimator and the bank index as a regressor. Under hypotheses (2.1), (2.2) and (2.3), these
specifications evaluate causal effects of the bank index on different sovereign risk measures,
such as logarithmic differences of 5-Year CDS prices and first-differences of risk-neutral
probabilities displayed in Figure 3. We also provide first-stage statistics and different test
results for differences in variances during events and non-events, i.e., evidence supporting
the relevance of the synthetic instrumental variable we are using.

Since the standard F-Test relies on quite strong hypotheses of normality of the
data, we also use tests that are more robust to multiple types of non-normal data – Levene
and Brown-Forsythe – in order to test for increased volatilities during events (Gastwirth
et al., 2009). In these regressions, we define as an event dates in which any bank comprised
by our index made any financial statement publicly available. Such dates are highlighted in
Figure 4 as red crosses. The tests for differences in variances are basically telling us if the
red crosses have a significantly larger volatility than the grey dots in Figure 4. We reject
the null hypothesis at a 1% significance level on every test used, meaning that earnings
announcements in fact imply increased volatility of the bank index.
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Figure 4 – Scatterplot with Log-Differences for Banks’ Index and CDS Prices
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In Table 1, 5YCDS is an abbreviation for logarithmic differences obtained from
CDS prices, while PA and PB represent first-differences in risk-neutral using ask-spreads
and bid-spreads, respectively. The number following PA or PB stands for the recovery
rate assumed to build such variable. Therefore, if we take the example of variable PB_50,
we know it represents risk-neutral probabilities built upon bid-spreads of CDS prices and
assumption of a 50% recovery rate. Rows titled as F-Test, Levene and Brown-Forsythe
display p-values of tests for differences in variances across subsamples of our explanatory
variable, the bank equity index. We also report standard first-stage statistics and other F
Statistics used in weak-identification tests proposed by Stock and Yogo (2002) – all of the
results weigh in favor of the relevance hypothesis.

Our results suggest the existence of causal effects of banks’ performance on different
measures of sovereign risk. We observe a coefficient statistically significant at a 1% level for
5-Year CDS prices. We also see coefficients statistically significant at either 1% or 5% levels
in all of our six regression specifications using risk-neutral probabilities. Overall, Brazilian
data implies that better bank performance is associated to smaller default probabilities
and lower CDS prices. Considering all specifications, coefficient estimates indicate that
increases of 1% in the banks’ equity index are associated to approximate decreases of 1.08%
in CDS prices and decreases of 0.12 to 0.29 percentage points in the probabilities of a credit
event within the following five years in Brazilian sovereign debt. Linearly extrapolating
these results, 50% decreases in the bank index would raise default probabilities from 6 to
14.5 percentage points.

The negative coefficients found in our main regressions confirm predictions of
theoretical models regarding effects of bank performance on sovereign risk. Balteanu
and Erce (2018) list several mechanisms through which such causality arises. First, the
diabolic loop mechanism, related to the possibility of governments bailing out banks close
to bankruptcy. These rescues pose an enormous burden to the solvency of the public
sector. Then, there are also macroeconomic channels directly related to bank performance
that could affect country risk. Banking crises are usually associated to reduced lending
capacity and credit crunches which, in turn, have direct effects on the economy as a whole.
These effects would be plausible candidates for mechanisms underlying results in Table 1.
Nonetheless, such argumentation relies on the existence of a banking crisis and that is
not the reality of Brazilian banks between 2011 and 2018. Quite the opposite, the sector
outperformed the market throughout most of our sample, as shown in Figure 1.

To our knowledge, the sovereign default literature does not have estimates of the
effect of bank performance on sovereign risk outside financial crises. Although Brazilian
banks were far from bankruptcy between 2011 and 2018, equity values for the sector could
be interpreted as a measure of financial crash risk. With solid bank performance, markets
would attribute smaller chances for a banking crisis and, thus, smaller default probabilities.
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As a result, higher bank equity would imply lower CDS prices and lower risk-neutral
probabilities.

5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
Banks (β̂IV ) -1.0824 -0.1311 -0.1817 -0.2891 -0.1199 -0.1655 -0.2608
Std. Error (0.4122) (0.0489) (0.0673) (0.1065) (0.0474) (0.0651) (0.1026)
P-Value 0.009 0.007 0.007 0.007 0.011 0.011 0.011
F-Test 0.001 0.001 0.001 0.001 0.001 0.001 0.001
Levene 0.004 0.004 0.004 0.004 0.004 0.004 0.004

Brown-Forsythe 0.004 0.004 0.004 0.004 0.004 0.004 0.004
Cragg-Donald F Stat 101.8 101.8 101.8 101.8 101.8 101.8 101.8

Kleibergen-Paap F Stat 6.049 6.049 6.049 6.049 6.049 6.049 6.049
1st Stage T Stat. 2.47 2.47 2.47 2.47 2.47 2.47 2.47

Events 107 107 107 107 107 107 107
Observations 1772 1772 1772 1772 1772 1772 1772

Table 1 – Regression Results using β̂IV for the Banks’ Index

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.

3.2 Alternative Specifications
Is it about banks? Our main results do not allow us to reject the hypothesis that

coefficients in Table 1 are simply a financial market phenomenon not exclusive for banks.
In order to clarify this matter, we applied the instrumental variable estimator using
multiple equity indices as regressors on different sovereign risk measures. Note that the
identification strategy discussed throughout section 2.1 also applies to sectors unrelated to
banks. The arguments justifying assumptions (2.1), (2.2) and (2.3) should work for any
type of stock, as long as it follows corporate governance rules referring to dates of earnings
announcements. This is crucial for us to interpret part of the results in this subsection as
causal effects.

We first report results found for the retail index. The three tests used to test
differences in variances during events indicate that financial statement publications are
associated to increased volatility in log-returns of retail companies’ stock prices. Test
statistics are either significant at a 5% or a 10% level, as seen in Table 2. Regression
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coefficients are now positive, indicating that increases in retail index are associated to
increases in CDS prices and implied default probabilities. Nonetheless, there was no
statistical significance for such results.

5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
Retail (β̂IV ) 0.2828 0.0639 0.0849 0.1187 0.0419 0.0540 0.0681
Std. Error (0.4440) (0.0638) (0.0868) (0.1314) (0.0613) (0.0834) (0.1259)
P-Value 0.524 0.316 0.328 0.366 0.494 0.518 0.589
F-Test 0.015 0.015 0.015 0.015 0.015 0.015 0.023
Levene 0.039 0.039 0.039 0.039 0.039 0.039 0.039

Brown-Forsythe 0.051 0.051 0.051 0.051 0.051 0.051 0.051
Cragg-Donald F Stat 84.22 84.22 84.22 84.22 84.22 84.22 84.22

Kleibergen-Paap F Stat 4.74 4.74 4.74 4.74 4.74 4.74 4.74
1st Stage T Stat. 1.80 1.80 1.80 1.80 1.80 1.80 1.80

Events 105 105 105 105 105 105 105
Observations 1772 1772 1772 1772 1772 1772 1772

Table 2 – Regression Results using β̂IV for Retail’s Index

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.

In Table 3, we report results for the public company index. One could argue that
state-controlled companies performance should reflect some dimension of government’s
revenue or even bring information about its management competence. In that case, we
should expect significant negative coefficients in our regressions. However, results in Table
3 display patterns very similar to what was found for retailers: statistically significant
increases in variances during events and regression coefficients without any significance.

We also apply the IV estimator to a much broader equity index, the Bovespa
Index or Ibovespa. The logic behind such regression is to try to capture possible effects of
Brazilian stock markets as a whole in the country’s sovereign risk. This index comprises
equity of multiple sectors, including banks. For that reason, we cannot disentangle the
coefficient found for Ibovespa into effects of different sectors. In fact, by the construction
of Ibovespa, the results reported in Table 1 certainly influence coefficients displayed in
Table 4.
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5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
Public (β̂IV ) 0.0419 0.0070 0.0100 0.0180 -0.0035 -0.0048 -0.0069
Std. Error (0.3001) (0.0458) (0.0627) (0.0958) (0.0414) (0.0565) (0.0859)
P-Value 0.889 0.879 0.873 0.851 0.932 0.933 0.936
F-Test 0.012 0.012 0.012 0.012 0.012 0.012 0.012
Levene 0.003 0.003 0.003 0.003 0.003 0.003 0.003

Brown-Forsythe 0.003 0.003 0.003 0.003 0.003 0.003 0.003
Cragg-Donald F Stat 139.83 139.83 139.83 139.83 139.83 139.83 139.83

Kleibergen-Paap F Stat 7.08 7.08 7.08 7.08 7.08 7.08 7.08
1st Stage T Stat. 2.66 2.66 2.66 2.66 2.66 2.66 2.66

Events 58 58 58 58 58 58 58
Observations 1772 1772 1772 1772 1772 1772 1772

Table 3 – Regression Results using β̂IV for Public Companies’ Index

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.

The definition of events in the case of this aggregate index is much more delicate,
since the stocks included in the previous indices – banks, public companies and retailers –
are all included in Ibovespa. In this case, an event for Ibovespa could also be an event for
banks, public companies and retailers. Moreover, if we want to pick a subset of observations
with increased variance in this market index, we need to choose dates of financial statement
publications of very large companies, since we do not expect that minor companies would
be able to affect the stock market index. For that reason, we picked dates of earnings
announcements for five of the largest companies composing Ibovespa between 2011 and
20181. With such set of companies, we observe significant results in tests for increased
variances during events. In Table 4, we also observe negative coefficients in all regressions,
but no statistical significance in any specification. This indicates that, if we measure
stock market performance with Ibovespa, we do not observe any significant association of
sovereign risk with market performance – even without clearing out banks effects.

From the results reported so far, a clear pattern arises: other sectors do not seem
to influence default probabilities or CDS prices. Therefore, although our reduced form
results do not shed light on the mechanisms underlying the causality of bank equity on
sovereign risk, they do suggest that such effects exist exclusively for banks. In the following
1 The list of companies picked is: Itau Unibanco (bank), Ambev (brewing), Vale (metals and mining),

Petrobrás (oil and gas) and Bradesco (bank). In the latest index composition, referring to the last four
months of 2019, the stocks of these companies comprised more than 35% of Ibovespa.
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subsections, we run exercises to test the robustness of these results and bring further
evidences of idiosyncrasies of the banking sector.

5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
IBOV (β̂IV ) -0.3917 -0.0458 -0.0613 -0.0882 -0.0608 -0.0824 -0.1233
Std. Error (0.4885) (0.0731) (0.0991) (0.1483) (0.0695) (0.0940) (0.1403)
P-Value 0.423 0.531 0.536 0.552 0.382 0.381 0.310
F-Test 0.004 0.004 0.004 0.004 0.004 0.004 0.004
Levene 0.016 0.016 0.016 0.016 0.016 0.016 0.016

Brown-Forsythe 0.016 0.016 0.016 0.016 0.016 0.016 0.016
Cragg-Donald F Stat. 71.36 71.36 71.36 71.36 71.36 71.36 71.36

Kleibergen-Paap F Stat. 4.82 4.82 4.82 4.82 4.82 4.82 4.82
1st Stage T Stat. 2.26 2.26 2.26 2.26 2.26 2.26 2.26

Events 122 122 122 122 122 122 122
Observations 1772 1772 1772 1772 1772 1772 1772

Table 4 – Regression Results using β̂IV for Ibovespa

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.

3.3 Robustness Checks
In this subsection we discuss potential flaws in our empirical strategy. First,

motivated by the methodology used in another paper applying the identification through
heteroskedasticity method (Hébert and Schreger, 2017), we report and discuss results for
a bootstrap procedure employed to construct confidence intervals (CIs) for our coefficient
estimates. Then, we run regressions with an alternative method to build equity indices –
equally weighted. At last, we briefly discuss potential confounding factors and internal
consistency of our results.

The main regressions in this paper have 107 among its 1772 observations defined as
events. Alternative specifications use between 58 and 122 events. Although these numbers
are slightly smaller than the number of events used in Foley-Fisher and Guimaraes (2013)
and considerably bigger than in Hébert and Schreger (2017), one could question if the
number of events in our regressions is big enough to ensure the asymptotic properties of
the IV estimator. In fact, this is a very relevant issue for Hébert and Schreger (2017), since
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their datset contains around 15 events. For that reason, we follow their stratified bootstrap
methodology to build confidence intervals for the regression coefficients of 5-year CDS
prices on different equity indices. See Appendix D for further details on the bootstrap
procedure.

Confidence Interval (95%) for β̂IV – 5YCDS Regression
Normal Approximation Bootstrap Procedure

Banks [ -1.890 , -0.274 ] [ -1.914 , -0.034 ]
Retail [ -0.587 , 1.153 ] [ -1.577 , 0.691 ]
Public [ -0.546 , 0.630 ] [ -0.977 , 0.463 ]

Ibovespa [ -1.349 , 0.566 ] [ -1.626 , 0.290 ]

Table 5 – Estimates of confidence intervals for β̂IV using standard and bootstrap procedures

Notes: This table displays 95% level confidence intervals for regression coefficients. Each line
contains two different procedures to calculate CI’s for the same regression of logarithmic differences
of 5-year CDS prices on an equity index.

Table 5 reports the CI results using the bootstrap method. They confirm the
findings of our main regressions. Coefficients for bank index remain significant, while the
coefficients for all the other indices are not. For all the regressions, bootstrap CIs were
wider than those based on asymptotic approximations.

Another test for the robustness of our regression results is the use of equally
weighted indices for banks, retailers and state-controlled companies. It is a recurrently
used methodology to build equity indices, so we expect that our results also hold using
this alternative. These regressions are reported in Appendix D (see Table 7, Table 8 and
Table 9). As expected, our results were maintained: negative and significant coefficients
for banks, no effects for other indices.

So far, our results have proven to be robust in a number of tests. There could still
exist, however, an underlying mechanism or confounding factor that we are not able to
determine using our reduced form regressions. We could still wonder if this is really about
banks. Although there is solid theoretical literature grounding our claim that banks affect
sovereign risk, we also verified if one other variable was driving the regression results.

A plausible candidate for confounding factor would be the exchange rates. In that
case, we could have good bank performances overvaluing Brazilian currency which, in turn,
would be reducing risks of sovereign default. Therefore, we also apply our identification
strategy estimator using different indices as regressors and check how equity values might
be related to exchange rates. We assume hypotheses (2.1), (2.2) and (2.3) are still valid in
this case. Results for such regressions are reported in the last column of Table 10 and no



Chapter 3. Results 26

significant result was observed, implying that the relation between banks and default is
unrelated to Brazilian currency.

At last, we check the internal consistency of our results referring to different equity
indices. Stock prices of different sectors are possibly correlated and potentially exert causal
effects on each other. Since our results rely on the use of multiple equity indices built upon
different stock prices, these relations between stocks are relevant for our results. Could
bank performance be interfering with default probabilities due to its relation with retailers
or state-controlled companies? This is probably not the case, since we found no significant
coefficients in our regressions for retail and public companies indices – no relation with
CDS prices. Therefore, if we observe any evidence of banks affecting other equity indices in
our dataset, these results would have no relevance to our conclusions regarding sovereign
default. However, since banks appear to be relevant for sovereign risk, we should also
expect that any sector affecting banks should also interfere with sovereign risk (via bank
equity). For that reason, if any of our indices significantly affect the banking sector, we
would reach a contradiction.

To test the relation among equity indices, we applied our identification strategy
on all combination of indices2. The results for these regressions are available in Table 10.
The only significant coefficient implied that positive bank performance is associated to
increases in the retail equity as well. As discussed above, this result does not imply a
contradiction. Therefore, this last exercise did not imply any inconsistencies.

3.4 Brazilian Equity and Sovereign Risk in Emerging Economies
Sovereign risk in emerging countries is highly correlated. There are plenty of

common factors underlying the assessment of default probabilities in these countries
and contagion effects between them is also well documented in the economic literature
(Arellano et al., 2017). The last empirical exercise of this paper is motivated by this fact.
Considering that the results for the Brazilian economy indicate a strong link between
banks and sovereign risk, we also test the existence of a relation between Brazilian equity
indices and sovereign CDS prices for seven other emerging countries – Argentina, Chile,
China, Colombia, Mexico, Russia and South Africa.

In Figure 5, the common patterns amongst CDS prices for different emerging
economies is visible. Possibly due to factors related to global uncertainty, peaks and
valleys of these variables often coincide. Figure 5 displays correlation matrices for the
first-differences of these variables – also reports results for risk-neutral default probabilities.
2 We did not include Ibovespa in this exercise. The definition of events and non-events is not exogenous

in this case, since Ibovespa comprises stock prices for banks, retailers and state-controlled companies.
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Aside from Argentina, which was omitted from Figure 5 for scaling purposes,3 Latin
American countries have correlation coefficients between 0.7 and 0.9 in our data. Other
countries also have positive correlation amongst themselves and with Latin American
economies, but they are considerably lower.
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Figure 5 – Sovereign CDS Prices for Emerging Economies in our Dataset

In order to conduct our analysis on the relation of Brazilian banks and sovereign
CDS prices in emerging economies, we apply the same empirical strategy discussed in
section 2.1. Under the plausible assumption that bank earnings of a company in Brazil
do not affect CDS prices in other countries except through the value of banks, we are
identifying the effect of shocks to bank equity in Brazil on default risk in other emerging
economies. We also use Ibovespa, retail and state-controlled companies indices as regressors.
Visual representations of the regression results are provided in Figure 7 and Figure 8. The
first displays results for Latin America, while the latter brings results for other countries.
Coefficients and standard errors are also reported in Table 6.

Since Brazil and other Latin American countries have sovereign risk measures with
the highest correlations in our database, we expected distinct results for these economies.
In fact, the equity index for Brazilian banks yield negative and significant coefficients for
CDS prices in Chile (5% significance level), Colombia (1% significance level) and Mexico
(1% significance level) – see Figure 7 and Table 6. Not surprisingly, coefficients were not
significant for Argentina. The country went through idiosyncratic sovereign risk turmoil
3 Average 5-year sovereign CDS price for Argentina, between 2011 and 2018, was 1267.8 basis points.

Prior to its sovereign default episode in 2014, sovereign CDS prices for Argentina reached 6937.7 basis
points. These values are at least ten times higher than any other price reported in Figure 5, hence the
omission of Argentinian data in this graph.
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for much of this period, mainly because of the court battle between Argentina and the
vulture hedge funds that culminated with default in July 2014. Therefore, the response of
Argentinian sovereign risk to its usual determinants was probably less important. Relatively
lower correlations in sovereign CDS prices between Argentina and other emerging countries
in our dataset is also a plausible consequence of this idiosyncrasy.
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Figure 6 – Correlation Matrix (Heatmap) between Sovereign Risk in Emerging Countries

Another pattern in Figure 7 and Figure 8 (or Table 6) is that, although banks
have negative coefficients in both groups of regressions, significance is considerably smaller
for emerging economies outside Latin America. Again, this result was partially expected
due to the smaller correlation between Brazilian CDS prices and sovereign risk in China,
Russia and South Africa. Determinants of default probabilities for Brazilian bonds are
likely not as relevant for these countries as they are for Latin American economies. The last
remarkable feature of this empirical exercise is that, as in the main regressions (section 3.1)
and alternative specifications (section 3.2), other equity indices did not bring significant
coefficients across different countries.4

There are different possible channels for the effect of Brazilian banks on foreign
CDS prices. For example, shocks to banks in one country might affect banks in others,
and shocks to sovereign risk in one country might affect the odds of default in others.
While our results cannot distinguish among possible mechanisms, we would expect that
factors driving default risk in Brazil could also affect default risk in other countries. Even
though the channel is not pinned down in this empirical exercise, the existence of a strong
relation between Brazilian banks and additional sovereign risk measures in Latin America
certainly reinforces our interpretation that banks play an important role on the assessment
of default probabilities.

In fact, we believe that our results are partially explained by contagion effects and,
therefore, these findings are in accordance with the predictions of models in the sovereign
4 Ibovespa and retail index had a significant coefficient at a 10% level in one specification each. For the

exact coefficient values, see Table 6.
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default literature. Theoretical modelling of sovereign risk contagion predicts that borrowing
countries with common lenders are able to affect each others’ default probabilities (Arellano
et al., 2017). This could possibly be driving the negative coefficients observed for the
bank index in this empirical exercise. Moreover, as previously mentioned, there is also the
possibility that performance of Brazilian banks could be positively correlated with the
performance of banks in other countries.

In conclusion, the discussion in this subsection brings further evidence on the
special relation of banks and sovereign risk. Although our results do not ensure external
validity for the effects found using Brazilian data, they certainly reinforce our hypothesis
that bank performance has direct impact on default probabilities. In that sense, this
exercise would be more relevant if we had built equity indices using data of equity and
earnings announcements in each country. Such task, however, demands a deeper knowledge
on corporate governance requirements for stock markets in each of these economies. This
type of analysis should be an interesting extension to the discussion brought in this paper.
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Regression Results: Latin America

Figure 7 – Results using β̂IV – Latin America CDS Prices on Brazilian Equity

Notes: Each marker represents the coefficient of a regression of 5-Year Sovereign CDS prices
on a Brazilian equity index. Vertical lines are confidence intervals at a 95% level. Results are
grouped by country and each color stands for a different equity index.
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Figure 8 – Results using β̂IV – Other Emerging Countries CDS Prices on Brazilian Equity

Notes: Each marker represents the coefficient of a regression of 5-Year Sovereign CDS prices
on a Brazilian equity index. Vertical lines are confidence intervals at a 95% level. Results are
grouped by country and each color stands for a different equity index.

ARG CHI COL MEX CHN RUS ZAF
Banks -1.73 -0.89** -1.52*** -1.55*** -0.40 -0.92 -0.96*

(1.21) (0.42) (0.63) (0.62) (0.32) (0.68) (0.50)
Retail -1.25 -0.25 0.12 -0.01 -0.91 -0.58 -0.64*

(0.99) (0.41) (0.40) (0.34) (0.58) (0.44) (0.37)
Public -0.73 -0.17 -0.12 -0.38 -0.53 -0.31 -0.31

(0.51) (0.23) (0.31) (0.32) (0.54) (0.24) (0.27)
Ibovespa -1.34 -0.65 -0.92 -1.22* -0.62 -0.71 -0.65

(1.78) (0.54) (0.63) (0.65) (0.46) (0.57) (0.45)
Observations 1466 1771 1772 1772 1496 1714 1656

Table 6 – Regression Results using β̂IV on 5-Year CDS Prices from Multiple Emerging
Economies

Notes: Each cell in this table represents one regression result of sovereign CDS prices on an
equity index. Column’s name indicates the country to which the CDS refers to and the row’s name
indicates the explanatory variable. “ARG", “CHI", “CHN", “COL", “MEX", “RUS" and “ZAF"
represent logarithmic differences in 5-Year CDS prices for Argentina, Chile, China, Colombia,
Mexico, Russia and South Africa, respectively. Robust standard errors in parenthesis. Symbols
“***", “**" and “*" refer to 1%, 5% and 10% significance levels, respectively.
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4 Concluding Remarks

It is a known fact in the economic literature that banks play a large role in
sovereign risk assessment. Theoretical models and multiple empirical analyses have already
documented the dangerous embrace between governments and the banking sector. Recent
work establishes causal effects of sovereign risk in bank equity, implying that government
defaults on foreign debt are very costly for the financial sector. However, causal estimates
for the opposite direction are badly missing from this literature. To the best of our
knowledge, this is the first paper that proposes an identification strategy for the effects of
bank performance on sovereign risk.

Our work also contributes to related literature in other ways. Most known mecha-
nisms through which banks and sovereign risk affect each other are usually valid in banking
or debt crisis contexts. Our analysis, however, uses data from Brazil between the years
of 2011 and 2018. Although the country went through political uncertainty during such
period, the banking sector had a solid performance meanwhile – often outperforming the
rest of the market. Still, our results indicate that banks had a significant effect on sovereign
risk in this context. The estimates, however, were not very large: a 10% fall in bank equity
would have led to an increase in risk-neutral default probabilities of around 1-3 percentage
points. The mechanisms underlying these results are not entirely comprehensible in this
case, given that similar findings outside financial crises are unusual in the literature. A
plausible explanation would be that equity values for the banking sector are interpreted
by the market as a measure of financial crash risk which, in turn, would affect sovereign
default probabilities through its usual mechanisms.

The identification strategy used in our analysis is also a contribution to the
identification through heteroskedasticity literature. We are not aware of any other papers
using dates of earnings announcements as an exogenous shock to equity values. This
approach could possibly be applied in different contexts to study the impacts of equity
values on different outcomes.

The relation between banks and sovereign risk using Brazilian data was robust to
a number of tests discussed throughout the paper. We also documented an interesting
correlation of Brazilian banks with sovereign CDS prices of other countries in Latin
America. Nevertheless, none of these exercises are able to ensure external validity of our
results. Moreover, the reduced form approach in this paper does not allow us to pin
down the exact mechanism underlying our findings – the literature usually analyze these
variables in crisis contexts. Our regression results could be, therefore, capturing specific
effects of bank equity on sovereign risk applicable only in Brazil. For that reason, relevant
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extension to this work would be to further investigate the relation between banks and
sovereign risk outside financial turmoil. Another interesting extension would be to apply
our identification strategy using data on equity, sovereign risk and earnings announcements
for other countries.
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APPENDIX A – Instrumental Variable
Estimator

In this section, we provide a detailed description on how to obtain the synthetic
instruments used in our regressions. Following Rigobon and Sack (2004), we define:

∆E =
 1√

(#E)
∆eE

1√
(#NE)

∆eNE

′

∆S =
 1√

(#E)
∆sE

1√
(#NE)

∆sNE

′

W =
 1√

(#E)
∆eE

−1√
(#NE)

∆eNE

′

where vectors ∆xE and ∆xNE, with x ∈ {e, s}, represent stacked observations for daily
changes in our variables of interest – bank equity index or sovereign risk measure – during
events and non-events, respectively. Under assumptions in (2.1), (2.2) and (2.3), Rigobon
and Sack (2004) demonstrate that we can consistently estimate β using an IV estimator.
It is defined as follows:

β̂IV = (W ′∆E)−1 (W ′∆S) .

Observe that W is being used as an instrument for ∆E and that it must satisfy typ-
ical relevance and exogeneity hypotheses from instrumental variable approaches. Relevance
would be a consequence of the increased volatility of stock returns when banks announce
their earnings. This implies an intimate relation of the instrumental variable first-stage
estimation with a test for differences in variances represented by (2.1). The exogeneity of
the estimator β̂IV , on the other hand, would arise from the independence in the choices
for dates of financial statement publications, which is mathematically represented by
hypotheses (2.2) and (2.3).
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APPENDIX B – Corporate Governance and
Earnings Announcements

Corporate governance requirements are crucial in order to our identification strategy
to hold. It ensures the exogeneity of shocks to equity caused by earnings announcements.
For that reason, we bring excerpts of Novo Mercado, N1 and N2 rule-books. Those are
listing segments that work as certificates for firms with good corporate governance practices.
All the companies with stock prices listed in our dataset belong to either one of these
three categories. In Figure 9, Figure 10 and Figure 11, it is possible to see that all of
the categories have the same rules referring to earnings announcements. The text is in
Portuguese, but its content is explained below.

Still in year t, companies of these segments are required to define their dates for
financial statement publications in year t+ 1. Such dates are published in their annual
calendars. Companies that do not abide to these calendars are subject to penalties. In
fact, while creating our dataset, very few dates for events listed in CVM’s website were
inconsistent with dates in annual calendars. Those dates were not considered events in our
database.

Although corporate governance requirements weigh in favor of the exogeneity
hypotheses, it is important to understand how the set of events is distributed over our
sample. Are there any fixed dates of earnings announcements for banks, retailers, state-
controlled companies or other firms? Is there any persistent pattern throughout the sample?
In Figure 12, Figure 13, Figure 14 and Figure 15 we plot the dates defined as events for
each set of companies in our database.

Some patterns arise from the distribution of events over time. Earnings announce-
ments occur over four seasons every year, for example. That was expected, however, given
that each company publishes financial information on a quarterly basis. We also observe
that banks release their financial statements in dates that are close in time (within a
week or within a month). Something similar happens for retailers and state-controlled
companies. Nevertheless, we assume that these patterns are mostly due to operational
factors, since the dates are chosen far in advance. Therefore, we assume there are no
patterns implying violations of hypotheses (2.2) and (2.3).
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Figure 9 – Excerpt (in Portuguese) from rule-book of Novo Mercado segment

Figure 10 – Excerpt (in Portuguese) from rule-book of N1 segment

Figure 11 – Excerpt (in Portuguese) from rule-book of N2 segment
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Figure 12 – Calendar for Earnings Announcements in the Banking Sector
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Figure 13 – Calendar for Earnings Announcements in the Retail Sector
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Figure 14 – Calendar for Earnings Announcements in the State-Controlled Companies
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Figure 15 – Calendar for Earnings Announcements used in the IBOV regressions
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APPENDIX C – Equity Indices Methodology

In this subsection of the appendix we present two different methodologies used to
build our equity indices. We begin by the value based index. Let I denote the set of firms
comprised by the index. T corresponds to the set of days in the data. Then, Y is a partition
of the set T representing each year in the dataset. In our case, Y := {y11, y12, ..., y18}. Since
our balance sheet data on firm’s values has an annual frequency, the term siy corresponds
to the equity share of firm i ∈ I with respect to all firms contained in I during year
y. When weights siy are updated, we could observe unexpected and undesired jumps in
the equity index. For that reason, we need normalization factors that change yearly and
prevent such jumps. Mathematically, for each y ∈ Y , there is a normalization factor Ky

associated to it. At last, we define normalized prices P̃t :=
(
P i

t

P i
0

)
as the price of a stock

in time t divided by its initial price (t = 0). Then, the index for a group I of companies
takes the following form in a date t of year y:

EI
t :=

(
1
Ky

)∑
i∈I

siyP̃
i
t , where t ∈ y and y ∈ Y.

The normalization factor’s definition follows from the idea that, at the last day of
each year, equity shares siy for that year and the upcoming one should not yield different
values for the equity index. In other words, changes in index weights must not imply
jumps in indices. Mathematically, we pick t∗ ∈ T such that t∗ ∈ y for some y ∈ Y and
(t∗ + 1) ∈ y′, where y′ ∈ Y and y 6= y′. For the normalization factor in year y′, we have

Ky′ :=
(

1
EI
t∗

)∑
i∈I

siy′P̃
i
t∗ , where y′ ∈ Y and y′ 6= y11,

and, since all prices are normalized to one at the first period of the sample, we obtain the
equality Ky11 = ∑

i∈I s
i
y11P̃

i
1 = 1.

The definition for the equally weighted index is much more straightforward, as it
works simply as an average of normalized prices. Reusing part of the notation above, the
formula for the equally weighted index in period t, for a set of companies I, is given by:

ĒI
t :=

(
1

#I

)∑
i∈I

P̃ i
t , where t ∈ T.

Throughout our empirical work, we let the set I represent different groups of
companies. For the bank index, we include four major companies: Banco do Brasil (BBAS3),
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Bradesco (BBDC4), Itaú Unibanco (ITUB4) and Santander (SANB11). For retailers, we
use B2W (BTOW3), Lojas Renner (LREN3), Magazine Luiza (MGLU3) and Pão de
Açúcar (PCAR4). For public companies, we only use Eletrobrás (ELET3) and Petrobrás
(PETR4).

In Figure 16, we plot the results for both definitions of equity indices – highlighting
results for the equal weights definition. Apart from the retail sector, results are remarkably
similar. The discrepancies between both retail indices arise from the fact that smaller
companies (when compared to the other companies composing the index) with volatile
stocks have a much higher influence on the index when using the equal weights definition.
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Figure 16 – Equity Indices (Equal Weighted) for Different Sectors
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APPENDIX D – Tables and Methods for
Robustness Checks

In this subsection of the appendix, we describe the bootstrap procedure alternatively
used to build confidence intervals as a robustness checks in Table 5 and also present tables
with results omitted from the main text.

First, we describe the method used for the bootstrap procedure. It is entirely based
on Hébert and Schreger (2017) methodology, so we present a description very similar
to theirs. We use 5,000 repetitions of a stratified bootstrap. These repetitions included
resampling with replacements from our dataset. The amount of events and non-events
varied depending on the index used, but the sample size was always the same (1772
observations containing between 58 and 122 events). For each bootstrap replication, the
t-statistic tk = β̂k−β̂IV

σ̂k
was computed, where β̂IV was the point estimate in our actual

sample, β̂k was the point estimate for the bootstrap sample k, where k ∈ {1, 2, ..., 5000},
and σ̂k was the heteroskedasticity-robust standard deviation of β̂k − β̂IV in sample k. We,
then, pick the 2.5th and 97.5th percentiles of tk. Let them be denoted by t̂2.5 and t̂97.5,
respectively. The bootstrap confidence intervals for β̂IV reported in Table 5 are defined as
[ t̂2.5σ̂ + β̂IV , t̂97.5σ̂ + β̂IV ], where σ̂ stands for the heteroskedasticity-robust standard
deviation found for β̂k − β̂IV using the actual sample.

Throughout the rest of this subsection, we display regression results for the other
robustness checks discussed in the main text: equally weighted indices as an alternative to
equity based indices, exchange rates as a mechanism and internal consistency of indices
regressions.
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5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
Banks (β̂IV ) -1.0653 -0.1284 -0.1781 -0.2835 -0.1178 -0.1627 -0.2566
Std. Error (0.4039) (0.0484) (0.0666) (0.1065) (0.0472) (0.0647) (0.1015)
P-Value 0.008 0.008 0.007 0.007 0.012 0.012 0.011
F-Test 0.001 0.001 0.001 0.001 0.001 0.001 0.001
Levene 0.003 0.003 0.003 0.003 0.003 0.003 0.003

Brown-Forsythe 0.004 0.004 0.004 0.004 0.004 0.004 0.004
Cragg-Donald F Stat. 101.8 101.8 101.8 101.8 101.8 101.8 101.8

Kleibergen-Paap F Stat. 6.049 6.049 6.049 6.049 6.049 6.049 6.049
1st Stage T Stat. 2.54 2.54 2.54 2.54 2.54 2.54 2.54

Events 107 107 107 107 107 107 107
Observations 1772 1772 1772 1772 1772 1772 1772

Table 7 – Regression Results using β̂IV for the Equally Weighted Bank Index

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.

5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
Retail (β̂IV ) 0.1584 0.0427 0.0569 0.0804 0.0225 0.0284 0.0331
Std. Error (0.3860) (0.0491) (0.0677) (0.1067) (0.0472) (0.0652) (0.1030)
P-Value 0.681 0.384 0.401 0.451 0.634 0.663 0.748
F-Test 0.002 0.002 0.002 0.002 0.002 0.002 0.002
Levene 0.007 0.007 0.007 0.007 0.007 0.007 0.007

Brown-Forsythe 0.008 0.008 0.008 0.008 0.008 0.008 0.008
Cragg-Donald F Stat. 109.77 109.77 109.77 109.77 109.77 109.77 109.77

Kleibergen-Paap F Stat. 7.21 7.21 7.21 7.21 7.21 7.21 7.21
1st Stage T Stat. 2.72 2.72 2.72 2.72 2.72 2.72 2.72

Events 105 105 105 105 105 105 105
Observations 1772 1772 1772 1772 1772 1772 1772

Table 8 – Regression Results using β̂IV for Equally Weighted Retail Index

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.
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5YCDS PB_25 PB_50 PB_75 PA_25 PA_50 PA_75
Public (β̂IV ) 0.5572 0.0592 0.0840 0.1450 0.0300 0.0421 0.0718
Std. Error (1.9961) (0.2690) (0.3717) (0.5863) (0.2279) (0.3128) (0.4838)
P-Value 0.780 0.826 0.821 0.805 0.895 0.893 0.882
F-Test 0.372 0.372 0.372 0.372 0.372 0.372 0.372
Levene 0.223 0.223 0.223 0.223 0.223 0.223 0.223

Brown-Forsythe 0.222 0.222 0.222 0.222 0.222 0.222 0.222
Cragg-Donald F Stat. 8.63 8.63 8.63 8.63 8.63 8.63 8.63

Kleibergen-Paap F Stat. 0.39 0.39 0.39 0.39 0.39 0.39 0.39
1st Stage T Stat. 0.62 0.62 0.62 0.62 0.62 0.62 0.62

Events 58 58 58 58 58 58 58
Observations 1772 1772 1772 1772 1772 1772 1772

Table 9 – Regression Results using β̂IV for Equally Weighted Public Companies’ Index

Notes: Robust standard errors in parentheses. “PA" and “PB" represent first-differences of default
probabilities calculated with Ask-Spreads and Bid-Spreads, respectively. The number following
“PA" and “PB" represents the recovery rate used to calculate such probabilities. The abbreviation
“5YCDS" stands for the logarithmic differences in Brazilian 5-Year Sovereign CDS prices. The
numbers displayed in the rows named as “F-Test", “Levene" and “Brown-Forsythe" are p-values.
The null hypothesis in such tests is that variances in our explanatory variable during events and
non-events are equal. “1st Stage T Stat." represents the t-statistic for the instrumental variable
in the first-stage regression.

Banks Public Retail (R$/US$)
Banks – 0.4015 0.4223** -0.0227

– (0.3842) (0.1821) (0.1470)
Retail -0.1850 -0.0193 – -0.0992

(0.3518) (0.5039) – (0.2363)
Public 0.0882 – 0.2420 -0.1246

(0.1903) – (0.1991) (0.1137)
Ibovespa – – – 0.0542

– – – (0.1980)
Obs. 1772 1772 1772 1772

Table 10 – Results using β̂IV on all Equity Indices Combinations and Exchange Rates

Notes: In the first three columns of the table, each cell represents one regression result of an
equity index on another equity index. Column’s name indicates the dependent variable and the
row’s name indicates the explanatory variable. Robust standard errors in parenthesis. The last
column brings regression results using exchange rates (real per dollar) as the dependent variable.
Symbols “***", “**" and “*" refer to 1%, 5% and 10% significance levels, respectively.
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