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Analysis of the co-movements in the short term of
commodities oil, mineral coal and crude oil
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ABSTRACT

The main purpose of this study is to determine the relationship among oil, crude oil and mineral coal
commodities, from 1997 to 2015 to understand, identify, and quantify their impact on short-term
relationship using the autoregressive vector models. The methodology of autoregressive vectors will
provide the assessment of impulse-response functions and variance decomposition applied to
commodities included in this study. Our findings show that oil affects mineral coal and crude oil prices,
and its own price; but it is not affected by order variables. Oil causes an unstable behavior on the other
variables, presenting positive and negative effects, all variables, after suffering external shocks, have
returned to their normal oscillation levels up to the 7th period. An impulse of one standard deviation in
crude oil affect mineral coal positively and negatively, and begin to get stable at 9th period. The
response to crude oil is oscillatory when mineral coal receive an external shock, and begin to stabilize
at 6th month. The knowledge of their behavior over time is important to managers do assertive
decisions with adequate strategic planning based on the scientific informations.
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1. INTRODUCTION

The Brazilian mineral industry was boosted by the developed countries, which
were responsible for increased in ore imports. According to the Ministry of Mines and
Energy (2016), Brazil's exports totaled US $ 191.1 billion in 2015, a drop of 14.1% over
the previous year. The countries to which Brazil most exported in the year 2015 were
China, United States, Argentina, the Netherlands and Japan, the main products
exported are iron ore, iron, steel, crude oil, soy and derivatives, automobiles, Cane
sugar, airplanes, beef, coffee and chicken (BNDES, 2016).

Analyzing the current transformations and challenges facing the Brazilian
economy, economists such as Alberto Ramos (analyst at Goldman Sachs), Mauricio
Molan (Santander's chief economist), among others, point to the end of the super-
cycle of the increase in consumption of mineral commodities, (CANUTO, 2014).

The global deceleration caused by the international financial crisis forces the
fall in raw material prices and modifies the growth trend that began in 2000. This
resulted in a change in the behavior of the Brazilian trade balance (SEABRA et al.,
2015).

The commodities used in this study are: mineral coal, crude oil and oil.
According to Borba, (2015, p.1), it is a solid fossil fuel and, according to Nascimento et
al., (2002), is the largest source of non-renewable energy in the country, and the
largest reserves are located in Rio Grande do Sul, Santa Catarina and Parana. Crude
oil is extracted through oil refining, and has a great commercial interest (FORTUNY et
al., 2008).

Oil is a raw material used in more than 350 products and gives rise to various
derivatives used in industry. Although mineral coal and oil and its derivatives come
from a non-renewable mineral source, and cause aggression to the environment,
these sources of energy are still widely used by rich and emerging countries and,
therefore, it is a very representative variable to the World economy (SILVA et al.,,
2005).

This study is important to understand the interrelationship among the variables

and verify is the price of one is capable to interfere in the price of others. And is
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important to show how the variation in one variable affect the level or others. Is the
vector autoregressive model able to capture the interrelationship and the impact in
level of the variables under study.

This research aimed to understand the co-movements of commodities oil,
crude oil and mineral coal, in the short-term relationship through autoregressive
vectors and the impulse response methodology.

The knowledge of their behavior over time is important to managers do
assertive decisions with adequate strategic planning based on the information of the

analyzes performed, making the enterprises more competitive.

2. AUTORREGRESSIVE VECTOR - VAR

The autoregressive vector (VAR) models (CHAREMZA e DEADMAN,1997) are
more commonly used in economic variables when we want to study the behavior of
different regions, sectors or countries, considering the same variables as definitions
(HILL e LEAVER, 1999). In this way, the VAR model is used, which allows analyzing the
interrelationship among the series under study. The participation of each variable in
the explanation in the model is performed through variance decomposition, and also
allows determining the impact on the endogenous variable when an external shock or
innovation occurs, being evaluated by means of the impulse-response technique
(SENNA e SOUZA, 2016).

The VAR models allow us to analyze the interrelationships among the multiple
variables from minimum constraints, which are the stationarity of the series and the
number of lags to be included in the model, thus maintaining the same lag structure,
called structural VAR (p) with lagged variables (ENDERS,1995), (BENTES, 2015) (TSAI,

2017) represented in equation 1.

o + @17‘71 + ..'Gp%—p + & (1)

t

Where: ¢ itis the constant, ® (j=1, 2, ..., p) is an array of parameters k x k; Is a

k-dimensional vector of white noise terms.
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The orthogonalization is performed by decomposition of the covariance matrix
known as Cholesky decomposition, which makes lower triangular matrix of errors
(CAVALCANTI, 2010).

The variance decomposition describes the movements when a shock is applied
to the variable itself and when it is applied to the other variables (ANDINI, 2006). If the
error of one variable explains nothing of the variance of the error in the other
variable, it is said to be exogenous, and it evolves independently of shocks in the
errors in the endogenous variables (MAYORGA et al., 2007). The variance
decomposition calculates the percentage of the prediction error variance, which is
derived from each endogenous variable, throughout the forecast (BUENO,2008).

The steps for estimating a VAR model are described in the methodology, as well

as the tests necessary for its estimation.

3 METHODOLOGY

Mineral commodities included in this research are mineral coal, oil and crude oil
to the size from 1997 to 2016, totaling 19 years corresponding to 216 monthly
observations for each variable. These data were collected from the Foreign Trade
Information Analysis System, called AliceWeb, available at http://aliceweb.mdic.gov.br,
from the Foreign Trade Secretariat, from the Ministry of Development, Industry and
Foreign Trade (MDIC), these data are public.

To fit the VAR model a graphical analysis to each variable is done to understand
the behavior of the series in relation to its stationarity. The unit roots Dickey-Fuller
(DICKEY e FULLER, 1979) and Kwiatkowski, Phillips, Schmidt and Shin (KPSS)
(KWIATKOWSKI et al., 1992), tests are done, to classify the series in I(0) or I(d) Bueno
(2011). The VAR model imposes the stationarity constraint, ie, | (0). If the series are
classified as non-stationary, "d" differences will be necessary to turn on stationary
(BENTES, 2015).

Initially, a VAR model with stationary series is fitted using an arbitrary number

of lags to series, with different lags lengths to each model the criteria Akaike
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Information Criterion (AIC) and Bayesian Information Criterion (BIC) are calculated

Maddala(1992), according to equations 2 and 3:

AIC,
BIC

2 log(L,) + 2[(p + 1) + 1] 2)
, = =2 log(L,) + [(p + 1) + 1] log(n) (3)

The lowest values for AIC and BIC determine the number of p lags to be used in
the model VAR (p), this procedure is referred to as the lag order criteria.

After to accomplish this step, is important to determine the order to include
variables in the model by means of block exogeneity test conducted by the Wald test,
and the VAR model is fit again with correct number of lag in the lagged variables and
the order that each variable enter in the model, details at Charemza e Deadman,
(1997). The most exogenous variable is the first to enter in the model. The variables
ordering is important to reflected the quality of the estimated values in the impulse
response and the variance decomposition when performed (BOUTABBA,2014).

Defined, adjusted and validated the model, which must present residues with
white noise characteristics and non-autocorrelated, it is possible to carry out an
Impulse-Response function Charemza e Deadman, (1997), the decomposition of
variance Bueno (2008).

To make an impulse response the Cholesky (CAVALCANTI, 2010) decomposition
is used, so one impulse and/or impact is imputed in the innovation of the equation
selected to be analyzed, the impulse used in this study is of 2 standard deviation. The
impact imputed in the innovation is transmitted for all variables presented in the
equation, enabling to follow the behavior in the short term. This analysis makes it
possible to evaluate the impacts on mineral price commodities under study, from
shocks performed in the most relevant commodity.

The variance decomposition is useful to see how much each variable contribute
to explain the variable under study, so it is possible see how much mineral price
commodities compose the price of each variable in the short term.

Following these steps, it is sought to verify the relationships of oil, crude oil and

mineral coal in a short-term horizon.
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4 RESULTS

Regarding initially the commodities: mineral coal, oil and crude oil; According to

Figure 1, it is observed that the series show a non-stationary behavior, since they do

not oscillate around a constant value.

Figure 1 - Mineral Prices commodities figure 1 (a) oil, figure 1 (b) crude oil and
figure 1(C) mineral coal, level
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In order to make the series stationary, differences are applied to reach the

necessary assumption of stationarity and to adjust the VAR model, the series in first

differences are presented in Figure 2.

figure 2(C) mineral coal, in first differences

Figure 2 - Mineral Prices commodities figure 2 (a) oil, figure 2 (b) crude oil and
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difference, the ADF and KPSS tests Table 1 were used.

Source: authors

In Figure 2, to confirm that the series have become stationary, after the
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Table 1 - Augmented Dickey-Fuller (ADF) and Kwaiatkowski, Pillips, Schmidt and
Shein (KPSS) unit root test for variables in level and first differences

Level 1st difference
ADF OB P CM OB P CM
Statistics-t -2,34 -1,77 -2,30 -16,06  -1538  -15,32
Critical value of the ADF 5% -2,87 -2,87 -2,87 -2,87 -2,87 -2,87
P-value 0,157 0,393 0,173 0,00 0,00 0,00
Level 1st difference
KPSS OB P CM OB P CM
LM -stat 1,35 1,59 1,62 0,11 0,12 0,31
Critical value of KPSS 5% 0,46 0,46 0,46 0,46 0,46 0,46

MacKinnon (1996) one-sided p-values, (OB: crude oil, CM: mineral coal, P: Oil)
Kwiatkowski-Phillips-Schmidt-Shin (1992, Table 1).

In Table 1, we do not reject the null hypothesis that series in level have unit

roots, so the series are considered | (1), but in first differences the null hypothesis is

rejected and all series are considered stationary - | (0).

To confirm the decision of the ADF test, we use the KPSS test (MASAYOSHI

HAYASHI, 2014), where the null hypothesis of stationarity is rejected, considering the

series level, so all are considered | (1). After application of the tests in the series in

differences, they become stationary - 1 (0). To determine the number of lags, sets a

general VAR model, a range of up to 8 lags and it is estimated that to point a lower

value for the AIC and BIC statistics should be used.

Table 2 - Lag Length Criteria for selecting the order of the VAR (p)

Lag AIC BIC

0 107.2902 107.3449
1 106.6146 106.8333
2 106.1780 106.5607
3 106.0323 106.5792
4 105.8960 106.6069
5 105.9091 106.7840
6 105.8588 106.8977
7 105.7966 106.9996
8 105.7990 107.1660

Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC)

According to Table 2, the highlights indicate the best values found, the lowest

AIC=105.7666 estimated model with a lag of 7, i.e., VAR (7) and BIC=106.5607 model
with a lag 2, l.e., VAR (2). The BIC criterion is more consistent for large samples and
generally provides the choice of a more parsimonious model that AIC (SOBRAL e

BARRETO, 2011). The order of the variables that will make the model was determined
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by the Block Exogenety Wald test, which were disposed of more exogenous to the
most endogenous Nguyen (2011), in the following order: mineral coal, crude oils and
oil. This ordination is important, because at the moment of performing the impulse of
response there will be the influence of this ordering. The Granger causality test,

according to Table 3, was used to test the causal relationship of variables two to two.

Table 3 - Granger causality test applied in the variables oil (P), mineral coal (CM),
crude oil (OB)

Null Hypothesis: Obs F-Statistic p-value.
D(OB) does not Granger Cause D(CM) 179 3.03598 0.0506
D(CM) does not Granger Cause D(OB) 1.67654 0.1900
D(P) does not Granger Cause D(CM) 179 3.57378 0.0301
D(CM) does not Granger Cause D(P) 3.17721 0.0441
D(P) does not Granger Cause D(OB) 179 3.32405 0.0383
D(OB) does not Granger Cause D(P) 0.16608 0.8471

Based on Table 3, it can be observed that oil and mineral coal are bidirectional,
and oil cause crude oil, it can be seen when p-value is less than 0,05. To fit the VAR
model is necessary to order the variables from exogenous to endogenous influence,

in the following order: mineral coal and crude oil, expressed in oil according Table 4.

Table 4 - VAR model represented in order of exogenous to endogenous

Variables Endogenous Variables

A(CM) A(OB)

ACM ¢

-0.734399 -9.455363

(0.06814)  (5.23947)

[-10.7780] [-1.80464]
ACM (-

-0.226976 -8.065841

(0.06082)  (4.67708)

[-3.73163] [-1.72455]
AOBw  0.001545 -0.546328

(0.00093) (0.07160)
[ 1.65910] [-7.62990]
AOB 0.002175 -0.355978
(0.00092) (0.07056)
[2.37051] [-5.04490]
AP
-0.560475 42.47584
(0.46730) (35.9328)
[-1.19939] [1.18209]

Akaike information criterion 76.34811/ Schwarz criterion 76.52618
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In Table 4, the VAR (2) is presented, under each parameter estimated in
parentheses are shown the standard error, and the values in brackets are the tcalc
statistic. All equations show residue with white noise characteristics, and the
adjustments statistics are AIC= 76.34811 and BIC = 76.52618. It is observed that the A
(CM) equation depends on the mineral coal up two lags, and crude oil up to two lags
on it in a delay and two delays by it, and by coal. The variable A (P) enters as an
instrumental variable in the estimation of the model. The same structure is followed
by crude oil. In VAR modeling it is not necessary that variables and lags be significant
in all equations, there is a need to establish a statistically significant interrelationship
among the equations, through the variables included in them. For the purpose is to
understand the co-movements of the system of equations in moments of
contemporary times and not the prediction of the variables involved.

A change in one variable affects the other variables, this effect of the external
shock is transmitted by the structure of the adjusted VAR for the other variables and
the important thing is to observe how many instants of time are necessary for this
variable to become stable in front of the shock received. The impulse response is
nothing more than the transmission of a signal through the innovations of the
adjusted equations. The commodity price of oil is exogenous therefore must be
considered an instrumental variable. The endogenous variables mineral coal and
crude oil should receive an external shock in terms of standard deviation to analyze

the behavior in a short term, as shown in Figure 3.

Figure 3 - Impulse response given to the figure 3 (a) mineral coal variable and
figure 3 (b) crude oil
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In crude oil price (figure 3a), affected by mineral coal price shocks, there is an
increase in mineral coal price, with a rise in the second month, contracting in the
fourth and fifth months, rising again and adjusting to the level of long-term
equilibrium.

In relation to crude oil (figure 3b) shocks cause this variable to fall in price,
increasing again from the fourth to the fifth month, stabilizing in the seventh month.

When performing the variance decomposition, the variance of the forecast
error of 10 months ahead was used. The first variable decomposed in Table 5, was the
oil, it was analyzed how much, of the same variable, is explained by it and the other

variables.

Table 5 - Decomposition of Variance oil, mineral coal price and crude oil

Decomposition of Variance D (P)

Period Forecast Error D (P) D (CM) D (OB)
1 784260.9 100.0000 0.000000 0.000000
5 887121.7 96.58828 3.166975 0.244745
10 889965.0 96.50975 3.229071 0.261175
Decomposition of Variance D (CM)
Period Forecast error D (P) D (CM) D (OB)
1 5,300,155. 1.019026 98.98097 0.000000
5 7083013. 4.472786 93.67678 1.850438
10 7089428. 4.502874 93.52444 1.972689
Decomposition of Variance D (OB)
Period Forecast Error D (P) D (CM) D (OB)
1 4.08E + 08 3.141445 2.659736 94.19882
5 4.82E + 08 3.502520 2.395012 94.10247
10 4.83E + 08 3.773472 2.468390 93.75814

In the first month, 100% of the variance of the oil price variable is explained by
the itself, already in the fifth period, 96.58% of the variance of the oil is explained by
the variable itself; 3.16% is explained by mineral coal, and 0.24% is explained by the
value of crude oil. In the tenth moment, 96.50% of the variance of the oil is explained
by the variable itself; 3.22% is explained by coal, and 0.26% is explained by the value
of crude oil. Note that from the fifth period, the participation of variables becomes
stable in relation to the share of coal and crude oil, is small relative to the explanation

of the oil price. In the first month, 98.98% of the variance of the mineral coal variable
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is explained by itself, and 1.01% is explained by the oil. Already, in the fifth period,
93.67% of the variance of mineral coal variable is explained by itself; 4.47% is
explained by oil, and 1.85% is explained by the value of crude oil. In the tenth
moment, 93.52% of the variance of mineral coal is explained by itself; 4.52% is
explained by oil, and 1.97% is explained by the value of crude oil. It was observed that
from the fourth period, the participation of variables becomes stable in relation to the
share of oil and crude oil, since it is small in relation to the explanation of the mineral
coal price.

Analyzing the crude oil variance, there is stability in the values of the prediction
error of the variance, as months pass by. In the first month, 94.19% of the variance of
crude oil is explained by the variable itself, 3.14% is explained by oil, and 2.65% is
explained by coal. In the fifth period, 94.10% of the crude oil variance is explained by
the variable itself; 3.50% is explained by oil and 2.39% is explained by the value of
mineral coal. In the tenth moment, 93.75% of the crude oil variance is explained by
the variable itself; 3.77% is explained by oil, and 2.46% is explained by the value of

mineral coal. These values stabilize from the seventh month.

5 CONCLUSION

This study enabled the analysis of the relationship among the prices of the
main Brazilian mineral commodities of oil, mineral coal and crude oil, through the VAR
model, from 2000 to 2016. According to MDIC data, the variables studied are of great
relevance in the country's economic growth, since up to 2015, they were the most
exported raw materials in Brazil.

Through the analysis, it was verified that the series have oscillated over the
years. Since 2010, the values of mineral commodities have undergone significant
growth, with China as the largest Brazilian iron ore buyer. Considering the analyzed
commodities, China surpassed the United States and Argentina in the ranking of
Brazil's main trading partners. In 2008 there is a loss referred to the fall in demand for

minerals in the world, as a result of the explosion of the housing market in the United
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States, but then there is a recovery through the sale of iron with China (MACHADO,
2015).

Among 2002 and 2012, the growth of Brazil's economy depended on exports of
minerals and agricultural commodities. But the sharp decline in prices of these
commodities in the world market took place from 2013 and jeopardizes this growth.
In the year 2007, there is growth, but quickly in 2008, there is a bigger fall than the
increase. In this way, peaks above the historical average occur, which falls in 2013. As
a result, the market remains below the world average of the last 40 years. In 2015,
with the slowdown in China's growth, the mineral prices commodities also
experienced a decrease of its market value. Brazil has been suffering great losses with
the change in the economic model of this Asian country, the iron price ore reduced by
43% in recent months, according to the Brazilian Foreign Trade Association in 2016.

The slowing of Chinese growth causes damage in Brazil, causing an economic
crisis. Therefore, China has made the commodities price traded on international
markets plummeted. This fall in prices generates fluctuations in the Shanghai Stock
Exchange, which reaches several markets in the world. This volatility, together with
the depreciation of the Japanese currency Yuan, reaches the steel, Brazilian mining
and oil and, likewise, Bovespa (CASOTTI et al., 2015), (SILVA, 2014).

There was a drop-in world oil production, with prices not falling, which may
occur in periods of strong oil demand, growth in the economy of exporting countries,
(LEDER e SHAPIRO, 2008). This occurred in Brazil in the period from 2010 to 2015,
however, Brazilian policy has not invested these profits in national consumer goods
industries to remain a competitive country. It is known that commodities always go
through cycles and during this period generated a surplus, but there are periods of
falling prices. Meyer et al., (2009) indicate negative impacts on oil importing countries
in their study when using structural econometric models. In this way we can
understand the oscillations represented in the graph, because changes occurred in
the world economy, reflecting in the price and consumption of the commodities

under study.
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In the estimation of the VAR model, oil is the variable that influences the price
of other commodities. Thus, this variable could be responsible for the oscillations
prices in the analyzed commodities. In order to compose and understand the
behavior of the variables under study, we performed the variance decomposition,
which resulted that oil price influence crude oil and mineral coal.

With regard to these results also there is a statistically significant
interrelationship between the equations, by means of the variables included in the
model in them, which could be evaluated by means of impulse-response functions.
They indicated that endogenous shocks exert an oscillatory behavior on the other
variables of the model, presenting positive and negative effects over time.

According to the impulse-response function, an increase or fall in the price of
the endogenous variables, will have reflexes in value of these commodities, and are
perceived in all series of the model. This behavior in the short term also results in
changes, because when there is a change in the variable price, this oscillation affects
the other variables. But the shocks are transient, and the variables enter into
equilibrium in the long term. However, analysis of variance decomposition of the
forecast error indicated a growing share of mineral commodities from the second
period, over time analysis.

The research limitations arise on the sample size of the variables and the
number of commodities under study. The suggestion for future studies, is analyze
other commodities traded in the Brazilian trade balance, such as: agricultural,

financial and environmental, and also examine the volatility of these commodities.
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