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Abstract

This paper investigates the relationship between the views expressed in the minutes of
the meetings of the Central Bank of Brazil’s Monetary Policy Committee (COPOM) and the
real economy. It applies various computational linguistic machine learning algorithms to
construct measures of the minutes of the COPOM. First, we create measures of the content
of the paragraphs of the minutes using Latent Dirichlet Allocation (LDA). Second, we build an
uncertainty index for the minutes using Word Embedding and K-Means. Then, we combine
these indices to create two topic-uncertainty indices. The first one is constructed from
paragraphs with a higher probability of topics related to “general economic conditions”.
The second topic-uncertainty index is constructed from paragraphs that have a higher
probability of topics related to “inflation” and the “monetary policy discussion”. Finally, we
employ a structural VAR model to explore the lasting effects of these uncertainty indices
on certain Brazilian macroeconomic variables. Our results show that greater uncertainty
leads to a decline in inflation, the exchange rate, industrial production and retail trade in
the period from January 2000 to July 2019.

Keywords: Central Bank of Brazil, monetary policy communication, Latent Dirichlet
Allocation, monetary policy uncertainty, Structural Vector Autoregressive model, Word
Embedding.

JEL classification: C32, C45, D83, E52.



Resumen

Este documento investiga la relacidn entre las opiniones expresadas en las minutas de
las reuniones del Comité de Politica Monetaria del Banco Central de Brasil (COPOM)
y la economia real. Construimos medidas de las minutas del COPOM utilizando varios
algoritmos de aprendizaje automatico. En primer lugar, creamos medidas del contenido
de los parrafos de las minutas, utilizando el algoritmo Asignacion Latente de Dirichlet
(LDA, por sus siglas en inglés). En segundo lugar, construimos un indice de incertidumbre
para las minutas, utilizando los modelos Word Embedding y K-Medias. Combinando los
anteriores indices, creamos dos indices de incertidumbre tematicos. El primero de estos
se construye con los parrafos que tienen una mayor probabilidad de temas relacionados
con las «condiciones econdmicas generales». El segundo indice de incertidumbre
tematico se construye con los parrafos que tienen una mayor probabilidad de temas
relacionados con la «inflaciéon» y la «discusion de politica monetaria». Finalmente, a
través de un modelo Estructural de Vectores Autorregresivos, estudiamos los efectos
de estos indices de incertidumbre en algunas variables macroeconémicas de Brasil.
Nuestros resultados muestran que una mayor incertidumbre conduce a un descenso de
la inflacion, del tipo de cambio, de la produccién industrial y del comercio al por menor
en el periodo comprendido entre enero de 2000 y julio de 2019.

Palabras clave: Banco Central de Brasil, comunicacion de la politica monetaria,
Asignacion Latente de Dirichlet, incertidumbre de la politica monetaria, modelo Estructural
de Vectores Autorregresivos, Word Embedding.

Codigos JEL: C32, C45, D83, E52.
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1 Introduction

Central bank communication is an important instrument in the toolbox, able
to influence the financial markets and the real economy, since it provides some
sort of information on the risks to price stability and growth. The higher
the risks, the greater the likelihood of monetary policy intervention (Rosa
and Verga, 2007). In other words, most of the central bank communications
provide relevant information to the markets with the aim of guiding their
policy decisions. Moreover, with their communications, central banks provide
accountability, which is a key aspect of independent central banks (Binder,

2017).

Central banks communicate with the markets in different ways such as
press conferences, statements of monetary policy decisions, inflation reports
and the minutes of monetary policy meetings. The US Federal Open Market
Committee (FOMC) opts to publish its minutes some days after the meeting.
Similarly, after adopting an inflation targeted monetary approach during the
90s and the early 2000s, several central banks in Latin America — such as the
Central Banks of Colombia, Mexico, Chile and Brazil — also publish the min-
utes of their monetary policy meetings. In the last decades, several authors
have investigated the effect of Latin American central banks communications
on the markets. In particular for the Central Bank of Brazil (Banco Cen-
tral do Brasil in Portuguese), several investigations processed the information
contained in the text of the communications manually, categorizing them as
dovish or hawkish (Costa-Fiho and Rocha, 2010; Cabral and Guimaraes, 2015;
Garcia-Herrero, Girandin and Dos Santos, 2017). However, this way of pro-
ceeding can introduce some bias due to personal misinterpretation and requires
a huge amount of work. Some papers have attempted to overcome these issues
by using dictionary methods, that is, lists of words related to a sentiment or a
topic as in Chague, De-Losso, Giovannetti and Manoel (2015) that apply this

methodology for the communications of the Central Bank of Brazil.

In this paper, we investigate the relationship between the views expressed
in the minutes of the meetings of the Monetary Policy Committee (COPOM)
of the Central Bank of Brazil and the real economy. The minutes of the

COPOM contain relevant information about the state of the economy, inflation
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expectations and the reasons behind monetary policy decisions (Costa-Filho
and Rocha, 2010). The COPOM meets a fixed number of times a year and
its minutes are released the week after the meeting. Our main objective is
to construct new measures of communication for the COPOM minutes. For
that purpose, we suggest simple measures of communication to identify the
topic and tone (sentiment) of the minutes of the Central Bank of Brazil, using

machine learning methods.

Some economic investigations use the unsupervised machine learning tech-
nique Latent Dirichlet Allocation (LDA) to deduce the content (the topics)
of relevant documents. The basis of LDA is that documents are depicted as a
random combination of latent topics, where each topic is represented by a dis-
tribution over words (Blei et al, 2003). Our first contribution is to apply LDA
to the minutes of the COPOM to infer the content of each paragraph. In par-
ticular, we identify the paragraphs with higher probability on topics related
to ‘general economic conditions’ and the paragraphs with higher probability
on topics related to ‘inflation and the monetary policy decision’. To the best
of our knowledge, this is one of the first papers to use LDA to investigate
the communications of the Central Bank of Brazil after Fasolo, Graminho and
Bastos (2022) who use hierarchical Latent Dirichlet Allocation (hLDA) and
LDA to obtain topic structures of the minutes of the COPOM and use dic-
tionary methods to create sentiment measures. These are combined to obtain
topic-sentiment measures and, in particular, an Economic Uncertainty Index.
Apart from this work, many other authors used LDA and other techniques to
analyse textual data (Bholat et al., 2015; Hansen, McMahon and Prat, 2017;
Hansen, McMahon and Tong, 2019; Larsen and Thorsrud, 2019; Gentzkow,
Kelly, and Taddy, 2019; Ash and Hansen 2022).

Our second contribution is the application (for the first time to the best of
our knowledge) of the Skip-Gram and K-Mean models, following Soto (2021),
to the communications of the Central Bank of Brazil to construct an ‘uncer-
tainty’ dictionary, that is, a list of words similar to ‘uncertain’, ‘uncertainty’,
‘uncertainties’ and ‘fears’. With this ‘uncertainty’ dictionary, we build an
uncertainty index for the minutes of the Central Bank of Brazil by counting
the relative frequency of the words in it. This ‘uncertainty’ dictionary should

be less biased and better adapted to the text than pre-established sentiment
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dictionaries, such as, that of Loughran and McDonald (2011), since it is con-
structed with the text to be analyzed. In particular, according to Hansen,
McMahon, and Prat (2017), machine learning methods have an important
advantage over dictionary methods since they use all terms of the text to
depict paragraphs in low-dimensional space instead of using parts of them.
These authors also argue that machine learning techniques detect the most
significant words in the data instead of imposing them. Moreover, Hansen,
McMahon, and Prat (2017) state that a cognizable trait of LDA compared to
other algorithms for dimensionality reduction is that it is fully probabilistic.
However, there is still some degree of discretionality depending on the param-
eters selected to apply the Skip-Gram model since this might change some of

the words in the dictionary.

We then construct topic-uncertainty measures, following Soto (2021), by
combining the results of LDA and the Skip-Gram model for a better under-
standing of the sentiment (uncertainty) contained in the paragraphs discussing
different topics. Specifically, we create two topic-uncertainty indices, one with
the paragraphs more likely to include a group of topics related to ‘general eco-
nomic conditions’, and the other with the paragraphs more likely to include
a group of topics related to ‘inflation’ and the ‘monetary policy decision’.
Other papers in the literature that have proposed topic-sentiment measures are
those by Hansen, McMahon and Prat (2016), Azqueta-Gavaldon, Hirschbiihl,
Onorante and Saiz (2020), Cieslak, Hansen, McMahon and Xiao (2021),

Moreno-Pérez and Minozzo (2022a), Moreno-Pérez and Minozzo (2022b).

As our last contribution, we analyzed the effect of the minutes, that is, of
our uncertainty measures on the Brazilian real economy through a Structural
Vector Auto-Regression (SVAR) model. Our results, based on a time interval
spanning from January 2000 to July 2019, show that higher uncertainty in the
minutes of the COPOM leads, in the same period, to a decrease in industrial
production, inflation and retail sales. Moreover, they show that a unit shock
in the uncertainty of the minutes is associated with a depreciation of the
exchange rate. And finally, that a unit shock in the two topic-uncertainty
indices has diverse effects, in the period 2000-2016, on exchange rate, inflation

and industrial production.

DOCUMENTO DE TRABAJO N.° 2240



2 Minutes of the Central Bank of Brazil

Some decades ago, inflation in Brazil was a major economic issue. Brazil
suffered hyperinflation for almost 15 years from 1980 to 1994, during which
inflation racked up an astonishing 13,342,346,717,617.70 percent. It was
stopped by the introduction of the ‘Real Plan’ (‘Plano Real’) which included
the introduction of a new currency the ‘Real’ and the privatization of state
monopolies. In the 15 years after the introduction of the ‘Real Plan’, inflation
was significantly reduced, totaling 196.87 percent over the period (Corrado,
2013).

In 1999, an inflation targeting regimen was adopted which allowed the
‘Real’ to fluctuate in response to market foreign-exchange mechanisms.
The same year, the Central Bank of Brazil’s Monetary Policy Committee
(COPOM) was created to increase transparency and trust in the monetary
policy decision-making process. The COPOM is responsible for setting the
stance on monetary policy and the short-term interest rate. The main goal
of the COPOM is to achieve the inflation target established by the National
Monetary Council. Moreover, the Central Bank of Brazil releases four types of
documents related to monetary policy. First, an inflation report is published
at the end of every quarter. Second, a summary of the decision of the COPOM
is published after each meeting. Third, a focus report is released weekly con-
taining projections for inflation, economic activity, the Selic rate and other
economic indicators. Finally, the minutes of the meetings of the COPOM are

published the week after the meeting.

In this paper, to limit our efforts and the computational burden, we decided
to analyze solely the minutes of the meetings of the COPOM. However, these
minutes are the most important documents of the Central Bank of Brazil since
they explain in detail all the reasons behind the decisions of the COPOM.
Our sample comprises all the minutes of the COPOM from the last meeting
in 1999 to September 2019, which are available on the website of the Cen-
tral Bank of Brazil. Hence, we have 184 minutes of the COPOM. From the
end of 1999 until 2005, the COPOM met once a month, with an additional
meeting in 2002. In 2006, the COPOM reduced the number of yearly meetings

to eight. The meetings last two days. On the first day, current economic and
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financial conditions are illustrated by the various departments and discussed
by the members of the COPOM. On the second day, the members and head of
the Research Department discuss the updated projections for inflation. Then,
the COPOM takes its monetary policy decision. Since the 200th meeting of
the COPOM in 2016, the statement of the final decision of the COPOM has
included a summary of the domestic risks for the baseline scenario. Hence,

part of the information in the minutes is not new for economic agents.

We use the English version of the minutes of the COPOM as a proxy of the
Portuguese version. The English version is published one or several days after
the Portuguese version. Since the 94th meeting in 2004 until the 199th meeting
in 2016, the Portuguese version of the minutes was released on Thursday at
8:30 a.m. the week after the meeting. Since the 200th meeting, in 2016, the
Portuguese version of the minutes is released on Tuesday at 8:30 a.m. the week
after the meeting. The minutes are made public before the Brazilian Stock

Exchange (BM&FBOVESPA Exchange) opens at 9:30.

3 Topic Analysis: Latent Dirichlet Allocation

We use simple measures of communication to identify the topic and the tone
of the minutes of the Central Bank of Brazil. First, we apply Latent Dirichlet
Allocation to identify the content or tone of each paragraph. We identify the
paragraphs of the minutes that have a higher probability of the group of topics
related to the current state of the economy, as well as paragraphs that have a
higher probability of the group of topics related to inflation and monetary pol-
icy decisions. We then compute the tone of each paragraph. By tone, what is
meant is the sentiment or degree of uncertainty in each paragraph of the min-
utes. To compute the tone, we apply the Skip-Gram and K-means algorithms
to create a list of words similar to ‘uncertain’, ‘uncertainty’, ‘uncertainties’ and
‘fears’. Later, we build an uncertainty index by counting the number of times
words from our ‘uncertainty’ list appear in each paragraph. Finally, we combine
both topic and tone measures to construct two topic-uncertainty measures.
The first topic-uncertainty index is constructed from paragraphs with a higher
probability of topics related to general economic conditions. The second topic-
uncertainty index is constructed from paragraphs with a higher probability of

topics related to inflation and monetary policy decisions.
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3.1 Latent Dirichlet Allocation model

Latent Dirichlet Allocation (LDA) is a machine learning technique introduced
by Blei, Ng and Jordan (2003) that can be used for textual analysis. It is an
unsupervised machine learning technique that aims to identify the topics or
content of the text of all the documents interest without a person needing to
read the text. The capacity of LDA to produce easy interpretable topics is
one of its advantages. In order to do that, a name is assigned to each topic,
for instance, ‘industrial production’ since the words most likely to appear are
‘industry’, ‘production’, ‘goods’, ‘workers’ and ‘supply’. This labelling does not

affect the results.

3.2 Corpus pre-processing and LDA estimation

In order to apply LDA, we manually transform the PDF of each set of minutes
into text files. We remove from the minutes the parts that are not relevant
for the LDA model such as the cover, the introduction, the footnotes and
acronyms. We also assign tags to each paragraph to identify the date, the
number and section of the minutes. All the words are changed to lower case
and the data are ‘cleaned’ before applying LDA. The ‘cleaning’ data process
for LDA requires three steps eliminating non-relevant information from the
text. The first step is to remove the punctuation and stop words such as ‘the’,
‘all’, ‘because’, ‘this’, not relevant since they provide no information about the
theme of the paragraph. Second, we stem the remaining words. Stemming is a
process that consists in reducing words into their word stem or base root. For
instance, the words ‘inflationary’, ‘inflation’; ‘consolidate’ and ‘consolidating’
are transformed into their stem ‘inflat’ and ‘consolid’, respectively. Finally, we
rank these stems according to the term frequency-inverse document frequency
(tf-idf). This index grows proportionally with the number of times a stem
appears in a document. However, it decreases by the number of documents
that contain that stem. This index serves to eliminate common and unusual
words. We disregard all stems that have a value of 3,000 or lower. This cutoff

of 3,000 seems reasonable with the tf-idf ranking.

In our research, we apply LDA with 9 topics to the 9,484 paragraphs that
comprise all the minutes from the end of 1999 to September 2019. In our anal-
ysis, each paragraph corresponds to a document of the corpus. Our corpus

comprises 2,900 unique stems and the total number of stems is 450,174. After
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several trials with a different number of topics (from 30 to 5), the optimal num-
ber of topics turns out to be 9. This number of topics is used to differentiate
paragraphs discussing topics related to ‘general economic conditions’ and para-
graphs discussing topics related to ‘inflation expectations’ and the ‘monetary
policy decision’. A smaller number of topics do not allow this differentiation

since topics mix with each other.

Furthermore, we follow the suggestions of Griffiths and Steyvers (2004) to
set the two hyperparameters of the Dirichlet priors. First, we set the Dirichlet
prior on topics to 200/V, where V' is the number of single or unique vocabulary
items. Second, we set the hyperparameter of the Dirichlet prior on document-
topic distributions equal to 50/ K where K is the number of topics (Hansen,
McMahon and Tong, 2019). We run 1000 iterations before running the sample.
Then, we twice run 20 samples from points in the chain thinned with a thinning

interval of 50.

3.3 First LDA output: words per topic

Table A.1 shows the first output of LDA, i.e. the word-topic matrix. We display
the first twelve words with the highest probability for each topic. Word 1 is
the word or stem with the highest probability in that topic. Word 2 is the
word with the second highest probability and so on. Most of the topics are
easily understandable. We can divide the topics into two groups, those that
include words related to ‘current economic conditions’ and those that include
words related to ‘inflation’” and the ‘monetary policy decision’. The aim of this
division is to assign each paragraph of the minutes to one of the two previous

groups of topics as in Hansen and McMahon (2016).

The first group of topics discusses ‘general economic conditions’ and com-
prises topics 2, 4, 6, 7 and 8. We assign a tag to each topic for mere
interpretation. For instance, to topic 8 we assign the tag ‘industrial production’
since it comprises mainly stems related to industrial production such as ‘prod-
uct’ with a probability of 0.081, also ‘industr’, ‘good’, etc. The topics related to
‘current economic conditions’ represent the first day of the COPOM meeting
during which the various heads of department inform COPOM board mem-
bers of the current economic and financial situation of Brazil and international

markets.
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The second group contains topics that are related to the ‘current situation
of inflation and its expectations’ and the ‘monetary policy decision’. This group
includes topics 0, 1, 3 and 5. Usually, the description of the ‘current state of
inflation’ takes place on the first day of the meeting and discussions of ‘inflation

expectations’ and the ‘monetary policy decision’ occur on the second day.

3.4 Second LDA output: topics per document

The second output of LDA is the distribution of probabilities of each topic per
document represented by the term (. In our paper, we assign each paragraph
to one of the two groups of topics. We determine that a paragraph is part of the
‘general economic conditions’ group of topics if the sum of the 3 probabilities
of the topics of this group is higher than or equal to 0.555% since 5 topics over
9 belong to the ‘general economic conditions’ group of topics. However, if the
value of the sum of ) of the ‘general economic conditions’ group of topics is
smaller than 0.555%, the paragraph is assigned to the group of topics related

to ‘inflation” and the ‘monetary policy decision’.

—— T2 (Economic activity)
T4 (Trade / credit Operations)
T6 (Sales / retail)

—— T7 (Employment)
T8 (Industrial production)

Probability of the topic in each COPOM's minute:

! *ﬂ.»ij\"-

= @““ 2 P »° &0

Minutes across time

Fig. 1: Weights of topics 2, 4, 6, 7 and 8 in the minutes from December 1999 to
2019. Notes: The lines are the probabilities of each topic in each set of COPOM
minutes. The vertical dotted blue lines represent a change in the Governor of
the Central Bank of Brazil. The vertical dotted red lines represent a change in
the format of the minutes. The vertical dotted black lines indicate a change in
the format of the minutes and of the governor of the Central Bank of Brazil.
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For illustrative purposes, we estimate the distribution of topics in the min-
utes. Figure 1 shows the probability of topics related to the ‘current economic
situation’ in the minutes and Figure 2 shows the probability of topics related
to ‘inflation’ and the ‘monetary policy decision’. In the figures there are events
due to a change in the format of the minutes or to a change in the governor of
the Central Bank of Brazil. Two events have a considerable effect. The first sig-
nificant event occurs in the 181st minute in February 2014 due to a change in
the format of the minutes. The 181st minute is represented in Figures 1 and 2
with a vertical dotted red line in 2014. The second event is in the 200th minute
in 2016 where the format of the minutes is changed and the governor of the
Central Bank of Brazil was replaced. Since the 200th minute in 2016 which is
represented by the vertical dotted black line in Figures 1 and 2, topics related
to ‘general economic conditions’ and ‘inflation’ have a lower probability than
topics related to the ‘monetary policy decision’. The results of Fasolo, Gram-
inho and Bastos (2022) capture also the same change in topic probabilities in

these two events.

TO (Inflation)
—— T1 (Inflation)
————— T3 (COPOM decision)
—— T5 (COPOM decision)

Probability of the topic in each COPOM's minute

y
\ i

FwA
K

N
N -
vty

7 L = #* = »

Minutes across time

Fig. 2: Weights of topics 0, 1, 3 and 5 in the minutes from December 1999 to
2019. Notes: The lines are the probabilities of each topic in each set of COPOM
minutes. The vertical dotted blue lines represent a change in the Governor of
the Central Bank of Brazil. The vertical dotted red lines represent a change in
the format of the minutes. The vertical dotted black lines indicate a change in
the format of the minutes and of the governor of the Central Bank of Brazil.
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4 Tone Analysis: Estimation of Uncertainty

and Topic-Uncertainty Indices

Our next step is to determine the degree of uncertainty in each of the minutes.
To measure the degree of uncertainty, we apply the Skip Gram model and K-
Means following Soto (2021) to construct a list of words related to ‘uncertain’,
‘uncertainty’, ‘uncertainties’ and ‘fears’. We count the number of times that
words from this ‘uncertainty’ list appear in each set of minutes compared to
the total number of words in each set. Following the same procedure, we create
two topic-uncertainty indices. First, we build an uncertainty index for the
paragraphs more likely to contain topics related to the ‘current state of the
economy’. Second, we construct an uncertainty index for the paragraphs more

likely to contain topics related to ‘inflation’ and ‘monetary policy decisions’.

4.1 Word Embeddings theory and the Skip-Gram model

The Word Embeddings model was introduced by Mikolov et al. (2013). Word
Embeddings are continuous vector representations of words with syntactical
and semantic similarities between words in a Euclidean Space, decreasing the
size of the text. The main idea of Word Embeddings is that we obtain a lot
of meaning from a word by its context, i.e. the words around it or where it is

embedded. For instance, consider the following documents:

Document 1: the economy experienced a period of growing uncertainty

about the growth capacity

Document 2: the economy experienced a period of growing concerns about

the growth capacity

The words ‘uncertainty’ and ‘concerns’ have similar meanings related to
doubt and worry. In addition, the words ‘uncertainty’ and ‘concerns’ are pre-
ceded by ‘the economy experienced a period of growing’ and followed by ‘about
the growth capacity’. The basic idea of Word Embeddings is to create a dense
vector for each word type that is good at predicting the words that appear in
their context and are also represented by a vector. In that case, we prefer a

machine learning method that puts the vectors of words with similar mean-
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ing such as ‘uncertainty’ and ‘concerns’ in the same part of the vector space
since they appear in the same context. To create the Word Embeddings in this
way, we utilize the Skip-Gram model introduced by Mikolov et al. (2013). The
Skip-Gram model is a Neural Network machine learning method that tries to
predict context words on the basis of a center word. This process is repeated
for all the unique terms in the corpus, and for each term a vector of probabil-
ities is created and placed in the vector space. For instance, uncertainty is the
input or center word in document 1. The rest of the words are the output or

context words.

economy experienced growing uncertainty about the growth capacity

Output Input Output

In the previous example, the Skip-Gram model provides the probability
distribution of each of the context words based on the word uncertainty, which
is the center word. For instance, P(growing | uncertainty) or P(about | uncer-
tainty). For each word (¢t = 1,...,T), the number of words in the context is
given by the size of the window, m, that determines the number of context
words before and after each center word. A window size of five means we esti-
mate the probabilities of the five output words previous to the input word and

the five output words following the input word.

4.2 K-Means Clustering

K-Means Clustering is a technique that attempts to link observations that are
close to each other in the input space. In this paper, we use K-Means to cluster
the Word Embeddings, which are vector representations contructed with the
Skip-Gram model, into C' disjoint groups or clusters. We then identify the
cluster that encompass the words ‘uncertain’, ‘uncertainties’, ‘uncertainty’ and

‘fears’ as in Soto (2021).

K-Means is a centroid-base algorithm. This algorithm aims to find the
cluster assignments of all m observations to C' clusters that minimize the within
cluster distances between each point x; and its cluster centre p. (Chakraborty
and Joseph, 2017). The within cluster distances is normally measured by the
FEuclidean distance. The corresponding cost function is:

1 &
2
BRR(X,C)= — 3" 3" Jlzi—pe | (1)
c=1z;€C,
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Here, the sum of squares is normalized by the number of observations, as
required to compare clusters of different sizes. In order to establish a fixed num-
ber of clusters C, we alternate steps of cluster assignment and centroid shifting.
During clustering assignment, we assign each observation z; to its closest cen-
troid C;. In centroid shifting, we compute the new position for each centroid.
Moreover, highly correlated features must be avoided since they might cause
spurious clustering. Finally, the number of clusters needs to be decided. Sev-
eral evaluation methods can be used including the ‘silhouette coefficient” and

‘elbow-method’ (Chakraborty and Joseph, 2017).

4.3 Estimation of Word Embeddings

The Skip-Gram model is applied to the same corpus of minutes of the Central
Bank of Brazil. Nonetheless, there are some differences in the preprocessing of
the corpus. First, the words in the Skip-Gram corpus are not stemmed because
of the risk of losing information due to the semantic differences between words.
Second, we identify bigrams or pairs of words that appear with a frequency
higher than 10. The bigrams identify couples of words that represent the same
term or idea. Finally, the text in the Skip-Gram model is a whole unique

document instead of different documents comprising paragraphs as in LDA.

We attempt different combinations of the Hidden layer and the window size
in the Skip-Gram model.! We select parameters that provide logical results.
In particular, we estimate Skip-Gram with a Hidden layer (H) of 200 and a
context window size (m) of 10. Furthermore, 140 clusters are selected for the

application of K-Means.

After applying the Skip-Gram and K-Means models, we select all the words
in the same clusters as ‘uncertainty’; ‘uncertain’, ‘uncertainties’ and ‘fears’ to
construct a dictionary or list of words related to uncertainty. Though words
in the same cluster do not share the same semantic meaning, they are related
to similar contexts. The words in the same clusters as the words ‘uncer-
tainty’, ‘uncertain’, ‘uncertainties’ and ‘fears’ are shown in Table 1 . The list of
‘uncertainty’ words includes words such as ‘unstable’, ‘ambiguous_influence’,

‘turmoil” and ‘risks’. Other words describe critical events such as ‘earthquake’,

'We implement the Skip-Gram model with the Gensim library (Word2Vec) in Python.
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Table 1: List of words in the same cluster as the words ‘uncertain’, ‘uncer-
tainty’, ‘uncertainties’ and ‘fears’.

abrupt, absence, abundant, abundant_global, actually, adjust, adverse, affirm, africa,
alternative, america, american, ample, another_concern, apparently _little, asian, asset,
assign_low, assume, asymmetric, attack, attacks, band, benign_inflationary, brazil-
ian_assets, brexit, capital_flows, causing, chances, chinese_economy, clear_identification,
closely _monitored, committee_understands, commodities, commodity, complex, complex-
ity, complexity_surrounding, comprise, concerns, concretization, consequences, conse-
quent, considerable_degree, constitute, constraints, contaminate, could, could_affect,
decades, deficits, degree, deleverage, depends, depreciating, derive, derived, deriving,
despite_identifying, deteriorate, deterioration, devaluation, developed_countries, devi-
ates, diagnosis, dollar_appreciation, dollar_depreciation, earlier, earthquake, ease, eased,
eastern, economic_blocks, elections, electoral process, emerging, emerging countries,
enable_natural, environment, episodes, equity_markets, european_countries, evaluates,
existence, exporting_countries, extent_reflect, external_environment, external financing,
extraordinary, extreme_events, faced, facts, fashion, favoring, fear, fears, finan-
cial_markets, financing_conditions, fragility, fueled, generate, geopolitical, geopoliti-
cal_tensions, global outlook, gradual_normalization, handling, heating, heightened, het-
erogeneous, highly_volatile, identifies, imply, impose, impose_adjustments, incidentally,
industrialized _countries, industrialized_economies, inflationary, initially_localized, ini-
tiatives_taken, instability, international, international financial, iraq, justified, latent,
latin_america, less_likely, likelihood, localized, low_probability, major, major_advanced,
major_economies, manifest, markets, markets_quotations, mechanisms, middle_east,
midst, might, minor, mitigate, mortgage_crisis, movements, moves, nevertheless,
news, normalization, north, northern_hemisphere, notably, nuclear, observes, ongo-
ing_deleveraging, opec, originally, originated, particularly, persists, pessimism, political,
pondered, pose, positive_spillovers, possible, potentially, predominantly, premature, pres-
suring, prevalence, pricing, problems, producing_countries, promptly_converges, prospec-
tively, provoked, prudent, quotations_remains, reacting, reaction, reactions, realign-
ments, reassessment, recently, recurrent_geopolitical, remain_tied, remains_complex,
repercussions, risk, risk_appetite, risk_aversion, risks, risky_assets, satisfactory, scarcity,
selected_commodities, shortage, show_resistance, significant_deterioration, since_mid,
speculative, spillovers, stem, strongly_impacted, subdued, subsequent_years, substan-
tial_share, suffer, surround, surrounded, surrounding, swings, tension, tensions, ten-
sions_despite, tightened, towards_normality, traditionally, transition, transitory, tur-
moil, uncertain, uncertainties, uncertainty, uncertainty_concerning, unstable, valua-
tion, venezuela, volatility, volatility_affecting, war, wave, weaken, wealth, widening,
widespread_disinflation, winter, world, world_economy, worldwide, worries, would, yen.

‘brexit’, ‘mortgage_crisis’ or ‘war’. Besides, there are terms related to oil-
producing countries that might be in trouble as ‘iraq’, ‘opec’ or ‘venezuela’.
Some words are related to the business cycle such as ‘widespread_disinflation’,
‘devaluation’ or ‘dollar_appreciation’. Moreover, our results might not fully
show the potential of the Skip-Gram model since the data available for the
minutes of Brazil are limited compared to the size of current databases as in

the case of social media.

4.4 Estimation of uncertainty and topic-uncertainty
indices

An uncertainty index for the minutes of the Central Bank of Brazil is con-
structed by assigning an uncertainty score to each set of minutes. As we show

in Equation (14), the uncertainty score of each set of minutes is computed as
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the number of times any word in our ‘uncertainty’ list appears divided by the
total number of words in that set of minutes. We standardize the uncertainty
score by multiplying it by 100 and dividing it by the mean score of all the

minutes used to construct the uncertainty index as shown in Equation (15).

Ss = Us/Nsu (2)

S
Fo=100——25 3
3 Sm=1 5m ?

where, the term Uy is the number of uncertainty words in minute s, and Ny
is the total number of words in that set of minutes. Furthermore, S; and Fy are
the uncertainty score and the uncertainty index of minute s, respectively. The
denominator of Equation (15) is the mean of all the values of the uncertainty

score.

Figure 3 shows the evolution of the minutes uncertainty index. We com-
pare it with the Economic Policy Uncertainty (EPU) index for Brazil created
by Baker, Bloom and Davis (2016). There are two main differences in the
construction of our minutes uncertainty index and the EPU index that could
affect their behavior. First, the minutes uncertainty index is constructed with
the corpus of the minutes of the COPOM in which the Brazilian and the inter-
national current economic and financial conditions, the updated projections
for inflation and the monetary policy decision are discussed in due proportion.
Nonetheless, the Brazilian EPU index is constructed starting from newspa-
per articles of the Brazilian newspaper ‘Folha de Sao Paulo’, which might not
always provide information similar to that contained in the minutes. Second,
the minutes uncertainty index is constructed using machine learning techniques
such as the Skip-Gram model and K-Means. On the contrary, the Brazilian
EPU index is based on the counts of the number of articles that contain at
least one word in each of three subjectively pre-determined groups of words.
The first group contains words related to policy terms such as ‘regulation’ or
‘deficit’, the second comprises the words ‘uncertain’ and ‘uncertainty’, whereas
the third group comprises the words ‘economic’ and ‘economy’. The method-
ology of Baker, Bloom and Davis (2016) might suffer of problems similar to

those of the dictionary methods. To compare the two indices, we standardize
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EPU uncertainty index
—— Minutes uncertainty index
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Fig. 3: Minutes uncertainty index - December 1999 to 2019. Notes: The ver-
tical dotted blue lines represent a change in the Governor of the Central Bank
of Brazil. The vertical dotted red lines represent a change in the format of the
minutes. The vertical dotted black lines indicate a change in the format of the
minutes and of the governor of the Central Bank of Brazil

the EPU index following Equation (15) so that the mean of the EPU index is
100 for our sample. Figure 3 shows that the minutes uncertainty index follows a
pattern somehow similar to that of the EPU index of Baker, Bloom and Davis
(2016), though our index increases significantly in correspondence of the 200th
minute in 2016 (represented by the vertical dotted black line), which coincides
with the replacement of the governor of the Central Bank of Brazil and with a
change in the format of the minutes. It should be noted that the 200th minute
introduced a sort of structural break in the behaviour of the index, which does
not allow an immediate comparison of the values of the index before and after
this event. The results of Fasolo, Graminho and Bastos (2022), which use a
dictionary method on the minutes of the COPOM to create an uncertainty
index, are similar to ours and show a similar behavior in correspondence of the
200th minute. Differently to our index, the index of Baker, Bloom and Davis
2016) increases rapidly after 2014 capturing one of the worst economic crises

in recent decades (lasting from 2014 to 2016) of the Brazilian economy.

We construct two topic-uncertainty indices, creating the first topic-

uncertainty index for the paragraphs more likely to include topics related to
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‘general economic conditions’. Another topic-uncertainty index is created for
the paragraphs more likely to include topics related to ‘inflation’ and the ‘mon-
etary policy decision’. To build the two topic-uncertainty indices, we follow
the same procedure as described for the general uncertainty index. With the
two topic-uncertainty indices, we can identify the origin of uncertainty either
in the ‘general economic situation’ paragraphs or the ‘inflation’ and ‘monetary
policy decision’ paragraphs. Figure 4 shows the evolution of the two topic-
uncertainty indices and we compare them again to the EPU index of Baker,
Bloom, and Davis (2016) for Brazil. From 2000 until 2014, the ‘inflation’ and
the ‘monetary policy decision’ topic-uncertainty index is higher for almost all
the periods than the ‘general economic conditions’ topic-uncertainty index. In
2014, there was an economic crisis in Brazil, reflected by the fact that the
‘general economic conditions’ uncertainty index outscores the ‘inflation’ and
‘monetary policy decision’ topic-uncertainty index. Finally, again there was a
considerable increase in both topic-uncertainty indices after the 200th min-
utes which is represented by the vertical dotted black line, especially in the
‘general economic conditions’ uncertainty index. Nonetheless, the number of

paragraphs covering the ‘general economic conditions’ decreases drastically

EPU uncertainty index
—— General economic conditions topic-uncertainty index
—— Inflation and monetary policy decision topic-uncertainty index

600
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Fig. 4: Topic-uncertainty indices - December 1999 to 2019. Notes: The vertical
dotted blue lines represent a change in the Governor of the Central Bank of
Brazil. The vertical dotted red lines represent a change in the format of the
minutes. The vertical dotted black lines indicate a change in the format of the
minutes and of the governor of the Central Bank of Brazil
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after the 200th meeting in July 2016, leading to more volatility in this index,
including values equal to zero. Therefore, our analysis discards the ‘general

economic conditions’ topic-uncertainty index after the 200th minutes.

5 Structural VAR

One of the most similar paper to ours is Hansen and McMahon (2016) who
investigate FOMC statements. With LDA and manually they identify the parts
of FOMC statements that discuss ‘current economic conditions’ or the ‘mon-
etary policy decision’. For the part related to ‘current economic conditions’
they create a positive-negative index with words associated with expansion
and recession in the dictionary list of Apel and Blix Grimaldi (2012). For
the ‘monetary policy decision’ parts of FOMC statements, they estimate a
topic-uncertainty index by counting the relative frequency of the words in the
uncertainty dictionary of Loughran and McDonald (2011). Later, they esti-
mate a Factor-Augmented Vector Autoregression (FAVAR) to investigate the
effect of the text measures in the market and real variables. They observe that
the effect of communications’ shocks in ‘current economic conditions’ in mar-
ket and real variables is lower than the effect of communications’ shocks in the

‘monetary policy decision’ part of the FOMC statements.

We investigate the effect of the uncertainty index and the two topic-
uncertainty indices in the Brazilian economy. For this purpose, we compute a

Structural Vector Autoregression (SVAR) model:

P
BoY: =Y BYii+wr, (4)

i=1

where, w; refers to a structural innovation or structural shock, but also
represents the mean zero serially uncorrelated error term. The term Y; is a K-
dimensional time series ¢t = 1,...,T. The term Y; is approximated by a vector
autoregression of finite order p. The matrix By represents the simultaneous

associations of variables in the model (Kilian and Liitkepohl, 2017).

In our paper, the vector Y; = [AF}, AEy, Amy, AP, ACy] where AE; stands

for the difference in the Real broad effective exchange rate for Brazil, Am; indi-
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cates the difference in the consumer price index in Brazil, AP, is the difference
in total industrial output in Brazil, and AC; is the difference in total retail
trade. AF; stands for the difference in the range of the uncertainty indices.
For clarification, differences indicate first differences of time series, taken over
subsequent time instants. For the months with no meetings, we assume the
value of the uncertainty index of the previous set of minutes Moreover, all the
macroeconomic variables are extracted with monthly frequency from the Fed-
eral Reserve Bank of St. Louis. All variables are differentiated to overcome the

non-stationary problem in light of the augmented Dickey-Fuller test indicating

I(1).

The optimal number of lags is in line with Akaike Information Criteria
(AIC), the Bayesian Information Criterion (SBIC), and the Hannan and Quinn
Information Criterion (HQIC). The SVAR model complies with the stability
condition since all roots of the characteristic polynomial are outside the unit
circle. The identification of structural shock is obtained by appealing to the
usually estimated Cholesky decomposition put forward by Sims (1980). The
Cholesky decomposition involves the so-called recursiveness assumption, an
economic assumption about the timing of the reaction to shocks in the vari-
ables. In other words, the recursiveness assumption imposes order between the
variables. In our paper, the uncertainty index (AF}) simultaneously affects the
other variables, but is not affected by the remainder as in Bloom (2009) and
Nodari (2014). Hence, AE,; simultaneously affects Am;, AP, and AC;. Am, has
a simultaneous impact on AP, and AC;. Subsequently, it continues this way
for the last two variables. We estimate the Structural VAR model for each of
the uncertainty indices. First, we make two estimations with the full sample
for the following two uncertainty indices: 1) the minutes uncertainty index;
2) the ‘inflation’ and ‘the monetary policy decision’ topic-uncertainty index.
Then, we restrict the sample until the 199th minutes in June 2016 due to a
lack of data for the ‘general economic conditions’ topic-uncertainty index. We
again estimate Structural VAR with this reduced sample for all the uncertainty
indices constructed from the minutes: 3) the general uncertainty index for the
minutes; 4) the ‘inflation’” and ‘the monetary policy decision’ topic-uncertainty

index; 5) the ‘general economic conditions’ topic-uncertainty index.
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6 Results

Figure A.1 and A.2 show the results of the impulse response analysis for the
whole sample from 2000 to July 2019. Figure A.1 demonstrates the effects of
an increase in a unit shock in the minutes uncertainty index in four Brazil-
ian macroeconomic variables. A rise in one standard shock in the uncertainty
index of the minutes depreciates the exchange rate by almost 0.3%. Moreover,
an increase in the uncertainty index slightly reduces inflation. However, in two
periods after the shock it becomes positive. Lastly, industrial production and
the retail trade both decrease by around 0.16% with a unit shock in the gen-
eral uncertainty index. The results of industrial production and the retail trade
are similar to the results of Costa-Filho (2014) after a unit in the uncertainty
index. The results of Godeiro and de Oliveira-Lima (2017) also suggest the
same negative relationship between macroeconomic uncertainty and industrial
production in Brazil. In Figure A.2, the results of the ‘inflation’ and ‘monetary
policy decision’ topic-uncertainty index are similar to the results of the uncer-
tainty index. The effect on industrial production lasts longer for the ‘inflation’

and ‘monetary policy decision’ topic-uncertainty index.

Figures A.3 to A.5 repeat the analysis for all the uncertainty indices con-
structed from the minutes from 2000 to June 2016. Figure A.3 shows the
impulse response functions of the uncertainty index. The results are similar
to those computed for the whole sample, as shown in Figure A.1. However, in
the reduced sample industrial production decreases drastically in the period
following the shock rather than in the same period, as shown in Figure A.1.
Figure A.4 shows the results of the impulse response functions for the ‘infla-
tion” and ‘monetary policy decision’ topic-uncertainty index with the reduced
sample. Figure A.5 shows the ‘general economic conditions’ topic-uncertainty
index with the reduced sample. A unit shock in the ‘inflation’ and ‘monetary
policy decision’ topic-uncertainty index leads to a larger fall in the exchange
rate than in the results of the ‘general economic conditions’ topic-uncertainty
index. This might be explained by the large depreciation of the Brazilian Real
after the world financial crisis of 2008 during the ‘world currency war’. This
depreciation attempted to make Brazilian exports more competitive. In the
five years after the financial crisis of 2008, the ‘inflation’ and ‘monetary pol-

icy decision’ topic-uncertainty index is relatively high. This might be a proxy
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of the complex international financial situation facing COPOM board mem-
bers. The ‘general economic conditions’ topic-uncertainty index has a low value
during the five years after the world’s economic crisis of 2008, capturing the

growth of the Brazilian economy in that period.

In Figure A.5, we observe that a unit shock in the ‘general economic con-
ditions’ topic-uncertainty index has a positive impact on inflation. However,
the impact of a unit shock in the ‘inflation’ and ‘monetary policy decision’
topic-uncertainty index has a negative impact on inflation. This might be
explained by the fact that the ‘general economic conditions’ topic-uncertainty
index is higher than the ‘inflation’ and ‘monetary policy uncertainty’ topic-
uncertainty index during periods of higher inflation and tougher economic
conditions (beginning of the decade of 2000s and from 2014 to 2016). It might
also be related to the fact that COPOM members express more uncertain views
in the paragraphs related to ‘inflation’ and ‘monetary policy decision’ during

the period after the financial crisis of 2008 characterized by lower inflation.

In addition, the ‘inflation’ and ‘monetary policy decision’ topic-uncertainty
index has a higher negative effect on industrial production than the ‘general
economic conditions’ topic-uncertainty index. This might be explained by the
sharp fall in industrial production after the financial crisis of 2008 which may
be correlated with an increase in the ‘inflation’ and ‘monetary policy decision’
topic-uncertainty index in the same period. Finally, we observe similar results

for a unit shock in retail for both topic-uncertainty indices.

We check the validity of our results by estimating the Structural VAR
model with an external uncertainty index such as the EPU index for Brazil.
Figure A.6 shows the results of the impulse response analysis for the stan-
dardized EPU uncertainty index for the whole sample. The results are similar
to those of the uncertainty index of the minutes. Nonetheless, an increase in
one standard shock of the EPU index leads to a fall in the exchange rate
three times higher than is the case for the uncertainty index of the minutes
(Figure A.1). Figure A.7 shows results of the impulse response analysis for the
standardized EPU uncertainty index for the period 2000 - June 2016. Again,
these results are similar to those of the uncertainty index of the minutes, as

shown in Figure A.3. In Figure Figure A.7, in the same period, an increase of
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one-unit shock in the EPU index has a positive effect on retail and later drop

to negative values in the periods after the shock.

7 Conclusion

This paper investigates the relationship between the views expressed in the
minutes of the meetings of the Monetary Policy Committee (COPOM) of the
Central Bank of Brazil and the real economy. For this purpose, we suggest sim-
ple measures of communication to identify the topic and tone of the minutes
of the Central Bank of Brazil. First, topic or content analysis enables us to
understand what the minutes are talking about. Here, we use Latent Dirichlet
Allocation to deduce the content or topics of each paragraph of our sample.
We identify two main groups of topics, the ‘current economic conditions’ topics
and the ‘inflation” and ‘monetary policy decision’ topics. By tone analysis, we
compute the degree of uncertainty in each paragraph of the minutes. We use
the Skip-Gram and the K-means algorithms to create a list of words with simi-
lar meaning to ‘uncertain’, ‘uncertainty’, ‘uncertainties’ and ‘fears’ comprising
our dictionary of words related to ‘uncertainty’. We then compute the relative
frequency of the words from the ‘uncertainty’ dictionary to construct an uncer-
tainty index for the minutes of the Central Bank of Brazil and combine both
topic and tone text measures to build two topic-uncertainty indices. The first
topic-uncertainty index is constructed from paragraphs that are more likely
to include topics related to ‘general economic conditions’. We create a second
topic-uncertainty index from the paragraphs that are more likely to include
topics related to the ‘inflation situation and expectations’ and the ‘monetary

policy decision’.

Finally, with a Structural VAR model we estimate the effect on the real
economy corresponding to an increase in the uncertainty index of the minutes
and the two topic-uncertainty indices. Our results show that higher uncertainty
in the minutes of the COPOM leads to a fall in the exchange rate, industrial
production, inflation, and retail sales. We also show the differing impacts on the
‘general economic conditions’ topic-uncertainty and the ‘inflation’ and ‘mone-
tary policy decision’ uncertainty index in relation to macroeconomic variables

such as the exchange rate, inflation and industrial production.
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Future research could further investigate the communications of the Central
Bank of Brazil such as the monetary policy statements or study the effect in
the financial markets. Future research could also use alternative unsupervised
machine learning methods such as Dynamic Topic Models (Blei and Lafferty,

2006).
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Fig. A.1: Impulse response functions from the Structural VAR model corre-
sponding to one standard-deviation in the uncertainty index of the minutes of
the COPOM from 2000 to July 2019. The gray area displays the 90% confidence
intervals computed using bootstrapped standard errors (200 replications). The
Y-axis is in % points of each of the four macroeconomic variable and the X-
axis represents time in months (8 months).
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Fig. A.2: Impulse response functions from the Structural VAR model cor-
responding to one standard-deviation in the ‘inflation’ and ‘monetary policy
decision’ topic-uncertainty index of the minutes of the COPOM from 2000 to
July 2019. The gray area displays the 90% confidence intervals computed using
bootstrapped standard errors (200 replications). The Y-axis is in % points of
each of the four macroeconomic variable and the X-axis represents time in
months (8 months).
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Fig. A.3: Impulse response functions from the Structural VAR model corre-
sponding to one standard-deviation in the uncertainty index of the minutes
of the COPOM from 2000 to June 2016. The gray area displays the 90%
confidence intervals computed using bootstrapped standard errors (200 replica-
tions). The Y-axis is in % points change for each one of the four macroeconomic
variables and the X-axis represents time in months (8 months).
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Fig. A.4: Impulse response functions from the Structural VAR model cor-
responding to one standard-deviation in the ‘inflation’ and ‘monetary policy
decision’ topic-uncertainty index of the minutes of the COPOM from 2000 to
June 2016. The gray area displays the 90% confidence intervals computed using
bootstrapped standard errors (200 replications). The Y-axis is in % points
change for each one of the four macroeconomic variables and the X-axis rep-
resents time in months (8 months).
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Fig. A.5: Impulse response functions from the Structural VAR model cor-
responding to one standard-deviation in the ‘general economic conditions’
topic-uncertainty index of the minutes of the COPOM from 2000 to June 2016.
The gray area displays the 90% confidence intervals computed using boot-
strapped standard errors (200 replications). The Y-axis is in % points change
for each one of the four macroeconomic variables and the X-axis represents
time in months (8 months).
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Fig. A.6: Impulse response functions from the Structural VAR model corre-
sponding to one standard-deviation in the Economic Policy Uncertainty (EPU)
index for Brazil created by Baker, Bloom, and Davis (2016) from 2000 to July
2019. The gray area displays the 90% confidence intervals computed using
bootstrapped standard errors (200 replications). The Y-axis is in % points
change for each one of the four macroeconomic variables and the X-axis rep-
resents time in months (8 months).
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Fig. A.7: Impulse response functions from the Structural VAR model corre-
sponding to one standard-deviation in the Economic Policy Uncertainty (EPU)
index for Brazil created by Baker, Bloom, and Davis (2016) from 2000 to June
2016. The gray area displays the 90% confidence intervals computed using
bootstrapped standard errors (200 replications). The Y-axis is in % points
change for each one of the four macroeconomic variables and the X-axis rep-
resents time in months (8 months).
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Table A.1: This table shows the first twelve words with the highest probability for each of the nine topics of the LDA results.

A tag is included for each topic to provide a better understanding of the topic. These tags do not influence the results.

‘Word 1

Word 2

Word 3

‘Word 4

Word 5

Word 6 Word 7 Word 8 Word 9 Word 10 ‘Word 11 ‘Word 12
0. Inflation price twelv chang index ipca food agricultur accumul di compar regul reflect
0.164 0.054 0.039 0.033 0.021 0.021 0.02 0.019 0.016 0.015 0.015 0.014
1. Inflation / COPOM inflat expect core measur copom last futur pressur short monetari smooth mean
0.161 0.057 0.031 0.029 0.019 0.017 0.015 0.015 0.014 0.014 0.013 0.012
2. Economic activity economi econom market intern activ remain recoveri global growth despit financi continu
0.042 0.024 0.024 0.022 0.018 0.017 0.017 0.016 0.015 0.015 0.014 0.013
3. COPOM meeting rate project meet scenario consid copom interest target exchang market selic inflat
0.104 0.044 0.038 0.036 0.036 0.032 0.031 0.025 0.024 0.019 0.019 0.019
4. Trade / credit operations billion total credit oper reach averag period export trade matur day respect
0.081 0.042 0.041 0.039 0.035 0.032 0.025 0.025 0.024 0.02 0.019 0.018
5. COPOM meetings monetari polici committe will risk demand copom effect factor econom process time
0.034 0.029 0.025 0.022 0.018 0.017 0.017 0.015 0.014 0.013 0.011 0.01
6. Sales retails quarter sale decreas retail accord adjust end survey index data growth confid
0.056 0.048 0.045 0.026 0.025 0.024 0.023 0.021 0.021 0.02 0.019 0.018
7. Employment rate employ compar indic sector real accord record labor reach thousand result
0.029 0.027 0.027 0.026 0.025 0.025 0.023 0.021 0.018 0.017 0.017 0.017
8. Industrial production product industri good capit adjust consum season accord durabl manufactur expans decreas
0.081 0.073 0.07 0.03 0.03 0.03 0.026 0.02 0.019 0.017 0.016 0.015
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