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Abstract

The economic activity of a country can be affected by shocks due to short-duration
events that do not represent change in the business cycle. Knowledge about the
current state of the economy is useful in decision making and it is helpful to generate
investment, for example. We apply the methodology developed by Altissimo et al.
(2010) to the Brazilian scenario, aiming to construct an indicator of the state of the
economy, the Core GDP, that is less affected by short-run fluctuations and is capable
of predicting turning points in domestic economic growth. The article contributes to
the literature since our indicator has all the desired properties of a core: low volatility,
and the ability to capture and predict a trend in economic activity. The Core GDP
proved to be effective in detecting signs of relevant changes in the Brazilian economic
activity tendency, such as the pick-up in growth after the 2008 crisis, the economic
retraction that started in 2014 and the beginning of a recovery in 2016.
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1 INTRODUCTION

1 Introduction

The Brazilian economy has faced nine recessions since 1980, according to the Economic
Cycles Dating Committee1 (CODACE). Since the recovery from the 2008 financial crisis
to the second quarter of 2014, the economy experienced twenty months of expansion. A
new period of retraction began in the second quarter of 2014, lasting 11 months.

Financial system development and increasing uncertainty have contributed to economic
crises and more volatile growth. In high volatility and uncertainty contexts, it is challenging
to develop macroeconomic policies due to unclear assessment of the state of the economy.
This article adopts the methodology in Altissimo et al. (2010) to construct an indica-
tor capable of clearly distinguishing between transitory impacts and long-run changes in
Brazilian economic growth. In particular, the core GDP attempts to identify trends in the
economy by eliminating noise that results from temporary shocks.

An original contribution of this article is the evaluation of our indicator as a core
measure for economic activity. The Core GDP possesses the main features desired for any
core estimate: low volatility, the ability to capture trends in economic activity, and the
capacity to predict economic activity. Therefore, Core GDP gives a monthly smoothed
estimate of year-on-year Brazilian GDP growth and works as an indicator of the current
economy.

Popular methods in the literature catch current economic situations by extracting busi-
ness cycles from GDP time series. Some examples are the filters described in Hodrick and
Prescott (1997), Baxter and King (1999) and Christiano and Fitzgerald (2003), which al-
low us to identify periods of economic contraction and expansion when applied to GDP
time series.

A different perspective was presented by Burns and Mitchell (1946), where business cy-
cles are seen as co-movements among various economic variables. Hence, composite (lead-
ing or coincident) indicators are constructed from numerous preselected series combined
in a simple weighting scheme to provide information about current and future economic
situation. The Composite Leading Indicators (CLIs), published for a variety of coun-
tries on a monthly basis by the Organisation for Economic Co-operation and Development
(OECD) [See OECD (2017)], and the indicators released by The Conference Board (TCB)
are notable in this context.

Issler et al. (2013) follow the TCB methodology to build a coincident indicator for the
Brazilian economic activity that covers the period from 1980 to 2007. As employment
and income were not available in a long time-series span, they had to extrapolate the
series backward. The Getulio Vargas Foundation, in partnership with TCB, publishes, on
monthly basis, the Leading Economic Index (LEI) and the Coincident Economic Index
(CEI), which are linear combinations of some macroeconomic time series (further details
at http://portalibre.fgv.br).

The composite indicators previously described do not apply statistical models. An
alternative to them was described by Stock and Watson (1988, 1989, 1993), who propose a
new class of indicators based on econometric techniques. They set an underlying hypothesis
that all economic series share an unobservable factor which corresponds to the latent
variable reflecting the state of the economy.

Economic activity indicators built from statistical models are widely found in the liter-
ature. Chauvet (2001) constructed a monthly indicator of Brazilian GDP based on factor

1Entity responsible for officially dating economic cycles in Brazil. More details in
http://portalibre.fgv.br/
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2 DATABASE

models with regime shift. The idea is to catch abrupt historical changes in Brazilian GDP.
Lima et al. (2006) extracted the principal components of seventy-three leading or coinci-
dent time series to track Brazilian economic activity and its turning points. Altissimo et al.
(2010) proposed an indicator for the euro-area economy, adopting factor models, which is
currently published by the Banca d’Italia. In the same spirit, Matheson (2014) applied
dynamic factor models to build economic activity indicators for thirty-two developed and
emerging markets, including Brazil.

Additionally to the modeling of the current economy, there is a growing interest in
economic cycles analyses. Recently, Smirnov et al. (2017) established a chronology for
Russian economic cycles and accurately dated the turning points in economic activity,
using four different methods: local min/max, Bry-Boschan, Harding-Pagan, and Markov-
switching. Following a similar idea, Cesaroni and Iezzi (2017) examined the Italian SIGE
indicator using non-parametric techniques and econometric models to assess its ability to
predict and identify turning points.

In this context, the article intends to construct a monthly indicator of Brazilian eco-
nomic activity free from transitory shocks that is able to predict, or at least to identify
as soon as possible, turning points in the business cycle. This indicator, henceforth called
Core GDP, applies a dynamic factor model following the one proposed in Altissimo et al.
(2010). The model builds a smooth indicator by extracting factors common to all the
explanatory variables enclosed in the dataset.

The Core GDP and the Potential GDP may be confused due to their features, although
there are differences between them. The former is an economic activity indicator free
from short-run fluctuations while the latter is defined by Gordon (1990) as the level of
output obtained when all the resources in an economy are fully used without generating
inflationary pressures. They also differ considering their usage. The output gap (the
difference between actual and potential output) is used to analyze whether the economic
activity is operating at a level higher or lower than the potential level, which is relevant
for monetary policy conduction. In contrast, the Core GDP is designed to signal turning
points in the economic growth rate and provide information about the current and future
economy.

This article is organized as follows: Section 2 briefly describes the dataset selection and
the variables preprocessing; Section 3 discusses how the medium- to long-run component of
the GDP is extracted using the bandpass filter and describes the methodology presented in
Altissimo et al. (2010); in Section 4 we present the results of applying the methodology in
Altissimo et al. (2010) to the Brazilian economy. We also evaluate the indicator’s ability to
predict turning points as well as its core properties; and Section 5 summarizes the findings
for the Brazilian GDP and proposes areas for further study.

2 Database

We adopt the methodology proposed in Altissimo et al. (2010) to track current economic
activity in Brazil. The main idea is to extract the medium- to long-run component from the
GDP series and obtain an indicator free from transitory shocks and seasonality. Specifically,
the Core GDP is an estimate of the economic growth rate after removing fluctuations that
last one year or less.

Since GDP releases in Brazil are published at a quarterly frequency, and we seek to
obtain a monthly indicator, we employ GDP Monitor as our economic activity estimate.
The GDP Monitor is a monthly indicator that follows the official GDP methodology and
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3 METHODOLOGY

is based on the national accounts2. It is published by the Brazilian Institute of Economics
(IBRE) at Getulio Vargas Foundation. The main advantage of using the GDP Monitor
is to overcome concerns about extrapolation methods. Furthermore, canonical quarterly
observations of the GDP Monitor coincide with official data produced by the Brazilian
Institute of Geography and Statistics (IBGE).

Although the GDP Monitor is published on a monthly basis, it is available about forty-
five days after the reference month has ended. Considering this delay, in order to access
the current state of the economy, Altissimo et al. (2010) extract information from more
timely and higher-frequency macroeconomic variables, using dynamic factor models.

Our dataset comprises approximately one hundred monthly variables including finan-
cial indicators, industrial output, retail sales, and trade balance. We chose, among all
variables in the dataset, the ones that highly correlated with the GDP Monitor, according
to the criteria set out in Abberger et al. (2014). The final data set includes forty-nine
macroeconomic variables from July 2003 to August 2018.

All series in the database were transformed to remove outliers and to guarantee station-
arity. We considered an outlier a point in a series that is more than 5 standard deviations
away from the mean. These points were replaced by the sample average of the remaining
observations.

The series were also normalized by subtracting the mean and dividing by the standard
deviation, as usually done in the factor model literature. Table 7 contains the detailed list
of the variables and the related transformation performed on each one.

Delays in publishing variables and revision are two important topics to be addressed.
We handle the lack of synchronism by realigning the end-of-sample in a way so that, at
time t, the last available observation of each variable is used. For instance, if a variable x
is released with a two-month delay, we construct the Core GDP at time t using xt−2. Data
revision occurs due to incomplete information at the moment a variable is published. To
minimize the revision impacts, we update and revise our dataset whenever possible. Table
7 shows all variables used to build the Brazilian Core GDP.

3 Methodology

Understanding the current state of the economy can be made easier by removing short-run
fluctuations in GDP time series. Christiano and Fitzgerald (2003) argue that the bandpass
filter may be used to isolate the component of a time series that moves within a particular
frequency range. The filter, which is widely used in studies of economic cycles, can therefore
eliminate temporary (irregular or seasonal) movements, leaving the medium- to long-run
component of the GDP. Baxter and King (1999), for example, apply the bandpass filter to
US macroeconomic time series in order to isolate fluctuations lasting between two and eight
years, allowing them to identify the two components of business cycles: slow movements,
which represent very long-run trends, and rapid irregular or seasonal variations.

The bandpass filter considers the spectral representation [see Golub and Van Loan
(2012)] of the time series yt, which, assuming stationarity, involves writing the series as an
integral of sines and cosines. This representation allows medium- and long-run movements
in economic activity, ct, to be distinguished from short-run ones, st. We wish to eliminate
all cycles that last less than one year from the GDP Monitor (the monthly estimate of
economic activity used as reference series) which is equivalent to eliminating waves with

2See more details in Cunha (2017) (http://bibliotecadigital.fgv.br/dspace/handle/10438/17997)
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3 METHODOLOGY

frequencies greater than π/6, the result of dividing a unit circle into twelve equal parts
corresponding to the twelve months of the year. The time series of interest, yt, thus has
the following decomposition:

yt = ct + st = β(L)yt + [1− β(L)]yt, (1)

where yt is the GDP Monitor and β(L) is the lowpass filter, which selects waves with
frequencies less than π/6, i.e., st includes all movements corresponding to periods of less
than one year. As ct and st are orthogonal, the variance of yt corresponds to the sum of
the short-run variance and the medium- to long-run variance.

The medium- to long-run component, ct, which is obtained using the bandpass filter,
will be our reference series and can be represented by the following linear combination:

ct = β(L)yt =
∞∑

k=−∞
βkyt−k, βk =

{
sin(kπ/6)

kπ , if k 6= 0

1/6, if k = 0.
(2)

Figure 1 shows that the bandpass filter does in fact transform the GDP Monitor into
a smoother series by removing short-run oscillations, allowing the turning points to be
identified. Although the filter performs well in the center of the time series, the result
is unsatisfactory at the beginning and end of the sample. This is because the filter is
infinite while the series is finite, making many revisions necessary when new data become
available. Because of this, the bandpass does not perform well enough to be used in real-
time analyses. The aim of this article is to produce a good estimate of ct at the end of the
sample so that the turning points can be detected in real time.

Figure 1: GDP Monitor (quarterly year-on-year change) and ct

To correct the end-of-sample bias, Altissimo et al. (2010) combine the properties of
the bandpass filter with information from macroeconomic variables. They argue that the
use of variables correlated with GDP growth can provide information about GDP values
that are not yet available, making possible the analysis of the economy in real time. The
methodology adopted to develop the Core GDP is based on Altissimo et al. (2010) and
uses a set of forty-nine monthly macroeconomic time series that include financial indicators,
industrial output and retail sales as shown in Table 7.
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The Core GDP is the result of projecting ct onto a set of regressors built using a
dynamic factor model designed to eliminate not only short-run fluctuations but also the
specific idiosyncratic component of each series in the database. A review of the methods
in the literature can be found in Stock and Watson (2010).

We assume that the explanatory economic series (xit) include not only shocks that are
common to the whole database (χit) but also shocks that are specific to each variable (ξit):

xit = χit + ξit. (3)

The common component, χit, can be written as a function of shocks uht, h = 1, . . . , q,
q < T , which are common to all the variables xit:

χit = bi1(L)u1t + bi2(L)u2t + · · ·+ biq(L)uqt, (4)

where b(L) is a lag operator. The choice of q followed the criterion proposed in Hallin and
Liska (2007).

To eliminate short-run fluctuations, Altissimo et al. (2010) rewrite Equation (3) as:

xit = φit + ψit + ξit, (5)

where φit = β(L)χit is the medium- to long-run component of χit, which is obtained using
the bandpass filter, and ψit = χit − φit is the short-run component.

Rewriting Equation (5) in terms of spectral density matrices, we get:

Sx(θ) = Sχ(θ) + Sξ(θ) = Sφ(θ) + Sψ(θ) + Sξ(θ). (6)

Consistent estimates of Sχ and Sξ can be obtained using the methodology proposed in
Forni et al. (2000). Integrating Ŝχ(θ) and Ŝξ(θ) over the interval [−π, π], we get Σ̂χ and
Σ̂ξ [See Forni et al. (2005)]. Integrating Ŝχ(θ) over the interval [−π/6, π/6], we get Σ̂φ.
Hence, the decomposition of the variance-covariance matrix is given by:

Σ̂x = Σ̂χ + Σ̂ξ = Σ̂φ + Σ̂ψ + Σ̂ξ. (7)

The regressors, denoted by wt, which will serve as the basis for the Core GDP, are
obtained using generalized principal components analysis. The total number of components
used will be chosen according to the criteria set out in Bai and Ng (2002).

Once the estimates of the components represented in Equation (7) have been obtained,
the first step to derive wt is to determine the linear combination of the variables in the
database that maximizes the variance of the common medium- to long-run component. We
then identify another linear combination with the same property, subject to the constraint
of orthogonality to the first, and so on.

Note that the regressors wt are expressed as monthly year-on-year values like the vari-
ables in the database. However, we use the quarterly year-on-year growth rate3 of the GDP
Monitor, so we need to transform the regressors to correspond to the quarterly variation,
i.e., wt = (1 + L+ L2)2wt.

The Core GDP is obtained by projecting ct onto the space generated by wt = (w1t, ..., wrt)
and a constant, i.e.,

P (ct|wt) = µ+ ΣcwΣ−1w wt, (8)

3This transformation is equivalent to: yt =
yt+yt−1+yt−2

yt−12+yt−13+yt−14
− 1
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where Σcw is the row vector whose kth entry is cov(ct, wkt) and Σw is the covariance matrix
of wt. In this application for the Brazilian economy, r = 8 regressors were used. Details of
the procedure for choosing the number r of principal generalized components can be found
in Altissimo et al. (2010).

The Core GDP is obtained by replacing the above population moments with their
estimators:

ĉt = µ̂+ Σ̂cwΣ̂−1w wt. (9)

4 Results

Application of the methodology described in the previous section to the Brazilian economy
produced the Core GDP, which is shown in Figure 2. Note that there are no transitory
fluctuations in the indicator and that, unlike the bandpass filter, it has a trajectory com-
patible with the behavior of the GDP Monitor, our measure of monthly economic activity,
at the end of the series.

Figure 2: GDP Monitor (quarterly year-on-year change) and Core GDP

Figure 3 shows the comparison between the Core GDP and an estimate of the Brazilian
output gap produced by the Institute for Applied Economic Research (Ipea)4. The output
gap is defined as the difference between the actual and potential output. Figure 3 illustrates
how distinct the estimates for these two concepts are for the Brazilian economy, as discussed
in Section 1.

In order to determine the ability of the Core GDP to detect turning points in real time,
we have performed a pseudo-real-time exercise. The term “pseudo” is used because we do
not use the true real-time preliminary estimates of the GDP and the monthly series, but
the final estimates. We have performed a pseudo real-time exercise because the vintages
of the database are not available in Brazil. It is important to mention that the series are
not subject to serious revisions over the time, that is why it was not able to significantly
affect our results.

4Disposable at: http://www.ipea.gov.br/cartadeconjuntura/index.php/2018/09/27/indicador-ipea-de-
hiato-do-produto-2/
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Figure 3: Core GDP and Output Gap

Starting in January 2008, we have estimated our indicator at each time point using
only the data available up to that date. The GDP Monitor is published with a two-month
lag while the Core GDP for the current month can be estimated without any delays and
provides information about the current state of the economy.

We define a turning point as a change in the sign of the slope of the medium- to long-
run component obtained using the bandpass filter (ct). We have an upturn (or downturn)
at time t if ∆ct+1 = ct+1 − ct is positive (or negative) while ∆ct = ct − ct−1 is negative
(or positive). According to this definition, there are eight turning points in the subsample
analyzed: four upturns and four downturns.

Following Altissimo et al. (2010), we establish rules to determine whether a change in
the sign of the slope of the Core GDP, ĉt, can be interpreted as a turning point. A change
of sign between ∆ĉt and ∆ĉt−1 generates a potential turning point at t−1, but the turning
point will only be confirmed if (a) the sign of ∆ĉt−1 does not change after revision, i.e.,
∆ĉt−1 has the same sign in the estimate at t− 1 and the estimate at t, and (b) there is no
change in sign between t− 2 and t− 1 in the estimate made at t− 1.

Figure 4 shows the result of this exercise. The solid line represents the medium- to
long-run growth of the GDP Monitor using the bandpass filter. The short lines represent
the Core GDP estimates for the last two months for each vintage, which correspond to the
two months since the GDP monitor was last published. Thus, in the vintage corresponding
to month t, each line segment represents the Core GDP estimates for t− 1 and t.

In the period studied in this exercise, the Economic Cycles Dating Committee (CO-
DACE), the entity responsible for officially dating Brazilian economic cycles, identified a
valley in the Brazilian economic cycle in the first quarter of 2009 and a peak in the first
quarter of 2014. However, signs of the valley were only detected in the fourth quarter of
2009, and signs of the peak in the third quarter of the following year (the CODACE reports
can be found at http://portalibre.fgv.br). In contrast, the Core GDP would have detected
signs of the start of the economic recovery after the 2008 financial crisis in May 2009 and
would have predicted the presence of a downturn as early as September 2013. However,
our indicator was not able to predict the start of the Great Recession in the beginning of
2008, which is due to the financial aspects of this crisis.

To evaluate the performance of our indicator, we use the criteria adopted by Altissimo
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Figure 4: Pseudo-real-time exercise at the end of the sample

et al. (2010):

1. The ability of ∆ĉt to identify the sign of ∆ct correctly, measured by the percentage
of signs identified correctly in the subsample;

2. The ability of ĉt to nowcast ct in the period T−111 ≤ t ≤ T−12, where T is the num-
ber of months in the role sample. This period corresponds to the subsample consid-
ered in the real-time exercise excluding the last twelve months, when the bandpass fil-
ter suffers from end-of-sample bias, measured by the ratio

∑T−12
t=T−111 [ĉt − ct]2/

∑T−12
t=13 [ct − ct]2,

where ct =
∑T−12

t=13 ct/T − 24;

3. The size of the revision errors after one month measured by the ratio∑T−1
t=T−111 [ĉt(t+ 1)− ĉt]2/

∑T−12
t=13 [ct − ct]2, where ĉt(t + 1) corresponds to the esti-

mate for month t made at t+ 1.

Table 1 shows the results for these three real-time performance-evaluation criteria for
the following methods: (i) the Core GDP; (ii) the bandpass filter (BP); (iii) the Christiano-
Fitzgerald bandpass filter5 (CFBP), an optimal approximation to the bandpass filter; (iv)
the Core GDP estimate obtained using ordinary principal components instead of gener-
alized principal components (PC); and (v) the Brazilian barometer based on Abberger
et al. (2014), which is the first principal component of a preselected database following a
correlation criteria described in their article. The ability to nowcast ct was not evaluated
for the Barometer as the aim of this indicator is not to forecast aggregate GDP accurately
but to predict turning points in economic activity.

Note that the Core GDP predicts the sign of ∆ct more accurately than the other
indicators and is correct 88% of the time. When evaluated according to the second criterion,
our indicator comes behind the CFBP although it has the advantage that it suffers less
from revision errors. Because of its design, the Core GDP should perform just as well as
the PC in terms of nowcasting. The better performance of the latter in the second column
of Table 1 can therefore be attributed to the particular subsample used in this exercise.

5Christiano and Fitzgerald (2003)
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Table 1: End-of-sample real-time performance

Indicator
% Correct

prediction of
sign of ∆c

Mean square
of nowcast

error/Variance of c

Mean square
of revision

error/Variance of c

Core GDP 0.88 0.28 0.001

BP 0.61 0.31 0.04

CFBP 0.56 0.14 0.02

PC 0.62 0.11 0.02

Barometer 0.60 - 0.07
Notes: Sample Jan.2018-Aug.2018. The first column reports the percentage of correct signs of
∆ c. The second column shows the ability to nowcast c. The third column presents the size of
revision errors after 1 month. Our indicator, the Core GDP, is compared with the bandpass filter
(BP), the optimal approximation to the bandpass filter proposed by Christiano and Fitzgerald
(2003) (CFBP), the Core GDP estimated using ordinary principal components (PC) and the
replication of the methodology in Abberger et al. (2014) for the Brazilian scenario (Barometer).

4.1 Evaluation of the Core Measure Properties

The real-time tests in section 4 showed that the indicator correctly signaled important
changes in the direction of economic activity in Brazil in recent years, such as the pick-
up in growth after the 2008 crisis, the economic retraction in 2014 and the beginning of a
recovery in 2016. An original contribution of this study is to show that this indicator can be
considered a core Brazilian GDP. Using methods proposed in the literature for evaluating
the performance of core measures [Wynne (1999); Clark (2001); Rich and Steindel (2007)],
we have confirmed its usefulness. Generally, as discussed in Ferreira et al. (2017), any
measure of core is expected to have the following characteristics: (a) low volatility - the
Core GDP is expected to be less volatile than the GDP Monitor; (b) the ability to capture
the trend in economic activity - the Core and the Monitor should have similar means so
that the core does not overestimate or underestimate the long-run trend in the activity. In
addition, the trajectory of the Core should be close to the trend detected by the Monitor;
(c) the ability to predict economic activity - the core is expected to help predict the monitor.
In this section we are going to test whether the Core GDP possesses those characteristics
desired in any measure of core.

Table 2 shows the descriptive statistics for the Core GDP and GDP Monitor. Our
indicator has median and mean values quite close to those of the GDP Monitor, indicating
that the long-run trend in economic activity is neither underestimated nor overestimated.
Furthermore, the Core GDP has lower variability than the GDP Monitor. In order to
evaluate if the Core GDP is free from bias, we have tested the joint null hypothesis [α = 0;
β = 1] in the following regression:

yt = α+ βĉt + εt (10)

As shown in table, there is no significant bias at 5% level of significance.
It is also important to determine whether there is a long-run relationship between the

Core GDP and the GDP Monitor as ideally the trend in the former should follow the
trend in the latter. To do this, we use the unit root and cointegration tests. The ADF
(Augmented Dickey Fuller) unit root test revealed that neither the GDP Core [τ -stat =

10
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Table 2: Descriptive statistics

Mean Median Standard deviation

GDP Monitor 2.42 2.5 3.48

Core GDP 2.43 2.9 3.19
Note: Sample Nov.2003-Aug.2018.

Table 3: Assessment of bias

Equation to be estimated F-test (P-value)
yt = α + β ĉt + εt H0: α=0 and β=1

yt = -0.1 + 1.04 ĉt 0.25
Note: Sample Nov.2003-Aug.2018.

-1.19 and a critical value (95% confidence) = -2.88] nor the GDP Monitor [τ -stat = -
1.11 and critical value (95% confidence) = -3.43] are stationary. When the ADF test was
reapplied to the series in first differences, we concluded with 95% confidence that the series
are stationary [τ -stat = -4.01 and -4.02 for the GDP Monitor and Core GDP, respectively,
with a critical value (95% confidence) of -1.95 in both cases].

As the Core GDP and GDP Monitor are first-order integrated time series, i.e., they
become stationary after first differentiation, we apply the Johansen cointegration test to
the two series. The results, which are displayed Table 4, indicate that the Core GDP has
a long-run relationship with the GDP Monitor.

Table 4: Johansen Cointegration Test

Hypotheses
Test

Statistic
Critical
Value

Conclusion

GDP Monitor & Core GDP

H0: r=0 vs H1: r>0 15.19 13.75 H0 rejected

H0: r=1 vs H1: r>1 6.01 7.52 H0 not rejected

Note: Sample Nov.2003-Aug.2018. One cointegration equation at a 10%
significance level.

The Johansen cointegration test suggests there is a long-run relationship between the
series. Therefore, the next step is to evaluate the dynamics of their adjustment to each
other. This is done by analyzing the coefficients λ and λN in Equations (11) and (12)
(Mehra and Reilly, 2009), which indicate how the GDP Monitor and Core GDP adjust to
each other when there is a difference between them. Ideally, λ should be negative and λN
zero, allowing us to conclude that the GDP Monitor moves toward the Core GDP rather
than vice versa.

∆yt = α+ λµt−1 +

p∑
k=1

αk∆yt−k + εt (11)

11
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∆ĉt = α+ λNµt−1 +

p∑
k=1

αk∆ĉt−k + εt (12)

where:
yt is the quarterly year-on-year variation of the GDP Monitor
ĉt is the monthly year-on-year variation of the Core GDP
µt−1 is the cointegration vector, which can be reduced to yt − ĉt as the Core GDP is not
biased
∆ = 1− L where L is the lag operator such that Lnyt = yt−n.

As shown in Table 5, the results suggest that the adjustment dynamics are satisfactory,
i.e., the GDP Monitor moves toward the Core GDP rather than vice versa (λ significant
and negative and λN not significant, adopting a significance level of 5%).

Table 5: Adjustment Dynamics

λ R2 λN R2

-0.3*** 0.53 0.02 0.92
Note: *** p-value < 0.001

The next step is to test if Core GDP has the ability to predict economic activity. To
determine whether the difference between the Core GDP and GDP Monitor at the current
time (time t) helps to predict the GDP Monitor one and two years later (t+ 12 e t+ 24),
Equation 13 was estimated.

yt+h − yt = α+ β(ĉt − yt) + εt (13)
where:
yt is the quarterly year-on-year variation in the GDP Monitor
ĉt is the Core GDP (monthly year-on-year variation).

Table 6 shows that the Core GDP has predictive capacity for both forecasting horizons
(h = 12, 24). Although the adjusted R2 values are relatively low, they are acceptable given
the simplicity of the model.

Table 6: Analysis of the ability of the Core
GDP to predict the GDP Monitor

R2 β t-stat p-value

h=12 0.24 2.12 7.344 9.2e-12***

h=24 0.26 2.31 7.364 1.05e-11***

Note: t-stat is the test statistic for the parameter
β. *** p-value < 0.001.

The results presented here allow us to conclude that the Core GDP performs well based
on all the criteria analyzed. Our indicator neither underestimates nor overestimates the
trend in economic activity, does not have bias, has a long-run relationship with the GDP
Monitor, it is able to attract the GDP Monitor, and has predictive capacity.
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5 Final Considerations

An indicator that is able to capture changes in the direction of the economy and is easy to
understand, timely and free from short-run fluctuations is of great value in an economy such
as that of Brazil, which has a very volatile GDP. The understanding of the current economic
situation that can be gained with such an indicator allows development strategies for the
future to be drawn up, a process that should not be influenced by temporary oscillations.

The generalized dynamic factor model described in Altissimo et al. (2010) was applied
to the Brazilian economy. Common components extracted from a database with forty-
nine macroeconomic variables related to the GDP were used with the model to produce
an indicator less affected by short-run shocks or components specific to each variable in
the dataset. Comparison of the Core GDP with other methods described in the literature
showed that the proposed model was able to nowcast effectively not only the sign of changes
in the GDP Monitor, but also the absolute values. The consistency of the Core GDP when
the factors were changed as new observations became available from the GDP Monitor was
also evaluated.

The Core GDP had a smoother trajectory than the GDP Monitor and did not display
any tendency to consistently overestimate or underestimate the reference series. In ad-
dition, analysis of the adjustment dynamics indicated that the Core GDP moves toward
the GDP Monitor rather than vice versa. The indicator therefore has all the fundamental
properties required for it to be called the Core GDP.

Pseudo-real-time analysis, which involves estimating the indicator in a period in the
past using only data available at that time, showed that the Core GDP is able to detect
turning points well in real time. The indicator correctly signaled important changes in the
direction of economic activity in Brazil in recent years, such as the pick-up in growth after
the 2008 crisis, the economic retraction in 2014 and the beginning of a recovery in 2016.

As an extension to this study, we intend to apply the methodology described here to
the different sectors considered in the GDP Monitor (agriculture, industry and services) in
order to identify the contributions made by the main sectors of the economy to the changes
observed in the Core GDP.
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Group Description Source Transformation Delay
(months)

Exchange rate American dollar free-floating exchange rate (Selling) BCB (xt − xt−12) 1

Prices

Consumer Price Index - National (INPC) IBGE (xt/xt−12)− 1 1
Consumer Price Index - São Paulo (IPC Fipe) Fipe (xt/xt−12)− 1 1

Cost of living index (ICV) Dieese (xt/xt−12)− 1 1
Basic Basket of Consumer Goods Dieese (xt/xt−12)− 1 0

Broad National Consumer Price Index (IPCA) IBGE (xt/xt−12)− 1 1
Broad National Consumer Price Index - 15 (IPCA-15) IBGE (xt/xt−12)− 1 1

Trade

Motor vehicle sales Anfavea (xt/xt−12)− 1 1
Domestic motor vehicle sales Anfavea (xt/xt−12)− 1 1

Retail sales index -
Hyper/supermarket, food, drinks and tobacco IBGE (xt/xt−12)− 1 1

Retail sales index -
Textiles, clothing and footwear IBGE (xt/xt−12)− 1 1

Retail sales index -
Furniture and white goods IBGE (xt/xt−12)− 1 1

Retail sales index -
Automobiles, motorcycles, parts and components IBGE (xt/xt−12)− 1 1

Retail sales index -
Hypermarkets and supermarkets IBGE (xt/xt−12)− 1 1

Dealer motor vehicle sales - Automobiles Fenabrave (xt/xt−12)− 1 1
Dealer motor vehicle sales - Light goods vehicles Fenabrave (xt/xt−12)− 1 1

Government

Public sector net debt - State governments BCB (xt − xt−12) 1
Public sector net debt (% GDP) -
State and municipal governments BCB (xt − xt−12) 1

Public sector net debt - (% GDP) - State governments BCB (xt − xt−12) 1
Public sector net debt (% GDP) -
Government-owned companies BCB (xt − xt−12)

Public sector net debt (% GDP) -
State-government-owned companies (% GDP) BCB (xt − xt−12) 1

Public sector net debt (% GDP) -
Federal-State-government-owned companies (% GDP) BCB (xt − xt−12) 1

Public sector net debt (% GDP) -
Municipal-State-government-owned companies (% GDP) BCB (xt − xt−12) 1

BNDES disbursements - Manufacturing Industry BNDES (xt/xt−12)− 1 4

Industry

Total motor vehicle production Anfavea (xt/xt−12)− 1 1
Production of automobiles and light goods vehicles Anfavea (xt/xt−12)− 1 1

Production of trucks Anfavea (xt/xt−12)− 1 1
Production of other agricultural machinery Anfavea (xt/xt−12)− 1 1

Production of bus Anfavea (xt/xt−12)− 1 1
Production indicators - General IBGE (xt/xt−12)− 1 2

Production indicators - Manufacturing industry IBGE (xt/xt−12)− 1 2
Production indicators - Intermediate goods IBGE (xt/xt−12)− 1 2
Production indicators - Consumer goods IBGE (xt/xt−12)− 1 2
Production indicators - Durable goods IBGE (xt/xt−12)− 1 2

Overall industrial production - Souteastern Region IBGE (xt/xt−12)− 1 2
Overall industrial production - Southern Region IBGE (xt/xt−12)− 1 2

Use of installed capacity -
Manufacturing industry (FGV) FGV (xt − xt−12) 1

Production of petroleum products - Natural gas ANP (xt/xt−12)− 1 2
Crude steel production BCB (xt/xt−12)− 1 2

Interest rates CDI Interest rates BCB (xt − xt−12) 0
Selic Interest rates BCB (xt − xt−12) 0

Survey Index of current economic conditions Fecomercio (xt/xt−12)− 1 2
Consumer confidence Fecomercio (xt/xt−12)− 1 2

Others

Brazilian Commodity Index BCB (xt/xt−12)− 1 1
Brazilian Commodity Index - Farming BCB (xt/xt−12)− 1 1
Brazilian Commodity Index - Metal BCB (xt/xt−12)− 1 1

Uncertainty Indicator of the Brazilian Economy (IIE-Br) FGV (xt/xt−12)− 1 1
Checks returned for insufficient funds BCB (xt/xt−12)− 1 2

Ibovespa Index BM&FBovespa (xt/xt−12)− 1 0

Table 7: Database
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