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Resumo

Esta tese consiste em trés artigos independentes em macroeconometria. No primeiro artigo,
construimos um Indice de Condicdes Financeiras (ICF) para o Brasil que visa identificar
choques financeiros capazes de influenciar a atividade econémica futura. O segundo artigo
visa comparar propriedades de diferentes métodos de estimacao do hiato do produto, a
fim de buscar a metodologia de melhor desempenho no contexto da economia brasileira.
Finalmente, o terceiro artigo objetiva explorar os avancgos nas técnicas de aprendizado de
méquina para realizar projecoes trimestrais do PIB brasileiro e avaliar o potencial ganho
de precisao de projetar o PIB por setores.

Palavras-chave: PIB, Aprendizado de Maquina, Previsdao, Condigoes financeiras, Hiato
do Produto.



Chapter 1

Indice de Condicoes Financeiras do
Brasil

Neste artigo, construimos um Indice de Condicdes Financeiras (ICF) para o Brasil que
visa identificar choques financeiros capazes de influenciar a atividade econémica futura. A
metodologia resume as informagoes presentes nas varidveis financeiras por meio da anélise
de componentes principais, que difere das aplica¢oes padrao por refletir apenas informacoes
exbgenas associadas ao setor financeiro. Uma contribuigao original deste trabalho foi ad-
equar o ICF a realidade brasileira e & frequéncia diaria, utilizando um modelo na forma
espago de estados estimado via filtro de Kalman e fazendo uso de variaveis financeiras em
alta frequéncia. Os resultados empiricos mostram que o ICF melhora o desempenho dos
modelos tradicionais de projecao do PIB.

Palavras-chave: Condigoes financeiras, PIB, atividade econémica, politica monetaria.
JEL Codes: E44, E58, C58, E27.



1.1 Introducao

Um Indice de Condicdes Financeiras (ICF) deve resumir as informagdes relevantes sobre o
estado futuro da economia contido nas variaveis financeiras observaveis. Isto é, o objetivo
é capturar o quanto da atividade econdmica futura é explicada apenas pelas condicoes
financeiras atuais, expurgando-se os efeitos da atividade presente e passada sobre os ativos
financeiros.

A politica monetaria afeta o desempenho da economia por meio de seus efeitos sobre os
pregos de ativos financeiros e expectativas, em particular, no tocante a seus efeitos sobre a
inflacdo. Ao manipular o juro basico, banqueiros centrais acabam alterando as condicoes
nos mercados financeiros. Nesse sentido, o Banco Central responde pela oferta de liquidez
do sistema financeiro, porém nao controla a demanda por liquidez, que pode ser afetada
pela interferéncia de fatores externos, oscilacoes no apetite por risco, questoes politicas, etc.
Por isso ha sempre interesse em acompanhar e entender o comportamento dos mercados.

As condigoes financeiras predominantes em determinada economia costumam ter im-
pacto relevante sobre os ciclos de negdcios, influenciando nao somente o quadro corrente
como também as expectativas de mercado quanto ao futuro. O interesse nesse assunto
adquiriu nova dimensao apés a chamada Grande Crise Financeira, ficando cada vez mais
clara a importancia de informagoes condensadas em tempo real sobre as condigoes finan-
ceiras, seja para os formuladores de politica econdmica, seja para 6rgaos reguladores, além,
evidentemente, dos participantes de mercado.

A literatura relacionando indicadores financeiros ao ciclo de negécios é bastante vasta.
Gilchrist e Zakrajsek (2012), por exemplo, examinam as evidéncias sobre a rela¢do entre
spreads de crédito e atividade econémica. Os autores usam um extenso conjunto de dados
contendo pregos de titulos corporativos em circulagao no mercado secundario para construir
um indice de spread de crédito. Em seguida, os autores implementam uma decomposigao
do indicador em um componente previsivel que captura informacoes especificas das empre-
sas sobre inadimpléncia esperada e um componente residual, que os autores nomeiam de
"excess bond premium". Os resultados mostram que inovagoes nesse componente residual
que sao ortogonais ao estado atual da economia antecipam quedas na atividade econémica
e nos precos das agdes. Na mesma linha, Mian, Sufi e Verner (2017) avaliam as consequén-
cias para o ciclo de negbcios da expansao da oferta de crédito. Além disso, a capacidade
dos spreads de juros de prever a taxa de crescimento de agregados macroecondémicos é
extensamente documentada na literatura (Ver Estrella e Hardouvelis (1991), Estrella e
Mishkin (1997) e Estrella e Mishkin (1998)).

Diversas instituigoes em todo o mundo se dedicaram a construir o préprio ICF, como
Bloomberg, Citi, Goldman Sachs e OECD, além de Bancos Centrais como o FED de
Chicago, Kansas, St. Louis, Banco da Italia, Banco Alemao, etc. William Dudley, pres-
idente do FED de Nova Iorque, em discurso de marco de 2018 enfatizou a relevancia que
o indice de condigoes financeiras possui para a boa condugao da politica monetaria e para
os agentes de mercado. Ele concluiu seu discurso dizendo:

“In conclusion, financial conditions are important. They matter enormously to mon-
etary policy because their movements can often diverge from the trajectory of short-term
rates, and because they affect economic activity and the economic outlook.”.



No Brasil, o Comité de Politica Monetéaria (Copom) do Banco Central costuma fazer
avaliagoes das condigOes financeiras internacionais e possiveis implicagdes sobre o cenario
de referéncia e, consequentemente, no balanco de riscos. A titulo de ilustracdo, na ata
do Copom de junho de 2019, o Comité ainda fez uma avaliagdo a respeito das condic¢oes
financeiras no Brasil e seu impacto esperado sobre o cenério econémico prospectivo:

“As condigdes financeiras, que sofreram aperto relevante entre o sequndo e quarto
trimestres de 2018, jd caminharam para terreno mais estimulativo. Nesse contexto, o
cendrio basico do Copom contempla retomada do processo de recuperacao econdmica adi-
ante, de maneira gradual. ”

Portanto, indices de condigoes financeiras sao fundamentais para orientar a politica
monetéiria do Banco Central, sendo também muito til para os que acompanham o de-
sempenho da economia, pois os indices de condi¢Oes financeiras captam choques nas var-
iaveis financeiras que tém o potencial de impactar a atividade econémica futura. Diante da
relevancia do tema e da auséncia de um indicador desse tipo aplicado a realidade brasileira,
o objetivo deste trabalho é criar um indice de condi¢Ges financeiras para o Brasil.

Os poucos indicadores desse tipo desenvolvidos para o Brasil sdo estimados por bancos
e consultorias, e sdo de acesso restrito. O préprio Banco Central do Brasil, em working
paper de autoria de Wagner Gaglianone e Waldyr Areosa!, desenvolveu um ICF para o
Brasil, cuja metodologia se baseia em Brave e Butters (2011) e Aramonte, Schindler e
Rosen (2013). No entanto, diferentemente do que é praticado pelos Feds regionais, por
exemplo, nos Estados Unidos, o indicador nao é divulgado pela instituicao.

Este artigo encontra-se estruturado da seguinte maneira: a Segao 1.2 faz uma revisao
da literatura, avaliando a metodologia utilizada na construgdo dos principais ICFs ao redor
do mundo; a Secao 1.3 detalha a metodologia utilizada na constru¢ao do ICF do Brasil
proposto neste artigo; a Secdo 1.4 descreve os resultados empiricos e testes de robustez
implementados; a Se¢ao 1.5 discorre sobre a importancia do ICF na analise da politica
monetaria no Brasil; por fim, a Se¢ao 1.6 conclui o trabalho.

1.2 Construgao dos ICFs ao redor do mundo

Metodologias distintas foram desenvolvidas para a construgao dos FCls ao redor do mundo.
A grande maioria desses métodos se enquadra em uma de duas grandes categorias: a
abordagem de soma ponderada e a de componentes principais. Na primeira abordagem, o
peso de cada varidvel financeira ¢ definido com base em estimativas dos impactos relativos
de choques nessas variaveis sobre o PIB real. Uma extensa variedade de técnicas pode ser
empregada para estimar os pesos, desde equagoes na forma reduzida, modelos vetoriais
autorregressivos (VAR), até simulagoes a partir de modelos macroeconémicos de grande
porte.

A segunda é a metodologia de componentes principais, que extrai um fator comum de
um grupo de variaveis financeiras. HEsse fator, que corresponde & maior variagdo comum
entre as séries, é utilizado como ICF.

Ver Gaglianone e Areosa (2017)



Instituicoes financeiras e bancos centrais dos mais diversos paises desenvolvem e avaliam
seus ICFs em alta frequéncia com o objetivo de obter uma visdo mais clara da atividade
no mercado financeiro nacional. O ICF norte-americano construido pelo Fed de Chicago,
por exemplo, é um indice semanal que resume as informagoes contidas em 105 variaveis
financeiras a partir de um modelo de fator dindmico estimado via filtro de Kalman (Ver
Brave, Kelly et al. (2017)). A metodologia utilizada pelo Fed de Chicago possui algumas
semelhancas com aquela que fizemos uso neste trabalho, dentre elas destaca-se o pré-
tratamento das variaveis explicativas a partir de um vetor de varidveis macroecondmicas
contendo medidas do crescimento da atividade econdémica e inflagao.

Além dos Feds regionais, o Banco Central Europeu (BCE) também acompanha a
evolucao das condigoes financeiras na regiao por meio de ICFs, nesse caso nao s6 na zona
do euro como um todo, mas também em quatro de seus membros individualmente: Ale-
manha, Franca, [talia e Espanha. Uma nota de grande destaque é que o método utilizando
pelo BCE para a construgao dos seus ICFs também se baseia em Hatzius, Hooper et al.
(2010), a principal referéncia no desenvolvimento deste trabalho.

Com relagao aos ICFs aplicados a economia brasileira, a literatura nao é vasta. Alguns
bancos e consultorias possuem suas proprias estimativas, como a Consultoria Econémica
MCM e o Banco Itat, que possui o chamado Indicador de Condi¢oes de Mercado. O ICF
da MCM possui frequéncia mensal e corresponde a primeira componente principal de uma
base de dados com seis séries financeiras. O indicador do Itat também é construido a
partir do método de componentes principais, mas possui frequéncia didria. Estimam-se as
componentes principais da base de dados trimestralizada, extraem-se os pesos estimados
de cada varidvel nas componentes e aplicam-se os pesos nas séries em frequéncia diaria
com o objetivo de construir um indice de alta frequéncia. Como ja mencionado, nenhum
desses indicadores é divulgado publicamente.

No tocante ao Banco Central do Brasil, a institui¢ao ja publicou working paper no qual
os autores desenvolvem um ICF mensal para o Brasil (Ver Gaglianone e Areosa (2017)),
cuja metodologia se baseia em Brave e Butters (2011) e Aramonte, Schindler e Rosen
(2013). Apos a construgao da base de dados, 8 versoes distintas do ICF sao calculadas por
diferentes metodologias de ponderacao envolvendo pesos iguais, pesos estimados a partir da
relacdo das séries com a atividade econ6émica e pesos calculados por componentes principais.
Contudo, a série historica do indicador e possiveis atualizagoes nao sao divulgadas pela
instituicao.

1.3 Metodologia

O approach econométrico por nos utilizado para a construgao do ICF brasileiro foi desen-
volvido em Hatzius, Hooper et al. (2010), com o objetivo de identificar “choques financeiros”
que tenham o poder de explicar a evolugao futura da atividade econémica. Para isto, o
indice deve captar apenas as mudancas nas condi¢oes financeiras que ajudam a prever a
atividade futura, desconsiderando-se os impactos de choques endogenos, ou seja, aqueles
que tém a ver com a atividade econdmica presente e passada e que, por si s6, ajudam a
prever a atividade futura. Afinal, se a Unica informacao contida nas variaveis financeiras
sobre o futuro da economia fosse essa variagao endogena, o ICF nao teria utilidade alguma.

O indicador construido no artigo que nos serviu de referéncia possui frequéncia trimes-



tral. Contudo, a utilidade do indice cresce na medida em que tenhamos acesso a esses dados
em frequéncia mais elevada. Deste modo, faremos algumas modificagées na metodologia
original proposta no artigo de referéncia, de modo a adequar o indicador & realidade da
economia brasileira e & frequéncia diaria.

Construcao do ICF mensal

Inicialmente, construiremos um indicador mensal a partir da técnica proposta em Hatzius,
Hooper et al. (2010), que busca resumir a informacao das variaveis presentes na base de
dados por meio do método de componentes principais. Tal método difere do utilizado na
maior parte dos indicadores que fazem uso do método de componentes principais, pois
elimina-se a variabilidade das séries financeiras que podem ser explicadas pela atividade
econOmica presente e passada, de modo que as componentes principais reflitam informacoes
ex6genas associadas ao setor financeiro.

Seja X;¢, ¢ = 1,2,...,N, a i-ésima varidvel financeira da base de dados no tempo
t,t = 1,2,...,T, e Y; o vetor de varidveis macroeconémicas que contém uma variavel
que represente o crescimento econdmico real e outra que represente a inflagdo, todos em
frequéncia mensal. Seja A;(L)Y; uma combinagao de variaveis que contém o presente e o

passado de Y;, onde A;(L) é um polinémio vetorial. O primeiro passo é implementar a
seguinte decomposi¢ao, estimada por minimos quadrados:

Xiy = Ai(L)Y: +vig, (1.1)

onde v; ¢, por construcdo, ¢ o erro da regressao de X;; em A;(L)Y;. Portanto, v;; ¢ a parte
de X;; que nao ¢ correlacionada com o presente e o passado da atividade econdmica e
que se encontra em bases reais. Afinal, como a inflagdo também faz parte de Y;, podemos
pensar que estamos de fato lidando com X;; "deflacionado".

O proximo passo ¢ resumir a informagao comum aos vérios erros v; ¢, o que ¢ feito
usando-se uma decomposi¢ao fatorial dos mesmos, apds padronizé-los (de modo que ten-
ham média zero e variancia unitéria):

Vit = /\;Ft + Ui ¢, (1.2)

onde F; é um vetor k x 1 de fatores financeiros nao observados, k& << N, que captura
as variagoes comuns das variaveis financeiras presentes na base de dados, e )\; inclui os
pesos dos fatores em F;. Nosso ICF empirico seré4 composto pela contrapartida amostral
(estimativa) de Fi. Ademais, ¢ possivel resumir a informacao contida na base de dados
utilizando mais de uma componente principal. Neste caso ponderamos cada componente
a partir de sua importancia relativa, isto é, de acordo com o percentual explicativo da
variancia total. Deste modo, a primeira componente principal receberia mais peso que a
segunda, a segunda mais peso que a terceira e assim por diante.

Construcao do ICF diario

Com o objetivo de obter um indicador em frequéncia diaria, resolvemos ir além do proposto
em Hatzius, Hooper et al. (2010). Apds a construgao do ICF mensal, implementamos um
modelo de interpolacdao na forma espago de estados estimado via filtro de Kalman, em
linha com o proposto em Issler e Pimentel (2019), utilizando as informagoes presentes em
variaveis financeiras de alta frequéncia.



O passo adicional indicado acima soluciona dois problemas: (1) o atraso na divul-
gagao de alguns indicadores mensais presentes na base de dados; (2) a baixa frequéncia do
indicador proposto no artigo de referéncia.

O modelo de interpolagao sera escrito na forma espaco de estados para que posterior-
mente possamos estima-lo por meio do filtro de Kalman. Por meio deste método, é possivel
escolher co-varidveis para entrarem no modelo de interpolagao e auxiliarem na estimagao
eficiente da variavel nao observével, isto é, o ICF diario.

Admitimos que o ICF diario nao observado — definido por Ft+ — é explicado por uma
ou mais componentes principais (z;) das variaveis diarias presentes na base de dados. O
modelo proposto para FtJr é:

F = Bay + wy (1.3)

O ICF mensal é a variavel que queremos interpolar da frequéncia mensal para a diaria.
Sendo assim foi imposto que a estimativa diaria obedeca:

F = {31 Z?:o Fttz-, no dltimo dia do més (1.4)

0, mnos demais dias,

onde n é o nimero de dias de cada més excluindo sabados e domingos, isto €, o valor maximo
que n pode assumir é 23 e o valor minimo, 20. Repare que nao estamos considerando dias
uteis, mas dias corridos exclusive finais de semana. Utilizamos essa classificagao, pois estao
presentes na base de dados variaveis de diferentes paises, cujo calendario de feriados nao é
coincidente. Em caso de feriado compreendido no periodo de segunda a sexta, o valor do
dia anterior é repetido.

O ICF mensal, que pode ser observado apenas no tultimo dia de cada més, serd a
média dos ICFs diarios correspondentes dquele més. Nos demais dias em que nao temos
informacao do ICF mensal, atribuimos o valor zero. Esses valores ficticios imputados
quando nao temos observacao serao substituidos pela técnica utilizada no filtro de Kalman,
uma vez que se imponha uma variancia alta para os dados ficticios.

A representacao espaco de estados é da forma:

Fr 000 0 0 Fr, By €t
Er, 100 00 Er, 0 0

= B [=[0 10 00 Fly |+ 0 +[ 0 (1.5)
Flo, 000 ..10 Ero, 0 0

Fy = Hj¢, (1.6)

onde (1.5) é a equagdo de estado e (1.6) é a equagao de observagao, além disso 8 é o
coeficiente associado as componentes principais dos dados diarios, ;.



. / . . .
A matriz H, varia no tempo e possui o seguinte formato:

/T

% % 000 } ,  no ultimo dia do més se n—20
[ 1 11 alti - & —
K 51 31 00 } , no ultimo dia do més se n=21
H] = - % i % % 0 } , mno ultimo dia do més se n=22 (1.7)
- + = n N } ,  no ultimo dia do més se n=23
0 0 0 0 O } ,  nos demais dias

Por fim, por meio deste modelo podemos obter um ICF diario, cuja média dos dias
equivale ao valor do ICF mensal do respectivo més.

Vale ressaltar que o ICF mensal possui defasagem de cerca de 2 meses em sua divul-
gacao, por conta da indisponibilidade de séries econémicas necessérias para sua construcao.
A partir da técnica de interpolacao descrita nesta secdo, é possivel superar este problema,
pois serao utilizadas apenas as variaveis que também estao disponiveis na frequéncia diéria.

Assim, a média do ICF diario nos dias correspondentes a cada més sera igual ao ICF
mensal. Quando o ICF mensal nao estiver disponivel, devido & defasagem em sua divul-
gacao, o método de interpolagao considera um conjunto restrito de séries, isto é, apenas
aquelas que também estdo disponiveis em alta frequéncia. Deste modo, o nosso ICF final
estara disponivel diariamente, sem defasagem alguma.

1.4 Resultados empiricos

O primeiro passo para a elaboracao do nosso ICF é a construcao do indice mensal. Uti-
lizamos 28 variveis financeiras na frequéncia mensal divididas entre os seguintes grupos:
pregos, confiancga, bolsa, risco, spreads e condigOes financeiras internacionais. A Tabela
(3.1) mostra as séries utilizadas e as transformacoes feitas em cada uma delas. Com ex-
cecao dos indicadores de confianga, cuja fonte é a FGV, e da variavel EMBI, cuja fonte é
o IPEA DATA, as demais séries foram acessadas via Bloomberg.

Em seguida, regredimos cada uma das variaveis financeiras em uma variavel que rep-
resente o crescimento real da atividade econdémica no periodo de referéncia (t) e uma de-
fasagem (¢t — 1) e outra variavel que represente a inflagdo no periodo ¢, conforme destacado
na equacao (1.1). Neste estudo, utilizamos o crescimento interanual mensal do Monitor
do PIB, divulgado pela Fundagao Getilio Vargas (FGV), como nossa medida de atividade
econdmica e o IPCA acumulado em 12 meses como nossa medida da inflagdo brasileira.

O objetivo do Monitor do PIB? & estimar mensalmente o PIB brasileiro, tendo como
base a mesma metodologia das Contas Nacionais do IBGE. O indicador é ajustado as
Contas Nacionais Trimestrais (CNT) sempre que had mudangas metodologicas e a cada
trimestre divulgado. Desta forma, nos trimestres calendario, as médias trimestrais dos
indices mensais de volume do Monitor do PIB-FGV serao iguais aos indicadores trimestrais
da série encadeada, sem ajuste sazonal, das CNT.

Para  mais informagdes sobre o Monitor do PIB, ver


https://portalibre.fgv.br/estudos-e-pesquisas/contas-nacionais/monitor-do-pib/
https://portalibre.fgv.br/estudos-e-pesquisas/contas-nacionais/monitor-do-pib/

Tab. 1.1: Base de dados

Dados Transformacao
Precos
Prego do petroéleo 3
Taxa de cambio 3
DXY 3
Indice de commodities (CRB) 3
Confianga
Confianca empresarial 3
Confianca do consumidor 3
Indicador de incerteza 3
Bolsa
Ibovespa index 3
DAX Index 3
FTSE 100 Index 3
EURO Stoxx 50 Index 3
S&P 500 3
Risco
CDS 10 anos 2
CDS 5 anos 2
EMBI 2
VIX 3
Spreads
Swap pré-DI (30-60) 1
Swap pré-DI (90-180) 1
Swap pré-DI (180-360) 1
Swap pré-DI (180-540) 1
Swap pré-DI (180-720) 1
Swap pré-DI (30-360) 1
Swap pré-DI (360-1800) 1
Swap pré-DI (90-1800) 1
CDI - Swap pré-DI 90 dias 1
CDI - TJLP 1
Condicoes financeiras internacionais
Indice Bloomberg de atividade financeiras dos EUA 2
GS Indice de condigoes financeiras 3

Nota: A primeira coluna exibe as variaveis utilizadas e a segunda exibe as transfor-
magoes realizadas (1= nivel, 2=diferenca em relacdo ao ano anterior, 3=diferenga em
logaritmo em relagdo ao mesmo periodo do ano anterior).

Apos estimar a regressao (1.1) para cada uma das variaveis financeiras, criamos uma
base de dados de seus residuos padronizados (subtraidos pela média e divididos pelo desvio
padrao) e, posteriomente, calculamos as componentes principais desses dados. Esse pré-
tratamento da base de dados é essencial, visto que a técnica de componentes principais nao
é invariante & escala. Portanto, ao padronizar a base de dados, equalizamos a importancia
estatistica de todas as varidveis utilizadas.

Combinacoes dos fatores estimados representam as condigoes financeiras livres da in-



fluéncia da atividade econdémica presente e passada e da inflacdo. A Figura 1.1 exibe a

primeira, segunda e terceira componentes principais estimadas (CP1, CP2 e CP3, respec-
tivamente).
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Fig. 1.1: Componentes Principais

Avaliacdo empirica do Indice de Condi¢oes Financeiras Mensal

Realizamos uma analise empirica dos ICFs mensais construidos a partir de 1, 2 ou 3 fatores,
em linha com Hatzius, Hooper et al. (2010). A primeira componente principal explica cerca
de 40% da variancia total, enquanto a segunda e a terceira explicam, respectivamente, 22%
e 13%. Definimos como ICF1 aquele que corresponde a primeira componente principal. O
ICF2 representa o indice construido a partir das duas primeiras componentes principais,
ponderadas de acordo com o percentual explicativo da variancia total e de modo que os

pesos somem 1. Assim, o peso da primeira componente no ICF2 sera % = 0.64,
enquanto o peso da segunda componente serd 1 — 0.64 = 0.36. Analogamente, o peso de
cada uma das trés componentes no ICF3 sera m = 0.53, m =0.30

el —0.53 —0.30 =0.17, respectivamente.

A Figura 1.2 exibe as trés possiveis estimativas para o ICF mensal. O indice é mensu-
rado em termos de ntimeros de desvios padrao acima ou abaixo da média histoérica, visto
que a base de dados foi previamente padronizada, conforme discutido na Secao 1.4. Val-
ores positivos indicam aperto das condi¢Ges financeiras e valores negativos afrouxamento.

Aumentos do indicador podem ser interpretados como tendéncia de piora das condicoes
financeiras e redugoes como tendéncia de melhora.

Realizamos um exercicio econométrico com o objetivo de avaliar quao bem o ICF prevé

o crescimento da atividade econdmica futura relativamente a modelos autorregressivos de
médias moveis (ARMA).

A Tabela (3.2) mostra a Raiz do Erro Quadratico Médio (REQM) de previsao fora
da amostra dos diferentes modelos de projecao do crescimento interanual do PIB. Os



R = =T s T e T e T e st T T A - ST, TS U e R N VY - T I R
o (o] o (=] (=] — i — — i i — — ~ =~ ~— ] ~ =~ ~ ~ = — i = =~ ~ —
LS = == S~ S o S R S o S S S S S S S S
= ow =D N OF =2 s g £ £ rFos o2 o D N F o2 = o c £ 2o = o o=
2 o @y 2 o B I 8 53gpg 5 62 ¥ w2 2 w B S 2 5pgpg s & L2 g =2
[ I T E © E g = = £ @© 9 o« - E 0 E @© == £ ®©® © «

—ICF1 ICF2 —IC

-
w

Fig. 1.2: Indices de Condigdes Financeiras alternativos (1, 2 ou 3 fatores)

resultados mostram que modelos lineares de projecao do PIB se tornam mais precisos
com a introducao de qualquer um dos ICFs, comparativamente a modelos ARMA, pois
registram menores erros de previsao em todos os horizontes testados, isto é, de 5 a 8

trimestres & frente. O exercicio de avaliagdo fora da amostra envolveu previsdes desde

2012Q1 até 2019Q)2, e os resultados exibidos na Tabela (3.2) correspondem a raiz dos erros
quadraticos médios deste periodo.

Testamos horizontes de previsdo mais longos pelo fato de a maior parte das séries fi-
nanceiras que compoem o ICF serem mensuradas em diferenga em relagao ao ano anterior,
o que faz com que elas possuam alguma persisténcia temporal. Vale notar também que,
diferente da pratica internacional, nosso exercicio busca prever a taxa de crescimento inter-
anual do PIB e nao o crescimento em relagao ao trimestre anterior (ou primeira diferenca).
Isto porque a técnica de ajuste sazonal utilizada pelo IBGE nao utiliza fatores sazonais
fixos, como é mais frequente na prética internacional, o que gera grande instabilidade nos
dados em primeira diferenca, pois sdo revisados a cada nova divulgagdo. Optamos, por-

tanto, por fazer uso da comparagao interanual visto que esta é mais estavel e sofre menos
revisoes ao longo do tempo.

Com o objetivo de verificar se as diferengas observadas na Tabela (3.2) sdo significativas,
aplicamos o teste proposto em Diebold e Mariano (1995) e comparamos cada um dos
modelos que utilizam os ICFs com o modelo ARMA. Entre colchetes, encontra-se o p-
valor de cada teste, no qual testa-se a hipdtese nula de que ambos os modelos possuem a
mesma precisao nas projecoes, enquanto a hipdtese alternativa é que o modelo ARMA ¢é
menos preciso que o modelo com ICF. Os resultados mostram que os modelos com ICF sao
estatisticamente superiores (ao nivel de significancia de 10%) ao modelo ARMA em quase
todos os casos e defasagens. Ademais, o modelo com o ICF2, aquele que foi construido a
partir das duas primeiras componentes principais, gera os menores erros de previsao fora
da amostra em todos os horizontes e as previsoes sao significativamente mais precisas que
aquelas produzidas pelo modelo ARMA em todos os horizontes testados.



Tab. 1.2: REQM dos modelos de projecao do crescimento interanual

do PIB
h perfodos Modelo Modelo Modelo Modelo
. frent ARMA com ICF1  com ICF2  com ICF3
a fremte para o PIB para o PIB para o PIB para o PIB
h=5 1.41 1.14 1.10 1.32
[0.093] [0.041] [0.301]
h=6 1.42 1.14 1.10 1.30
[0.098] [0.031] [0.226]
h=7 1.43 1.14 1.09 1.29
[0.053] [0.053] [0.054]
h=—8 1.43 1.13 1.08 1.29
[0.039] [0.039] [0.056]

Nota: A primeira coluna descreve o horizonte de previsdo analisado e as demais
colunas reportam Raiz do Erro Quadratico Médio (REQM) de previsdo de cada
modelo. Entre colchetes reporta-se o p-valor de cada teste, onde a hipétese nula
é que ambos os modelos possuem a mesma precisdo nas projegoes, enquanto a
hipotese alternativa é que o modelo ARMA é menos preciso que o modelo com
ICF.

Em seguida, avaliamos os erros da projecao fora da amostra por subperiodo de cada
modelo que utiliza o ICF1, ICF2 e ICF3 separadamente como variavel explicativa. A
Tabela (3.3) mostra a REQM por subperiodo e por horizonte de previsao. Considera-se
periodo pré-recessao os anos compreendidos entre 2012T1 e 2014T1; periodo de recessao
de 2014T2 a 2016T4 ; e poés-recessao de 2017T1 a 2019T2. Avaliamos os erros de projecao
do PIB para 5, 6, 7 e 8 trimestres & frente em cada modelo. Os resultados mostram que
a performance do ICF2 é a melhor, ou ao menos tao boa quanto as demais, em todos os
subperiodos.

Com base na analise conjunta dos dados das Tabelas (3.2) e (3.3), avaliamos que o
ICF2 apresenta, de modo geral, os melhores resultados. Por isso, utilizaremos o indice
constituido por meio das duas primeiras componentes principais como nosso ICF mensal
final.

A Figura 1.3 mostra que, de fato, as condigées financeiras vigentes no pais e a taxa de
crescimento da atividade econémica sao correlacionadas. E possivel notar que, em geral,
os periodos de aperto das condigoes financeiras estao relacionados a periodos de piora do

ritmo de crescimento da economia?®.

No tocante a um periodo recente, a avaliacdo do Banco Central do Brasil divulgada
em ata do Copom (junho de 2019) revelou-se compativel com os resultados empiricos
por nos encontrados. Na referida ata, o Comité de Politica Monetaria avaliou que “(...) as
condigoes financeiras, que sofreram aperto relevante entre o segundo e quarto trimestres de
2018, ja caminharam para terreno mais estimulativo”. O ICF construido neste artigo indica
exatamente este cendario, isto é, condi¢oes financeiras apertadas entre 2018T2 e 2018T4 e
afrouxamento ao longo do primeiro trimestre de 2019. Para a melhor visualizagao desse
resultado, agregamos nosso ICF da frequéncia mensal para a trimestral e o exibimos na
Figura 1.4.

30 periodo compreendido entre o inicio de 2013 e inicio de 2014 é uma excecéo.



Tab. 1.3: Avaliagao fora da amostra de modelos de projegao do crescimento
interanual do PIB utilizando os ICFs (REQM do periodo)

hOHZOI.lt? pré-recessao recessao pos-recessao 2012T1 a 2019T2
de previsao
ICF1
h=5 1.13 1.46 0.64 1.14
h=6 1.14 1.44 0.67 1.14
h="7 1.14 1.43 0.67 1.14
h=8 1.14 1.42 0.67 1.13
ICF2
h=5 1.08 1.43 0.60 1.10
h=6 1.07 1.40 0.65 1.10
h=7 1.08 1.38 0.64 1.09
h=8 1.07 1.35 0.68 1.08
1ICF3
h=5 1.16 1.81 0.65 1.32
h=6 1.15 1.78 0.65 1.30
h=7 1.15 1.75 0.64 1.29
h=8 1.14 1.73 0.72 1.29

Nota: A primeira coluna descreve o horizonte de previsdo analisado e as demais col-
unas reportam a Raiz do Erro Quadratico Médio (REQM) de previsdo de cada mod-
elo. Considera-se periodo pré-recessao os anos compreendidos entre 2012T1 e 2014T1;

periodo de recessao de 2014T2 a 2016T4 ; e pos-recessao de 2017T1 a 2019T2.
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das condigoes

Um teste adicional envolveu comparar a performance do nosso ICF com as de varios
modelos de projecao de PIB que utilizam as principais séries financeiras presentes na base
de dados como varidveis explicativas. Dentre elas, testamos bolsa, swap real de 360 dias,
spread real entre swap 30 e 360 dias e Selic real . Os erros de projecao de cada um dos
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Fig. 1.4: Indice de Condi¢oes Financeiras Trimestralizado

modelos estao exibidos na Tabela (3.4). Por meio do teste Diebold-Mariano, avaliamos se as

diferencas de REQM entre os modelos alternativos e o modelo com o ICF sao significativas.
O p-valor dos testes encontra-se entre colchetes.

Tab. 1.4: Avaliacao fora da amostra de modelos de projecao do crescimento inter-

anual do PIB (REQM do periodo)

Spread real

horizonte Modelo Swap 360 (Swap DI 30 - .
de previsao ICF ARMA Tbovespa real | Swap DI Selic real
360)

h=5 1.10 1.41 1.45 1.76 1.64 1.64
[0.041] [0.000] [0.042] [0.001] [0.042]

h=6 1.10 1.42 1.46 1.82 1.75 1.67
[0.031] [0.000] [0.023] [0.000] [0.024]

h="7 1.09 1.43 1.46 1.87 1.84 1.70
[0.053] [0.000] [0.008] [0.000] [0.009]

h=8 1.08 1.43 1.47 1.97 1.89 1.80
[0.039] [0.000] [0.007] [0.000] [0.002]

Nota: A primeira coluna descreve o horizonte de previsdo analisado e as demais colunas reportam

a Raiz do Erro Quadratico Médio (REQM) de cada modelo de projegao do PIB. No topo de cada
coluna, as variaveis explicativos utilizadas nos modelos.

Os resultados presentes na Tabela (3.4) mostram que o modelo de previsao de PIB que
utiliza apenas o ICF construido neste trabalho, apresenta erros de projegao significativa-
mente menores do que aqueles que utilizam importantes séries financeiras isoladamente.
Esse resultado indica que o indice que sintetiza o estado atual das condig¢oes financeiras

vigente no pais possui um poder preditivo da atividade econdémica maior que séries finan-
ceiras utilizadas isoladamente.



Como jé assinalado, nosso ICF é composto por 28 variaveis divididas entre 6 diferentes
categorias: precos, confianga, bolsa de valores, risco, spreads de juros e condigoes finan-

ceiras internacionais. A Figura 1.5 decompde o ICF em cada uma das 6 categorias. Os

graficos mostram que as maiores contribui¢es para o indice final sdo advindas principal-
mente dos grupos de spreads de juros, precos e risco.
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Fig. 1.5: Decomposicao do Indice de Condicoes Financeiras

As figuras 1.6 e 1.7 decompoem a contribui¢do do primeiro e segundo componentes
principais no ICF, separado também por grupo de variaveis. Nota-se a predominancia dos
spreads de juros no segundo componente principal, o que pode ser um dos fatores a explicar
o melhor desempenho do ICF quando é construido levando em conta também o segundo
componente princial. A importante participagdo dos spreads de juros no indicador final
nao surpreende. Do ponto de vista empirico, a capacidade dos spreads de prever a taxa
de crescimento de agregados macroeconémicos é extensamente documentada na literatura
(Ver Estrella e Hardouvelis (1991), Estrella e Mishkin (1997) e Estrella e Mishkin (1998)).
Do ponto de vista tedrico, a relacao entre spreads de retornos de ativos de diferentes
maturidades e o crescimento do consumo, e consequentemente da atividade econdémica,
pode ser derivada a partir da Equagdo de Apregamento dos Ativos (Ver Issler e Pimentel
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Fig. 1.6: Contribuicao do CP1 no ICF por subgrupos
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Fig. 1.7: Contribui¢gao do CP2 no ICF por subgrupos
(2019)).

Em seguida, avaliamos como o ICF seria caso nao houvesse a primeira etapa onde
excluimos de cada variavel financeira a influéncia da atividade econémica presente e passada
e da inflagdo corrente. A Figura 1.8 exibe o resultado.

Adicionalmente, realizamos o exercicio de avaliagao fora da amostra para projecao do
PIB utilizando como variavel explicativa o ICF sem controlar para a atividade econémica
e inflagao. Os resultados do exercicio estao descritos na Tabela (1.5). Note que apenas no



periodo recessivo o ICF alternativo obtém resultados ligeiramente melhores em relagao ao

nosso ICF mensal oficial.
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Fig. 1.8:

Tab. 1.5: Avaliagao fora da amostra de modelos de projegao do crescimento

interanual do PIB (REQM do periodo)

hOI‘lZOI.YEE} pré-recessao recessao pos-recessao  2012T1 a 2019T1
de previsao
ICF
h=5 1.08 1.43 0.60 1.10
h=6 1.07 1.40 0.65 1.10
h=7 1.08 1.38 0.64 1.09
h=8 1.07 1.35 0.68 1.08
ICF sem controlar por PIB e inflagao
h=5 1.23 1.32 0.76 1.14
h=6 1.24 1.31 0.80 1.14
h="7 1.25 1.31 0.82 1.15
h=8 1.24 1.30 0.81 1.14

Nota: A primeira coluna descreve o horizonte de previsdo analisado e as demais col-
unas reportam a Raiz do Erro Quadratico Médio (REQM) de previsdo para cada

periodo.

Considera-se periodo pré-recessao os anos compreendidos entre 2012T1 e

2014T1; periodo de recessao de 2014T2 a 2016T4; e pos-recessao de 2017T1 a 2019T2.

ICF com e sem controle do passado da atividade econémica e inflacao

Com o objetivo de avaliar o tamanho das revisdes que o indicador incorre a cada

atualizagao, realizamos um exercicio de “pseudo real time”, isto €, estimamos o modelo em

cada ponto do tempo no passado utilizando apenas as informacoes disponiveis até aquele

momento. Contudo, nao fizemos uso das vintages das variaveis em cada ponto do tempo
devido & indisponibilidade desses dados.

A Figura 1.9 exibe o resultado do exercicio de "pseudo real time" realizado entre janeiro
de 2017 e agosto de 2019. Cada série presente na Figura 1.9 representa o ICF estimado em



cada ponto do tempo no passado. Nota-se que nao houve revisoes significativas no ICF ao
longo do horizonte avaliado. Esse resultado é de fundamental importancia, pois possibilita
a correta interpretacao dos resultados no momento da divulgacdao. Quando se trata de
indicadores financeiros, a possibilidade de analise precisa em tempo real é essencial.
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Fig. 1.9: Exercicio de "pseudo real time" do ICF mensal

Avaliagao empirica do Indice de Condicoes Financeiras Diario

Com base no ICF mensal e nas séries financeiras presentes na base de dados que estao
disponiveis em frequéncia diaria, utilizamos a técnica de interpolacao descrita na Sec¢ao 1.3
para obter o ICF diario, disponivel até o dia 11/11/2019, exibido na Figura 1.10.
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Fig. 1.10: Indice de Condicdes Financeiras Diario



No modelo diario, temos a restrigdo de que a média do ICF nos dias de determinado
més deve ser igual ao ICF mensal, que esté disponivel com cerca de 2 meses de defasagem
(por exemplo, o ICF mensal de junho é construido apenas em agosto). Quando o ICF
mensal ainda nao esta disponivel, o modelo de interpolagdo utiliza apenas as informacoes
das varidveis financeiras disponiveis em frequéncia diaria.

Tendo em vista essas caracteristicas do modelo, é de fundamental importancia avaliar o
tamanho das possiveis revisoes em nosso indice diario quando os dados mensais se tornam
disponiveis. Com esse objetivo, realizamos o exercicio de "pseudo real time" para o nosso
modelo de interpolagao diério, o resultado é exibido na Figura 1.11. A série preta representa
a dltima vintage do nosso indicador. As demais séries indicam o ICF diério estimado em
cada ponto do tempo, considerando a auséncia dos dados mensais nos altimos dois meses.
Visualmente, é possivel notas que as revisdes nao sado muito grandes.
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Fig. 1.11: Exercicio de "pseudo real time" do ICF diério

Com o objetivo de avaliar se as revisoes realizadas no ICF ao longo do tempo tiveram
impacto estatisticamente significativo no indicador final, implementamos um teste de hipotese
robusto a presencga de autocorrelagao e heterocedasticidade. Seja e; a série temporal for-
mada a partir das diferencas entre o ICF diario estimado em cada ponto do tempo e a sua
dltima vintage disponivel. Estimamos a seguinte regressao via OLS, com desvios padrao
HAC (Heteroskedasticity- and autocorrelation-consistent):

er = Cc+ €, (1.8)

onde ¢ corresponde & média de e; e ¢ é o termo de erro. Em seguida, avaliamos se a
média dos desvios de cada vintage do ICF em relagao ao indicador final é estatisticamente
diferente de zero, isto é:
et
0:C=

O resultado encontra-se descrito na Tabela (1.6) e indica que a média dos desvios das
vintages do ICF em relagao ao indicador final nao é estatisticamente diferente de zero, isto
é, nao rejeitamos Hy ao nivel de significancia de 10%.



Tab. 1.6: Resultado do teste de hipdtese para a média dos
desvios das vintages do ICF em relagao ao indicador final

Variavel dependente: e;
Amostra: 2016 - 2019
Coeficiente Desvio padrao Estatistica t P-valor
¢ -0.059487 0.044978 -1,323 0.1864

1.5 Importancia do ICF na analise da politica monetaria
brasileira

Conforme extensivamente discutido nas secoes anteriores, o ICF resume as informacoes
sobre o estado futuro da economia contidas no estado atual das varidveis financeiras. Ideal-
mente, um [CF deve medir mudangas nas condigoes financeiras que influenciam a atividade
econdmica futura, mas que nao sao relacionados com a atividade econdmica passada. Uma
analise da evolugdo do ICF nos permite avaliar se as condigoes financeiras estao muito
"frouxas” ou ”apertadas” quando comparadas a padroes histéricos, uma vez que o ICF
possui média zero por construcao.

O Banco Central utiliza-se da taxa basica de juros como instrumento de politica mon-
etaria. Nesse sentido, o Banco Central responde pela oferta de liquidez do sistema finan-
ceiro, porém nao controla a demanda por liquidez, que pode ser afetada pela aversao ao
risco dos investidores, por razoes politicas, por mudancas do ambiente externo, etc. E pos-
sivel que a despeito de o Banco Central implementar, por exemplo, uma politica monetaria
expansionista, a interferéncia de outros fatores sobre o comportamento dos indices de bol-
sas, cAmbio e juros longos produza efeitos inesperados sobre as condigoes financeiras, que
podem piorar, a despeito de as inten¢des do Banco Central serem outras. Diante disso, a
politica implementada torna-se ineficaz para estimular a atividade econémica. Exatamente
por isso é importante acompanhar a evolugdo das condi¢Ges financeiras, pois tal procedi-
mento permite uma avaliacao mais precisa das implicagoes que esses eventos exercem sobre
a atividade econ6mica.

Supostamente, pela manipulagao da taxa bésica de juros é possivel alterar as condigoes
financeiras vigentes na economia, e com isso afetar o comportamento da atividade econémica
e da inflagdo. Do final de 2016 até novembro de 2019, a Selic foi reduzida em pouco mais
de 900 pontos. Concomitante ao ciclo de reducao dos juros reais, verificou-se notavel im-
pulso ao crescimento da atividade econdémica, como mostra a Figura 1.12. Contudo, o ano
de 2018 foi uma excecao, isto é, a despeito da queda consistente dos juros reais, o cresci-
mento da atividade econémica se estabilizou. Uma possivel explicagao para esse fato é que
condicoes financeiras mais adversas atuaram em sentido contririo. Na verdade, epis6dios
como esse nada tém de incomuns, uma vez que, nos mais diferentes paises, muitas vezes
os precos dos ativos financeiros e as condigoes de crédito na economia nao respondem as
alteracoes de politica monetéria como seria previsto pelo arcabougo tradicional de modelos
Novo-Keynesianos®. A ideia é simples: atividade econémica niao depende apenas dos juros
de politica monetéaria.

4Essa classe de modelos é composta por uma curva IS (que descreve a relacao entre o hiato do produto
e o juro real de politica monetaria), uma curva de Phillips (que ilustra a relagao entre inflagdo e hiato do
produto) e uma regra de Taylor (que relaciona o juro de politica monetéaria aos desvios da inflagio em
relagdo a meta).
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Fig. 1.12: Monitor do PIB acumulado em 12 meses e Selic real

De certa forma, conhecer a evolugao das condigbes financeiras é mais relevante do que
entender o comportamento da taxa basica de juros. Os que se preocupam com o andamento
da atividade econdémica, e da propria inflacao, devem, prioritariamente, dirigir o seu foco
para as condic¢Oes financeiras, e nao para a taxa basica de juros. Inclusive, o ICF é 1til
até mesmo quando se deseja prever os proximos passos da politica monetaria. Na medida
em que determinado banco central considere elevado o risco de uma alteragcdo da taxa
bésica acabar provocando indesejado aperto ou afrouxamento das condigoes financeiras,
ele provavelmente se abstera de realizar a alteragao considerada.

No artigo Hatzius e Stehn (2018), os autores argumentam que a curva IS pode ser
decomposta em duas relagoes: (1) a resposta do PIB a mudangas no ICF e (2) a resposta do
ICF ao juro de politica monetéaria. Durante muito tempo, esse mecanismo de transmissao
da politica monetaria funcionou bem. Mais recentemente, porém, a primeira etapa da
transmissao comegou a apresentar certa instabilidade. Em outras palavras, os bancos
centrais, de modo geral, comegaram a perceber que manipulagGes na taxa béasica de juros
nao mais apresentavam os desejados efeitos sobre os movimentos das bolsas, do cambio,
dos juros de mercado, por exemplo. Devido a essa quebra, as autoridades monetérias

passaram a encontrar maiores dificuldades para controlar o ritmo da atividade econémica
e, consequentemente, da inflagao.

Contudo, nada parecido aconteceu no tocante a segunda etapa do processo, ou seja, as
condicoes financeiras continuaram exercendo grande influéncia sobre o setor real da econo-
mia. O problema passou a ser atingir as condigoes financeiras por meio da manipulagao
do juro béasico de politica monetéaria. A principal explicacdo para isso talvez seja a intensi-
ficagao do processo de integracao ou globalizagao financeira, fendémeno esse que teria feito
com que os precos de ativos financeiros negociados em determinado pafs passassem a ser

afetados por eventos externos, inteiramente fora do controle das autoridades monetarias
locais.



Em razao desse novo quadro, cresceu ainda mais o interesse por um indicador do
comportamento geral das condi¢bes financeiras em um determinado pais. E a conclusao a
que se chega é que tal indicador nunca teve tanta importancia.

Nesta secao, realizamos uma avaliagao empirica similar aquela desenvolvida para os
Estados Unidos em Hatzius e Stehn (2018), com o objetivo de verificar se a curva IS
também se quebrou no caso brasileiro, isto é, se realmente houve perda de sensibilidade do
PIB em relacao ao juro de politica monetaria ao longo dos tltimos anos.

Para isso, realizamos testes de causalidade de Granger dos juros reais com o crescimento
do Monitor do PIB. O teste de causalidade de Granger tem como objetivo determinar o
sentido causal entre duas variaveis, estipulando que a varidvel X "Granger-causa" a variavel
Y se valores passados de X ajudam a prever o valor presente de Y.

Utilizamos duas medidas de juro real ex-ante: a taxa bésica de juros Selic anualizada e
a taxa referencial de swaps DI pré-fixada de 360 dias, ambas deflacionadas pela expectativa
do IPCA 12 meses & frente, obtida a partir da pesquisa FOCUS do Banco Central.

Para realizar os testes de causalidade de Granger, utilizamos o ntumero de lags sele-
cionado pelo critério de informac¢ao HQ (Hannan-Quinn information criterion). Os resul-
tados, exibidos na Tabela (1.7), divergem dependendo da métrica de juro real utilizada.
No caso da Selic real, rejeita-se a hipotese nula de nao-causalidade do PIB no sentido de
Granger, ao nivel de significancia de 10%, mas no caso do Swap 360 real a interpretacao é
inversa.

Tab. 1.7: Teste de Causalidade de Granger

Hipoétese nula P-valor

Selic real nao causa PIB no sentido de Granger 0.09
Swap 360 real nao causa PIB no sentido de Granger  0.19

Nota: 3 lags foram utilizados em cada uma das equagdes
Amostra: 2008M04 a 2019MO08

Os resultados referentes ao Swap 360 real sugerem que a curva IS nao tem funcionado
bem no caso brasileiro ao longo da ultima década. Conforme Hatzius e Stehn (2018)
argumentam, uma possivel razao para isto é que a taxa de juros possui apenas um pequeno
impacto direto sobre a demanda agregada. A maior parte do impacto de mudancas na taxa
de juros de politica monetaria ocorre indiretamente através de um espectro mais amplo
de mudangas nas condi¢bes financeiras como um todo, o que inclui juros longos, taxa de
cambio e indices de bolsa. Essas varidveis nao respondem apenas aos juros de politica
monetaria. KEsse fato ressalta a grande importancia de se monitorar uma medida que
resuma o quanto diferentes indicadores financeiros - e nao apenas a taxa de juros - afetam
a economia, isto é, um indice de condigoes financeiras.

Ao replicar o exercicio feito anteriormente substituindo a taxa de juros real pelo indice
de condigOes financeiras construido neste artigo, rejeitamos a hipotese nula, ao nivel de
significancia de 10%, de que o ICF nao causa o PIB no sentido de Granger. Isto ¢, a
atividade econdémica responde a mudancas nas condigoes financeiras, como mostra a Tabela
(1.8).



Tab. 1.8: Teste de Causalidade de Granger

Hipoétese nula P-valor
ICF nao causa PIB no sentido de Granger  0.07

Nota: 4 lags foram utilizados em cada uma das equagoes
Amostra: 2008M04 a 2019MO08

Se a resposta da atividade econémica as condigoes financeiras esta dentro do previsto,
a deterioragao da curva IS convencional, sugerida no exercicio do Swap 360 real, deve
refletir a falta de sensibilidade das condicdes financeiras ao juro de politica monetaria. E
exatamente isso que os dados mostram. A Figura 1.13 ilustra a impressionante reversao da
correlagdo entre juros reais e condigoes financeiras a partir de 2011. Até entéo, a relagao
entre juros reais mais altos e condigoes financeiras mais apertadas vigorava, contudo a
partir de 2011 essa relagao se quebrou, a excecao do breve periodo entre meados de 2014 e
o final de 2015. Portanto, é fundamental acompanhar uma medida mais ampla que reflita
a situacao atual dos mercados e ndo apenas uma variavel isoladamente.
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Fig. 1.13: Selic real vs. ICF

Também ¢é possivel documentar esse fato econometricamente. A Tabela (1.9) mostra
que na primeira parte da amostra, isto é, no periodo pré-2011, rejeita-se a hipotese nula de
que a Selic real nao causa o ICF no sentido de Granger. J4 na segunda parte da amostra,
no periodo pds-2011, o resultado se inverte, nao é possivel rejeitar a hipdtese nula, ao nivel
de significancia de 10%, como mostra a Tabela (1.10).

Tab. 1.9: Teste de Causalidade de Granger

Hipotese nula P-valor
Selic real nao causa ICF no sentido de Granger  0.00

Nota: 2 lags foram utilizados
Amostra: 2008M04 a 2010m12

Esses resultados indicam uma relagdo fraca entre juros reais e condi¢bes financeiras



Tab. 1.10: Teste de Causalidade de Granger

Hipoétese nula P-valor

Selic real nao causa ICF no sentido de Granger  0.15

Nota: 2 lags foram utilizados
Amostra: 2011MO01 a 2019m08

Tab. 1.11: Resultados do Modelo GMM do ICF explicado por choques de politica monetaria

Variavel dependente: ICF
Amostra: 2008 - 2019
Choque Swap pré-DI (30-60) -9.85*
[5.031]
Choque Swap pré-DI (90-180) 4.90
[3.265]
Choque Swap pré-DI (180-360) -7.52% %%
[2.659]
Choque Swap pré-DI (180-540) SN
[0.633]
Choque Swap pré-DI (180-720) -1.95%**
[0.403]
Choque Swap pré-DI (30-360) 0.91
[1.101]
Choque Swap pré-DI (90-5 anos) -0.17%F**
[0.058]
Choque Swap pré-DI (1 ano-5 anos) -0.39%*
[0.187]

Nota: Regressées do ICF sendo explicado pelos choques de politica monetaria instrumentalizados pela diferenca da taxa
Selic na janela de tempo ao redor dos aniincios do COPOM. Desvio padrao entre colchetes. *** ** ¢ * denotam significancia
a 1%, 5% e 10%.

nos ultimos anos, o que justicaria, em alguma medida, a baixa sensibilidade da atividade
econdmica ao juro de politica monetaria. Contudo, essa quebra de relagao entre os juros e
o ICF significa que o Banco Central nao é capaz de influenciar as condigoes financeiras e,
consequentemente, a atividade econdémica?

Para responder a essa pergunta, construimos uma medida que representa as inovacoes
na politica monetaria definidas como a diferenca entre os spreads de juros de diferentes ma-
turidades negociados no dia seguinte a reuniao do Comité de Politica Monetéaria (Copom)
e os mesmos spreads de juros negociados no fechamento do dia da reuniao. Essas medidas
buscam avaliar o quanto os agentes privados foram surpreendidos pela decisdo do Banco
Central. A hipotese de identificagdo é que as diferengas entre os spreads de juros de in-
strumentos financeiros com diferentes maturidades nessa janela curta de tempo reflete o
impacto do choque do antncio do Copom sobre a inclinagao da curva de juros.

Construimos essas medidas de inovagao utilizando os spreads de juros que compoem o
ICF construido neste artigo. Em seguida, implementamos regressoes a partir do Método
Generalizado dos Momentos (GMM), onde o ICF é explicado por esses choques de politica
monetaria instrumentalizados pela variacao da taxa Selic na mesma janela de tempo ao
redor das reunides do Copom. Utilizamos um total de 93 observagdes. A Tabela (1.11)
exibe os resultados.

Os resultados do exercicios sugerem que as medidas de choques de politica monetaria
possuem impacto significativo sobre as condi¢des financeiras e com o sinal esperado para



a maioria dos spreads testados (as tnicas excegoes sdo os spreads entre os Swaps pré-DI
de 90 e 180 dias e 30 e 360 dias, cujos coeficientes nao sao significativos). Isto é, aumentos
na inclinacao da curva de juros tendem a piorar as condigoes financeiras.

Vale notar, contudo, que esses exercicios indicam apenas que o Banco Central seria
capaz de influenciar as condigoes financeiras vigentes no pais, por meio dos antncios do
Copom, em uma curta janela de tempo. Esses resultados nao nos informam se os choques
de politica monetaria possuem efeito duradouro sobre as condi¢oes financeiras, ou se sao
rapidamente compensados por movimentos em outras variaveis financeiras nacionais e in-
ternacionais. Caso os choques possuam efeito apenas temporério sobre o ICF, seu impacto
sobre a atividade economica futura seria bastante limitado. Esse fato reforga a importéan-
cia de um acompanhamento mais completo e em alta frequéncia sobre o estado atual das
condigoes financeiras vigentes no pafs.



1.6 Conclusao

Neste artigo, desenvolvemos um indice de condigoes financeiras para o Brasil, cujo obje-
tivo é resumir as informagoes relevantes sobre o estado futuro da economia contido nas
variaveis financeiras observaveis. Deste modo, é possivel capturar o quanto da atividade
econdmica futura é explicada apenas pelas condicoes financeiras atuais, expurgando-se o
poder explicativo da atividade econdémica presente e passada.

O approach econométrico utilizado se baseou em Hatzius, Hooper et al. (2010), que
busca resumir a informagao das variaveis presentes na base de dados por meio do método
de componentes principais. Contudo, o método utilizado neste artigo possui um diferencial,
pois elimina a variabilidade das séries financeiras que podem ser explicadas pela atividade
econdmica presente e passada, de modo que as componentes principais reflitam informagoes
exbdgenas associadas ao setor financeiro.

Uma contribuigao original deste trabalho foi implementar modificagoes na metodologia
original proposta em Hatzius, Hooper et al. (2010), de modo a adequar o indicador a
realidade da economia brasileira e & frequéncia diaria. Para isto, utilizamos um modelo de
interpolagao na forma espaco de estados estimado via filtro de Kalman, em linha com o
proposto em Issler e Pimentel (2019), fazendo uso das informagoes presentes em variaveis
financeiras de alta frequéncia. Esse passo adicional soluciona dois problemas: a defasagem
na divulgacao de alguns indicadores mensais presentes na base de dados e a baixa frequéncia
do indicador proposto no artigo de referéncia.

Os resultados empiricos mostraram que os modelos de projecao de PIB que utilizam
o ICF como variavel explicativa produzem resultados significativamente mais precisos do
que modelos ARMA tradicionais. Além disso, a performance dos modelos de previsao que
possuem o ICF foram superiores aqueles que utilizam as principais varidveis financeiras
isoladamente. Exercicios de avaliagao fora da amostra também mostraram que o indicador
nao incorre em revisoes significativas ao longo das atualizagoes, o que é uma caracteris-
tica extremamente importante, pois possibilita a correta interpretacao dos resultados no
momento da divulgacao.

Por fim, investigamos se, de fato, houve perda de sensibilidade do PIB em relacao ao
juro de politica monetaria no Brasil ao longo dos ultimos anos. Os resultados sugerem que
a curva IS nao tem funcionado bem no caso brasileiro ao longo da tltima década. Conforme
Hatzius e Stehn (2018) argumentam no estudo realizado para o caso norte-americano, uma
possivel razao para isto é que a taxa basica de juros possui apenas um pequeno impacto
direto sobre a demanda agregada. A maior parte do impacto de mudancas na taxa de
juros de politica monetaria ocorre indiretamente através de um espectro mais amplo de
mudancas nas condi¢Oes financeiras como um todo. Esta hipdtese ressalta a importancia
de se monitorar uma medida que resuma o quanto diferentes indicadores financeiros - e
nao apenas a taxa de juros - afetam a economia, isto ¢, um indice de condigoes financeiras.

A analise empirica sugere ainda que a atividade econdmica responde a mudancas nas
condigoes financeiras, de modo que um aumento do ICF - entendido como um aperto ou
piora do indicador - gera um impacto negativo sobre o crescimento futuro da atividade
econdmica. Se a resposta da atividade econémica as condigoes financeiras permanece den-
tro do esperado, a deterioracdo da curva IS convencional reflete a falta de sensibilidade



das condigoes financeiras ao juro de politica monetéaria. O préoximo passo, portanto, en-
volveu averiguar se essa quebra de relacao entre os juros e o ICF significa que o Banco
Central perdeu a capacidade de influenciar as condigoes financeiras e, consequentemente,
a atividade econémica.

Construimos uma medida que representa as inovagoes na politica monetéaria, definidas
como a diferenca entre os spreads de juros de diferentes maturidades de um dado instru-
mento financeiro negociados um dia depois e no dia da decisao do Comité de Politica
Monetaria (Copom). O exercicio econométrico mostrou que as medidas de choques de
politica monetaria possuem impacto significativo sobre as condic¢oes financeiras e com o
sinal esperado na maior parte dos casos testados.

O exercicio, contudo, indica apenas que o Banco Central seria capaz de influenciar as
condicoes financeiras vigentes no pais, por meio dos anuncios do Copom, em uma curta
janela de tempo. Esses resultados nao nos informam se os choques de politica monetaria
possuem efeito duradouro sobre as condigoes financeiras, ou se sao rapidamente compen-
sados por movimentos em outras varidveis financeiras nacionais e internacionais. Caso
os choques possuam efeito apenas temporério sobre o ICF, seu impacto sobre a atividade
econOmica futura seria bastante limitado. Esse fato reforga a importancia de um acompan-
hamento mais completo e em alta frequéncia sobre o estado atual das condi¢oes financeiras
vigentes no pais.
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Chapter 2

Measuring Brazilian Output Gap:
Which is the Best Method?

The level of the output gap, a measure of the aggregate excess idleness of the economy,
is a central issue for policymakers. This paper aims to contribute to the literature by
comparing proprieties of different output gap estimation methods in order to find the best
performing methodology, in the context of Brazilian economy. The first innovation of this
work is the development of a modified version of Blanchard and Quah Structural VAR
model that makes it easier to identify accurately demand shocks and, consequently, the
output gap. We also innovate testing the ability of output gaps to forecast a variety of
inflation groups and cores using not only the traditional Philips curve linear model, but
also machine learning techniques. The second test concerns evaluating how the output
gaps estimates respond to transitory and long-lived economic shocks. The results suggest
that Structural VAR models possess the best properties among all techniques tested in this
study.

Keywords: Output Gap, Potential Output, Monetary Policy, Business Cycles, Inflation
Forecast
JEL Codes: E2, E3, E6, C10, 010, J64.



2.1 Introduction

The output gap - defined as the total amount of output that can be produced without
generating inflationary pressures - is a key variable in macroeconomics. It is the difference
between effective and potential GDP, a measure of the aggregate excess idleness of the
economy.

The size of output gap is a central issue for policymakers. For example, a positive value
of output gap may indicate the need for the monetary authority to raise the interest rate
to contain demand pressures that directly pressures inflation. This mechanism between
output gap and interest rates is theoretically disseminated by the well-known Taylor rule
and the relationship between the output gap and inflation, by the Phillips Curve. The
output gap is also essential to evaluate the fiscal policy stance trough the structural budget
balance, which is the budget balance free of non-recurring events and adjusted for the
cyclical effect. This indicator allows us to infer better about the real size of the fiscal
deterioration of a country.

Despite all these important utilities, the challenge is that output gap is not an observ-
able variable, because it relies on estimates of potential output, which is a latent variable.
That is why agencies, economists and policymakers have to implement their own models
to produce output gap estimates.

There is enormous uncertainty about the size of the output gap in Brazilian economy,
especially since 2017, right after one of the longest and most severe economic crises that
have ever hit the country. The recession covered the period from early 2014 to the end of
2016, spanning 11 quarters and generating an accumulated drop of 8.6% of GDP, according
to information from the Brazilian Business Cycle Dating Committee (CODACE). In 2017 a
long period of slow recovery in economic activity and low inflation began. This combination
suggests a negative output gap, but the magnitude is not a consensus among experts.

To get an idea about the uncertainty concerning the output gap size during this period,
in 2018 the range of estimates from the main institutions was between -3% and -8% (See
Borges (2018)1), affecting directly assessments of the cyclical impact of activity on fiscal
results, on monetary policy decisions and on the future dynamics of inflation.

The present paper aims to contribute to the literature by comparing proprieties of
different output gap estimation methods most used by national and international agencies,
in addition to alternative methodologies not widely used for the purpose of output gap
estimation, in the context of Brazilian economy. One of the contributions of this work is
the development of a modified version of Blanchard and Quah Structural VAR in which
the gap between the unemployment rate and the NAIRU is used in the model, allowing
that only the slack in the labor market is included. This procedure may help the model
identify more easily and accurately the demand shocks.

After presenting detailed description of several output gap estimation techniques, we
compare their performance according to evaluation tests used in Coibion, Gorodnichenko,
and Ulate (2017) and Chen and Goérnicka (2020), but applied to Brazilian economy in
order to search for the best performing methodology. Besides that, this paper presents

1


https://blogdoibre.fgv.br/posts/implicacoes-de-um-hiato-do-produto-na-faixa-de-7-8-parte-i

some innovations in the evaluation tests. First, we tested the ability of different output
gaps to forecast inflation. While Coibion, Gorodnichenko, and Ulate (2017) and Chen and
Gornicka (2020) forecasts only the overall inflation index, this work tests the output gaps
capacity of forecasting a variety of inflation groups and cores that are closely related to
economic cycle. Additionally, we use not only the traditional Phillips curve linear model,
but also machine learning techniques. Secondly, we evaluated how output gaps estimates
respond to transitory and permanent economic shocks.

The paper is organized as follows. Section 2.2 describes how estimates of output gaps
have been constructed by institutions. Section 2.3 discusses alternative approaches not
very often used for the purpose of output gap estimation. Section 2.4 presents the output
gap results for the Brazilian economy. Section 2.5 illustrates the results of the performance
tests. Section 3.5 concludes.

2.2 How Estimates of Output Gaps Have Been Constructed
by Institutions

Ipea

The Institute for Applied Economic Research (Ipea), a public institution that provides
technical support to the federal government with regard to public policies in Brazil, uses
the production function approach for estimating potential output. As described in Souza-
Junior (2017), IPEA uses a Cobb-Douglas production function with constant returns to
scale:

Y; = Ay(K;C)[Ly (1 — U)]A—9), (2.1)

where a = 0.4, Y; is GDP, K} is the stock of capital, L; is the economically active population
and A; is the Total Factor Productivity (TFP), estimated by Solow residual. The stock of
capital is corrected by a measure of Capacity Utilization (CU) level (Cy). The labor factor
is also corrected by the unemployment rate (Uy).

The CU of the manufacturing industry is commonly used as a proxy for the CU of the
economy as a whole. However, this indicator may not reflect the economy performance.
That is why IPEA uses the methodology developed by Souza (2005) to estimate the CU
of the Brazilian economy by an average weighting of sectoral indicators. This weighting
corresponds to the activity of each sector in GDP.

The potential GDP (Y;*) is obtained by measuring de potential levels of inputs and TFP.
The Non-Accelerating Inflation Rate of Unemployment (Nairu) (U;), the economically
active population trend (L}) and the TFP trend (A}) are estimated using the HP filter. In
order to mitigate the known end of sample bias, the institution forecasts where considered
in the filtering procedure. The CU potential level is defined as 96%, which is the maximum
already reached by CU.

Y = AL (KGO Ly (1= U], (2:2)



Therefore, the output gap is given by:
Y -Y*
Ygap: = (Y*) * 100 (2.3)

Brazilian Central Bank

The output gap estimated by Brazilian Central Bank comes from a small-scale semi-
structural aggregate model estimated with Bayesian techniques, as described in BCB
(2020a).

The equations of the model describe economic relations that are important for the
monetary policy analysis. It includes an IS curve, a Phillips curve for non-monitored prices,
a Taylor rule, Uncovered Interest Parity (UIP) equation and an inflation expectations
curve. The model is implemented in state space representation through a Kalman filter,
as detailed below following BCB (2020a):

Z Clima?_,
WtL,sa — 04171{’ sla + (l (%1 )ﬂ't At + 0427Tt -+ agAet o+ aghy + a5 = 5 + 6tL, (2.4)
where Trf % is the quarterly inflation with seasonally adjusted, 7Tt bt is the four quarters

ahead expected inflation from to Focus survey, 7/ is the gap between the international
inflation measured by the Commodities Index — Brazil (IC-Br) in Brazilian real and the long
term external inflation target, Ket,g is the gap between exchange rate variation (R/US)
and its long term variation predicted by the purchasing power parity theory (PPP), Clima?
captures supply shocks from climatic changes; and €/ is an error term.

he = Bihi_1 — BaFr_1 — B3y — Buies + €, (2.5)

where h; is the output gap, 7 is the real interest rate gap, 7p, is the deviation of central
government primary balance of its trend, ie; is an economic uncertainty indicator and !
is an error term.

it = glit—l + 92%—2 + (1 - 91 - 92) [ + W?Eta + 93(7rt A4t )] + €t7 (26)

where i; is the nominal Selic rate, which depends on its own lags, on the neutral real
interest rate r;? and on the central bank decisions to deviations of inflation expectations

from the inflation target (7"¢!%). €! is an error term.

Aey = AePPe — 5 — zfzfl) + €, (2.7)

where the exchange rate variation (Ae;) is a function of variations of the interest rate
differential (itdif ) between domestic and foreign interest rates adjusted by the Brazilian
risk premium. The expected exchange rate change in the long term (AePP€) follows a PPP
assumption and is given by the differential between the long-term domestic inflation target
and the external equilibrium inflation.

4
%g,t+4|t = élﬁf—l,t—l—?ﬂt—l + (I)QEt%t’tJrzl + P3 Z iT\tfi + O Ae; + Ef, (28)
i=1
where 7 7rt At is the deviation of the inflation expectation relative to the inflation target,

E; 7 114 represents the model-consistent inflation expectation gap to inflation target, 7 is
the quarterly IPCA inflation deviation from the inflation target and €f is an error term.



The model introduces the output gap as an unobservable variable. The output gap path
over time incorporates information from four variables of economic activity in the mea-
surement equations: the GDP, the Manufacturing Industry Installed Capacity Utilization
Level, the unemployment rate and the net formal job creation.

IFI

The Brazilian Independent Fiscal Institution (IFI) measures the output gap from a pro-
duction function methodology whose inputs potential levels are estimated by the Kalman
filter. This method was based on European Comission technique described in D’Auria
et al. (2010).

IFT implements a Cobb-Douglas production function with constant returns to scale,
similar to the one used by IPEA:

Y, = Ay(K,Cp) L™, (2.9)

where o = 0.4, Y; is GDP, K, is the stock of capital corrected by a measure of Capacity
Utilization (Ct), Ly is the labor input, defined as the hours worked multiplied by the
economically active population (EAP) and corrected by the unemployment rate and A; is
the Total Factor Productivity (TFP).

In order to estimated the potential levels of TFP and CU, a bivariate Kalman filter
model which exploits the link between the TFP cycle and the degree of capacity utilisation
in the economy was used. The bivariate model used is a Seemingly Unrelated Time Series
(SUTSE) model with smooth trend and common cycle for the quarterly time series of TFP
and CU.

The potential labor level is constructed from the Non-Accelerating Wage Rate of Un-
employment (NAWRU). The NAWRU is estimated by a regression model based on an
specification of the new Keynesian Phillips Curve.

Therefore, the potential output is given by:
Y = Aj(KCF)YHf EAP,(1 — U;)] 4=, (2.10)

where Y;* is the potential output, A} is the TFP trend level, C} is the CU trend level, H}
is the median of hours worked, FAP; is the economically active population and U} is the

NAWRU.

Both IPEA and IFI use the production function approach in order the obtain the output
gap. The main differences between IPEA and IFI methods are the labor input definition
and the type of filter used to estimate the potential levels of inputs and TFP.

IMF

One of the methods used by the International Monetary Fund (IMF) to construct the
output gap is a Multivariate Kalman Filter. This technique explores the link between some
observable variables besides the actual output to improve the identification of potential
output. The filter equations are built based on economic theory, which relates the output



gap to slack in the labor market and changes in inflation, through the Okun’s law and the
Phillips curve.

Following Blagrave et al. (2015), the model estimation requires data on just three
observable variables: real GDP growth, CPI inflation, and the unemployment rate. The
filter equations relate these observable variable to the latent variables in the model, as
detailed below:

y =YY (2.11)
Vi=Yi1+Gi+e (2.12)

G =0G% +(1—-0)Gy_y +€° (2.13)
Yt = dyi-1 + €/, (2.14)

the output gap (y;) is the deviation of real GDP, in log terms (Y}), from its potential level
(Y;). The potential output level is a function of the potential growth (Gi) a level-shock
term (e} ). Potential growth can also change after shocks (¢*). The parameter 6 defines
the how fast the adjustment back to the steady-state growth occurs following a shock.
Equation (2.14) illustrates that the output-gap is also subject to shocks (€), known as
demand shocks.

T = A1 + (1 — N)me—1 + By + €, (

U, = (raUSS + (1 = 74)Us_1) + gUy + €7 (
U = (1 = 73)gUs—1 + (1 — 7)) + g0y + " (
up = Toup—1 + Ty + € (

w = Uy — Uy, (2.19

equations (2.15) to (2.19) provide further identifying information for the estimation of the
output gap. Equation (2.15) is the Phillips curve, which relates the output gap path to
observable data on inflation. Equation (2.16) describes the evolution of U, the equilibrium
value of the unemployment rate (NAIRU). It is subject to shocks (¢/') and to changes in
the trend (gU,), which is also subject to shocks (er). The Okun’s law is represented by
equation (2.18), which states that the slack in the labor market is a function of the amount
of slack in the economy as a whole (y;).

The model parameters and variances of shock terms are estimated using Bayesian
estimation techniques.

2.3 Alternative Approaches to Estimating Output Gap

Blanchard and Quah Structural VAR

Blanchard and Quah (1989) approach was designed to separately identify supply and de-
mand shocks using long-run identification restrictions in Structural Vector Autoregressive
(SVAR) models. This technique consists in running a VAR model with output growth and
unemployment, restricting demand shocks to have no long-run effects on output. Than, it
is possible to recover the potential output, which is measured as the historical contribution
of shocks with permanent effects on output.



As argued in Chen and Gornicka (2020), SVARs models have not been habitually
used to estimate the output gap by institutions. One reason could be that they are not
sophisticated enough. Despite that, Coibion, Gorodnichenko, and Ulate (2017) showed that
structural models can successfully produce output gap estimates that are consistent with
theoretical prediction: the potential output strongly reacts to identified supply (long-lived)
shocks and it does not respond significantly to demand (transitory) shocks.

Following Blanchard and Quah (1989), the model comprises 2-equation SVAR, that
includes quarterly real GDP growth (Ay;) and detrended unemployment rate (ug).

1 boa2| |[Ay:|  |ao bii1 biiz| |Ayi-1 ba11 boi2| |Ayi—2 €}

= + + + |9

boo1 1 Ut ap,2 bio1 bi22] | wi—1 bao1r b222]| | ui—2 €}
where Ay is a vector of constants, and B; is a 2 x 2 matrix of coefficients for lags j=0,1,2.

The structural shocks € and €f are assumed to be uncorrelated, and only the supply shock
(€7) have long-lived effects on output.

Blanchard and Quah modified version

Blanchard and Quah (1989) discuss the existence of a secular increase in United States
unemployment rate over the sample period (from 1950Q2 through 1987Q4), as captured
by a fitted-linear time-trend regression line. In order to handle the apparent time trend in
unemployment, the fitted-trend line is removed before VAR analysis.

Another possible solution to handle this issue is to interpret that the secular increase in
unemployment rate was motivated by structural changes. These changes could be captured
by a measure of structural unemployment rate, as a NAIRU estimate.

Therefore, we propose a modified version of Blanchard-Quah Structural VAR, in which
instead of removing the fitted-trend line from unemployment rate, the gap between the
unemployment rate and the NAIRU is used in the VAR model. This alternative approach
allows that only the slack in the labor market is included in the model or, in other words,
the cyclical employment. This procedure might help the model identify more easily and
accurately the demand shocks. The NAIRU used in this SVAR modified version was
estimated by the Multivariate Kalman Filter from IMF method detailed above and it is
illustrated in Figure 2.1.

2.4 Output Gap results for the Brazilian economy

Figure 2.2 exhibits the six different output gap estimates corresponding to the methods
discussed above. It is easy to see that the differences between them are not negligible,
specially during the last decade.

Although all methodologies provide the same assessment that the Brazilian economy
operates with an excess of idleness of the factors of production, there are significant diver-
gences in numerical quantification of this idleness. For instance, in the beginning of 2020,
the estimate range was between —5.6% and —2.6%.

This high uncertainty on the size of the economy’s output gap has direct impact on
assessments of the cyclical impact of activity on fiscal results, on monetary policy decisions
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Fig. 2.1: Unemployment rate vs. NAIRU

and on the future inflation dynamics.
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Fig. 2.2: Output Gap Estimates for Brazilian Economy (In percent of potential output)

2.5 Output Gap estimates: which one to choose?

In view of this divergences concerning the output gap size, the following question remains:
which method to choose?

In order to gather evidence to make that choice, a pragmatic performance assessment of
the different estimation methods will be made according to two criteria, following Coibion,
Gorodnichenko, and Ulate (2017): First, we test the output gaps performances in forecast-

ing inflation. Secondly, we check how potential output estimates respond to permanent
and transitory shocks.



Inflation Forecasting

A good measure of output gap should have an accurate ability to explain and anticipate
inflationary dynamics.

Therefore, the first step is to analyse the Brazilian inflation behavior in recent years.
Figure 2.3 shows core inflation measures commonly considered by the Brazilian Central
Bank for economic outlook analysis (See BCB (2020b)). These measures are subsets of
inflation that are most sensitive to the business cycle, because they mitigate transitory
impacts on price behaviour.

Two exclusion cores are considered: EX-0 is obtained by exclusion of the items food-
at-home and administered prices and EX-3 excludes all administered prices, components
of other segments that may make it difficult to identify the inflationary trend and all food
prices. There is also a smoothed trimmed mean core, which smooth the components with
infrequent variations and excludes the items whose monthly variation stands, in the dis-
tribution, above the 80th percentile or below the 20th percentile; a double weighting core,
that adjusts the original IPCA weights according to itens relative volatility, reducing the
importance of more volatile components; and the 55" percentile core, which corresponds

to the variation of the 55th percentile of the distribution weighted by the IPCA subitem
weights.
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Fig. 2.3: Core inflation measures (12-month percentage change)

It can be seen by Figure 2.3 that since 2017 the inflation cores fluctuates below the
target, which suggests a negative output gap. This characteristic is verified in all method-
ologies discussed in previous sections, but how big was the excess of idleness in the Brazilian

economy during that period? Which output gap measure has the strongest explanatory
power for predicting inflation?

In order to answer these questions, the following exercise was applied. Phillips curves for
different inflation groups and cores and considering each output gap measure we estimate.
The equation (2.20) describes the Phillips curve general version used in each model, which



was based on BCB (2017) and estimated by ordinary least squares using Heteroskedasticity-
and Autocorrelation-Consistent (HAC) standard errors.

1
M = B + BoBimipa+ (1= B — Bo)miq + > vilui, (2:20)
i=1

where m; is the quarterly inflation measure, E;my44 is the four quarters ahead expected
inflation according to Focus survey, m;_; is the foreign inflation measured by Brent oil
prices in Brazilian real and h; is the output gap measure.

After estimation, we compute the out of sample inflation forecasts generated by these
models and their Root Mean Squared Error (RMSE). In addition, we compare the models
performances using the Diebold and Mariano test, in order to verify if the differences of
RMSE are statistically significant (See Diebold and Mariano (1995)).

Subitens of Brazilian inflation index IPCA that are closely related to the economic cycle
were used in this exercise: IPCA services, IPCA market prices ex food and IPCA cyclical
services. There are two services inflation measures. The first one is general and includes all
services categories, the other, classified as cyclical services, includes categories more sensible
to economic cycle, as food-outside-home, airfare, bank services and recreation. It was also
included a more general inflation measure that represents goods and services, called market
prices ex-food, which eliminates from full IPCA the food inflation and administered prices.

Additionally, the core inflation measures discussed above were also included in this
exercise. Although the inflation target system is designed for full IPCA, these measures
are also taken into consideration in monetary policy decision-making, as argued in BCB
(2020D).

Table (3.1) reports the results of the exercise described above. Each table entry shows
the out of sample RMSE for forecasting one quarter ahead the inflation measure pointed
in each line and using the output gap measure positioned on the column, as explanatory
variable in the Phillips curve model. In each line, the underlined number marks the lowest
RMSE for forecasting the correspondent inflation measure and the numbers in bold indicate
that the accuracy of these models are not statistically different. In brackets are the p-values
of Diebold and Mariano test. It tests the null hypothesis that forecasts from two different
models have the same precision, while the alternative hypothesis is that the model with
lowest RMSE is more accurate than the others.

The results of Table (3.1) shows that the Phillips curve that includes Blanchard and
Quah (modified version) output gap generated the lowest RMSE for forecasting almost all
inflation measures, except for the double weighting core inflation and the 55" percentile
core inflation, whose best model was constructed using Blanchard and Quah output gap,
as developed in Blanchard and Quah (1989).

In the case of both services inflation measures (general and cyclical), the model that
includes Blanchard and Quah (modified version) output gap got the lowest RMSE, but its
accuracy is not statistically different from the model that includes BCB output gap. For



Tab. 2.1: RMSE of inflation forecasts 1 quarter ahead for different Phillips curves

Output Gap Measures

Blanchard Blangczhard
Inflation Measures BCB & Quah IMF 1K1 IPEA
Quah (modified version)

IPCA 0.385 0.411 0.362 0.536 0.391 0.502
Services [0.316] [0.022] — [0.005]  [0.061]  [0.008]
MarEZtCPArices 0.372 0.294 0.978 0.543 0.565 0.487
ex Food [0.067] [0.067] [0.068]  [0.039]  [0.009]
IPCA 0.513 0.524 0.503 0.575 0.612 0.576
Cyclical Services | [0.359] [0.098] — [0.063]  [0.005]  [0.058]
Smoothed Trimmed | 0.407 0.386 0.383 0.419 0.612 0.391
Mean Core Inflation | [0.230]  [0.477] — [0.332] [0.132] [0.458]
Exclusion Core 0.363 0.316 0.309 0.608 0.585 0.518
Inflation EX-0 [0.090] [0.137] — [0.001]  [0.017]  [0.002]
Double Weighting 0.480 0.312 0.322 0.568 0.696 0.493
Core Inflation [0.008] : [0.212] [0.023]  [0.022]  [0.032]
Exclusion Core 0.424 0.387 0.309 0.494 0.333 0.436
Inflation EX-3 [0.027] [0.046] —_— [0.005]  [0.033]  [0.016]
55t" Percentile 0.337 0.293 0.302 0.413 0.537 0.376
Core Inflation [0.063] — [0.245] [0.038]  ]0.034]  [0.083]

Notes: The table reports the out of sample RMSE for forecasting one quarter ahead a variety of inflation groups
and cores using Phillips curve linear models. For each inflation measure described in the lines, a different output
gap estimate was used as explanatory variable. In brackets are the p-values of Diebold and Mariano test. In each
line, the underlined number marks the lowest RMSE for forecasting the correspondent inflation measure and the
numbers in bold indicate that the accuracy of these models are not statistically different.

exclusion core EX-0, double weighting core and 55" percentile core inflation, the models
that uses Blanchard and Quah techniques (traditional and modified version) had the best
precision and we could not statistically differentiate their accuracy. Considering IPCA
market prices ex-food and the exclusion core EX-3, the model that includes Blanchard
and Quah (modified version) output gap generated the lowest RMSE and it is significantly
more precise than the others.

Table (3.2) reports the results for a very similar exercise, the only difference is the
forecasting horizon. In Table (3.2) we are evaluating the out of sample forecasts four
quarters ahead.

The results show that, in case of market prices ex-Food and cyclical services inflation,
Blanchard and Quah (modified version) registered the smallest RMSE and in both cases
the forecast was significantly more accurate than the forecasts generated by others output
gaps. Considering the exclusion core inflation EX-0 and the double weighting core inflation,
the two Blanchard and Quah techniques had the best performances and they are not
statistically different. For services inflation, Blanchard and Quah (modified version) and
Brazilian Central Bank had the same precision, and in case of 55" percentile core inflation
Blanchard and Quah was statistically more accurate then the others output gaps.



Tab. 2.2: RMSE of inflation forecasts 4 quarters ahead for different Phillips curves

Output Gap Measures

Blanchard
Blanchard
Inflation Measures BCB & ngfah IMF IFI IPEA
Quah (modified version)

IPCA 0.500 0.525 0.460 0.689  0.510 0.641
Services [0.130] [0.018] — [0.004] [0.019] [0.001]
MarEZtCPArices 0.506 0.344 0.318 0.714  0.957 0.620
ox Food [0.089] [0.029] e [0.046] [0.091] [0.048]
IPCA 0.559 0.558 0.595 0.625  0.905 0.621
Cyclical Services [0.065] [0.018] — [0.024] [0.001] [0.000]
Smoothed Trimmed | 0.571 0.592 0.605 0.528 1.167 0.506
Mean Core Inflation | [0.170] [0.033] [0.173] [0.024] [0.099] ——
Exclu§ion Core 0.499 0.386 0.386 0.812  0.981 0.665
Inflation EX-0 [0.092] [0.471] —_— [0.038] [0.088] [0.049]
Double Weighting 0.565 0.314 0.323 0.684 1.141  0.576
Core Inflation [0.019] — [0.319] [0.086] [0.081] [0.101]
Exclusion Core 0.746 0.824 0.697 0.777 0.418 0.651
Inflation EX-3 | [0.136]  [0.139] [0.1667] [0.091] === [0.121]
55" Percentile 0.364 0.984 0.306 0.469 0.916 0.414
Core Inflation [0.000] — [0.001] [0.074] [0.097]  ]0.083]

Notes: The table reports the out of sample RMSE for forecasting four quarters ahead a variety of inflation groups
and cores using Phillips curve linear models. For each inflation measure described in the lines, a different output
gap estimate was used as explanatory variable. In brackets are the p-values of Diebold and Mariano test. In
each line, the underlined number marks the lowest RMSE for forecasting the correspondent inflation measure
and the numbers in bold indicate that the accuracy of these models are not statistically different.

Therefore, even when we analyse a longer forecasting horizon, the main result persists:
Blanchard and Quah techniques seems to be superior in terms of inflation forecasting.
From the eight inflation measures evaluated in this exercise, the two Blanchard and Quah
output gaps generated more precise forecast for six of them.

However, this type of model considerably depends on researcher choices of explanatory
variables to enter in Phillips curves, the number of lags selected for each variable, etc. With
the aim of providing a robustness check of this results, we estimate Machine Learning (ML)
models to forecast inflation measures using a larger database of explanatory variables, also
including the output gap measures. This kind of algorithms can reduce the degree of
subjectivity that forecasting models use to rely on, since machine learning algorithms
learn to consider only the variables that improve their predictive accuracy, based on the
training data used.

Garnitskiy and Issler (2020) argue that Random Forest algorithm is the Machine Learn-
ing method that provided the best performance forecasting Brazilian inflation. For this
reason, we applied this technique to forecast the same inflation measures presented in Ta-
bles (3.1) and (3.2), using as explanatory variables the same output gap measures, one
at a time. Additional explanatory variables were also included in this exercise, they are:
Gasoline, Alcohol and Diesel prices, Expected inflation four quarters ahead from Focus



survey, Commodities Index (IC-Br) in Brazilian real, Brent crude oil price in Brazilian
real, Money Supply M1, Minimum Wage, Exchange rate BRL/USD, temperatures of the
Pacific Ocean in order to identify climate anomalies that plays an important role in the
behavior of food inflation and Electricity consumption. All economic variables used in this
work and their respective sources are described in Table (2.6). The results for one and four
quarters ahead are illustrated on Tables (3.3) and (3.4), respectively.

Tab. 2.3: RMSE of inflation forecasts 1 quarter ahead employing Machine Learning
techniques

Output Gap Measures

Blanchard Blangcchard
Inflation Measures BCB & IMF IFI IPEA
Quah Quah
(modified version)
IPCA 0,494 0,484 0,500 0,484 0487 0,492
Services
IPCA
Market Prices | 0,522 0,525 0,526 0,528 0,526 0,545
ex Food
[PCA 0,649 0,674 0,669 0,674 0,642 0,661
Cyclical Services
Smoothed Trimmed | ) o7g g 5e7 0,554 0,652 0,680 0,672
Mean Core Inflation
Exclusion Core
a0 10533 0534 0,540 0,535 0,532 0,548
Double Weighting | ) o0 506 0,557 0,611 0,622 0,616
Core Inflation -
Exclusion Core
et e 0658 0627 0,627 0,657 0,661 0,659
th .
5™ Percentile | 110 495 0,417 0,418 0421 0,423
Core Inflation

Notes: The table reports the out-of-sample RMSE for forecasting one quarter ahead a variety of inflation
groups and cores using machine learning techniques, specifically the Random Forest algorithm. For each
inflation measure described in the lines, a different output gap estimate was used as explanatory variable.
In each line, the underlined number marks the lowest RMSE for forecasting the correspondent inflation
measure.

Table (3.3) shows that the Blanchard and Quah techniques performed better forecasting
services inflation and three inflation cores. IFI output gap had the best performance
forecasting inflation of cyclical services and the exclusion core EX-0, while the BCB output
gap was got better results predicting market prices ex-Food and the 55" Percentile Core
Inflation.

Forecasting errors of Machine Learning models for four quarters ahead, illustrated
on Table (3.4), shows that the two Blanchard and Quah techniques performed better
forecasting the majority of inflation measures tested, more specifically five of the eight
tested. IPEA output gap generated the best result forecasting market prices ex-Food and
BCB output gap is the best forecasting the Exclusion core EX-0.

Finally, as an additional exercise, we investigate which variables were considered the



Tab. 2.4: RMSE of inflation forecasts 4 quarters ahead employing Machine Learning
techniques

Output Gap Measures

Blanchard Blangcchard
Inflation Measures | BCB & IMF IFI IPEA
Quah Quah
(modified version)
IPC.A 0,463 0,498 0,447 0,464 0,460 0,478
Services 4
IPCA
Market Prices 0,552 0,536 0,532 0,536 0,540 0,518
ex Food
[PCA 0,670 0,723 0,669 0,710 0,688 0,717
Cyclical Services
Smoothed Trimmed | ¢\ 54g 0,484 0,665 0,668 0,624
Mean Core Inflation
Exclusion Core
ot Ex.0 | 0:368 0575 0,587 0,576 0,592 0,600
Double Weighting | ) oc ) 595 0,524 0,598 0,570 0,616
Core Inflation
Exclusion Core
et x| 0698 0630 0,637 0,654 0,674 0,619
th :
5™ Percentile | ) 390 0,414 0,431 0425 0,425
Core Inflation

Notes: The table reports the out-of-sample RMSE for forecasting four quarters ahead a variety of
inflation groups and cores using machine learning techniques, specifically the Random Forest algorithm.
For each inflation measure described in the lines, a different output gap estimate was used as explanatory
variable. In each line, the underlined number marks the lowest RMSE for forecasting the correspondent
inflation measure.

most informative by the Random Forest model. This time, we estimated one model for
each inflation measure including all output gaps described before and the others explana-
tory variable specified above in the database. Then, we analyse the variable importance
according to % increase in MSE. The procedure to calculate this metric is the follows. The
MSE is computed on the out-of-bag of the data for each tree, then the same is computed
after permuting a variable. The decrease in accuracy due to the permutation is computed
by the differences in MSE. The differences are averaged and normalized by the standard
error. Table (2.5) shows these metrics scaled to 0 and 100 for each inflation measure. The
higher the % increase in MSE for a variable, the more important it is.

For almost all inflation measures the most informative variable in Random Forest fore-
casting model is the expected inflation. The bottom of Table (2.5) show the importance
of output gap measured in the model. The numbers in bold highlights the most informa-
tive output gap for each inflation measure model. For four inflation measures (services,
Smoothed Trimmed Mean Core, Double Weighting Core and Exclusion Core EX-3) the
Blanchard and Quah techniques were the most informative output gaps. For Market Prices
ex-Food and Cyclical Services, BCB output gap was the most informative. Finally, for Ex-
clusion Core EX-0 and 55" Percentile Core, IFI got the best result among the output

gaps.



In summary, considering different forecasting models, alternative time horizons and
variable importance, despite some specific differences, the main message is the same: Struc-
tural VAR technique used by both Blanchard and Quah methods provide the best features
for inflation forecasting.

Effects of Shocks on Estimates of Potential Output

In this section we focus on how potential output estimates respond to different economic
shocks. Following the exercise conducted by Coibion, Gorodnichenko, and Ulate (2017)
and Chen and Gornicka (2020), we are going to test if different potential output measures,
described in section 2.2, react exclusively to permanent shocks.

The seminal definition of potential output concept, present in Okun (1962), empha-
sises that the potential output is a supply concept, a measure of productive capacity. It
represents the amount that can be produced without generating inflationary pressures.
This study is based on this definition. That is why estimates of potential output should
respond to changes in technological capacity of the economy, but should not respond to
purely cyclical shocks as those generated by monetary policy.

Although recent studies discuss the possibility of hysteresis, the case in which demand
shocks can produce permanent effects on economic activity levels, Coibion, Gorodnichenko,
and Ulate (2017) argue that empirical evidence on hysteresis remains scant, as discussed
in Blanchard (2018). Furthermore, studies like Ramey (2016) have found that monetary
policy shocks and government spending shocks have only transitory effects on GDP.

In order to conduct the exercise and to assess how estimates of potential output respond
to economic shocks, we make use of time series of international shocks that were constructed
by other authors and, in case of domestic shocks, we have computed based on existing
literature.

For global permanent shocks we use USA TFP news shocks identified from short-run
and long-run restrictions, in line with Beaudry and Portier (2006). Based on the joint
behavior of stock prices and TFP, the authors identify a shock that drives the business
cycle and affects productivity with a substantial lag. A structural interpretation that the
authors suggest is that this shock represents news about future technological opportunities,
which are captured primarily in stock prices.

For global transitory shocks, we rely on USA fiscal and monetary shocks. The USA
monetary policy shock is identified combining the traditional analysis of VAR models with
the high-frequency identification of the effects of monetary policy surprises on interest
rates, as in Gertler and Karadi (2015). The study shows that the shocks identified using
surprises on Fed Funds futures in a short window of time around the FOMC announcements
as external instruments, produce more convincing responses than Cholesky’s standard
decomposition identification scheme. For the measurement of USA fiscal shocks, we use
military spending news shocks, obtained in Ramey (2016).

In the case of domestic transitory shocks, government spending shocks are estimated
based on Blanchard and Perotti (2002). The authors used the structural VAR (SVAR)
method in order to identify government purchases and tax shocks. For monetary policy
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shocks we follow Chen and Gornicka (2020) and estimate a VAR model that includes the
GDP growth, unemployment rate, inflation and interest rates and apply the Cholesky
decomposition on this ordering.

Finally, for domestic permanent shocks we estimate productivity shocks based on Chen
and Gornicka (2020) approach, which use residuals from a regression of output per worker
on its lags.

In order to characterize the impact of these economic shocks on potential output mea-
sures, for each shock s, we regress the current potential output growth on current and past
values of the shocks, as illustrated by equation (2.21).

I
AY; = a® + Z’yfz—:f_i + errory (2.21)
i=0

We first estimate the regression fro each potential output measure, considering one shock
at a time and 6 lags. Heteroskedasticity- and Autocorrelation-Consistent (HAC) standard
errors were used. Then, we estimate impulse responses (IRFs) of potential output that
comes directly from v estimates. The responses of potencial output are recovered summing
7; estimates up to a given horizon. The results of impulse responses are presented below,
the red dashed lines represent 66 percent confidence bands around the estimates.

Figure (2.4) shows Brazilian potential output responses to a monetary policy shock
in USA, an example of temporary shock. Almost all potential output estimates yield the
same expected result, a non-significant impact of a monetary policy shock in USA over
Brazilian potential output, except for BCB methodology which registered in some periods
significant estimates. Analysing potential output responses to USA government spending
shock, illustrated in Figure (2.5), another example of transitory shock, only IMF and BCB
methodologies showed significant responses at some points of time horizon.

In case of domestic monetary policy shock, illustrated in Figure (2.7), all potential out-
put estimates responded in line with theory, revealing non-significant impact of a domestic
monetary policy shock over national potential output. For domestic government spending
shock, only BCB methodology registered significant responses in initial periods, all the
other methods responded in line with theory since that is an example of transitory shock.

Finally, analysing potential output responses to permanent shocks represented in this
exercise by global and domestic productivity shocks we should expect positive and sig-
nificant results. However it was not true for all potential output methodologies. In case
of domestic productivity shock, IMF estimate showed non-significant results in almost all
time periods. For global productivity shock, only the two Blanchard and Quah techniques
registered positive and significant results up to the third period. IMF and BCB methods
showed the expected results only until period one. IPEA and IFI estimates registered
non-significant results.

This exercise showed that some potential output techniques are failing in adequately
distinguishing between permanent and transitory shocks. Some of them are procyclical,
i.e., respond positively to transitory shocks and others do not respond to permanent shocks.
Fortunately, some techniques performed better. Both Structural VAR models represented
by both Blanchard and Quah methods generated potential outputs whose responses to



permanent and temporary shocks are consistent with theoretical predictions. These results
corroborates Coibion, Gorodnichenko, and Ulate (2017) and Chen and Goérnicka (2020)

findings for USA and UK data.
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2.6 Conclusion

This paper presented detailed analysis about estimation techniques of output gap applied
to Brazilian economy and compared their performance using two evaluation tests. First,
we tested the ability of different output gaps to forecast a variety of inflation groups
and cores, using traditional Phillips curve linear models and machine learning models.
Secondly, following Coibion, Gorodnichenko, and Ulate (2017), we evaluated how output
gaps estimates respond to transitory and permanent economic shocks.

We have discussed methodologies implemented by important national and international
institutions such as Brazilian Central Bank (BCB), International Monetary Fund (IMF),
Brazilian Independent Fiscal Institution (IFI) and the National Institute for Applied Eco-
nomic Research (IPEA). In addition to these techniques, we have also implemented Struc-
tural VAR models, based on Blanchard and Quah (1989), to obtain alternative output gap
measures, since Coibion, Gorodnichenko, and Ulate (2017) and Chen and Gornicka (2020)
concluded that this technique provided output gaps with desirable properties when applied
to USA and UK economies.

Concerning the ability of forecasting inflation, we have tested two types of forecasting
models: Phillips curves estimated by ordinary least squares using Newey-West standard
errors and the Random Forest machine learning algorithm, considering a larger database of
explanatory variables. Besides of different forecasting models, databases and time horizons
(1 and 4 quarters ahead), we additionally tested a variety of inflation groups and cores that
are most related to economic cycle. Generally, the analysis of out-of-sample forecasting
errors suggests that Structural VAR technique used by both Blanchard and Quah methods
provided the best performance.

With respect to output gap responses to economic shocks, we concluded that some
potential output techniques are failing in adequately distinguish between permanent and
transitory shocks. Some of them respond to transitory shocks and others do not respond to
permanent shocks. Fortunately, some techniques could do better. The approaches based
on Structural VAR models, represented here by both Blanchard and Quah techniques,
explicitly distinguish between temporary and permanent shocks in the construction process
of output gap, which can help address some of the limitations of the other methods and
make them more successful in this type of test.

The results suggest that there are limitations in the methods currently used by institu-
tions to estimate output gap and this directly affects assessments of the cyclical impact of
activity on fiscal results, on monetary policy decisions and on future dynamics of inflation.
However, the results also suggests that alternative methodologies can produce satisfactory
results.

Overall, we found that Structural VAR models possess the best properties among all
output gap estimation techniques tested in this study, confirming the findings in Coibion,
Gorodnichenko, and Ulate (2017) and Chen and Goérnicka (2020).

Blanchard and Quah output gaps suggest that Brazilian GDP is significantly below its
longer run potential since 2016 and remained in this situation until the end of estimation
period in the beginning of 2020, when the difference between current GDP and its potential



level was around -3.5%.



2.7 Appendix
Tab. 2.6: Dataset

Name of series Source
BCB output gap Brazilian Central Bank
Brent crude oil price Bloomberg
Commodities Index (IC-Br) Brazilian Central Bank
Diesel price ANP
Double Weighting Core Inflation Brazilian Central Bank
Electricity consumption EPE
Exchange rate Brazilian Central Bank
Exclusion Core Inflation EX-0 Brazilian Central Bank
Exclusion Core Inflation EX-3 Brazilian Central Bank
Expected inflation four quarters ahead IBGE
Gasoline price ANP
GDP IBGE
IFT output gap IFT
IPCA IBGE
IPCA Cyclical Services IBGE
IPCA Market Prices ex-Food IBGE
IPCA Services IBGE
55" Percentile Core Inflation Brazilian Central Bank
IPEA output gap IPEA
Minimum Wage IPEA
Money Supply M1 Brazilian Central Bank

Smoothed Trimmed Mean Core Inflation Brazilian Central Bank
National Oceanic and
Atmospheric Administration
Unemployment rate IBGE and FGV?

Notes: The table reports the dataset used in this paper and their sources.

Temperatures of the Pacific Ocean

2The methodology used by FGV to retropolate the Brazilian unemployment rate can be found in Vaz
and Barreira (2016)
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Chapter 3

Forecasting Brazilian GDP: The
Advantages of Machine Learning
Models

This study aims to explore advances in Machine Learning techniques to perform quarterly
GDP forecasts and evaluate the potential accuracy gain of forecasting GDP by sectors, in
the context of Brazilian economy. The results show that ML methods are systematically
more accurate than benchmarks. We go further and find that forecasting GDP by sectors
significantly improves the final results. The best-performing model is Adaptive LASSO,
it generates forecasting errors at least 30% smaller when compared to analysts median
expectations on Focus and Bloomberg.

Palavras-chave: GDP forecasting, machine learning, LASSO, big data.
JEL Codes: C22, E27.



3.1 Introduction

Traditional forecasting methods are specified admitting a data generating process, and its
predictions have known probability distributions. They usually assume a specific functional
form and stochastic process. The traditional Ordinary Least Squares (OLS) is subject to
several issues such as dimensionality, collinearity and nonlinearity. In contrast, Machine
Learning (ML) techniques can overcome those issues because they were developed to deal
with high dimensionality of data, designed to optimize out-of-sample performance (instead
of in-sample performance) and to handle nonlinear statistical relationships. This arti-
cle aims to explore advances in Machine Learning techniques to perform quarterly GDP
forecasts in the context of Brazilian economy.

One of the advantages of ML methods is to learn complex relationships between target
and input variables rather than extrapolate recent relationships into the future. They also
focus on automating the model choices, avoiding judgment interference of the researcher.
Their modern technique of variable selection allows them to deal efficiently with large
amounts of data and, in some cases, are capable of to relate those explanatory variables
to the target in a nonlinear way. These characteristics suggest that Ml methods can
outperform traditional forecasting methods in terms of accuracy and robustness.

A precise prediction of future economic activity is of great value to business and policy
makers, since it can anticipate periods of economic recession and expansion, a valuable
information for central banks, governments and financial agents decision-making.

One of the objectives of this paper is to compare the predictive power of Machine
Learning techniques to traditional econometric methods, such as Autoregressive and Factor
models, our benchmarks. Further, our second goal is to investigate if forecasting the GDP
by sectors and then weighting them according to their participation in Brazilian economic
activity is more efficient than directly apply the models to predict its aggregated measure,
as usually done in forecasting literature. Finally, the third objective is to compare out-of-
sample forecasts of ML models in real-time with median expectations of market specialists.

To do so, we make use of a database of more than 100 times series and evaluate the
models accuracy according to out-of-sample forecasting exercises conducted in real-time. In
order the evaluate if the differences in accuracy are statistically significant, we implement
Dielbold and Mariano hyphotesys tests (see Diebold and Mariano (1995)).

Overall, the results reaffirms recent findings in economic literature in favor of learning
algorithms. Machine Learning models statistically overcome traditional econometric meth-
ods in terms of Root Mean Squared Error (RMSE). Also, forecasting the GDP by sectors
and then weighting them according to their participation in Brazilian economic activity
provided results even more precises. We conclude that the best performing ML model -
Adaptive LASSO - generates forecasting errors 30% smaller than analysts median expec-
tations on Bloomberg and 35% smaller than the same metric in Focus-Market Readout.
Importantly, the RMSE differences are found to be statistically significant according to
Diebold and Mariano hypothesis test.

Following this introduction, the paper is organized as follows. Section 3.2 describes the
models used in this study. Section 3.3 details the methodology applied in the exercises.



Section 3.4 describes the results obtained. Section 3.5 concludes.



3.2 Models

Benchmarks
Autoregressive model (AR)

Let y; denote the quarterly GDP year over year growth rate at time ¢, the Autoregressive
Model (AR) with lag p is given by:

Y = Bo + Brye—1 + Bayr—2 + ... + BpYt—p + €& (3.1)

where E(e;) =0, V(e;) = 0 and E(etey) = 0 for t # q. The Bayesian information criterion
(BIC) is used to select the lag p and the parameters are estimated by OLS.

Factor model

Our second benchmark model includes variables information about the current state of
the economy. Factor models aim to summarize by a small number of factors the common
components of a large number of variables, reducing the model dimension.

First, the factors are computed using Principal Components Analysis (PCA), such that
Fy = Ax; 4, where A is the rotation matrix, x;; is the dataset of explanatory variables and
F; is the vector of principal components. In this exercise we selected the first three principal
components.

Finally, the common factors F} are used to forecast the quarterly GDP year over year
growth rate (y;), as follows:

Yyt = BF; + € (3.2)

Shrinkage techniques

When the researcher has many parameters of interest and overfitting is a concern, shrinkage
techniques are indicated. A model that perfectly fits the data no matter how wide they are
spread, is said to be overfitted. One of the most frequent cases when this problem occurs is
when features in the model are highly correlated with each other. Usually, it is associated
to large coefficient estimates. In order to avoid overfitting, shrinkage techniques implement
a subsetting by reducing the size of the coefficients. The advantage of shrinkage methods
is that they are more continuous than the discrete process of retaining some predictors
and discarding the rest, and they do not suffer as much from high variability, ultimately
reducing the total error of the model.

Ridge Regression

Proposed by Hoerl and Kennard (1970), Ridge regression models shrinks coefficients by
imposing a penalty on their size. The coefficients minimize a penalized residual sum of
squares, given by:

N P
Bridge — arg/];nin Z(yz — Bo — Z zijBj)? + AZ BJQ' (3-3)
j=1

=1



The hyperparameter A is the penalty term, the higher its value, the more are the
coefficients of less-relevant variables shrunk to nearly zero.

Least Absolute Shrinkage and Selection Operator (LASSO)

LASSO technique, proposed by Tibshirani (1996), also implements a penalty function,
but instead of penalizing the sum of squared coefficients, LASSO penalizes the sum of
their absolute values. Unlike Ridge regression, LASSO shrinks the irrelevant variables to
exactly zero. Therefore, LASSO does a continuous subset selection. The LASSO estimate
is defined by:

N P P

R 1 .

BLASSO _ argml 5} : — By — E 2ijB)2 + A g 1851 (3.4)
i=1 Jj=1 J=1

Elastic Net

Elastic net (Zou and Hastie (2005)) combines the penalties of Ridge Regression and LASSO,
using a convex combination of their loss functions, in the following form:

(alBsl + (1 — @)B3), (3.5)

M@

Jj=1

where a € [0,1].

Adaptive LASSO

The adaptive version of LASSO (Zou (2006)) aims to achieve model selection consistency. It
applies the LASSO penalty function with the inclusion of a weighting parameter, estimated
in a first-step. Its weighted penalty is given by:

p
Jj=1

where w; = | ﬁ*\ L 6* is the ordinary least squares estimate.

Adaptive Elastic Net

This model is the adaptive version of Elastic Net technique, in which the coefficients are
weighted by a parameter estimated by OLS in a first-step.

Ensemble methods
Random Forest

A Random forest algorithm, developed by Breiman (2001), consists of many decision trees
that are trained through bootstrap aggregation (bagging). The idea in bagging is to average
a variety of unstable models estimated for different bootstrap subsamples, reducing their
variance.

Friedman (2017) explains the mechanism of regression trees using an intuitive example.
Suppose a regression problem in which X; and X, are the explanatory variables and Y



is the variable we want to forecast. The first step is to split the space into two regions
at X7 = t1. Then the region X; < ¢; is split at X9 = ¢ and the region X; > t; is split
at X7 = t3. Lastly, the region X7 > t3 is split at Xo = t4. This process results into five
regions (Ry, k =1,...,5), as shown in Figure 3.1. We model the response as a constant cj
in each region:

K
f@) = cxli(z € Ry), (3.7)

k=1

where I(z € Ry) is an indicator function that assumes value 1 if = belongs to region
Ry and 0 otherwise. The same model can be represented by the binary tree in the right
side of Figure 3.1, in which terminal nodes correspond to the regions. All partitions of the
feature space is totally represented by a single tree. The splits are chosen to minimize the
sum of squared errors given by > (y; — f(x;))%. The best choice for ¢ is the average of y;
in region Ry.

Since Random Forest is composed by a variety of trees, each related to a bootstrap
sample of the data. Considering there are B bootstrap samples, for each sample b,b =
1,..., B a tree with Kj regions grows. The Random Forest forecast is the average of the
forecasts of all trees:

1 B Ky
flx) = B Z Crplip(r € Rep)| (3.8)
b=1 Lk=1
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Fig. 3.1: Regression tree example. Source: Friedman (2017)

Complete Subset Regressions (CSR)

Usually, dealing with forecasting models evolves working with dozens or even hundreds of
candidate features. Thus, selecting the best subset of features to predict the variable of
interest by testing all possible combinations be very demanding in computational terms.
Proposed by Elliott, Gargano, and Timmermann (2013), CSR technique estimates, for a



given set of W features, all possible models with w variables. However, CSR can handle a
limited number of variables, since the number of regressions to be estimated grow extremely
fast with W. Hence, a pre-seleting procedure is implemented in order to select variables
with the greatest predictive power.

Considering a database with N variables, the pre-selection procedure is done by fitting
a regression for each explanatory variable and ranking them according to the t-statistic
associated with the their coefficients in absolute values. Then, the W variables more
relevant in the ranking are selected.

Next, all possible models with w < W wvariables are fitted, resulting on (W_Lu:),w,
regressions, which is called a complete subset. Finally, the average of model predictions is

taken as the final forecast.

3.3 Methodology

The models are compared according their ability to forecast the Brazilian GDP year on year
growth rate one quarter beyond the last release. Also, when the forecasts are implemented,
the explanatory variables for the quarter of interest are already known. So, in this exercise
there is no end-of-sample unbalance in the database. Our goal is to generate the best GDP
forecast once all explanatory variables were already released.

It is important to mention that Brazilian GDP is released about two months after the
end of the reference quarter. For example, the GDP for the second quarter of 2021 was
released on the first business day of September. So, when we implement the second quarter
forecast, all the explanatory variables for April, May and June are known. Considering
Brazilian calendar, between two and three weeks before the GDP release.

Also, it is important to notice that Brazilian economic variables are subject to revisions
over time. Since vintages of the time series on each period of time are not available, we
implement a pseudo-real-time exercise, using only the last vintage available for each time
series.

The database starts in first quarter of 2004, since relevant Brazilian economic variables
only start in the 2000s - this is the case of Retail Sales Survey, Confidence Surveys, Central
Bank Brazilian Economic Activity Index, etc.

The database contains a total of 119 explanatory variables, 7 of them are used to
forecast the Farming and livestock sector, 66 to forecast the Industry sector and 50 of the
features explains the Services sector, as shown in Table ?7.

The comparison is done in the out-of-sample window in the period from first quarter
of 2017 to second quarter of 2021, comprehending the recovery from the longest economic
crises the country has ever experienced and also the drawback caused by the health crisis
of COVID-19. Following Medeiros et al. (2021), the forecasts are implement on rolling-
window samples of fixed length. Its main advantage is that it smoothes the effects of
possible structure breaks and outliers in the series.



3.4 Results

We start comparing Machine Learning models performance forecasting the aggregated
GDP to benchmark models. Table 3.1 reports model’s forecasting error relatively to the
forecasting error of the Factor model: %. In bracket we show the p-value
of Diebold and Mariano test, used to verify if the differences of RMSE are statistically
significant (See Diebold and Mariano (1995)). The hypothesis test is the folowwing: Ho:
Factor model and alternative model have the same accuracy. Hi: The model with lowest

RMSE is more accurate than the other.

The results show that six of the seven Machine Learning models achieve lower fore-
casting errors than benchmarks. Adaptive LASSO obtain the best result and, considering

Diebold and Mariano test, its forecast is significantly more accurate than the Factor Model
benchmark.

Tab. 3.1: Forecasting performance of Machine Learning models compared to benchmark
(RMSE ratio) - Agreggated GDP

Model RMSE ratio P-value
AR 3.004 [0.958]
Factor Model 1.000 -

LASSO 0.496 [0.101]
Adaptive LASSO 0.355 [0.095]
Elastic Net 0.709 [0.151]
Adaptive Elastic Net 0.601 [0.117]
Ridge Regression 0.880 [0.240]
Random Forest 1.472 [0.820]
CSR 0.915 [0.258]

Figure 3.2 illustrates the official GDP and the out-of-sample forecasts generated by
Adaptive LASSO and the Factor Model, our benchmark. We can see that Adaptive LASSO
improves the GDP forecasts over the hole sample, but specially during the COVID-19 crises
and its recovery - that is, from the second quarter of 2020 and onwards.
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Fig. 3.2: Best ML model forecasting aggregated GDP (Adaptive LASSO) vs Benchmark
(Factor Model)

Next, we started to investigate if forecasting the GDP by sectors and then weighting
them according to their participation in Brazilian economic activity is more efficient than



directly apply the models to forecast the aggregate GDP.

The GDP on the supply side is defined as the weighted sum of the value added by
Farming and livestock, industry, services, plus taxes, net of subsidies, on products.

GDPt _ w{armGDPtfarm + ’wi"dGDPZ"d + wfervGDPtserv + wiamesGDPttaxes (39)

The weights of GDP components can be obtained in Tables of Resources and Uses (TRU) of
the previous year, published by IBGE. Once generated the GDP forecasts for each sector,
GDP taxes forecast are computed attributing weights to each sector according to taxes
structure of the previous year, also disposable in TRU. Nowadays in Brazil, about 70% of
tax collection comes from industry activity, 28% from services and 2% from farming and
livestock.

Table 3.2 shows, for each model, the RMSE ratio of forecasting the GDP by sectors
and then weighting them - following the procedure described above - relatively to directly
forecasting the aggregated GDP. In eight of ten models analysed, the errors of models for
disaggregated GDP are smaller then models that directly forecasts the aggregated GDP.
In five of them, the difference is statistically significant. In case of Adaptive LASSO, this
modification allowed to improve the final result in 42%.

Tab. 3.2: Forecasting performance of models for disaggregated GDP compared to aggre-
gated GDP (RMSE ratio)

Model RMSE ratio P-value
RW 1.007 [0.675]
AR 0.965 [0.362]
Factor Model 0.811 [0.060]
LASSO 0.949 [0.381]
Adaptive LASSO 0.581 [0.033]
Elastic Net 0.819 [0.154]
Adaptive Elastic Net 0.785 [0.062]
Ridge Regression 0.588 [0.030]
Random Forest 1.063 [0.221]
CSR 0.633 [0.046]

Finally, Table 3.3 exhibits the RMSE ratio of Machine Learning models relatively to
benchmark considering the disaggregated GDP exercise. Once more, Adaptive LASSO
obtained the best performance among all models tested.

The previous exercises reveal an expressive improvement in forecasting performance
using Machine Learning models vis-a-vis the benchmarks, specially the Adaptive LASSO
technique. However, in practice, the important question is: How good are these forecasts
compared to the median market expectation?

In order to answer this question, our next exercise aims to compare the out-of-sample
forecast of the best ML technique - Adaptive LASSO - with two different metrics of me-
dian market expectation. The first one is the Focus-Market Readout, a report released
by Brazilian Central Bank (BCB) that summarizes the statistics calculated over market
expectations for price indices, economic activity, exchange rate and Selic rate, among oth-
ers. The expectations are provided by market analysts and are an relevant input on BCB



Tab. 3.3: Forecasting performance of Machine Learning models compared to benchmark
(RMSE ratio) - Disaggregated GDP

Model RMSE ratio P-value
RW 3.295 [0.960]
AR 3.681 10.968]
Factor Model 1.000 -

LASSO 0.580 [0.093]
Adaptive LASSO 0.255 [0.099]
Elastic Net 0.716 [0.072]
Adaptive Elastic Net 0.581 [0.096]
Ridge Regression 0.639 [0.113]
Random Forest 1.929 [0.905]
CSR 0.714 [0.145]

monetary policy decisions. The second metric is the Bloomberg Economists Estimates,
which summarizes previews of major economic data from economists all over the world.
Each forecast included in those medians uses a different kind of model, but they all have
access to the same information set we do.

We conclude that Adaptive LASSO technique not only shows to be more efficient than
our benchmark models - and more efficient than the other ML techniques analysed - but also
generates an out-of-sample forecast error 30% smaller than analysts median expectations on
Bloomberg and 35% smaller than the same metric in Focus-Market Readout. Furthermore,
these RMSE differences are found to be statistically significant according to Diebold and
Mariano hypothesis test, as shown in Table 3.4.

Tab. 3.4: Forecasting performance of Adaptive LASSO model compared to analysts median
expectations on Focus and Bloomberg (RMSE ratio)

Model RMSE ratio Focus P-value RMSE ratio: Bloomberg P-value
Adaptive LASSO  0.645 [0.022]  0.702 [0.036]

Figures 3.3, 3.4 and 3.5 illustrates the out-of-sample forecasts of Adaptive LASSO for
each sector of Brazilian economy.

Quarter on quarter seasonally adjusted Year on year variation
14.0% 25
120% @ P ]
10.0%
B.0% 1 L
s @ [ ] ®
. 1 o8
4.0% s ; " ’ o .
2.0% ® [ ] ® : ®
0.0% LI ) L $ : L B 0 o L ] ¢ [ Y :
20% ° : H °
5 ®
0% 8 L ° :
6.0% -10
T P TP Sy S T e T Ty Sy Ve, T S Sy ¥ g el oAk i ] o e
o PP TSP G S QCOQ\'I‘&QQOQO&Q\”Q0396@0@\“?@@?@@& ' c@ﬁn&&a&d@&d@o&&@&
BT AR AR AR AR AP AR AR APTAPT R PTPT AR RTPTP A AT A A A A A A A A A A A A A A A
#AdaptiveLASSO @ Actual @ Adaptive LASSO @ Actual

Fig. 3.3: Farming and Livestock sector: Adaptive LASSO Forecasts vs. Actual Real GDP
Growth
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Fig. 3.4: Industry sector: Adaptive LASSO Forecasts vs. Actual Real GDP Growth
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Fig. 3.5: Services sector: Adaptive LASSO Forecasts vs. Actual Real GDP Growth

3.5 Conclusion

This study explores advances in Machine Learning techniques to perform quarterly GDP
forecasts using Brazilian economic data. It also evaluates the potential accuracy gain of
forecasting GDP by sectors instead of directly apply the models to predict its aggregated
measure, as usually done in forecasting literature.

In order to evaluate the predictive power of each model, out-of-sample forecasting
exercises are conducted. The models are compared according their ability to forecast the
Brazilian GDP year on year growth rate one quarter beyond the last release. Importantly,
exercises conducted are real time estimates, since there is no end-of-sample unbalance in
the database. The goal is to generate the best GDP forecast once all explanatory variables
were already released.

The results show that ML methods are systematically more accurate than benchmarks.
Also, forecasting the GDP by sectors and then weighting them according to their partici-
pation in Brazilian economic activity, generates GDP forecasts statistically more accurate
than when the models are directly applied to forecast the aggregated GDP.

However, how good are these models when compared to median market expectations?
We compared the out-of-sample forecasts of the best performing ML model - Adaptive
LASSO - to two different metrics of median market expectation: Focus-Market Readout,
a BCB report summarizing the statistics calculated over market expectations, and the
Bloomberg Economists Estimates, that give a rundown of previews of major economic
data from specialists all over the world.



We conclude that Adaptive LASSO generates forecasting errors 30% smaller than ana-
lysts median expectations on Bloomberg and 35% smaller than the same metric in Focus-
Market Readout. Furthermore, these RMSE differences are found to be statistically sig-
nificant according to Diebold and Mariano hypothesis test.

The good performance of Machine Learning techniques, specially models from the
LASSO family, seems to rely on its usage of big data, selecting variables that better an-
ticipate GDP movements. The ability of Machine Learning models to identify the most
important drivers of GDP and select the key variables to explain these movements withing
a large amount of available information is a valuable characteristic.

The results obtained are encouraging and reaffirms the importance of Machine Learning
techniques being part of macroeconomic forecasting toolkit.

3.6 Appendix



Name of series Source
Retail Sales ex. Vehicles and Construction IBGE
Retail Sales: Fuel IBGE
Retail Sales: Supermarket IBGE
Retail Sales: Clothing IBGE
Retail Sales: Furniture and Appliances IBGE
Retail Sales: Pharmaceutical items IBGE
Retail Sales: Books, newspapers and magazines IBGE
Retail Sales: Office equipment IBGE
Retail Sales: Other articles for personal and domestic use IBGE
Retail Sales: Vehicles and motorcycles IBGE
Retail Sales: Construction Material IBGE
Total Retail Sales IBGE
Retail Activity Indicator: Supermarket Serasa
Retail Activity Indicator: Furniture and Appliances Serasa
Retail Activity Indicator: Fuel Serasa
Retail Activity Indicator: Vehicles and motorcycles Serasa
Retail Activity Indicator: Clothing Serasa
Retail Activity Indicator: Construction Material Serasa
Retail Activity Indicator Serasa
Brazilian Economy Uncertainty Index (IIE-Br) FGV
Swap DI spread (60 - 30 days) BMFBOVESPA
Swap DI spread (90 - 60 days) BMFBOVESPA
Swap DI spread (180 - 90 days) BMFBOVESPA
Swap DI spread (360 - 180 days) BMFBOVESPA
Swap DI spread (360 - 30 days) BMFBOVESPA
Swap DI spread (90 - 30 days) BMFBOVESPA
Swap DI spread (360 - 90 days) BMFBOVESPA
Swap DI spread (180 - 30 days) BMFBOVESPA
Inquiries to the Central Credit Protection Service ACSP
Checkbooks ACSP
Business Confidence FGV
Economic Activitity Indicator: Retail Sales FGV
Economic Activitity Indicator: Transport FGV
Economic Activitity Indicator: Information services FGV
Economic Activitity Indicator: Financial Intermediation FGV
Economic Activitity Indicator: Rent FGV
Economic Activitity Indicator: Other Services FGV
Economic Activitity Indicator: Public administration services FGV
Economic Activitity Indicator: Services FGV
Flow of vehicles on toll roads ABCR
Flow of vehicles on toll roads: Light ABCR
Flow of vehicles on toll roads: Heavy ABCR
Vehicle registration Fenabrave
Vehicle registration: Cars Fenabrave
Vehicle registration: Light commercials Fenabrave
Vehicle registration: Trucks Fenabrave
Vehicle registration: Bus Fenabrave

Federal Tax Collection
Business days

Manufacturing Activity: Food products
Manufacturing Activity: Beverage
Manufacturing Activity: Tobacco products
Manufacturing Activity: Textile products
Manufacturing Activity: Clothing and accessories

Manufacturing Activity: Manufacture of leather goods and footwear

Manufacturing Activity: Wooden products
Manufacturing Activity: Pulp, paper and paper products

Manufacturing Activity: Coke, petroleum products and biofuels
Manufacturing Activity: Cleaning products and personal care products

Manufacturing Activity: Other chemicals

Manufacturing Activity: Pharmochemicals and pharmaceuticals

Manufacturing Activity: Rubber and plastic products
Manufacturing Activity: Non-metallic mineral
Manufacturing Activity: Metallurgy

Internal Revenue Service

IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE
IBGE




Name of series Source
Manufacturing Activity: Metal products, except machinery and equipment IBGE
Manufacturing Activity: Computer equipment, electronic and optical products IBGE
Manufacturing Activity: Machines, appliances and electrical materials IBGE
Manufacturing Activity: Machinery and equipment IBGE
Manufacturing Activity: Motor vehicles IBGE
Manufacturing Activity: Other transport equipment IBGE
Manufacturing Activity: Furniture IBGE
Manufacturing Activity: Various products IBGE
Typical building construction inputs IBGE
Manufacturing industry IBGE
Mining industry IBGE
Industry Confidence FGV
Industry Capacity Utilization FGV
Energy consumption EPE
Economic Activitity Indicator: Mining FGV
Economic Activitity Indicator: Manufacturing FGV
Economic Activitity Indicator: Electricity FGV
Economic Activitity Indicator: Construction FGV
Economic Activitity Indicator: Industry FGV
Raw steel IBS
Laminate steel IBS
Oil production ANP
LGN production ANP
Natural gas production ANP
Motorcycle production ABRACICLO
Vehicle production Anfavea
Car production Anfavea
Light commercials production Anfavea
Bus production Anfavea
Truck production Anfavea
CDS 5 years Bloomberg
Ibovespa BMFBOVESPA
Real exchange rates BCB
Exports of capital goods MDIC
Exports of intermediate goods MDIC
Exports of durable consumer goods MDIC
Exports of non-durable consumer goods MDIC
Exports of fuel MDIC
Terms of Trade MDIC
Building Construction Indicator IPEA
Economic Activity Index (IBC-Br) BCB
Economic Activitity Indicator: Farming and livestock FGV
Comidity Index: Agriculture BCB
Quarterly Survey of Animal Slaughter - Cattle IBGE
Quarterly Animal Slaughter Survey - Pigs IBGE
Quarterly Animal Slaughter Survey - Chicken IBGE
Quarterly Milk Survey IBGE
Chicken Egg Production IBGE

Oceanic Nino Index

Climate Prediction Center
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