FUNDACAO GETULIO VARGAS
ESCOLA DE ECONOMIA DE SAO PAULO

LISANDRA BARBERO SILVA SOUSA

USING DIRECTED NETWORKS TO CHARACTERIZE MARKET INFLATION
EXPECTATIONS IN BRAZIL

SAO PAULO
2022



LISANDRA BARBERO SILVA SOUSA

USING DIRECTED NETWORKS TO CHARACTERIZE MARKET INFLATION
EXPECTATIONS IN BRAZIL

Dissertacdo apresentada a Escola de Economia
de Séo Paulo da Fundacao Getulio VVargas como
requisito para obtencdo do titulo de Mestre em

Economia.
Area de concentragio: Economia.

Orientador: Professor Paulo Tenani.
Coorientador: Professor Marcos Ross

Fernandes.

SAO PAULO
2022



Sousa, Lisandra Barbero Silva.

Using directed networks to characterize market inflation expectations in Brazil /
Lisandra Barbero Silva Sousa. - 2022.

70 f.

Orientador: Paulo Tenani.

Co-orientador: Marcos Ross Fernandes.

Dissertacdo (mestrado profissional MPE) — Fundacédo Getulio Vargas, Escola
de Economia de Séao Paulo.

1. Inflagdo - Brasil. 2. Economistas - Conduta. 3. Incerteza (Economia). 4.
Previsdo econbmica - Brasil. I. Tenani, Paulo. Il. Fernandes, Marcos Ross. lll.
Dissertacao (mestrado profissional MPE) — Escola de Economia de S&o Paulo. IV.
Fundacédo Getulio Vargas. V. Titulo.

CDU 336.748.12(81)

Ficha Catalografica elaborada por: Isabele Oliveira dos Santos Garcia CRB SP-010191/0
Biblioteca Karl A. Boedecker da Fundacdo Getulio Vargas - SP




LISANDRA BARBERO SILVA SOUSA

USING DIRECTED NETWORKS TO CHARACTERIZE MARKET INFLATION
EXPECTATIONS IN BRAZIL

Dissertacdo apresentada a Escola de Economia
de Séo Paulo da Fundagdo Getulio VVargas como
requisito para obtencdo do titulo de Mestre em

Economia.
Area de concentragio: Economia.

Data de aprovacao: / /

Banca Examinadora;

Prof. Dr. Paulo Tenani (Orientador)
FGV-EESP

Prof. Dr. Marcos Ross Fernandes
(Coorientador)
USP-FEA

Prof. Dr. Marcel Ribeiro
FGV-EESP



ACKNOWLEDGMENTS

I wish to express sincere appreciation to Professors Paulo Tenani and Marcos Ross for their
assistance in the preparation of this paper. Thanks also to the school’s members for their
valuable input, to my husband Vinicius Souza for all the patience and incentive during this
process, to my sun Mateus for all the joy that he always brings to my days and to God, that has
always strengthened me, specially these last two years. Having such a valuable support cycle

certainly made this path lighter.



ABSTRACT

After the inflation targeting regime was created, a lot of authors started to discuss how market
professionals forecast inflation. But although this literature is huge, there are not many papers
that try to bring some econometric evidence of professionals’ irrationality and biases. This
thesis contributes to this literature by evaluating if market professionals influence one another
while forecasting inflation in Brazil. Microdata from the Brazilian market expectations system
(Focus) are used to infer the directed network structure, where Granger Causality tests are used

to study the causal relationship between the professionals’ forecasts.

This paper not only show that professionals do cause each other, but also shows that: 1) the
networks are always dense, 2) each market economist causes about two other professionals’
forecasts, 3) the networks are so dense that even the less central institutions are still influenced
by others, 4) the most central institution in the network causes the inflation expectations of nine
other institutions, 5) the “optimistic” institutions (that forecast numbers below the average) are
more central in the network, as well as the “more assertive” institutions (that have an absolute
error lower than the average), 6) the probability that institutions are pessimistic or more erratic
increases in years of lower Central Bank credibility, 7) the network became more heterophilic
between 2001 and 2021, what means that professionals have been talking to each other
regardless of their external attributes and 8) the network was even more heterophilic in years

of high economic uncertainty.

Keywords: Directed networks, inflation forecasts, market expectations system, Granger

causality.



RESUMO

Com o surgimento do regime de metas de inflagdo, muitos autores passaram a estudar como 0s
profissionais de mercado projetam inflagdo no Brasil. No entanto, embora esta seja uma
literatura vasta, sdo poucos o0s estudos que conseguem trazer evidéncias econométricas da
irracionalidade e dos vieses que muitas vezes acompanham estas projecdes. Esta dissertacdo
tem como objetivo principal contribuir com essa discusséo ao analisar como se ddo as relagdes
de interdependéncia entre as projecdes inflacionarias no Brasil, utilizando os microdados do
sistema nacional de expectativas de mercado (Focus) para construer redes (networks)
direcionadas. As relacdes de causalidade entre as projecdes dos agentes sdo estudadas atraves

de testes de Granger Causalidade.

Esta dissertacdo ndo apenas sugere a existéncia de retroalimentacéo e causalidade nas projecdes
inflacionarias de mercado, como também traz evidéncias econométricas de que: 1) as redes sdo
densas, 2) cada agente de mercado tende a influenciar, em média, a projecao inflacionaria de
outros dois profissionais de mercado, 3) mesmo as instituicbes menos centrais nas redes sao
influenciadas por outros agentes, 4) as instituicdes mais centrais consequem impactar as
projecdes de outros nove agentes no Focus, 5) as instituigdes mais “otimistas” (que projetaram
ndmeros abaixo da média no periodo analisado — entre 2001 e 2021) tendem a ser mais centrais
na rede, assim como as instituigdes mais “assertivas” (que apresentaram um erro absoluto
médio inferior ao erro das demais instituicdes no periodo analisado), 6) a probabilidade de
pessimismo e maior erro absoluto nas projecdes de mercado para a inflagdo tendem a aumentar
em periodos de menor credibilidade do Banco Central, 7) a rede se tornou mais heterofilica
entre 2001 e 2021, sugerindo que as relacdes de retroalimentacdo nas projecdes inflacionarias
de mercado vém cada vez mais acontecendo independentemente dos atributos externos das

instituicdes e 8) a heterolifia aumentou ainda mais em periodos de maior incerteza econémica.

Palavras-chave: Redes direcionadas, inflagdo, expectativas, Focus, Granger causalidade.
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1. INTRODUCTION

Following other countries example, the Brazilian Central Bank (BCB) created the Market
Expectations Survey (Focus) in May 1999, during the transition to the inflation targeting
regime, where “expectations [...] play a crucial role in both the theory and practice of monetary

policy” (Gaglianone, W. P. 2017).

At the beginning, around 50 financial institutions answered the BCB by phone, fax, or email
to inform their annual forecasts for the main Brazilian price indices (IPCA, IGP-DI, IGP-M
and IPA) and GDP growth. After some years, the survey became more sophisticated, including
more variables and more frequency options (annually, monthly, and quarterly). The

improvements allowed the BCB to monitor market expectations almost in real time.

This is the reality of most central banks in the world, that use market expectations to understand
how to conduct monetary and economic policies. The “USA Survey of Professional
Forecasters”, for example, is the oldest quarterly macroeconomic survey in the United States,
starting in 1968. Similarly, the “ECB Survey of Professional Forecasters” started in 1998, when
the European Central Bank decided to create a macroeconomic survey to monitor private
sector’s expectations.

This paper’s main goal is to bring some econometric evidence of market professionals’
irrationality and biases by showing how they influence one another while forecasting inflation
in Brazil. Focus’ microdata (available on the BCB platform called “Olinda”) are used.

Although the database contains the entire time series of all the institutions’ forecasts, only
IPCA one year ahead expectations were selected, one of the most important variables for
central banks to monitor market inflationary expectations for the relevant horizon for monetary
policy. The variable is also used as part of important studies related to economic expectations,
such as: 1) the BIS paper number 35 (2008) “Transmission mechanisms for monetary policy
in emerging market economies”, 2) Armantier, Bruin, Potter, Topa, Klaauw and Zafar (2013),
a study published by the New York Fed titled “Measuring Inflation Expectations” and 3)
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Cunningham, Desroches and Santor (2010), another study published by the Canadian central
bank in 2010, “Inflation Expectations and the Conduct of Monetary Policy: A Review of

Recent Evidence and Experience”.

By showing the causal relationship between institutions, this thesis tries to answer three main
questions: 1) Is there concrete evidence that market professionals are influenced by each other?,
2) What are the properties and topology of these relationships? and 3) How do professionals
influence each other and what is their importance in the network given their external
characteristics?.

To answer these questions, this thesis uses inflation data to build a directed network. Each node
represents a Focus’ institution, and each link represents a positive causal relationship between
two institutions’ forecasts. Granger Causality tests are used to study these causal relationships.

After estimating the networks using different p-values and lags, some exercises are made to
understand what external characteristics could possibly make an institution more central (more
influential) than the others. The first one tries to understand whether there is econometric
evidence that the most pessimistic institutions in the market — who forecast inflationary
numbers consistently above the average— are more central in the network. The second exercise
answers if the more assertive institutions — who forecast numbers closer to the observed — are
more central. And the third one answers whether the institutions that are simultaneously

pessimistic and erratic are more central than the others.

Using these exercises, the network’s homophily is also studied, answering whether agents with
similar external characteristics keep denser connections among themselves than with agents

with different characteristics.

Besides proving that market professionals do cause each other’s forecasts, this paper also
shows that: 1) the networks are always dense, regardless of the parameters chosen (p-value and
lag) for the Granger Causality test; 2) Focus institutions Granger cause the expectations of two

other institutions, on average; 3) even the less central institutions (which cause no one) are
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influenced by others in the network; 4) the most central institution Granger causes the
inflationary forecasts of nine other institutions on the system; 5) the “more optimistic”
institutions (that between 2001 and 2021 forecasted numbers below the average for IPCA one
year ahead) are more central in the network, as well as the “more assertive” institutions (that
have an absolute error lower than the average); 6) the network became more heterophilic
between 2001 to 2021, what means that professionals have been talking to each other regardless
of their external attributes and 7) the network became even more heterophilic in periods of high
economic uncertainty (such as the 2008 financial crisis, Dilma Rousseff impeachment in 2015-
2016 and the Covid-19 pandemic in 2020-2021).
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2. LITERATURE REVIEW

As market expectations plays a crucial role in central banks decision-making, the literature
related to this topic is huge. There are countless articles that discusses topics like: (i) central
banks communication; (ii) market expectations biases, (iii) expectations consistency with
economic rules, (iv) forecasters rationality, (v) predictability, (vi) uncertainties, (vii) central

banks credibility and (viii) imperfect information.

Many authors say that economists and professionals are not always rational while forecasting
inflation, sometimes contradicting the “traditional macroeconomic models based on rational
expectations and complete information, which involve unbiased expectations and the
impressionability of forecast error”, as the BCB mentioned in its Working Paper number 464
(2017). There are several studies that question, for example, how faithful market projections

are to the main economic rules.

According to Drager, Lamla and Pfajfar (2016), for example, many professionals have
expectations that are consistent with Fisher's equation, but less consistent with Taylor's rule
and with the Phillips curve. Similarly, Mitchell and Pearce (2010) question whether economists
are “faithful” to Okun's law and Taylor's rule, while Pierdzioch et al. (2011), Fendel et al.
(2011a), and Fendel et al. (2011b) use the Consensus Economic Forecast survey for G-7
countries to estimate whether analysts’ estimates respect the Phillips curve, Taylor rule, and
Okun's law. All these studies conclude that economists are not always rational while making

their forecasts.

Some studies try to explain that expectations are sometimes inconsistent with macroeconomic
rules by saying that it’s bias’s fault. Afrouzi and Veldkamp (2019), for example, say that
professionals’ inflation expectations are upward biased and, since they are very crucial for
monetary policy, understanding these biases is extremely important. The authors also say that,
although biases always reveal individual preferences, the fact that more informed agents have

less upward bias suggests some connection with information gaps. This topic is also explored
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by Coibion, Gorodnichenko and Weber (2021), who make a randomized study to analyze how

different types of communication influence inflation expectation.

To explain somehow all this irrationality, some studies point that it would be central banks’
paper to select the appropriate information sources to: 1) reduce gaps that could cause biases
and 2) guarantee that professionals can be as close as possibly from the most important
macroeconomic rules while forecasting economic variables. Guillén and Garcia (2014), for
example, propose a credibility metric for central banks, saying that “heterogeneity in long term
expectations come from different beliefs regarding BC inflation aversion” and “the existence

of persistently optimistic or pessimistic professionals is a sign of lack of credibility”.

The literature on market expectations is huge, but there are not many authors that try to
understand other causes of professionals’ irrationality, bias, and distancing from economic
rules but saying that it is imperfect information’s fault. This thesis tries to contribute to this
literature by showing that market professionals do influence one another while forecasting
inflation in Brazil. Microdata from the Brazilian market expectations system (Focus) are used
to infer the directed network structure, where Granger Causality tests are used to study the
causal relationship between the professionals’ forecasts. Each Focus’ institution is treated as a

node and each Granger Causality positive result is treated as a link.

As this thesis uses directed networks, it is also important to say how this methodology is usually

used in macroeconomic analysis.

Network methodology has been more common in economic studies in recent years, with the
number of publications increasing rapidly (Caraiani, 2013). Although it is a common
methodology in biological sciences and geopolitical studies, in economics it is more used in
finances than in macroeconomics. Three articles inspired this thesis the most. Two of them

used networks for finance applications.

In the first one, Tang, Xiong, Luo and Zhang (2019) study the financial market topology,

applying Granger Causality tests to build a directed network using the 33 main stock market
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price indices as nodes. Their study main goal is to analyze how markets influence one other,
knowing that their participants play various roles with asymmetric access to information at
different market levels. Using networks methodology, the authors show that the United States
indices are the most central ones (that is, they are the most important to determine what happens

in other indices), followed by other American, European, and Asian indices.

In the second one, Caraiani (2013) also use networks methodology, but to understand the
financial cycles composition. In addition to correlation-based undirected networks, the author
also uses Granger Causality tests to build directed networks that show the relative influence of
different G7 and OECD countries, using GDP data. Again, the United States are the

protagonists.

In the third one, Fernandes and Azzimonti (2021) use a similar methodology to understand
how the structure of social networks and fake news affect misinformation and polarization in

a society.

Finally, showing that agents are influenced by each other, Golub and Morris (2017) show that
both in coordination games and speculative financial markets, solutions depend on higher-order
average expectations: agents' expectations about what counterparties, on average, expect. Also,
Dasaratha, Holub and Hak (2021) show that agents learn about a change state using private
signals and previous actions of neighbors in a network, while Golub and Sadler (2017) study
how agents update their behaviors and beliefs using information transmitted through social

connections.

Although both expectation and networks literature are vast, there are few studies that combine
the two things. This paper main goal is to use networks methodology to understand how agents
influence and are influenced by each other while forecasting inflation in Brazil. As in Tang,
Xiong, Luo and Zhang (2019), Granger Causality tests are used to infer the directed network.
Understanding better how inflation expectations are built would be of great value for central

banks to define efficient communication strategies, considering the networks topology.
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3. DATA ANALYSIS AND DISCUSSION

To analyze how economists are influenced by each other while forecasting inflation in Brazil,
Focus microdata are used, available in the BCB data platform called “Olinda — Agile Data
Services Platform”. The database contains all Focus’ institutions expectations, with a lag of
one year. The BCB keeps the participants’ anonymous, never referring to institutions using

their real names.

There are many indicators collected by the BCB: trade balance, exchange rate, current account,
general government and public sector gross debt, inflation indicators (such as IGP-DI, IGP-M,
INPC, IPA-DI, IPA-M, IPCA, IPCA-15 and IPC-FIPE), direct investment, GDP (total,
agriculture, public administration consumption, household consumption, exports and imports,
investments, industry and services), industrial production, nominal result, primary result, Selic
rate and unemployment rate. The database also provides the institutions' forecasts at many ways
(monthly, quarterly, and annually), including when the forecast was made and for what
reference period.

The database starts at November 2001 and goes to March 2021, at a discontinuous frequency,
since only the days when at least one institution updated its forecasts in the system. To deal
with this “discontinuity”, calendar days from 2001 to 2021 are used. To “create” these days
when no institution entered the system, it was assumed that economists hadn’t change their

expectations.

As this thesis main goal is to study specially how economists influence one another while
forecasting inflation in Brazil, data on expectations for IPCA one year ahead are used,
considered one of the most important variables for the BCB to monitor market inflation
expectations in the relevant horizon for monetary policy. As mentioned before, this variable is

also used as part of important studies related to economic expectations.
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It is worth noting that theses did not use expectations for IPCA 12 months ahead, but
expectations for IPCA “in December of the following year”. That’s what was called IPCA one

year ahead.

Before effectively estimating the network topology, some descriptive analysis was done. The
first one, illustrated in Figure 1 and Table 1, shows that the 156 institutions in Focus updated
their expectations for IPCA in December of the following year a little less than ten times a year
on average. It is also interesting to note how this updating frequency grew in years of greater
volatility, such as in 2011 (period of high prices for food and transportation in Brazil), 2015-
2016 (Dilma Rousseff impeachment) and 2020-2021 (Covid-19 pandemic). It is also worth
noting the change in the maximum pattern of times that institutions updated their inflationary
expectations after 2009. In addition to the post-2008 crisis inflationary uncertainties, this seems
to be a behavior also explained by the Focus gain of credibility and importance over the years.
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Figure 1. Update frequency of expectations for IPCA in December of the following year.



Average Maximum Median
2002 6.6 17.0 6.0
2003 5.3 13.0 4.0
2004 6.1 17.0 6.0
2005 6.4 21.0 6.0
2006 4.7 15.0 4.0
2007 6.1 13.0 6.0
2008 6.7 15.0 7.0
2009 5.2 26.0 4.0
2010 8.1 48.0 6.0
2011 9.0 50.0 7.0
2012 8.6 46.0 6.5
2013 7.2 52.0 6.0
2014 7.2 40.0 7.0
2015 9.0 44.0 8.0
2016 9.0 32.0 8.0
2017 7.8 45.0 6.0
2018 6.8 37.0 5.0
2019 7.9 42.0 7.0
2020 9.3 41.0 8.0

Table 1. Update frequency of expectations for IPCA in December of the following year.

An important point is that the institutions started to contribute with their expectations in Focus

17

on different dates, as Figure 2 illustrates. Of the 156 members, only 26 joined in 2001, when

the expectations system was created in Brazil. The other two major periods of "new entries"

took place between 2008 and 2011 (when 33 new institutions started to contribute) and from

2018 to 2021 (when another 39 institutions entered the system) following the record number

of companies and businesses in 2020, according to the “Companies Map” released by the

Economy Ministry. To guarantee that our results wouldn’t be distorted by institutions that

started to contribute very recently, only the 72 institutions with more than ten years of

participation in the expectations system were used.
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4. METHODOLOGY

To study the causal relationship between expectations in Focus, this thesis used directed
networks. The 72 institutions that have been contributing with their expectations for at least ten
years were treated as “nodes”, while the causality between their forecasts were treated as links.
The term “directed” means that the direction of this causality (from one institution to another)

made a difference in the network topology.

As in Tang, Xiong, Luo and Zhang (2019) and Caraiani (2013), Granger Causality tests were
used to analyze the causal relationship between forecasts. Initially published by Clive W. J.
Granger in 1969, the Granger Causality test identifies causal relationships between time series,
according to the equations shown below,

N N
Ye =Bo+ Z Bi Yi-k + z a Xeqg + W (1)
k=1 =1

N N
Xt =£¢ + Zrlk Yi_k +Z£1Xt—1 + v
k=1 =1

where Y; e X, are two variables in a causal relationship, p; and v; are the error terms and k and
| are the lags in each equation. The null hypothesis HO and alternative H1 are:

HO: a; = 0 for all I and n;,, = 0 for all k.
H1: a; # 0 and n, # O for at least one value for 1 and/or k.

In other words, if «; is statistically significant, then X Granger causes Y. If nj;, is statistically
significant, then Y Granger causes X. In this thesis, the mentioned variables would be the
forecasts for IPCA in December of the following year of institutions X and Y. For each pair of

agents, there are four possible outcomes for the Granger Causality test:
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1. There is no Granger causality between them: Institution X expectations does not

Granger cause institution Y and vice versa.

2. Only X Granger causes Y Institution X expectations Granger cause institution Y,

but institution Y expectations does not Granger cause institution X.

3. Only Y Granger causes X: Institution Y expectations Granger cause institution X,

but institution X expectations does not Granger cause institution Y.

4. Mutual causality: Both institutions Y and X expectations Granger cause one another

mutually.

To apply Granger Causality tests, some precautions were taken. First, the first difference was
used to make all the forecasts for IPCA in December of the following year stationary. Using
Dickey-Fuller tests, this thesis found out that all the 72 institutions original expectations were
non-stationary, but since there was no evidence of deterministic trend, only applying the first

difference was enough to make them all stationary.

Also, choosing the p-values also required some precautions. There is a huge literature that
shows that Granger Causality tests can be quite lenient when applied to time series. Without
the proper care, the test can verify many false positive causal relationships. Lusch, Maia and
Kutz (2016), Palus and Vejmelka (2017) and Kornilov, Medvedeva, Bezruchko and Sysoev
(2016), for example, criticized the non-cautious use of Granger Causality test and even
suggested alternative methodologies to study causal relationships. To minimize this leniency
and avoid false-positive results, this thesis used only very “strict” p-values: 10~%, 10>, 107,
1077,1078,107°,10719, 10711, 10712 and 10713,

The use of rigorous p-values helps to avoid false conclusions, since the co-movements between

expectations can give the mistaken impression that there is a causal relationship between them.
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This is the case of the institutions represented in Figure 3. Despite the co-movements, there is

no statistical evidence of Granger causality between them.

12

10

IPCA 1 year ahead forecasts

2005 2010 2015 2020

Date

Figure 3. Forecast of two institutions for IPCA in December of the following year.

Three options were chosen for lags: 1, 2 and 3 days. Larger lags ended up producing an effect
very similar to high p-values: excessively dense networks, possibly explained by false-positive

results for the Granger Causality tests.

After choosing the Granger Causality test parameters (p-value and lag) and applying the first
difference to correct the non-stationarity problem, the next step was building the adjacency
matrices. 30 binary matrices were built (for all combinations of the three lag options and the
ten p-value options), where é;; = 1, if i Granger causes j and é;; = 0, if i does not Granger
causes j. In other words, 30 adjacency matrices of size 72 x 72 were built, filled with 1 when
the forecasts of the institution represented in the row Granger caused the forecasts of the

institution represented in the column and 0 when there was no evidence of Granger Causality.

Figure 4 shows that, assuming p-value = 1013 and lag = 1 day for Granger Causality tests, 23
of the 72 institutions do not have expectations “able” to influence any other institutions
forecasts. The others, on the other hand, can “influence” at least one other institution: 12 have
expectations that Granger cause the forecasts of just another one institution, 16 have

expectations that Granger cause the forecasts of two other institutions and so on, as described
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in the figure. Just one institution, that assumes the most influential role in the network, has
expectations that Granger cause the forecasts of nine other institutions in the system.

Number of institutions that cause other nine participants = 1
Number of institutions that cause other eight participants = 2
Number of institutions that cause other seven participants Wl 1
Number of institutions that cause other six participants mm 1
Number of institutions that cause other five participants I———— 4
Number of institutions that cause other four participants IEET———————— 5
Number of institutions that cause other three participants IEEEEEEEEEE———— 7
Number of institutions that cause other two participants I 16
Number of institutions that just cause another one participant IIEEEEEEEEEENEEEEE———— 12
Number of institutions that do not cause any other participant I 3

Figure 4. Causality relationship between the 72 institutions in Focus using the adjacency

matrix with p-value = 10~3and lag = 1 day.

Finally, using all those 30 adjacency matrices, the directed networks were built using the igraph
library in RStudio, that provides a set of functions for manipulation and visualization of large
networks with millions of vertices and edges. Figure 5 below illustrates the network using lag

=1 day and p-value = 10713, All the other networks are illustrated in Index A.
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Figure 5. Directed network for market forecasts for IPCA in December of the following year,

using p-value = 10~ *3and lag = 1 day.
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5. RESULTS

Using all possible combinations of lag (1, 2 e 3) and p-value (10~%, 1075, 107%, 1077, 1078,

1079, 10719, 10711, 10712 e 10713) mentioned in the previous session, 30 networks were

built in total. For any parameters used, all networks (illustrated in Index A) were quite dense,

showing that professionals do cause each other while forecasting IPCA in December of the

following year.

Table 2 illustrates the main networks’ descriptive statistics, including:

Edges: Also known as "link", an edge is a connection or relationship between
vertices/nodes. In an undirected graph (where the connection direction does not
matter), it is an unordered set of vertices, while in a directed graph (where the
connection direction matters), it is an ordered set of vertices. In our case, an edge
is a Granger causality between two Focus’ institutions. The results obtained show
that, even selecting the “strictest” parameters, (lag = 1 day and p-value de 10~13),

143 positive Granger Causality relationships are found in the network.

Nodes: Also known as vertex/data point, nodes are the fundamental objects that
form the graph. In our case, they are the institutions that form the network.

Diameter: The diameter of a graph is the maximum distance over all pairs of
vertices in that graph. In communication networks, for example, the diameter
corresponds to the delays in passing messages through agents. The results
obtained in this thesis show that, for all p-value and lag possibilities, the

maximum distance between all pairs of market professionals is 9 institutions.

Average path length: It is the average length of shortest path between any two

nodes in the graph. Shortest path between two vertices is the minimum number of
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steps from a location to a destination vertex, or its smallest possible sum of edge
weights. Again, the smaller this number, the denser the network. The results
obtained show that even in the “strictest” network (lag = 1 day and p-value =
10713), the minimum distance between any two Focus’ professionals is, on

average, equivalent to “3.6 institutions”.

Transitivity: It is the probability that the network has adjacent nodes
interconnected, revealing the existence of tightly connected communities. It is
also known as "clustering coefficient". The results obtained show once again that,
even selecting the “strictest” parameters, the probability that the network has

communities with strongly connected institutions is 8%.

Density: It is the cohesion in the network.: the present ratio edges to the maximum
possible edges if the graph was complete (in this case if all institutions
“influenced” each other directly). Again, this number tends to grow as we increase
the lag and p-value of Granger Causality test, ranging from 0.03 (in the network
built using lag = 1 day and p-value = 10713) to 0.15 (in the network built using
lag = 3 days and p-value = 10~%).

Mean degree: It is the average number of connections each node has to other
nodes. In our case, it is the average number of institutions that each professional
can “Granger cause” through its forecast for IPCA in December of the following
year. The results obtained show once again that, even selecting the “strictest”
parameters, each institution can cause, on average, another two (1.99) institutions
in the system. In the network built using 3 days of lag and 10~* as p-value, this

number increases to 10.67.

Reciprocity: It defines the proportion of mutual connections in a directed graph.

That means the probability that the opposite counterpart of a directed edge is also
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included in the graph. In our case, it is the probability that an institution “Granger
caused” also causes the one that initially influenced it. Again, the statistic tends
to grow as we increase the lag and p-value of Granger Causality test, ranging from
0.04 (in the network build using lag = 1 day and e p-value = 10713) to 0.15 (in
the network built using lag = 3 days and p-value = 10™%).
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P-value lag=1 Lag=2 Lag=3
107(-4) 352 510 768
107(-5 298 438 672
Edges: Also known as "link", an edge is a (-5)
. - 107(-6) 251 393 615
connection or relation between
) . ) 101(-7) 229 360 567
vertices/nodes. In na undirected graph, it
. . . 107(-8) 211 334 524
consists of an unordered set of vertices, while
. . . . 107(-9) 198 295 488
in a directed graph it consists of an ordered
. . 107(-10) 175 273 454
set of vertices. In our case, an edge is a
. . L 107(-11) 160 255 431
relation of causality between tho institutions.
101(-12) 149 246 413
107(-13) 143 232 390
101(-4) 72 72 72
107(-5) 72 72 72
107(-6) 72 72 72
Nodes: Also known as vertex/data point, 107(-7) 72 72 72
nodes are the fundamental objects that form 107(-8) 72 72 72
the graph. In our case, they are the 107(-9) 72 72 72
institutions that form the network. 107(-10) 72 72 72
101(-11) 72 72 72
107(-12) 72 72 72
107(-13) 72 72 72
101(-4) 6 7 6
107(-5) 7 6 6
107(-6 7 6 7
Diameter: The diameter of a graph is the (-6)
. . . o 107(-7) 10 7 7
maximum distance over all pairs of vertices in
- 107(-8) 10 7 7
that graph. In communication networks, for
. 107(-9) 9 7 8
example, the diameter corresponds to the
delays in passing messages through agents 107(-10) o ! 6
ysinp & & gh agents. 107 (-11) 9 7 7
101(-12) 8 7 8
107(-13) 9 8 8
101(-4) 2.8 2.5 2.2
107(-5) 2.9 2.6 2.3
Average path length: It is the average lenght 107(-6) 3.2 2.6 2.5
of shortest path between any two nodes in 107(-7) 3.2 2.6 2.5
the graph. Shortest path between two 10/7(-8) 3.6 2.8 2.7
vertices is the minimum number of steps 107(-9) 3.7 2.8 2.6
from a location to a destination vertex, or it's 107(-10) 3.6 2.9 2.7
smallest possible sum of edge weights. 107(-11) 3.5 3.0 2.8
101(-12) 3.5 3.0 2.8
107(-13) 3.6 3.1 2.9




P-value Lag=1 Lag=2 Lag=3

107(-4) 0.19 0.30 0.40

107(-5) 0.16 0.29 0.38

Transitivity: It is the probability 107(-6) 0.14 0.28 0.37
that the netwrok has adjacent 107(-7) 0.14 0.27 0.36
nodes interconnected, revealing 107(-8) 0.13 0.26 0.36
the existance of tightly connected 107(-9) 0.11 0.24 0.36
communities. It is also known as 107(-10) 0.09 0.24 0.35
"clustering coefficient". 107(-11) 0.08 0.25 0.34
107(-12) 0.09 0.26 0.33

107(-13) 0.08 0.26 0.32
107(-4) 0.07 0.10 0.15
107(-5) 0.06 0.09 0.13
Density: According to Sagar et al., 107(-6) 0.05 0.08 0.12
2010, it is the cohesion in the 107(-7) 0.04 0.07 0.11
network. That means the present 107(-8) 0.04 0.07 0.10
ratio edges in the graph to the 107(-9) 0.04 0.06 0.10
maximum possible edges if the 107(-10) 0.03 0.05 0.09
graph is complete. 107(-11) 0.03 0.05 0.08
107(-12) 0.03 0.05 0.08

107(-13) 0.03 0.05 0.08

107(-4) 4.89 7.08 10.67
107(-5) 4.14 6.08 9.33

107(-6) 3.49 5.46 8.54

Mean degree: It is the average 10%(-7) 3.18 >.00 788

i 107(-8) 2.93 4.64 7.28

number of connections or edges

the node has to other nodes. 10%(-9) 275 4.10 6.78
107(-10) 2.43 3.79 6.31

107(-11) 2.22 3.54 5.99

107(-12) 2.07 3.42 5.74
107(-13) 1.99 3.22 5.42
107(-4) 0.07 0.10 0.15
107(-5) 0.06 0.08 0.13

107(-6) 0.05 0.08 0.12

Mean degree / nodes: It is the 10%¢7) 0.04 0.07 0.11
quotientgof th/e mean degree 10%(-8) 0.04 0.06 0.10
divided by the number of nodes 107(-9) 0.04 0.06 0.09
107(-10) 0.03 0.05 0.09

107(-11) 0.03 0.05 0.08

107(-12) 0.03 0.05 0.08

107(-13) 0.03 0.04 0.08
107(-4) 0.10 0.13 0.15
107(-5) 0.08 0.12 0.13

Reciprocity: It defines the 107(-6) 0.07 0.10 0.11
proportion of mutual connections 107(-7) 0.06 0.09 0.11
in a directed graph. That means 107(-8) 0.06 0.09 0.10
the probability that the opposite 107(-9) 0.06 0.07 0.09
counterpart of a directed edge is 107(-10) 0.03 0.07 0.08
also included in the graph. 107(-11) 0.04 0.07 0.07
107(-12) 0.04 0.07 0.07

107(-13) 0.04 0.06 0.07

Table 2. Network statistics.
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In general, all the networks descriptive statistics behaved as expected, with evidence of higher
density the smaller the p-value and lag used. For the “strictest” network (with lag = 1 day and
p-value = 10713) , 143 Granger causality relationships were found between the 72 institutions’
expectations and each one of them connected, on average, with two other institutions in the
system, as suggested by the mean degree statistic. Although the numbers differ greatly
according to the parameters used, it is noteworthy that all networks have shown to be quite

dense even using strict p-values.

Although there is a vast literature that, as mentioned in the previous section, consider Granger
causality to be lenient when applied to time series without the necessary care, the calculated
statistics make it clear that, regardless of the parameters used, there are connections and causal

relationships quite evident in the market expectations topology.

After estimating the networks, some exercises were made to understand whether there are
specific attributes that make an institution more central than the others.

5.1 FIRST EXERCISE: PESSIMISTIC AND OPTIMISTIC INSTITUTIONS

In the first exercise, the institutions were categorized into pessimists and optimists. Institutions
that forecasted a number for IPCA in December of the following year above the average were
called “pessimists” and those whose forecasts were lower than the average were called

“optimists”.

14 of the 72 institutions were classified as “pessimists”. That means that 19.4% of the
institutions forecasted numbers consistently above the average for IPCA in December of the
following year between 2001 and 2021. Figure 6 shows how the market average expectations
for IPCA in December of the following year changed over time. That means that the institutions
that forecasted, on average, higher numbers than those represented in the figure were
considered "pessimists” and those that forecasted, on average, smaller numbers were

considered "optimists”.
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Table 2. Market average expectation for IPCA in December of the following year.

Figure 7 shows the pessimism probability of institutions between 2001 and 2021. The behavior
similar to the one illustrated in Figure 6 shows that the probability that inflation expectations
are pessimistic tends to be greater in periods of high inflationary pressure. Another point that
calls attention is the increase in the pessimism probability in periods of greater economic
uncertainty and, especially, of less Central Bank credibility. Although this is not the main goal
of our study, Index B shows the results of a rolling regression used by the American central

bank (Fed) as an alternative to monitor a central bank credibility, applied to Brazilian data.



31

0.80

0.70

0.60

0.50

0.40

0.30

0.20

0.10

0.00
— [ o =t i [{e] ™~ o] [=)] o — ™~ m <t L W ™~ 0] [=)] o
S 2 2 @ 2 9 2 9 S < o o o 9 o d g o o q
= > = > = > = = > = > = > = = = = > = >
[=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=] [=]
= =z = =z Z2 =2 Z = =z =2 Z Z =z = = =z = =z = =

Figure 7. Pessimism probability in market expectations for IPCA in December of the following
year (1 = pessimism; 0 = optimism).

Reinforcing that the pessimism probability of institutions tends to increase in periods of lower
Central Bank credibility, Figure 8 shows that the highest level of pessimism in inflation
expectations happened when the Brazilian Central Bank was presided by Alexandre Tombini.

Market agents seemed to “question” the Central Bank's commitment and capacity to converge

inflation to the target in the relevant horizon for monetary policy.
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Figure 8. Pessimism probability in market expectations for IPCA in December of the following

year for each BCB president.

Figure 9 shows the pessimism probability in market inflation expectations over time. Although
there is a certain impact of the “informational gain” over the months (that is, although agents
have a slightly clearer perspective of the inflationary horizon as the months go by), it is curious
to note how institutions seem to start the year ever more optimistic, believing in the Central
Bank's commitment to converge inflation to the target. In the second half of the year, agents
seem to be gradually incorporating inflationary shocks and other current information, which

make them, on average, more pessimistic than they started the year.
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Figure 9. Pessimism probability in market expectations for IPCA in December of the following
year for each month, from 2001 to 2021.

It is also noteworthy that, although institutions fluctuate between “pessimistic” and
“optimistic” over time, this variance never exceeds the 0.26 mark (Figure 10). This means that,
although the economists change jobs and migrate from one institution to another, the
institutions’ categorization tends to keep the same: pessimists remain pessimists and optimists

remain optimists.
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Figure 10. Distribution of pessimists and optimist’s categorization over time.

Finally, after understanding the main descriptive characteristics of this first vector, this
categorization was applied to the network built with p-value of 10713 and lag of one day
(Figure 11). In the graph, the red nodes represent the pessimistic institutions, while the blue
ones represent the optimistic ones. The nodes’ size changes according to each institution degree
centrality. That means that the largest nodes represent the most central institutions in the
network (institutions whose expectations Granger cause more institutions than the others) and

the smallest ones represent the least central.
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Figure 11. Directed network for market forecasts for IPCA in December of the following year,
using p-value = 10713and lag = 1 day. Blue nodes = optimistic institutions. Red nodes =

pessimistic institutions. Nodes’ size according to degree centrality.

Although it is difficult to conclude from Figure 11 which category (pessimists or optimists) is
more central in the network, Figure 12 shows that the median degree centrality is a little higher
for pessimistic institutions. On the other hand, the centrality dispersion is greater for the
optimistic ones, which means that if a more central institution (a larger node in the graph) were

randomly chosen, it probably would be an optimistic institution.
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Figure 12. Degree centrality according to pessimism attribute.

To study the network homophily (a tendency that agents with similar external characteristics
connect more to each other than to agents with different characteristics), the network
assortativity was calculated (a coefficient that varies from -1 to +1, being positive when similar
vertices, based on some external property, connect more to each other and negative otherwise).
The assortativity was 0.043, which illustrates a not very representative homophily in the
network. As the number was close to zero, it’s possible to conclude that the causality
relationship in market expectations for IPCA in December of the following year happens

regardless of the institutions’ level of pessimism or optimism.

Although this number is an average for the entire base (from 2001 to 2021), the assortativity is
not the same for all analyzed years. Keeping the network topology fixed (that is, keeping the
network represented in Figure 11), the network shows a tendency towards heterophilia, as
illustrated in Figure 13. Although assortativity fluctuates a lot, the blue dotted curve shows a
trend of a more negative number recently, which means that professionals have been talking
and influencing each other regardless of their external characteristics (pessimistic or
optimistic). It is also curious to note that: 1) the network was much more homophilic before
2010, when not all the 72 institutions analyzed were already part of the market expectation

system and 2) the network was more heterophilic in periods of greater economic or policy
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uncertainty, such as in the 2008 crisis, in 2015-2016 (Dilma Rousseff’ impeachment) and in
the Covid-19 pandemic, suggesting that in periods of greater uncertainty, economists “make

more flexible” their preference for talking to those who think in a similar way.
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Figure 13. Assortativity for optimist and pessimist institutions.

52 SECOND EXERCISE: MORE ERRATIC AND MORE ASSERTIVE
INSTITUTIONS

Not only the first vector with pessimism and optimism attributes was build, but also a second
vector of external characteristics that separates all the 72 institutions between those who are
“more erratic” (institutions that had an absolute error, measured in modulus, greater than the
mean absolute error) and those who are “more assertive” while forecasting IPCA in December
of the following year. Using this rule, 25 institutions were categorized as “more erratic” (34.7%

of the sample) while the rest were categorized as “more assertive”.

As in the previous exercise, it is illustrated: 1) the market average absolute error for IPCA
expectations over time (Figure 14); 2) the probability that inflation expectations in Focus are
“more erratic” (Figure 15); 3) the probability that inflation expectations in Focus are “more

erratic” for each BCB mandate (Figure 16); 4) the probability that inflation expectations in
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Focus are “more erratic” for each month (Figure 17) and 5) the distribution of categorization
variance over time (Figure 18).

Describing this second vector, it’s shown that:

1) The average absolute error in market expectations for IPCA in December of the
following year grows considerably in periods of greater economic uncertainty (Figure 14), such
as in the 2008 financial crisis, in Dilma Rousseff’s impeachment (2015-2016) and specially in
the Covid-19 pandemic (2020-2021).

2) the probability that institutions are categorized as “more erratic” has gradually

increased over the last few years, especially during the Covid-19 pandemic (Figure 15).

3) the probability that institutions are categorized as “more erratic” was higher when
the BCB had Alexandre Tombini, Arminio Fraga and Roberto Campos as chairmans, not only

because of the BCB loss of credibility, but mainly because of inflationary shocks (Figure 16).

4) the probability that institutions are “more erratic” tends to decrease over the months,
as professionals start to have more information available to update their forecasts for IPCA in

December of the following year (Figure 17).

5) institutions continue to vary little between “more erratic” and “more assertive”, with

a mean variance of 0.23 (Figure 18).
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Figure 14. Average absolute error in market expectations for the IPCA in December of the
following year.
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Figure 15. Average probability that institutions are “more erratic” while forecasting IPCA in
December of the following year.
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Figure 16. Average probability that institutions are “more erratic” while forecasting IPCA in

December of the following year for each BCB mandate.
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Figure 17. Average probability that institutions are “more erratic” while forecasting IPCA in

December of the following year for each month, from 2001 to 2021.
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Figure 18. Distribution of “More erratic” and “more assertive” categorization over time.

Once again, the institutions categorization between “more erratic” and “more assertive” was
applied to the network with p-value of 10713 and lag of one day (Figure 19). In the graph, the
red nodes represent the “more erratic” institutions, while the blue ones represent the “more
assertive” ones. The nodes’ size once again oscillate according to each institution degree
centrality. That means that the largest nodes represent the most central institutions in the
network (institutions whose expectations Granger cause more institutions than the others) and

the smallest ones represent the least central.
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Figure 19. Directed network for market forecasts for IPCA in December of the following year,
using p-value = 10~3and lag = 1 day. Blue nodes = more assertive institutions. Red nodes =

more erratic institutions. Nodes’ size according to degree centrality.

Figure 20 shows that the median degree centrality is higher for the institutions categorized as
“more assertive”, just as the centrality dispersion that is also greater for the more assertive ones.
That means that if a more central institution (a larger node in the graph) were randomly chosen
in the network exemplified in Figure 19, it would probably be a more assertive institution.
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Figure 20. Degree centrality according to erratic attribute.

For this second exercise, the assortativity was -0.039. Although the negative result identifies
some heterophilia in the network, the number close to zero continues to illustrate that the
causality relationship in market expectations for IPCA in December of the following happens

regardless of the institutions absolute error in the past.

Keeping the network topology fixed once again (that is, keeping the network represented in
Figure 19), the network shows a tendency towards heterophilia, as illustrated in Figure 21.
Although assortativity fluctuates a lot, the blue dotted curve makes clear the trend of a more
negative number recently, which means that institutions do talk and cause each other regardless
of their external characteristics (more erratic or more assertive). As in the previous exercise, it
is still curious to note that: 1) the network was much more homophilic before 2010, when not
all the 72 institutions was already contributing with their expectations and 2) the network is
more heterophilic in periods of greater economic or policy uncertainty, such as in the 2008
crisis, in 2015-2016 (Dilma Rousseff‘s impeachment) and in the Covid-19 pandemic (2020—
2021), once again reinforcing that in periods of greater uncertainty, economists “make more

flexible” their preference for talking to those who think in a similar way.
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Figure 21. Assortativity for more erratic and more assertive institutions.

5.3 THIRD EXERCISE: SIMULTANEOUSLY PESSIMISTIC AND MORE ERRATIC
INSTITUTIONS

Finally, to measure the centrality of simultaneously pessimistic and more erratic institutions in
Focus, a third vector of external characteristics was built, resulting from the product of the two

previous vectors (pessimists vs. optimists and more erratic vs. more assertive).

The descriptive analysis of this third categorization vector showed that:

1) Five of the 72 analyzed institutions (6.9%) were simultaneously erratic and
pessimistic in the analyzed period (2001 to 2021).

2) The probability of simultaneous occurrence of both attributes (pessimistic and
more erratic) once again increased in periods of greater economic uncertainty,

especially in the 2008 financial crisis and in Dilma Rousseff’s impeachment, in
2015-2016 (Figure 22).
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3) The institutions categorization had greater dispersion around the mean, since two
distinct external attributes were used as a criterion for institutions to be part of the

same group (pessimistic and more erratic) in this exercise (Figure 23).
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Figure 22. Probability that institutions are categorized both as pessimistic and more erratic
while forecasting IPCA in December of the following year.
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Figure 23. Distribution of “more erratic and pessimistic” categorization over time.

Once again, the institutions categorization was applied to the network with p-value of 10713
and lag of one day (Figure 24). In the graph, the red nodes represent the institutions that have
both attributes, while the blue nodes represent the other ones. The nodes’ size keeps oscillating
according to each institution degree centrality. That means that the largest nodes represent the
most central institutions in the network (institutions whose expectations Granger cause more

institutions than the others) and the smallest ones represent the least central.
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Figure 24. Directed network for market forecasts for IPCA in December of the following year,

using p-value = 10713 and lag = 1 day. Red nodes = more erratic and pessimistic institutions.

Blue nodes = others. Nodes’ size according to degree centrality.

Figure 25 shows that the degree centrality both median and dispersion is higher for the
institutions that are not categorized as simultaneously pessimistic and more erratic, while
Figure 26, in addition to reinforce the heterophilia trend in the network over time, shows again
that the network tends to be more heterophilic in periods of greater economic uncertainty

(especially in the impeachment and in the Covid-19 pandemic). The assortativity in this
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exercise remains close to zero (-0.033), once again illustrating that the causality relationship in

market expectations for IPCA in December of the following year happens regardless of the
institutions external attribute.
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Figure 25. Degree centrality according to erratic and pessimism attribute.
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Figure 26. Assortativity for erratic and pessimism attribute.
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6. CONCLUSION

This thesis main goal was to bring some econometric evidence that market professionals do

influence one another while forecasting inflation in Brazil.

In addition to showing these causal relationships, this thesis also contributed to the literature

on economic expectations by concluding that:

1) the estimated networks are always dense, regardless of the chosen parameters (p-
value and lag) for Granger Causality test.

2) professionals' inflationary expectations tend to cause about two other institutions’

forecasts.

3) even without having expectations that cause other agents, the less central institutions

in the network are still influenced by many others.

4) using the “tightest” parameters for Granger causality tests (p-value = 10713 and lag
= 1 day), the most central institution in the network can influence the inflation

expectations of nine other Focus’ institutions.

5) the “optimists” institutions (that forecasted numbers below the average for the IPCA
in December of the following year between 2001 and 2021) are more central in the

network, as well as the “more assertive” ones.

6) the probability that institutions are pessimistic or more erratic increases in years of
lower Central Bank credibility.

7) the network became more heterophilic from 2001 to 2021, showing that
professionals have been talking and relating to each other regardless of their external

characteristics.
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8) heterophilia tends to be even greater in periods of high economic uncertainty, such
in the 2008 financial crisis, Dilma Rousseff’s impeachment (2015-2016) and the
Covid-19 pandemics (2020-2021).

As future research, there are many possibilities for extending our conclusions: 1) check if the
results would change a lot if the hypothesis that the network topology is fixed throughout all
the analyzed period was relaxed; 2) check if the results would be the same even if other
inflationary variables were used instead of the IPCA in December of the following year and 3)
see if the topology would be very different if other “asset prices” forecasts were used, like

exchange rates and interest rates.
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INDEX A

Directed networks build with all p-values and lags.

Figure 27. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~* and lag = 1 day.

Figure 28. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~* and lag = 2 days.
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Figure 29. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~* and lag = 3 days.

Figure 30. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~> and lag = 1 day.



Figure 31. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~° and lag = 2 days.

Figure 32. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~> and lag = 3 days.
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Figure 33. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~° and lag = 1 day.
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Figure 34. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~° and lag = 2 days.



Figure 35. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~° and lag = 3 days.

Figure 36. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~7 and lag = 1 day.

58



59

Figure 37. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~7 and lag = 2 days.

Figure 38. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 1077 and lag = 3 days.



60

Figure 39. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 1078 and lag = 1 day.
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Figure 40. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~2 and lag = 2 days.



Figure 41. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~2 and lag = 3 days.
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Figure 42. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~° and lag = 1 day.
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Figure 43. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~° and lag = 2 days.

Figure 44. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~ and lag = 3 days.
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Figure 45. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 1071° and lag = 1 day.
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Figure 46. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~1° and lag = 2 days.



Figure 47. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~1% and lag = 3 days.
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Figure 48. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~ and lag = 1 day.
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Figure 49. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~ and lag = 2 days.

Figure 50. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~** and lag = 3 days.
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Figure 51. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 1072 and lag = 1 day.
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Figure 52. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 102 and lag = 2 days.



Figure 53. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 102 and lag = 3 days.
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Figure 54. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 103 and lag = 1 day.
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Figure 55. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10~ and lag = 2 days.

Figure 56. Directed network for market forecasts for IPCA in December of the following

year, using p-value = 10713 and lag = 3 days.
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INDEX B
Rolling regression used by Fed as an alternative to monitor the central bank credibility,

applied to Brazilian data.

Using the rolling regression suggested by Fed, the BCB credibility can be monitored over the

years. The equation is given by

A" = a4+ BrATSt + .
where:
Am,®™ = Variation of forecasts for inflation in the long term.
Am,®' = Variation of forecasts for inflation one year ahead.

B = Sensitivity that measures how much short-term expectations influence long-term

expectations (the higher the (3, the less anchored inflationary expectations are).
ue = Error term.

o = Constant term.
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Figure 57. Brazilian Central Bank lack of credibility, following the rolling regression used
by Fed. The higher the number, the lower the BCB credibility.



