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Resumo

A análise de ciclos de negócios tem se deparado nos anos recentes com o desafio de base de dados
em alta-dimensão e com frequências mistas em termos do inicio das séries temporais disponíveis. O presente
estudo trata essas questões para o caso do ciclo agropecuário brasileiro, propondo um teste entrópico de
informação relativa para ambiente de hiper-dimensão e uma versão de frequência mista para o modelo
dinâmico fatorial generalizado apresentado por Forni et al. [2000]. Os resultados mostram um conjunto
maior de séries temporais selecionadas no período corrente em relação às demais defasagens, concentradas
nas categorias relacionadas ao crédito agropecuário e à produção agropecuária. O ciclo agropecuário brasileiro
estimado evidencia a alta comunalidade da categoria climáticas, pró-cíclicas e antecedentes, e de crédito, com
efeitos tanto pró-cíclicos quanto contra cíclicos, defasados e antecedentes.
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Abstract

Business cycle analysis has in recent years been faced with the challenge of a high-dimensional
database with mixed frequencies in terms available time series starting points. The present study addresses
these issues in the case of the Brazilian agricultural cycle, proposing an hyper-dimension environment entropic
test of relative information, and proposes a mixed-frequency version for the generalized factorial dynamic
model presented by Forni et al. [2000]. The results show a larger set of time series selected in the current
period in relation to the other lags, concentrated in the categories related to agricultural credit and agri-
cultural production. The Brazilian agricultural cycle has evidenced the high commonality of the categories:
climatic, pro-cyclical and leading, and credit with both pro-cyclical and counter-cyclical, lagged and leading
effects.
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1 Introduction

The classical business cycle considers the fluctuations of the level of economic activity, see Harding
and Pagan [2002], while the deviation cycle considers the fluctuations around some trend. A third
approach to business cycle representation is the so-called growth-rate cycle. The calculation of
growth rates can, however, also be interpreted as a detrending device, see for a discussion Harding
and Pagan [2006]. The recession in the classical cycle is characterized by an absolute decline in
the level of economic activity, i.e. negative growth rates. The recession in the deviation cycle is
characterized by economic growth rates below potential growth. The classic recession phases are
therefore always a subsample of the recession phases of deviation cycles. Deviation cycles have
gained popularity as periods of negative growth rates have been rare in industrialized countries since
World War II. Thus, deviation cycles were more naturally related to fluctuations in employment and
unemployment. Moreover, the concept of a deviation cycle as the gap between actual and potential
output has gained political relevance through a stronger focus on Taylor-rule driven monetary policy
and cyclically adjusted government balances.

Over the years, studies of economic business cycles have become the basis of theoretical instru-
ments for empirical models; This happened slowly, with the emergence of theoretical advances and
new estimation methodologies in different periods. There has been important advance in the liter-
ature on the subject since the presentation of the theoretical basis for the cycles by Kydland and
Prescott in the work "Time to build and aggregate fluctuations" (Kydland and Prescott [1982]). Two
main views were counterbalanced, one related to market failures and another to failures in the infor-
mation mechanism. In the first case, the hypothesis is that the cycles are the result of market failures,
and that when the economy is in recession times, the economic agents would not reach equilibrium –
see Summer [1986]. The other line argues that the cycles are the result of a dynamic equilibrium; it is
argued that economic agents have complete information on economic shocks (Kydland and Prescott
[1990]) and incomplete information on real wages (Lucas Jr [1972]; Lucas [1973]). In this framework,
the recession would occur when workers underestimate the value of real wages and the cycles would
be the result of a failure in the information mechanism.

Applied studies on business cycles have emerged more intensely since the 1990s, and the new
methodology proposed by Hamilton [1989] became widely used. In his paper, Hamilton [1989] con-
siders that the American GDP series does not follow a linear process, that is, that it is subject to
discrete changes in its data generating process that follow non-observed Markov Switching chain. At
the same time, the econometrics of business cycles began to be studied with the factorial dynamic
models that seek to capture the co-movement of a set of variables, see Stock and Watson [2011].
The econometric advances were incorporating new topics to the proposed models, and the Markov
Switching was included in DFM by Chauvet [1998], Kim and Nelson [1998] and Kim and Yoo [1995].
As databases became increasingly large, econometric methods had to be adapted to this new real-
ity. An unexplored situation was the context of high-dimensional time series, in which the number
of variables may exceed the number of observations. In the econometric field of study of business
cycles, this adaptation to the high dimension data in applied context occurred recently with the
generalized factorial dynamic models, although the model was presented by Forni et al. [2000]. In
young economies, the number of time series available for study of the economy has only recently
been consolidated (at least 30 years or less). This creates a new challenge, related to the fact that
the data series begin to have information available at different points in time. Econometric models
have also recently adjusted to this challenge in the field of economic business cycles, with the study
of Bańbura and Modugno [2014].

The Brazilian agricultural business cycle (growth) currently faces these challenges, high-dimensional
database and series with mixed-frequencies starting point. The present study proposes an alternative
solution to these questions, with special focus on the relation between climate and agriculture. Given
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the high-dimensional characteristics of the database, the study goes through the process of selection
of variables that considers not only the contemporary effects but the cyclical characteristic to be
estimated. The issues addressed in this study make it a pioneer in literature.

Until the early years of the twentieth century, scientists who analyzed the growth of nations
understood that the climate was among its main determinants; but from the middle of this century
the climate would have disappeared from the literature of economic development, giving rise to
analyzes of investments, trade policies and education (Nordhaus [1993]). According to Nordhaus
(1993), in the years before and close to 1993, the climate reemerged in the literature on international
environmental issues due to growing concern about climate change and global warming. Gradually,
climate has returned to appear in the literature with an economic focus. Nordhaus (1993) points
out that climate change vulnerability should be greater for those sectors that depend on naturally
occurring rainfall and temperatures. Therefore, agriculture is likely the most vulnerable sector to
climate variability and change (Nordhaus [1993]; Mendelsohn et al. [1996]; Mendelsohn et al. [1996];
Rosenzweig et al. [2014]). Many uncertainty factors affect agricultural production and climate and
weather are among those factors, having major impacts on agricultural productivity (Gornall et al.
[2010]; Anwar et al. [2013]).

For several reasons, Brazil is an important case study to assess the subject. The country has
significant participation in the world commodity market – the gross value of Brazil’s agricultural
products is the fourth-largest in the world and the country is a major exporter of several food products
(Food and Agriculture Organization of the United Nations Statistic Division (FAOstat), 2014). In
addition, the negative effects of climate on agriculture have more severe negative consequences in
countries whose economy is most heavily tied to this sector (Belloumi, 2014); and agribusiness has a
major impact on Brazil’s Gross Domestic Product (GDP), its trade balance, its employment level, and
its level of technological innovation and adaptation. Namely, in 2017, agribusiness was responsible
for about 20% of the county’s GDP and employment (Center for Advanced Studies on Applied
Economics - Cepea, 2016) and 45% of the total exports revenue in 2014 (Ministry of Agriculture,
Livestock, and Food Supply - MAPA, 2014).

Besides, the vulnerability of agriculture to climate is accentuated in countries with a predomi-
nantly poorer population due to the limited adaptability of producers, with restrictions on access to
technologies and resources to adapt to or mitigate the impacts caused by climate variables (Morton
[2007]; Millner and Dietz [2015]). Brazil has an extremely heterogeneous agriculture, so that negative
effects of climate on the sector contribute to increase inequality between poor and capitalized farm-
ers. The relationship between climate and agricultural supply is also important in terms of its effect
on the level of consumer prices and, therefore, on the purchasing power of the population, especially
lower income. Focusing on climate change, Wheeler and Von Braun [2013] highlight that food secu-
rity is strongly affected by staple food prices for the poor, and depending on the world food equation
level, small supply shocks can have large impacts on prices. Data from the Consumer Expenditure
Survey (POF) - IBGE (2008) show that, in 2008, food accounted for 19.8% of family consumption
expenditures in Brazil, reaching 30% for the poorest families. Finally, agricultural production can be
more sensitive to climate in low latitude areas, as most of Brazilian territory (Gornall et al. [2010];
Rosenzweig et al. [2014]).

Several questions will be answered at each stage of the study. In Section 2.1 we present the
chronology of Brazilian agriculture events; in section 3, focused on the methodology, we present the
procedures of selection of variables and estimation of the cycle in the high-dimensional and mixed
frequency context. In Section 4 we describe in detail the treatments applied to the high-dimensional
database. The results are presented in Section 5, in which we present, sequentially, the results of
the test of hyper-dimensional entropic relative information test, of the estimation of the Brazilian
agricultural cycle and of the dissection of this cycle by category level. Finally, we concluded in section
6.
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2 Brazilian agriculture chronology

The Brazilian agricultural GDP had a consistent growth trend between 1979 and 2017, growing
281 % in the whole period. Of the 38 years analyzed, in 31 the agricultural GDP expanded Estatística
[2018a]. The most intense growth occurred in the 1990s, and continued in the 2000s. In the 1980s,
the sector’s GDP grew relatively little from 1985 to 1990, although it grew rapidly in the first half
of the decade (Table 1).

Year 5-years 10-years
1985 20,6%
1990 5,6% 27,4%
1995 22,6%
2000 17,4% 44,0%
2005 26,9%
2010 17,4% 49,0%
2015 17,8%

Table 1: Agriculture GDP growth.

The conditions for the expansion of modern agriculture in Brazil arose in the 1960s, with the
institution of the Rural Credit System and policies of subsidized credit, rural extension and agricul-
tural research by public institutions Buainain et al. [2013]. This modernization process was based on
the conception of the Green Revolution between the 1960s and 1970s, characterized by crop genetic
improvement and the intensive use of fertilizers and agrochemicals.Garcia [2014].

Beginning in 1965, the Brazilian agriculture underwent advanced technification and industrial-
ization, with the mechanization of the sector and the internalization of the sectors producing inputs
and machinery and equipment, so that their use was no longer limited to import capacity (Kageyama
et al. [1987] and Staduto et al. [2004]). During this period, the foundation of institutions that played
an important role in the mentioned processes took place: the Brazilian Agricultural Research Cor-
poration (Embrapa) in 1973 and the Brazilian Entity for Technical Assistance and Rural Extension
(Embrater) in 1974.

From the 1980s, the modernization of agriculture spread throughout the territory and traditional
productive systems began to be replaced by new practices and organizational forms; a process that
resulted in productivity increases for the country’s agriculture Garcia [2014]. But at the same time,
from 1987, macroeconomic and sectoral policies started to reduce the incentive to agriculture in the
face of the government fiscal crisis Bacha [2004]. The contractionary policies led to the reduction of
subsidies, affected the rural credit policy (with reduction of volume and increase of interest rates)
and the Minimum Price Guarantee Policy (PGPM), and also implied in a reduction of public services
of rural extension and of agricultural research Bacha [2004]. In general, between 1987 and 1989, the
federal government’s applications for agriculture fell by 46 % Barros et al. [2002].

The 1980s was also characterized by a significant reduction in real agricultural prices, following
the international trend, and reversing the scenario of high prices of the 1970s Barros [2014]. The
continuity of agricultural growth in the 1980s, even in the face of this scenario, is explained by the
increase in productivity Barros [2014]. In addition, in the first half of the 1990s, the set of reforms
related to the Washington Consensus, aimed at economic liberalization, led to trade liberalization and
the agricultural sector started to face international competition and the high subsidies of developed
countries Garcia [2014], Barros [2014].

The Brazil’s Real Plan was also a milestone for agriculture and livestock, since with inflation
control the sector was able to plan and not restrict itself to the differences between the evolution of
its financial commitments (inflation-adjusted) and the evolution of agricultural prices Gasques et al.
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[2004]. The negotiation of agricultural debt in 1995 also impacted on a more favorable scenario for
the sector from that period Gasques et al. [2004]. However, despite the economic stability and record
harvests, the appreciation of the exchange rate promoted by the Real Plan, and maintained until
1998, implied a loss of competitiveness of the national export sector with negative impacts on the
agricultural area Bacha [2004], Garcia [2014].

Also in the 1990s, the mechanization of agriculture and livestock was generalized to traditional
and important crops in Brazil, such as coffee, sugar cane and cotton; before that, the focus of
mechanization was mainly on the production of grains, since the same technologies developed for the
developed countries were implanted in Brazilian agriculture Staduto et al. [2004]. From the end of
the 1990s onwards, agricultural development changed radically, and the significant results obtained
by the agricultural sector resulted from the improvement of an environment of innovations, with the
diffusion of knowledge and technical apparatus and the continuous search for productivity Buainain
et al. [2013]. Also in the 1990s, another important milestone that positively influenced the process of
technological modernization in the sector was the adoption of the Kandir Law in 1996 Garcia [2014].

Since the 2000s, the favorable situation in the international commodity market, coupled with
new stimuli of agricultural policy and the maturity achieved by some agricultural chains that were
restructured in the 1990s, boosted agriculture and livestock Garcia [2014]. In more recent years, there
has been the widening and deepening of the innovation process, characterized by the introduction of
harvesting and post-harvest technologies, genetically modified seeds, precision agriculture, increased
confinement / semi-confinement practices, genetic improvement animals, among others Garcia [2014].

Summarizing, data from Gasques et al. [2014] show that the growth of the Brazilian agricultural
product accelerated between 1990 and 2012, with the average annual growth rate going from 3.38%
in the period from 1980 to 1989 to 4.71% between 2000 and 2012. These data also show that this
result was mainly due to the expansion of the sector Total Factor Productivity (TFP), whose growth
rate also grew at increasing rates during the period: 2.17 % in 1980 to 1989, 3.13 % in 1990 to 1999
and 4.06 % in 2000 to 2012.

About specific annual shocks it can be said that greater deviations from the growth trend of
agricultural GDP are usually explained by climatic events or health issues Barros and Castro [2017].
From the perspective of the negative shocks of the 38 years between 1979 and 2017, agricultural GDP
fell only in 1982 e 1983, 1986, 1990, 2009, 2012 and 2016. On the other hand, intense crop growth,
with annual rates exceeding 8% occurred in 1980, 1985, 1987, 2002 and 2003, 2013 and 2017 (results
also explained by a small harvest in previous years for the relevant growths of 1987, 2013 and 2017).

Data from Estatística [2006] show that the period 1981-1983 was characterized by crop loses
for products such as cassava, maize, soybean, rice, cashew, coffee, potato and beans. In 1990, the
reduction of agricultural production mainly responded to the grain dynamics. From the regional
perspective, wheat production in the South decreased 44 %; for soybeans, reductions were around 30
% in the Southeast and Midwest and almost 5 % in the South (the main producer at the time); in
the case of corn, the crop loss was 30 % in the Southeast region (second largest producer) Estatística
[2018b]. Marquetti et al. [1991] point out that this reduction was due to climatic problems in the
summer crops.

The drop in agricultural GDP in 2009 resulted mainly from the reduction in production of grain
and coffee crops Estatística [2018b]. For the grains, the most intense losses were verified in the South
of the Country, due to climatic problems with prolonged drought in critical period. In the case of
coffee production, 2009 is a year of decline in the biennial crop cycle, which occurs in practically all
producing states.

In 2012, the strong loss in Brazilian soybean production occurred due to the long drought in South
America during periods of grain development, a fact related to the occurrence of La Ninã (Cepea/Soja
[2013]). The Research Center also points out that the occurrence of heavy rains and hail damages
the rice and wheat harvests in Rio Grande do Sul in the same year (Cepea/Arroz [2012]). In 2016,
agricultural GDP had the biggest drop in 20 years. According to information from the Brazilian
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Agriculture and Livestock Confederation (CNA), this fall was related to the climatic problems that
affected several regions and crops in Brazil, with negative effects of the prolonged drought at the
beginning of the year in Mato Grosso do Sul, Mato Grosso, Goiás and in the Matopiba region, as well
as excessive rains in the Rio Grande do Sul State. Excessive heat in Minas Gerais and São Paulo
also undermined the orange crops, according to information from the Fund for Citrus Protection
(Fundecitrus).

In relation to the most expressive crop growth observed in the period, in 1980, important pro-
duction increases for sugarcane, oranges, and grains influenced the results. A similar scenario was
repeated in 1985 and 1987, but with increases in coffee production as well Estatística [2018b]. In
2002, sugarcane, orange and soybeans stood out in the boost to agricultural production, and in 2003,
soybeans, corn, wheat and sugarcane presented important expansions.

In 2013, increases in area and productivity, especially for soybeans and the winter corn crops,
were responsible for the increase in production in the year, according to Conab [2013]. In that year,
according to the Company, although climatic conditions were not favorable, they did not affect the
productivity of these crops. By 2017, the area planted with grains was the largest in history, which,
coupled with favorable climatic conditions for most crops and producing regions, has led to a record
level of production of tons of grains Conab [2017]. The chronology of this section will be used to
evaluate the quality of the dating process and the agriculture cycles estimated by different models.
In this way it will serve as a qualitative reference for the obtained empirical results.

3 Methodology

3.1 Hyper-Dimensional entropic relative information test procedure

This section we propose relative information measures for mixed-frequency data, connected to
Kullback-Leibler numbers, this measure was use in a formal statistical test. By ordering the series
of the data set according to these measures, we are able to obtain a subset of the data set that is
most informative to model a variable of interest. The method can be used as a first step in the
construction of a dynamic factor model. The objective is confine attention to a subset of the series
instead of having to monitor all series in a data set. The question seems especially relevant for factor
models, which exploit the idea that movements in a large number of series are driven by a limited
number of common ‘factors’. For a recent overview see Bai et al. [2008]. Although convergence of
factor estimates requires large cross-sections and large time dimensions, see e.g. Forni and Lippi
[2001] and Bai [2003], the data set need however not be very large to obtain reasonably precise factor
estimates. Bai and Ng [2002] also conclude that the number of series need not be very large to get
precise factor estimates.

Oversampling refers to the situation in which the data are more informative about some factors
than the other ones. Including more variables in an oversampled data set could result in more
precise factor estimates, which do however not improve the forecasting performance for the target
variables that depend on the less dominant factors. Building upon ?, this paper exploits concepts
from information theory, in particular Kullback-Leibler numbers, to analyse information in the data.
We propose a relative information measures based on gaussian distributed data with a clear link to
Kullback-Leibler numbers for mixed-frequency data. We follow the same idea of Jacobs and Otter
[2008], they apply similar information concepts to derive a formal test for the number of common
factors and the lag order in a dynamic factor model, however in mixed-frequency context. Ordering
the series of the data set according to these measures enables us to identify a subset of the data set
that is most informative to modelling a variable of interest. The method can be used as a first step
in the construction of a dynamic factor model.
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3.1.1 Defining hyper-dimension.

The definition of hyper-dimension and high-dimension is not consensual in time series econo-
metrics. The simple rule that N > T was adopted by Belloni and Chernozhukov [2011] and Stock
and Watson [2014]. However, the databases treated by these authors in the applications had the N

T

ratio a little above 1. Other authors like Bai et al. [2008] denominate N > T as being large panel
data, while other authors like Song and Bickel [2011] name it as a rich data environment. In the
computational field of Big Data the definition of hyper-dimension deals with data with millions (or
even billions) of record, according to Mohapatra and Majhi [2015]. Thus, for our study we will define
hyper-dimension for time series analysis as being:

Y Hyper−dimensional
i,t , if dHyD =

N

T
≥ 5

with

i = 1, ..., N ; t = 1, ..., T

Our case, we’ll work with dHyD = 2571
152

> 16 or dHyD = 2571
95

> 27.

3.2 Entropy relative information

First, defining f1(x̃) : x̃ ∼ NN(0,Γ),withΓ = CΛC
′ be the density function of an N-dimensional

data vector x1, so f1(x) : x ∼ NN(0,Λ), let’s also define f2(x̃) : x̃ ∼ NN(0, I), then f2(x) : x ∼
NN(0, I), in all cases x = C

′
x̃. The so-called Kullback-Leibler numbers are defined as:

G1 = Ef1

(
log

(
f1(x)

f2(x)

))
and G2 = Ef2

(
log

(
f2(x)

f1(x)

))
(1)

with G = G1 + G2 is the measure of information for discriminating between the two density
functions with G = 0 when f1(x) = f2(x) and G = ∞ when we have perfect discrimination, as
we can see in Golan and Maasoumi [2008], Young and Calvert [1974] and Burnham and Anderson
[2002]. Note that, tr(Λ) = tr(Γ) = N , in this case we have G1 = − log det(Λ) and G2 = log det(Λ) +
1
2
(tr(Λ−1)−N), so

2G2 = 2 log det(Λ) + +(tr(Λ−1)−N)

2G1 = −2 log det(Λ)

Then

2G = tr(Λ−1) +N = tr(Λ−1) + tr(Λ) =
N∑
j=1

(1− λ2j)
λj

(2)

Therefore, G is small (not discriminating) if the eigenvalues λj are close to 1, but becomes large
(discriminating) for “small” eigenvalues. When we considered Gaussian case, alternative measures
of entropy and information can be used, for this propose, we define xt as N-dimensional vector of
observed data at time t = 1, ..., T 2 normalized, and normally distributed with mean zero and variance,

1The index of time was suppressed without loss of generality.
2Nothing was said about data with mixed frequencies, however we will present the general case, and then its

adjustment for this particular case.

7



so x ∼ N(0,Γ) with E(xtx
′
t) = Γ, tr(Γ) = N .The entropy as measure of disorder for a stationary,

normally distributed vector can be defined as Golan and Maasoumi [2008]:

2Ex = cN + log det(Γ)

with c = log(2π) + 1 ≈ 2.84, where 2Ex,max = cN when Γ = IN as we ca see in Golan and
Maasoumi [2008] and ? Therefore, the information or negentropy is defined as

2Infx = 2(Ex,max − Ex) = − log det(Γ) ≥ 0 (3)

If Γ = IN then we have zero value. Considering all the details, we can then define relative
information (RI) as

RI(N,t) =
2Ex,max − Ex(N)

2Ex,max

=
2Infx

2Ex,max

=
2Infx
cN

(4)

Note that if Ex(N) = Ex,max then RIN = 0, as well as Ex(N) = 0⇒ RIN = 1.

3.3 Entropic relative information measure in factor model context

We will present the link between IRN and factor models (static or dynamic) context, therefore
consider xit = (x1t, ..., xnt)

′
;n ∈ N, t ∈ T stationary N-dimensional vector process with zero mean be

driven by k factors, as

xit = χit + ξit =
N∑
j=1

bij(L)ujt + ξit = BNFt + εt (5)

xit ∈ RN , Ft ∼ Nk(0, Ik), εt ∼ Nk(0,Ψ11)

where χit is the common component, ξit is the idiosyncratic component, b − ij(L) = BN =
Bn

0 +Bn
1L+ ...+Bn

sL
s, represents the (dynamic) loadings of order s, uij; j = 1, ..., q; t = 1, ..., T are

common shocks mutually orthogonal white noise processes with unit variance. The variance between
the first N elements of xit is equal to Γ(N) = BNB

′
N + Ψ11 as we can see Bai et al. [2008].

When we add a variable xN+1,t, we have

(
xit

xN+1,t

)
=

(
BN

bN+1

)
Ft +

(
εt

εN+1,t

)
(6)

with covariance

Γ(N + 1) =

(
Γ(N) Γ12

Γ21 Γ1

)
where Γ12 = BNb

′
N+1+Ψ12 and Ψ12 = E(εtεN+1,t), as xit is normalized we have bN+1b

′
N+1+σ2

N+1 =
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1, with σ2
N+1 = E(ε2N+1,t). Using the rule of determinants for partitioned matrices we get

det(Γ(N + 1)) = det(Γ(N))(1− aN+1)

where aN+1 = (bN+1B
′
N + Ψ12)Γ(N)−1(BNb

′
N+1 + Ψ12) and 0 ≤ (1 − aN+1) ≤ 1. as we have the

results

RI(N,t) =
−logdet(Γ(N))

cN

RI(N+1,t) =
−logdet(Γ(N + 1))

c(N + 1)
=
−logdet(Γ(N) + (1− aN+1))

c(N + 1)

In this way, we have the relation between RI(N+1,t) and RI(N,t) as

RI(N+1,t) = RI(N,t) −
1

N + 1

(
log(1− aN+1)

c
+RI(N,t)

)
(7)

Therefore, there is only addition of relative information if RIN+1,t > RI(N,t), or in the condition
−log(1 − aN+1) > cRI(N,t) ⇒E(xN+1,tx

′
N,t) = (bN+1B

′
N + Ψ12 6= 0) this is the condition that will

be used to apply a formal statistical test. From Equation 7 we have RI(N+1,t) = RI(N,t) if aN+1 =
1− exp (−cRI(N,t)), Whenever RI(N,t) is close to zero, RI(N+1,t) increases for relative small values of
aN+1 whereas if RI(N,t) is close to one, aN+1 should be close to one to allow xN+1,t to add relative
information. We can simplify the Equation 7 considering Γ(N) = CΛC

′ and the linear transformation
x̃t = U

′
Λ− 1

2C
′
xt and x̃N+1,t = υ−1xN+1,t, being U orthogonal and υ2 = 1 obtained by the singular

value decomposition with Λ− 1
2C
′
Γ = UΣυ where Σ = (φ, 0, ..., 0)

′ , from where do we also have
Γ12 = 0⇒ Σ = 0. Therefore, we have(

x̃N,t
x̃(N+1,t)

)
= NN

((
0

0

)
, Γ̃(N + 1)

)
where

Γ̃(N + 1) =

(
I(N) Σ

Σ 1

)
with det(Γ̃(N + 1)) = det(IN)(1 − φ2

1) ⇒ RI(N+1,t) =
− log(1−φ21)
c(N+1)

, where φ1 ∈ [0, 1] is a coefficient
of canonical correlation. Because RI(N,t) = 0 by hypothesis is zero in Equation 7, so that there is
gain of relative information, we have R̃I(N+1,t) =

−log(1−φ21)
c(N+1)

.

3.4 Hyper-Dimensional entropic relative information test procedure

3.4.1 Formal entropic relative information test

The first step is replace Γ̃(N + 1) by a consistent estimate ˆ̃Γ(N + 1) and applying the same
procedure yields ˆ̃RI(N+1,t) =

− log(1−φ̂21)
2

under H0 : φ1 = 0, to this hypothesis we use Bartlett test
statistic

t(,N) = −
[
T − 1

2
(N + 2) log(1− φ̂2

1)

]
=

[
T − 1

2
(N + 2)

]
2

˜̂
RIN+1,t (8)

t(,N), where α, is the significante level, follows asymptotically a χ2 distribution with N degrees
of freedom, see e.g. Muirhead [1982]. Testing the hypothesis H0 : φ1 = 0 is similar to test whether
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the transformed vector (x̃
′

(N,t)x̃(N+1,t))
′ has maximum entropy. If the null hypothesis is rejected, the

estimated relative information of the transformed variables equals

ˆ̃RI(N+1,t) =
− log(1− φ̂2

1)

c(N + 1)

3.4.2 Hyper-dimensional entropic relative information test procedure

The series are transformed by taking logarithms and/or differencing when necessary to assure
approximate stationarity, the series should be adjusted for outliers by replacing the observations of
the transformed variables using some robust method. With previous treatments, the test procedure
follows the following steps:

1. We estimated the canonical correlation coefficient φ̂∗
1 in the context of mixed-frequency;

2. The relative information measure is calculated: ˆ̃RI∗(N+1,t) =
− log(1−φ̂∗21 )

c(N+1)
;

3. We order the data set according to the relative information measures with respect to target
variable using the following procedure:

• the initial variable of the ordered data set is the target variable;

• the variable that maximizes the respective relative information from the remaining data
is added to the ordered data set, and so on.

4. We test if ˆ̃RI∗(N+1,t) is statistically different from zero with t∗(,N) =
[
T ∗ − 1

2
(N + 2)

]
2

˜̂
RI∗N+1,t ∼

χ2
N . The null hypothesis is that an additional variable is not correlated with the variables

already included in the set;

5. We can investigate the existence of relevant relative information in other lags (or leads), for
which it is calculated ˆ̃RI∗(N+1,t−k) and and apply the same steps.

We call attention to the fact that we estimate φ̂∗
1 using frequency-mixed approach but in the

calculation of the test statistic we consider the different time sample sizes of each series. Although
this small difference did not alter the overall results, for a small set of series that are on the threshold
between having statistically nonzero relative information, the T version instead of T ∗ eventually
ended up with a larger number of series. For a descriptive model, the selection of variables can use
series present in different lags (considering only once present in several lags.), in order to increase the
descriptive capacity of the factorial model to be estimated. Alternatively we can implement some
backdating method for the mixed-frequency time series as Bańbura and Modugno [2014] presents
and apply the test procedureIn this thesis the two forms were tested, as the divergence of selected
series was small, we opted for first backdating the series (with the data already normalized) and later
applying the relative information test..

3.5 Generalised dynamic factor models

Recently serious progress has been made in the theory of factor models through the Generalised
Dynamic Factor Model (GDFM) of Forni, Hallin, Lippi and Reichlin, hence-forth FHLR (Forni
et al. [2000]; Forni and Lippi [2001]; Forni et al. [2001, 2004, 2005]). The model differs from the
classic factor model in that it allows the idiosyncratic errors to be weakly serial and cross-sectional
correlated to some extent apart from being a non-parametric approach. It thereby combines the
so-called “approximate static factor model” of Rothschild and Chamberlain [1982], widely applied
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in financial econometrics (e.g. Arbitrage Pricing Theory, APT) and the Dynamic Factor Model of
Geweke [1977], Sargent et al. [1977] for which respectively cross-sectional and serial correlation was
allowed. The model is dynamic since the common shocks can hit the series at different times as
opposed to the static model. The common shocks and components, which are a linear combination
of them, are inherently unobservable and are estimated by means of dynamic principal components.
While the familiar static principal components are based on an eigenvalue decomposition of the
contemporaneous covariance matrix, dynamic principal components are based on the spectral density
matrix (i.e. dynamic covariations) of the data and consequently are averages of the data weighted
and shifted through time.

3.6 Estimating GDFM

As we presented in Section 2.4 we assume that the N time series included in our panel are, after
suitable transformations, a realization of a real-valued stationary N -dimensional vector process with
zero mean xit = (x1t, ..., xNt)

′ Under the GDFM, satisfying the necessary conditions and assumptions,
it is shown that each time series can be decomposed into two components:

xit = χit + ξit =

q∑
j=1

bij(L)ujt + ξit (9)

χit is the common component and ξit the idiosyncratic component. bij(L) = Bn(L) = B0 +B1L+
...+BsL

s represents the (dynamic) loadings of order s which are allowed to differ in coefficient and
lags across the series. The q common shocks ujt; j = 1, ..., q are assumed to be mutually orthogonal
white noise processes (at all leads and lags) with unit variance, this vector process has a non-singular
spectral density matrix, equal to the first q dynamic eigenvalues of the data. The idiosyncratic
component is driven by variable-specific shocks, for which the GDFM allows a certain amount of
correlation. The dynamic factor structure implies that the idiosyncratic component of any series is
orthogonal to all common shocks at any lead or lag. The common shocks ujt are latent and need
to be estimated. This is done through the estimation of dynamic principal components. These are
obtained by the dynamic eigenvalues and eigenvectors decomposition of the spectral density matrix
of xit which is a generalization of the orthogonalization process of the variance-covariance matrix of
xit in case of static principal components.

3.7 Proposed GDFM model

Even the GDFM model considering (N, T ) tending to infinity, computational processing does not
exceed a certain number of iterations due to physical memory limitations. In the context of time
series of very high dimension they have no alternative but a step of selection of variables. In a context
of mixed frequency data, the use of the GDFM model is also compromised. To address all of the
issues we propose in this section, changes to the basic GDFM model. The first step is the use of the
entropic test of relative information for selection of sub-set of high-dimensional time series.

3.7.1 Mixed-frequency generalised dynamic factor model

As previously mentioned Doz et al. [2012] show that maximum likelihood is consistent, robust
and computationally feasible also in the case of large cross-sections. To maximise the likelihood
over the high-dimensional parameter space they propose to use the Expectation-Maximisation (EM)
algorithm. The EM algorithm was first applied for a dynamic factor model by Watson and Engle
[1983] on a small cross-section. They cast the model in a state space form and derive the EM steps
in the case without missing data. Shumway and Stoffer [1982] show how to implement the EM
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algorithm for a state space form with missing data, however only in the case in which the matrix
linking the states and the observable is known. Bańbura and Modugno [2014] proposed a general treat
data sets with arbitrary pattern of missing data allowing the idiosyncratic component be correlated,
the essential idea of the algorithm is to write the likelihood as if the data were complete (with
draws of N(0, 1)) and to iterate between two steps: in the expectation step we‘fill in’ the missing
data in the likelihood, while in the maximization step we re-optimize this expectation. Under some
regularity conditions, the EM algorithm converges towards a local maximum of the likelihood. A
direct maximisation of the likelihood (or state-space formulation) is computationally not feasible for
large N . However, as argued in Doz et al. [2012], the computational complexity can be circumvented
by means of the Expectation-Maximisation (EM) algorithm. Bańbura and Modugno [2014] offers
a solution to problems for which incomplete or latent data yield the likelihood intractable. The
essential idea is to write the likelihood as if the data was complete and to ’fabricate" the missing
data in the expectation step.

3.7.2 Algorithm for estimation of MF-GDFM

The estimation of the MF-GDFM model follows the following steps:

1. All treatments that precede the selection procedure are applied: the series available on a
monthly basis were transformed to a quarterly basis by taking averages; deflation of monetary
variables; de-seasonalization (when necessary); first-difference (when necessary to guarantee
stationary) and finally normalization3;

2. In order to obtain initial values for the parameters, θ(0) replace the missing observations in xit
(observe that xit already normalized) by draws from N(0, 1) distribution;

3. Obtain the back data estimate for the series using Bańbura and Modugno [2014] EM algorithm;

4. The relative information test is applied to select, in different lags, the set of series to be used;

5. GDFM is estimated4.

Some questions were left for future research, such as the possible bias using reconstructed data,
the power of relative information testing among others.

4 Data and treatments

The challenges related to the database of young economies are always present in any study. The
studies with high time series increase these challenges whereas these data have problems of mixed
frequency, data in temporal frequency that requires a disaggregation procedure that will also demand
a wide set of covariables, seasonal adjustment procedures that should be applied on a large scale but
considering the particular issues of the country, the discontinuities of methodologies that generate
old and new series of the same phenomenon.

3All the treatments applied and the description of the database used are detailed in the next section.
4The number of factors to estimate the model was determined by the test proposed by Alessi et al. [2010].
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Figure 1: Temporal evolution of Brazilian series available for economic studies.

The treatment for all these issues was presented in this chapter. In order to have a database
to cycles study, several steps were taken to make the models estimable. The series were made
compatible with the purpose of guaranteeing the maximum possible information; the annual series
were disaggregated in a high-dimensional context for quarterly frequency; the series that did not
have published their seasonally adjusted versions were submitted to a sequential seasonally adjusted
procedure, considering several individual issues of the series besides the Brazilian stylized facts; how
the study will focus on growth cycles, we focuses on the growth cycle concept of the business cycle
(unlike for instance the NBER method, which measures cycles in the level of the series, see Burns
and Mitchell [1947]), defined as the quarter-on-quarter variation of the underlying variables. Being
measured at a quarterly frequency, the series available on a monthly basis were transformed to a
quarterly basis by taking averages, leaving 152 observations between 1980Q1 and 2017Q4, and 95
observations between 1995Q1 to 2017Q4, for different research’s proposes. Furthermore, all activity
variables are expressed in real terms. These are obtained by deflating nominal variables by the CPI5
index. For all other variables (e.g. interest rates and exchange rates) both nominal and real concepts
were included in the data set.

The models that will be estimated requires stationary time series. We opted to apply the same
stationary procedure to all series. We first-differenced the series’ levels by taking percentage changes
compared to the previous quarter and by a simple difference when the level possibly exhibits negative
values, for price variables (consumer prices, stock prices, ...) percentage changes with respect to the
previous quarter of the index were taken. We also applied this procedure to the variables which were
stationary from the outset. The reason for this is twofold i) having all variables defined in quarter-
on-quarter variations enables to capture the growth cycle concept of the business cycle and ii) taking
on variables in their level, even when stationary, would seriously disturb the mutual relations in the
frequency domain causing phase shifts and thus invalid deduced time lags as we can see in Cohen
[2001] deducing and comparing time lags from both concepts would be improper to do. Interest rate
spreads, which were taken on in levels, are the only exception to this rule. These levels are however
stationary and are the result of a cross-sectional difference instead of a difference in time. Given
their widely illustrated covariation with the growth cycle concept of the business cycle, Estrella
and Mishkin [1997], this is common practice. After, the series were normalised in order to have
a zero sample mean and unit variance by subtracting their mean and dividing by their standard
deviation. This standardisation is necessary to avoid overweighting of the series with large variance

5Each case was studied: IGP-DI used for series in general, IPCA used for consumer-related series, US CPI for the
case of variables of that country and so respectively
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when estimating the spectral density matrix. Afterwards, the common component is denormalised,
so as to correspond to the actual series.

The final step, after the normalized data, the series with different temporal mixed-frequencies
(dataset with an arbitrary pattern of missing data) were back dating using Bańbura and Modugno
[2014] procedure and with the database within all these specifications, the models were estimated.

5 Results

5.1 Variable selection and models for cycle estimation - Relative infor-
mation test in high-dimensional for agricultural cycle.

The first step of this section is the application of the test of relative information to identify, in
different lags, the most relevant variables for estimation of the agricultural cycle. The test as detailed
in chapter 1 establishes the greatest information gain in relation to the variable of interest, which
in this case is the agricultural GDP. The test was applied to the 2524 variables from the current
period up to the third lag (ie a full year of dynamic effects were considered). The results are shown
in Figure 2. Hence, low p-values indicate that an additional variable adds information.

Figure 2: Relative information test - results for mixed-frequency agriculture cycle study.

The results indicate that the number of variables in the short term (current period) is considerably
higher (192) than for the other lags. The number of variables selected for different lags was practically
the same (112,115 and 118 respectively).This result indicates that agriculture is a more complex
phenomenon in current events than in its temporal dynamics.

Given the high-dimension characteristic of the database, it is necessary to categorize the variables
so that a more complete analysis of the agricultural cycle is possible. With twenty categories6,
this categorization for the agricultural cycle is the same one used by ESALQ-CEPEA7 to study
agribusiness GDP and is described in Table 2.

6All time series used and their respective categories are available up request.
7School of Agriculture "Luiz de Queiroz" (ESALQ) and Center for Advanced Studies in Applied Economics (CE-

PEA).
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Table 2: Categories for agriculture cycle study

Categories - Mixed-Frequency - Agriculture cycle study Categories - Mixed-Frequency - Without National Accounts - Agriculture cycle study

Class Series % Class Series %

Credit and Interest Rates 549 0,21 Credit and Interest Rates 549 0,22
Global 352 0,14 Global 352 0,14
Others Internal Markets 314 0,12 Others Internal Markets 301 0,12
Industry 226 0,09 Industry 221 0,09
Emploment and Salary 205 0,08 Emploment and Salary 205 0,08
External Sector 163 0,06 External Sector 145 0,06
Governmental Finance 124 0,05 Governmental Finance 124 0,05
Agriculture Prices 92 0,04 Agriculture Prices 92 0,04
Retail and Services 88 0,03 Retail and Services 80 0,03
Agroindustrial Production 79 0,03 Agroindustrial Production 78 0,03
Prices and Inflation 73 0,03 Prices and Inflation 73 0,03
Agriculture Credit and Interest Rates 67 0,03 Agriculture Credit and Interest Rates 67 0,03
Agriculture Production 39 0,02 Agriculture Production 39 0,02
Agriculture External Sector 39 0,02 Agriculture Employment and Salary 38 0,02
Agriculture Employment and Salary 38 0,01 Agriculture External Sector 37 0,01
Precipitation 32 0,01 Maximum Temperature 32 0,01
Maximum Temperature 32 0,01 Minimum Temperature 32 0,01
Minimum Temperature 32 0,01 Precipitation 32 0,01
Monetary 15 0,01 Monetary 15 0,01
Agricultural Inputs 12 0,00 Agricultural Inputs 12 0,00

Total 2571 1,00 Total 2524 1,00

Notes: For the variable selection procedure, the national accounts variables are not considered, even though they are
included in the estimated models.

From this categorization we can have a more detailed analysis of the relative information test for
variable selection. These results are presented in Table 3.

Table 3: Variables selection - Relative information test for high-dimensional time series - Agriculture
GDP.

Class RIt Selectedt RIt−1 Selectedt−1 RIt−2 Selectedt−2 RIt−3 Selectedt−3 Final Selection 2o Component Confirmatory Total Sample

Agricultural Inputs 0 1 0 1 0 1 0 1 2 0 0 12
Agriculture Credit and Interest Rates 0 20 0 4 1 3 1 3 23 1 0 67
Agriculture Employment and Salary 0 7 1 4 1 4 2 3 13 4 0 38
Agriculture External Sector 0 4 0 1 1 0 0 1 6 1 0 37
Agriculture Prices 2 5 0 5 1 1 0 2 11 3 0 92
Agriculture Production 0 10 2 4 0 6 2 7 17 4 39 39
Agroindustrial Production 0 13 2 6 2 4 1 4 23 5 7 78
Credit and Interest Rates 0 11 1 15 2 8 0 9 34 3 0 549
Emploment and Salary 4 15 3 11 3 12 3 12 36 11 0 205
External Sector 4 7 3 5 1 9 3 7 20 11 0 145
Global 3 16 4 12 6 18 2 18 46 14 0 352
Governmental Finance 1 5 1 3 0 2 2 2 10 4 0 124
Industry 4 13 3 16 2 15 5 14 40 13 0 221
Maximum Temperature 0 8 1 0 0 2 0 2 9 1 0 32
Minimum Temperature 0 8 0 0 0 0 0 0 8 0 0 32
Monetary 0 1 2 0 0 2 1 1 2 3 0 15
Others Internal Markets 1 24 8 16 7 22 6 20 58 20 0 301
Precipitation 0 10 1 1 0 1 0 1 11 1 0 32
Prices and Inflation 2 2 0 2 0 3 1 3 6 3 0 73
Retail and Services 0 12 1 9 4 5 3 5 22 6 0 80

Total 21 192 33 115 31 118 32 115 397 108 46 2524

Percentage

Class RIt Selectedt RIt−1 Selectedt−1 RIt−2 Selectedt−2 RIt−3 Selectedt−3 Final Selection 2o Component Confirmatory Final Selection Sample

Agricultural Inputs 0,00 0,01 0,00 0,01 0,00 0,01 0,00 0,01 0,01 0,00 0,00 0,17
Agriculture Credit and Interest Rates 0,00 0,10 0,00 0,03 0,03 0,03 0,03 0,03 0,06 0,01 0,00 0,34
Agriculture Employment and Salary 0,00 0,04 0,03 0,03 0,03 0,03 0,06 0,03 0,03 0,04 0,00 0,34
Agriculture External Sector 0,00 0,02 0,00 0,01 0,03 0,00 0,00 0,01 0,02 0,01 0,00 0,16
Agriculture Prices 0,10 0,03 0,00 0,04 0,03 0,01 0,00 0,02 0,03 0,03 0,00 0,12
Agriculture Production 0,00 0,05 0,06 0,03 0,00 0,05 0,06 0,06 0,04 0,04 0,85 0,44
Agroindustrial Production 0,00 0,07 0,06 0,05 0,06 0,03 0,03 0,03 0,06 0,05 0,15 0,29
Credit and Interest Rates 0,00 0,06 0,03 0,13 0,06 0,07 0,00 0,08 0,09 0,03 0,00 0,06
Emploment and Salary 0,19 0,08 0,09 0,10 0,10 0,10 0,09 0,10 0,09 0,10 0,00 0,18
External Sector 0,19 0,04 0,09 0,04 0,03 0,08 0,09 0,06 0,05 0,10 0,00 0,14
Global 0,14 0,08 0,12 0,10 0,19 0,15 0,06 0,16 0,12 0,13 0,00 0,13
Governmental Finance 0,05 0,03 0,03 0,03 0,00 0,02 0,06 0,02 0,03 0,04 0,00 0,08
Industry 0,19 0,07 0,09 0,14 0,06 0,13 0,16 0,12 0,10 0,12 0,00 0,18
Maximum Temperature 0,00 0,04 0,03 0,00 0,00 0,02 0,00 0,02 0,02 0,01 0,00 0,28
Minimum Temperature 0,00 0,04 0,00 0,00 0,00 0,00 0,00 0,00 0,02 0,00 0,00 0,25
Monetary 0,00 0,01 0,06 0,00 0,00 0,02 0,03 0,01 0,01 0,03 0,00 0,13
Others Internal Markets 0,05 0,13 0,24 0,14 0,23 0,19 0,19 0,17 0,15 0,19 0,00 0,19
Precipitation 0,00 0,05 0,03 0,01 0,00 0,01 0,00 0,01 0,03 0,01 0,00 0,34
Prices and Inflation 0,10 0,01 0,00 0,02 0,00 0,03 0,03 0,03 0,02 0,03 0,00 0,08
Retail and Services 0,00 0,06 0,03 0,08 0,13 0,04 0,09 0,04 0,06 0,06 0,00 0,28

Total 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 1,00 0,16

Note: The Table presents the result of the relative information test applied to the total set of variables considered (2524). The results for each period
represent RIt−k + Selectedt−k all variables which presented non-zero relative information.

The Selectedt−k variables represent those that have a statistically non-zero value in each period. The series in Final Selection represent the series if they
were statistically significant in some periods (t− k), without repetitions, as well as the values presented in 2o Component, however with the series not being
selected in some periods. Confirmatory represent only series directly related with agriculture GDP. The values in Final Selection Sample represent the ratio
between Final Selection and Total Sample. The 47 series of the National Accounts category were not related to the process of selecting variables because they
belong to the same category in which the cycle to be studied was defined.

Considering the Final Selection in the table 3, we observed the predominance of five categories:
Other Internal Markets (economic activity’s series of different sectors), global variables (Interna-
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tional economic activity), industrial variables, employment and wages and credit and interest rates,
representing together more than sixty percent of all selected series.

Dynamically the variables of the category of agricultural credit and interest rates are very repre-
sentative in the current period but with few series present in other lags, the opposite happens with
the series of the category of Other Internal Markets, in which the quantity of variables present in all
the lags is high.

Monetary variables and agricultural inputs are the categories with the lowest number of series,
while the global and Other Internal Market variables are the categories with the highest number of
selected series.

In terms of sample representativity, we can observe in the Final Selected Sample that eight
categories have great participation within their own category: Agricultural Production, Agricultural
Credit and Interest Rates, Agricultural Employment and Salary, State Precipitations, Agroindustrial
Production, Retail and Services, State Maximum Temperatures and State Minimum Temperatures.

From the total of 2524 variables tested, 505 (20%) presented non-zero relative information, of
which 397 (16%) presented values statistically different from zero. Thus, each set of variables (397
of the Final Selection, 108 of the Second Component and 46 of the Confirmatory) will be used for a
specific type of model to estimate the agricultural cycle.

Results presented in the Final Selected and Final Selection Sample already represent a first outline
of the agricultural cycle that will be estimated in the next steps. The number of selected series gives
us a relative idea of the importance of each category but its true importance will only be known with
the estimation of each model.

5.2 Mixed-frequency generalized dynamic factor model results for agri-
culture cycle.

Figure 3 illustrates the growth cycle of agriculture GDP and its common component. From this
figure it can be seen that the common component of agriculture GDP generally comoves with the
variation in agriculture GDP, although its variation is milder and flattens out the sharp growth
peaks and troughs of agriculture GDP. Later on, we will evaluate each variable with respect to this
reference cycle by analysing the mutual relation between the common component of the series and
the common component of agriculture GDP, representing the essential business cycle relation.

Figure 3: Quarter-on-quarter agriculture GDP growth and MF-GDFM common component.

We can observe that from 1995 the movements of the agricultural cycle become more adjusted
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to the movements of agricultural GDP. We can observe that the sharpest crises of agricultural GDP
are more associated with extreme climatic events than with the economic crises dated by CODACE.
The co-movements of agricultural GDP and the cycle are more synchronized in the 2008 CODACE
crisis and in the long period of extreme climatic events from 2008 to 2012.

5.2.1 Dissecting the Brazilian agriculture cycle

The results of Table 4 dissect the Brazilian agricultural cycle estimated according to the char-
acteristics of its phases and moments by each category used. We can know from the established
categories, the major degree of commonalities with the agricultural cycle, the portion of this com-
monality associated with the Cycle Phase Indicator (CPI): pro-cyclical or counter-cyclical, the degree
of commonality associated with each moment of the Cycle Moment Indicator (CMI): lagging, coin-
cident or leading.

In Table 4 we have the average of the commonality ratio by category which allows us to ana-
lyze more generally. The relative importance of categories is also presented in the quantities and
percentages of series by categories.

5.2.2 Aggregate analysis by category

In a general analysis, the degree of average communality was 17% among all categories8, with the
maximum average communality of the state minimum temperatures of 82% and with lower average
commonality of the series that compose the agricultural production.

The first highlight is the high average commonalities of climatic variables. There are 28 series (6%
of the total), but with commonalities above 50%. The minimum temperatures and precipitations
present the highest pro-cyclical and antecedent commonalities (82% and 64%), which means that
less severe winters and more rainy periods are associated to expansions of the agriculture cycle, and
these conditions occur before the cycle, or either periods with milder winters or wetter periods are
associated in the period following an expansion of the agriculture cycle. The effects of maximum
temperatures are divided between pro-cyclical and counter-cyclical movements in all cases in an an-
tecedent way. In this way, more severe or less severe summers can indicate expansions or contractions
in the agriculture cycle.

In terms of importance, after the climatic variables, the variables of credit, agriculture and general
conditions are the most relevant in terms of average commonality. The agriculture credit conditions
have average commonality (18%) slightly higher than the general credit conditions (15%). In both
cases the degree of this commonality divides pro-cyclically and counter-cyclically, yet the highest
average commonality is counter-cyclical (19% with 19 series and 18% with 16 series for agriculture
credit and general credit respectively.) Occurring lagging behind agriculture cycle movements.

Other seven categories (Governamental Finance, Others Internal Markets, Retail and Services,
Industry, Global, Agriculture Inputs and External Sector) have predominantly pro-cyclical and an-
tecedent average commonality. The other categories (Employment and Salary, Prices and Inflation,
Agriculture Prices, Agroindustrial Production, Agriculture External Sector, Agriculture Employment
and Salary, Monetary and Agriculture Production) have dispersed average commonality in a large
number of series, being this average commonality divided between pro-cyclical and counter-cyclical
phases and between lagged and antecedent effects.

The conclusions we obtain from aggregated analysis by categories highlight the importance of
climate variables and credit conditions for the Brazilian agriculture cycle. Among the climatic
variables, all of them presented antecedent pattern to the agricultural cycle, which is natural and
happens in the process of planting and harvesting or herd’s pregnant and birthing periods. Better

8Note that the total of variables included in the model refers to the total of the process of selection of the previous
section (397) plus the variables of the National Accounts (47) re-classified according to the categorization adopted,
resulting in a total of 444 variables used in the model.

17



climatic conditions (winters and milder summers with more rainy periods) precede expansions of
the Brazilian agriculture cycle . Regarding credit conditions, both agricultural and general credit
have diffuse effect in the agriculture cycle, part of this credit is counter-cyclical and antecedent may
indicate that producers in financial difficulty in the stage of planting or herd’s pregnant stage, on the
other hand, the counter-cyclical and lag commonality may indicate financial difficulty in the harvest
period or herd’s birth stage. The portion of credit conditions that has pro-cyclical and antecedent
characteristics may indicate an increase in the investment capacity at the stage of planting or herd’s
pregnancy stage, in the same way that the pro-cyclical and lagged portion may indicate an increase
in the capacity of investment in the harvesting phase or in the herd’s birth stage.

Table 4: Average Degree of Commonality - Brazilian Agriculture Cycle

Class Average Counter-Cyclical Pro-Cyclical Lagging Coincident Leading Series Counter-Cyclical Pro-Cyclical Lagging Coincident Leading Series Counter-Cyclical Pro-Cyclical Lagging Coincident Leading

Minimum Temperature 0,812 0,000 0,812 0,000 0,000 0,812 8 0 8 0 0 8 0,02 0,00 1,00 0,00 0,00 1,00
Precipitation 0,643 0,000 0,643 0,000 0,000 0,643 11 0 11 0 0 11 0,02 0,00 1,00 0,00 0,00 1,00
Maximum Temperature 0,506 0,253 0,707 0,000 0,000 0,506 9 4 5 0 0 9 0,02 0,44 0,56 0,00 0,00 1,00
Agriculture Credit and Interest Rates 0,188 0,195 0,151 0,195 0,000 0,151 23 19 4 19 0 4 0,05 0,83 0,17 0,83 0,00 0,17
Credit and Interest Rates 0,156 0,180 0,135 0,180 0,000 0,135 34 16 18 16 0 18 0,08 0,47 0,53 0,47 0,00 0,53
Governmental Finance 0,129 0,047 0,211 0,047 0,000 0,211 10 5 5 5 0 5 0,02 0,50 0,50 0,50 0,00 0,50
Others Internal Markets 0,122 0,064 0,165 0,062 0,121 0,167 71 30 41 30 1 40 0,16 0,42 0,58 0,42 0,01 0,56
Retail and Services 0,115 0,096 0,131 0,096 0,102 0,131 30 14 16 13 1 16 0,07 0,47 0,53 0,43 0,03 0,53
Industry 0,109 0,024 0,143 0,024 0,000 0,143 45 13 32 13 0 32 0,10 0,29 0,71 0,29 0,00 0,71
Global 0,102 0,085 0,119 0,085 0,000 0,119 46 23 23 23 0 23 0,10 0,50 0,50 0,50 0,00 0,50
Agricultural Inputs 0,095 0,088 0,103 0,088 0,000 0,103 2 1 1 1 0 1 0,00 0,50 0,50 0,50 0,00 0,50
Emploment and Salary 0,076 0,071 0,082 0,071 0,000 0,082 36 18 18 18 0 18 0,08 0,50 0,50 0,50 0,00 0,50
External Sector 0,070 0,042 0,080 0,042 0,000 0,080 38 10 28 10 0 28 0,09 0,26 0,74 0,26 0,00 0,74
Prices and Inflation 0,054 0,044 0,059 0,044 0,000 0,059 6 2 4 2 0 4 0,01 0,33 0,67 0,33 0,00 0,67
Agriculture Prices 0,052 0,037 0,060 0,037 0,000 0,060 11 4 7 4 0 7 0,02 0,36 0,64 0,36 0,00 0,64
Agroindustrial Production 0,045 0,033 0,057 0,033 0,071 0,056 24 12 12 12 1 11 0,05 0,50 0,50 0,50 0,04 0,46
Agriculture External Sector 0,041 0,028 0,063 0,028 0,000 0,063 8 5 3 5 0 3 0,02 0,63 0,38 0,63 0,00 0,38
Agriculture Employment and Salary 0,040 0,020 0,058 0,020 0,000 0,058 13 6 7 6 0 7 0,03 0,46 0,54 0,46 0,00 0,54
Monetary 0,032 0,060 0,003 0,060 0,000 0,003 2 1 1 1 0 1 0,00 0,50 0,50 0,50 0,00 0,50
Agriculture Production 0,013 0,008 0,018 0,006 0,013 0,020 17 8 9 7 3 7 0,04 0,47 0,53 0,41 0,18 0,41

Mean/Total 0,170 0,088 0,157 0,056 0,015 0,180 444 194 250 185 6 253 1,00 0,44 0,56 0,42 0,01 0,57

Note: Mixed frequency Generalized Dynamic Factor Model (MF-GDFM) - In-sample period: 1980Q1 to 2017Q4. The Table shows average degree of
commonality for each class by Cycle Phase Indicator (CPI): Counter-Cyclical and/or Pro-Cyclical; Cycle Moment Indicator (CMI): Lagging, Coincident
and/or Leading.

The number of series and their percentages are displayed respectively.

6 Conclusions
This study was based on the use of techniques and models applied to the context of high-

dimensional and mixed frequencies databases, aiming at estimating the Brazilian agricultural business
cycle and dissecting it to understand which categories of variables have a high commonality with the
cycle. In the selection of variables for cycle estimation, eight categories stood out with a high level
of selection of variables within the category. As expected, the level of variable selection was high for
categories directly associated with the dynamics of agriculture itself, such as agricultural production
indicators, rural credit indicators, as well as employment and wages indicators in the sector. Given
the intrinsic dependence of agriculture on climate, the level of selection within the categories was
also high for those related to climatic variables (maximum temperatures, minimum temperatures
and rainfall in the Brazilian states).

From the cycle estimation, we observed that the most intense crises of the agricultural cycle are
more associated to climatic events than to economic crises. Dissecting the cycle, we found an average
commonality of 17% for the categories of variables, and the maximum level of commonality found
was for the minimum state temperature category (82%). Following the minimum temperatures,
the greatest commonalities were verified for the categories of precipitation (65%) and maximum
temperatures (50%). This important result evidences the fundamental role of the climatic cycles for
the agricultural performance in the states and, therefore, in the Country.

We found that the minimum temperatures and the precipitations presented pro-cyclical and
antecedent commonalities, which means that less severe winters and rainier periods are associated
to future expansions of the agricultural cycle. In addition to the important role of the climate,
another important result of the study was the high commonality of the agricultural cycle with the
variables related to credit, be it rural credit or general conditions. For these categories, the highest
commonality occurs in countercyclical and antecedent indicators.
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