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ABSTRACT

Two models are proposed for the monthly Brazilian industrial production index from 2002
to April 2015. The first model considers transient falls after the crisis in 2008 and another
fall from December 2014 to April 2015, monthly fixed effects, different trends before and
after 2008 and an autoregressive serial correlation for the errors. Another model without
structural changes is the SARIMA model, including only a significant drop after the crisis in
2008. The first model identified a significant rising trend before the crisis of 2008, no
significant growth after the crisis, significant declines just after the 2008 crisis and
significant drop after December 2014. The SARIMA model do not assume different trends
and levels but its forecasts indicates a worse scenario with no recovery in 2016.
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1. INTRODUCTION

In general, the industrial production index has been increasing in recent years, associated with the
growth of the Brazilian economy. Recently some significant declines occurred in this index after the
world crisis in 2008 and the deceleration of the Brazilian economy in 2015.
The crisis in 2008, known as subprime crisis that began in the United States, affected the economy of
many countries which were affected by recession and are still recovering. In Brazil, industrial
production shows a significant drop in late 2008 and in 2009, which partly stalled industrial activity.
Another significant drop of the industrial activity occurred in early 2015 related to declining growth
expectations, successive interest rate increases and rising inflation. Another relevant factor is the
shortage of electricity, which greatly increased energy prices, which directly affect some industries
that rely heavily on electricity to function.
In this context, it is interesting to measure the effect of the 2008 crisis, assessing its impact in the
short term, with level changes of the industrial production index, and the medium and long term due to
changing trends in their behavior. Furthermore, it is also measured the effect of another crisis in 2015.
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In order to measure these changes, a regression model with serial correlation is fitted for the monthly
industrial production index from January 2002 to April 2015, and forecasts for the coming year were
obtained, ie, from May 2015 to December 2016.

The main objective of this work is to propose a model that takes into account level changes of
industrial production due to the crisis of 2008 and since the end of 2014 and trend changes since the
crisis of 2008. On the other hand, the usual SARIMA model without several deterministic changes of
level and trend, excepting a level change soon after the crisis in 2008, was proposed as a more
conservative model. Forecasts and the corresponding confidence intervals using both models were
compared to assess if the pessimist forecasts would be only a consequence of the choice of the level

and trend changes.

2. Methodology

The monthly industrial production index analyzed in this paper is measured by the Brazilian Institute of
Geography and Statistics (IBGE) based on data collected in the Monthly Industrial Research
(IBGE,2004). This index is calculated using a new methodology since 2004 but IBGE provided the
series since 2002 with average equal to 100 in 2012. In this paper we considered the industrial
production index from 2002 to April, 2005. The methodology to calculate the index is detailed in IBGE
(2004).
The first model considered is a regression linear model with changing level and trend, including:

e atrend component from 2002 to 2008 and a different trend since 2008;

e crisisO8 variable equal to 1 from Dec, 2008 to May, 2009 and 0 otherwise;

e crisisO8b equal to 1 from June to August, 2009 and 0 otherwise;

e y2015 equal to 1 from Dec, 2014 to April, 2015 and 0 otherwise;

e dummy variables I(Mt=i) equal to 1 if the t-th month is the i-th month of the year and 0

otherwise, for i= 1,..., 11, to model the seasonality with December as the reference month;

e AR(4) errors to model the serial correlation.
This first model for the industrial production index at time t is defined as
v, =Py + P (t—84)I(t < 84)+ B,(t —84)I(t > 84)+ B,crisisO8 + B,crisis08b + B, y2015 + ¥, I(M(f) = i)+ &,

with t=1,...,160, i= 1,..., 11, and 1(t<84) is a dummy variable equal to 1 if <84 and 0 otherwise.
The parameter 'Bl measures the linear trend until November, 2008, before the crisis in 2008, where
the observation 84 corresponds to December, 2008. The linear trend after crisis is denoted by B 2. Two

level changes are included in this model with parameters 'B3 and ﬂ4, where the first measures the
decrease just after the crisis and the second measures a posterior impact of this crisis. Another
change level occurs after November 2014.

The error variables constitute a stationary stochastic process with zero mean and non-null
autocorrelation. An autoregressive moving average (ARMA) model is proposed for these error
variables after analysis of the correlogram and partial autocorrelation function of the residuals. Then,

an autoregressive model of order 4 (AR(4)) model is proposed for these errors, as
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E=QE Lt DELHDESTPE W, , wWhere Wiis a Gaussian white noise process, ie, a

homoscedastic zero-mean process with null autocorrelations. The error variance is denoted by o>

An alternative model (Model 2) is the SARIMA model that includes only the crisisO8 variable as
explanatory variable because it is necessary to include this variable to control the significant decrease
just after the crisis of 2008. The choice of order of the SARIMA model was based on the Akaike
criterion (AIC), which consists of maximizing the likelihood including a penalty to avoid a large number

of parameters. The SARIMA(2,1,1)(1,1,2)12 with the exogenous variable crisis08 is specified as

v, = Bycrisis08 + €,
(1-®,B%)1-¢,B-¢,B*)A”Ae, =(1-0©,8” -©,B* \1-6,B)w,
where A s the simple difference operator, A" is the seasonal difference operator, B is the backshift

operator and Wiis a Gaussian white noise with variance o®. The SARIMA model with exogenous
variables are discussed for example in Shumway and Stoffer (2010).

The model was fitted using the conditional maximum likelihood method with the decomposition of the
prediction error implemented in the forecast library for the R software (Hyndman, 2015). The
auto.arima function allows to identify the order of the best SARIMA model minimizing the AIC

(Hyndman and Athanasopoulos, 2013).

The residual analysis evaluated the assumptions of Gaussian white noise errors Wi , using qqplots to
compare the residuals with the Gaussian quantiles and residual autocorrelation plots. The normality
was also evaluated with the Shapiro-Wilk test (Shapiro and Wilk, 1965), since its power may be larger
than other usual tests as compared by simulation in Razah and Wah (2011). The hypothesis of null

autocorrelations until lag 12 and 24 was tested using the Ljung-Box test (Ljung and Box, 1978). The

Breusch-Pagan test of homocedasticity of the errors Wi included all the exogenous variables in
model 1 (Wooldridge, 2012).

The 5% significance level is adopted for the conclusion of all tests.

3. RESULTS
The industrial production index depicted in Figure 1 presents clear seasonal pattern, relevant growth

from 2002 until 2008, a sharp decline in the end of 2008 until mid-2009 and it remains around 100

from 2010 to 2014. In the last 5 months, from Dec. 2014, the index presents a new decline.
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Figure 1: Monthly industrial production index

The regression model with the AR(4) errors presented significant autocorrelations only at lags 16 and
22, close to -0.2 as presented the sample autocorrelation function at Figure 2. The SARIMA residuals
behave as a white noise with null autocorrelations. The Ljung-Box test confirmed that residuals
present no correlation until lag 12 for both models (p=0.8024 and p= 0.337), but the correlations are
not all null until lag 24 for the regression model with AR(4) errors (p=0.006) and are null for SARIMA
model (p=0.119). Both residuals are distributed as Gaussian variables (p=0.954 and p=0.092 for
models 1 and 2). Using the Breusch-Pagan test, the residuals seems homocesdatic (p=0.981 and p=
0.111 for models 1 and 2).
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Figure 2: Diagnostic plots

The estimates presented at Table 1 indicate that the production index increased in average 0.3 each
month until the 2008, but the trend was not significant after 2008 (p=0.383). In the period from
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December, 2008 to May, 2009, the industrial production index presented a significant mean decrease
of 13.3 (p<0.001) and from the June to August, 2009, the decrease was attenuated, but significant,
corresponding to 7.0. These decreases occurred only in these periods and they were transitory, ie,
the index returned to the level before the crisis, but it did not increased again because post-crisis
trend was not significant. Another significant decreased occurred in December, 2014, making the
index fall significantly 6.6 points since then.

With respect to the seasonality, February is the month with the smaller mean industrial production
index and this expected production is significantly smaller than the observed in December. January
presented a mean production index similar to the mean in December (p=0.383). All other months
presented larger mean productions mainly from July to September.

The autoregressive term corresponding to the lag 2 presented no significant effect (p=0.075) and was

removed from the final model.

Table 1: Estimates, standard error and p-values — Regression model with AR(4) errors

Parameter Estimate SE P
Intercept 95.21 0.91 <0.001
trendtilO8 0.30 0.01 <0.001

trendpost08  -0.01 0.02 0.383
M1 -1.00 0.83 0.231
M2 -3.72 0.91 <0.001
M3 6.30 0.75 <0.001
M4 3.25 1.02 0.001
M5 8.86 1.06 <0.001
M6 5.74 0.91 <0.001
M7 10.18 1.07 <0.001
M8 12.95 1.05 <0.001
M9 9.52 0.78 <0.001
M10 13.78 0.94 <0.001
M11 8.85 0.86 <0.001
Crisis08 -13.32 1.52 <0.001
Crisis08b -6.98 1.51 <0.001
Year15 -6.58 1.59 <0.001
AR1 0.36 0.07 <0.001
AR3 0.42 0.07 <0.001
AR4 -0.34 0.08 <0.001
o’ 4.255

The SARIMA (2,1,1)(1,1,2)12 model was fitted to the industrial production index. This corresponds to
a difference of the industrial production index and a seasonal difference to obtain a stationary series.
Atfter these differences, the series presented a relevant decrease from December, 2008 to May, 2009,
what made necessary the inclusion of the effect of the crisis of 2008. The seasonal moving average
term of order 1 was not significant (p=0.533) and was removed from the model.
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Table 2: Estimates, standard error and p-values — SARIMA model

Parameter Estimate SE P
AR1 -0.991 0.120 <0.001
AR2 -0.539 0.076 <0.001
MA1 0.512 0.129 <0.001
SAR1 -0.673 0.098 <0.001
SMA2 -0.609 0.120 <0.001
Crisis08 -8.005 1.516 <0.001
o 6.998

The estimated variance of the error is larger for the SARIMA model than for the regression model with
AR(4) errors.

Figure 2 presents the industrial production index from 2012 and the forecasts from May, 2015 to
December 2016 were obtained using both models. Until October, 2015 the forecasts are very similar,
but since November, 2015, forecasts using the SARIMA model are smaller than the forecasts
obtained using the regression model. It is worth to note that the confidence intervals with 95% level of

confidence are larger for the SARIMA model due to the larger estimated error variance.
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Figure 3: Industrial Production Index from 2012 and forecasts

Based on the SARIMA model, the industrial production index changes 3.78% in 2015, what
corresponds to the percentage change forecast for December 2015 in relation to the index in
December 2014. Another decrease of -1.1% is expected for 2016. Based on the regression model,

the industrial production may vary only 0.1% in 2015 and -0.5% in 2016.
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4. DISCUSSION AND CONCLUSION

The regression model allowed the identification of different trends before and after the crisis that
occurred in 2008 and a significant transitory decrease after this crisis. These decreases corresponded
to a larger one just after the crisis, identified since December, 2008 to May, 2009, and another one,
with less impact, from June to August, 2009. Another significant decline occurred in 2015.

Both models do not presented large deviations from the assumptions of each model, but the
regression model with the AR(4) errors presented some few residual autocorrelations close to 0.2 for
lags 16 and 20. Even though we avoided to include more autoregressive or moving average terms,
since including terms with order 16 or 20 would have no reasonable practical reason and this would
imply a smaller number of observations to estimate the model.

It is worth noting that the error variance is larger for the SARIMA model, but this is a model for
differences of a nonstationary series, with stochastic trends, not directly for the industrial production
index. Moreover, the variance of forecasts are increasing over time (details in Hamilton, 1994) what is
expected for stochastic trends and is very reasonable since for the long term, there is greater
uncertainty. Model 1 do not have larger variability along time but is based on maintaining constant
trends and levels.

The forecasts obtained using the regression model indicates that our industrial production index will
continue to decrease. This fall must occur due to the non-significant trend after 2008 and the
significant decline identified by the end of 2014. Therefore, these forecasts could be considered
model-based with a pessimist bias including all level and trend decreases, but they constitute a better
scenario than the SARIMA forecasts.

On the other hand, the SARIMA model seems to be a more unbiased model, called as a data-driven
model, not including fixed linear trends and recent decline effects. Even though, the SARIMA
forecasts also indicate a decline and since November, 2015 the forecasts are smaller than the
obtained from the regression model. They also agree with the expectations in the Brazilian market, as
experts believe that the industrial production index may fall 3.65% in 2015 as published in the Focus
report (Brazilian Central Bank, 2015) and based on the SARIMA model the index may fall 3.8% in
2015. Therefore, it seems that our perspective is not very promising for 2016 and the current

recession shall last long.
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