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Resumo
O Brasil emergiu como um importante produtor de biodiesel na última década, resultando
em uma transformação estrutural no consumo de óleo vegetal. Mais especificamente, o óleo
de soja, que representa cerca de 80% da produção anual de óleo vegetal do país. O óleo
de soja deixou de ter como principal aplicação a destinação alimentícia, para a produção
de biocombustível, respondendo por quase metade de seu uso. Esse desenvolvimento traz
implicações para o potencial impacto da volatilidade no setor de energia sobre a indústria
alimentícia. Uma vez que existe evidência de cointegração entre óleo vegetal nos Estados
Unidos e na Europa com os preços do petróleo bruto. No entanto, há uma compreensão
limitada sobre o mercado brasileiro e a extensão em que a volatilidade se propaga entre
os dois setores. Neste artigo, medimos a transmissão de volatilidade entre o mercado
internacional de petróleo bruto e a matéria-prima brasileira para biodiesel. Consideramos
variações estruturais nos dados dividindo nossos retornos semanais em dois períodos:
de maio de 2000 a dezembro de 2007 e de janeiro de 2008 a dezembro de 2022. Não
encontramos evidências de transmissão de volatilidade antes de 2008, mas evidenciamos a
transmissão de volatilidade do petróleo bruto para o óleo de soja após 2008.

Palavras-chave: Transmissão de volatilidade, VAR-GARCH, Biodiesel



Abstract
Brazil has emerged as a significant producer of biodiesel in the past decade, resulting in
a fundamental transformation of vegetable oil consumption. More specifically, soybean
oil, which represents about 80% of the country’s annual vegetable oil production, has
experienced a notable transition from being primarily utilized for food consumption to
being utilized as fuel, accounting for nearly half of its usage. This development carries
implications for the potential impact of energy sector volatility on the food industry.
Studies have shown that the prices of vegetable oil in the United States and Europe have
become cointegrated to crude oil prices. However, there is limited understanding regarding
the Brazilian market and the extent to which volatility spills over between the two sectors.
In this article, we measure volatility spillover between international crude oil market and
Brazilian biodiesel feedstock. We account for structural variations in data by splitting
our weekly returns in two: from May 2000 to December 2007 and from January 2008 to
December 2022. We find no evidence of volatility spillover prior 2008, but we evidence of
volatility spilling over from crude oil to soybean oil after 2008.

Keywords: Volatility spillover, VAR-GARCH, Biodiesel feedstock

JEL Classification: O13, Q02, Q11, Q13, Q47
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1 Introduction

With the increasing interconnectedness of global markets, individual commodities
are becoming more vulnerable to market fluctuations. Previous research has extensively
examined the impact of volatility spillover, mostly between equity markets and commodity
indexes. While valuable for portfolio management, it may not fully address the needs of
commodity trading companies and individuals involved in this market, such as farmers.
Therefore, it is important to investigate the specific dynamics of volatility spillovers in
commodity markets, as this could also provide insights for developing policy-making
strategies.

Over the past two decades, there has been a noticeable rise in market volatility
due to the liberalization of the financial sector and economic openness. This has sparked
increased interest in studying market volatility. Given the greater integration and significant
volatility observed in major financial markets, the behavior of commodity and equity
prices has become more sensitive to various factors, including deregulation, weather
patterns, geopolitical conflicts, economic policies, investor expectations, social uprisings,
and unforeseen events (Vivian and Wohar, 2012; Mensi et al., 2013). Market liberalization
also affected commodity markets. In recent times, there has been a significant increase
in liquidity and the number of investors. These investors are primarily interested in
commodities as financial assets and securities, rather than using them to hedge risks and
support real economic activities. The prices of crude oil and agricultural commodities
are highly influenced by factors such as financial crises, conflicts, and weather conditions
(Vivian and Wohar, 2012; Mensi et al., 2013). For example, the price per metric ton of
soybean oil started trading at $600 in May 2020 and quickly rose to $1600 in May 2021,
within a year. A similar trend can be observed in Brent prices during the same period,
starting at $20 per barrel and increasing to $70 per barrel. We aim to examine the impact
of increased demand of soybean oil for biodiesel using a structural break in 2008.

Given the changing nature of volatility and the mechanisms through which it
is transmitted between different types of markets, it drove different discussions among
researchers, academics, and market participants. Previous studies have examined the
spread of volatility between different key stock markets or between the crude oil market
and financial markets. Parametric and non-parametric approaches are used in volatility
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spillover analysis. The parametric utilizes econometric algorithms such as some specification
of GARCH model. While non-parametric approach does not require knowledge of the
probability distribution and allows for flexibility in estimating volatility (e.g., Serra
2011; Du et al. 2011; Arouri et al. 2012; Wen et al. 2021). We chose the parametric
approach. For example, Serra et al. (2011) used the Multivariate Generalized Autoregressive
Conditional Heteroskedasticity (MGARCH) model to examine volatility spillover among
crude oil, ethanol, and sugar prices. More recently, the vector-autoregressive Generalized
Autoregressive Conditional Heteroskedasticity model (VAR-GARCH) has been used to
investigate temporal volatility spillovers between exchange rates and commodities, crude
oil and stock markets (Yu et al., 2020), and to demonstrate the increased interdependency
across markets during the recent COVID pandemic (Arfaoui and Yousaf, 2022). The study
of volatility spillovers has important implications for various applications, including the
development of policies. For example, understanding the links between different markets is
crucial to addressing the food versus fuel nexus (Zhang et al., 2010). Serra et al. (2011)
study mainly volatility spillovers between ethanol and sugar markets, whereas we focus on
biodiesel feedstock and crude oil prices.

Although recent studies have explored the relationship between biodiesel feedstock
and crude oil, there is still room to explore mechanism of volatility transmission among
different assets. This work addresses this issue in the Brazilian context, focusing on soybean
oil as the main feedstock for biodiesel production in the country. We use a data set that
spans more than 20 years to model the price dynamics of Brazilian soybean oil. We apply
VAR or VECM models conditionally on the presence of cointegration among series. We
use the residuals from the price dynamics equation to fit a mixed BEKK-GARCH model,
allowing for an analysis of the spillover effects and directionality between the commodity
and stock markets in Brazil. This study focuses specifically on measuring volatility spillover
between Brazilian biodiesel feedstock prices and international crude oil prices. To our
knowledge, this is the first study dedicated to the Brazilian biodiesel feedstock market.
We find evidence of volatility spilling over from crude oil to soybean oil.

The organization of this study is as follows. In Section 2, an overview of the relevant
theoretical and empirical literature is provided. The Brazilian context of the biodiesel
market is described in Section 4. In the same section, the data and empirical methodology
are explained. The empirical findings are analyzed in Section 5. Lastly, the conclusion is
presented in Section 6.
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2 Literature Review

Although the relationship between food and fuel has been extensively studied,
research on the impact of crude oil prices on vegetable oil commodities has mostly focused
on the period after the 2008 food crises. This interest has been further intensified by
the implementation of policies promoting biofuel production. Market participants have
expressed concerns regarding the transmission of shocks and volatility between these
markets. One aspect that has received significant attention is the concept of cointegration.
Several studies have examined whether vegetable oils and fossil fuels are cointegrated
using weekly or monthly data (Yu et al. 2006; Hameed and Arshad 2008; Peri and Baldi
2010; Ghaith and Awad 2011; Destiarni and Jamil 2021). However, it is worth noting that
studies with longer time series often identify temporal breaks between 2006 and 2008 (Yu
et al. 2006; Aynur 2013; Dahl et al. 2020).

Schaefer et al. (2022) explore the dynamic relationship between biodiesel feedstock
and crude oil prices, taking into account factors such as policy changes, shifts in supply and
demand, and geographical context. They examine various policies in the biodiesel sector in
the United States and Europe, aiming to fill gaps in the existing literature. There is a weak
interdependence between biodiesel feedstock and crude oil prices, consistent with previous
studies by Yu et al. (2006) and Zhang et al. (2010). However, during periods of high food
prices, a strong interdependence is observed, in line with Hameed and Arshad (2008),
Ghaith and Awad (2011), and Esmaeili and Shokoohi (2011). Although cointegration is a
reliable indicator of interdependency, the study also investigates volatility transmission in
Brazilian biodiesel feedstock, expanding beyond cointegration analysis.

Dahl et al. (2020) examine the volatility spillover of crude oil and ten agricultural
commodities using an ARMA-EGARCH specification. They split 30-year dataset into two
subsamples, before and after 2006. The results show no significant evidence of volatility
spillover prior to 2006, but strong bidirectional spillover among future markets after
2006, particularly during periods of financial and economic turmoil. Previous empirical
studies have indicated that crude oil often acts as an exogenous factor that transmits
volatility to agricultural markets (Serra, 2011; Nazlioglu et al., 2013). Arouri et al. (2012)
also investigate volatility spillovers between crude oil and stock prices in Europe using a
VAR-GARCH framework and find significant spillover between these markets. However,



Chapter 2. Literature Review 13

several studies have contradicted the idea of volatility transmission from crude oil to
agricultural commodities, reporting negative spillovers or no significant effect (Du et al.,
2011; Nazlioglu and Soytas, 2011; Nazlioglu et al., 2013; Gardebroek and Hernandez, 2013;
Kang et al., 2017). These conflicting findings highlight the ongoing debate on the dynamics
of volatility transmission between crude oil and agricultural commodities. Table 1 provides
a summary of the commonly used methodological approaches in spillover investigations.

Table 1 – Summary on previous work

Author Assets/Markets Period Frequency Methodology Results

Dahl et al. 2020 Oil and agricultural 1986-2016 daily ARMA-EGARCH Significant
commodity

Bonato 2019 Oil and agricultural 2002-2017 intraday GARCH Significant
commodity

Lu et al. 2019 Oil and agricultural 2008-2017 intraday MGARCH Significant
commodity

Avileis and Mallory 2022 USA and BRA corn 2004-2019 daily VAR-BEKK-GARCH Significant
and soybean

Serra 2011 Oil, ethanol 2000-2009 weekly GARCH Significant
and sugar

Wen et al. 2021 Chinese stock and 2009-2020 daily TP-VAR Significant
commodity markets

Mensi et al. 2021 Developed and 2000-2018 daily DCC-GARCH Significant
emerging markets

Trujillo-Barrera et al. 2012 Oil, ethanol 2006-2011 weekly VAR-BEKK-GARCH Significant
and corn futures

Carpio 2019 Ethanol, gasoline, 2001-2018 monthly VECX Significant
sugar and Brent

Kang et al. 2017 Oil, gold, silver, 2002-2012 weekly DY (08, 12) Insignificant
corn, wheat and rice

Cabrera and Schulz 2016 Oil and agricultural 2003-2012 weekly DCC-GARCH Insignificant
commodities

Notes: Diebold and Yilmaz (2009, 2012) DY(09, 12). Significant indicates if a study finds crude
oil changes the price dynamics of agricultural commodities. Insignificat for the cases it does not.

There is limited research on the subject of biofuels and agricultural commodities in
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the Brazilian market. Serra (2011) uses a semiparametric GARCH approach to investigate
the transmission of volatility among crude oil, ethanol, and sugar prices in Brazil from July
2000 to November 2009. Her findings provides strong evidence of interconnected volatility.
Furthermore, Serra et al. (2011) discover a significant relationship between energy prices
and agricultural commodity prices, specifically for corn, cotton, and soybeans. These
findings offer insight into the interdependence of the energy and agricultural markets in
the context of the Brazilian biofuel industry.

The relationship between oil and commodity prices is complex, and it is necessary
to analyze each case separately. Furthermore, existing literature on the connection between
vegetable oil and crude oil indicates that the mechanism for price transmission between
these markets is not well established. We aim to examine the impact of increased demand
for soybean oil for biodiesel on a structural break in 2008. Furthermore, we seeks to
determine to what extent changes in crude oil prices can influence the price equilibrium
in vegetable oils. Lastly, the study aims to estimate the direction of the coefficients and
conditional correlations between the underlying commodity markets. According to previous
research, Dahl et al. (2020) find limited evidence supporting volatility transmission before
2006, but strong evidence when subsampling after the threshold.
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3 Biodiesel context

Since the early 2000s, there has been a significant increase in biofuel production as
the global community has focused on sustainable energy sources. From 2000 to 2022, global
biofuel production increased by an impressive 700% (OECD, 2022). It should be noted
that the top five countries in biofuel production are responsible for approximately 85%
of total production (Schaefer et al., 2022; OECD, 2022). This growth in the use of food
commodities as fuel has sparked a comprehensive discussion on the relationship between
the energy and food sectors (Janda and Krištoufek, 2018). The issue of food versus fuels
was first introduced in the economic literature by Barnard (1983) during the emergence of
the modern biofuel era and by Rajagopal et al. (2007) just before the global food crisis of
2007/2008. In his influential paper, Mitchell (2008) observes that biofuel production is
a major driver of food prices. On the other hand, Zhang et al. (2010) observes that this
impact is local and there are no long-term price relations between fuel and agricultural
commodities prices. Filip et al. (2019) conducted a study that demonstrated the price
dependency of biofuels on their respective feedstocks, specifically for biodiesel in Europe
and ethanol in the United States and Brazil. Interestingly, they also observed a stronger
relationship during food crisis events. Figure 1 illustrates the evolution of the production
of the main biofuel-producing countries.

Brazil has recently emerged as a prominent producer of biofuels. It currently ranks
second in global biofuel production and fourth in biodiesel production (OECD, 2022).
To support and expand biofuel usage, Brazil implemented different policies during the
last two decades that can remount in two major biodiesel programs. First one is the
Brazilian Biodiesel Production and Use Program (PNPB), launched in 2005, is a Federal
Government program aimed at the sustainable implementation of biodiesel production and
use, focusing on social inclusion and regional development, via job and income generation.
PNBP pushed blend ratio up to 8% by March 2017. In December 2017, Brazil established
the Brazilian Policy for Biofuels - RenovaBio, which created a regulatory framework to
revitalize the biofuels sector, encouraging energy efficiency gains in biofuels production
and use. The policy aims to reduce the carbon intensity of the transport fuel matrix by
10% and avoid 620 million tons of CO2eq emissions from 2018 until 2030 and meet its
commitments to the Paris Agreement of reducing greenhouse gas emission by increasing



Chapter 3. Biodiesel context 16

Figure 1 – Top biofuel producers in the world. Thousand metric ton. Source: OECD (2022).

biofuel consumption (Lima and Fabiano, 2020; Grangeia et al., 2022; Ronquim Filho et al.,
2022). It incorporates mechanisms such as Life Cycle Assessment (LCA), fuel market
commercialization, and predictability. It also establishes a market for carbon-reduction
credits known as CBIO. However, the implementation of this program has faced challenges
in terms of establishing a legal and regulatory framework, as well as concerns about land
use displacement and the traceability of agricultural feedstock. These challenges have
sparked discussions about new technologies and the regulation of the carbon market within
Brazil’s fuel industry. Stakeholders, particularly trade associations and companies involved
in the energy and biofuels sector, have actively participated in these discussions. Despite
these challenges, the RenovaBio program has achieved success in increasing the blend ratio
of biodiesel to diesel from 7% in 2017 to 12% in 2023. This ratio should increase further to
15% by 2026 (MME, 2023). Figure 2 illustrates the evolution of biodiesel production in
major producing countries and Figure 3 displays biodiesel-to-diesel blend ratio evolution
in Brazil. In appendix we display evolution of total production plants and production
breakdown by state (refer to 8 and 10).

Biodiesel has the potential to use any fat source as a feedstock, depending on its
availability in a specific region. Although Brazil has a wide range of oils and fats, soybean
oil is the most commonly used in both food and industrial applications, surpassing all other
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Figure 2 – Top biodiesel producers in the world. Thousand metric ton. Source: OECD
(2022).

oils all together (see Figure 7 in the Appendix for more detailed information). According
to a report by the Brazilian National Oil Agency (ANP, 2022), soybean oil represented
79% of the feedstock used in biodiesel production in 2022, followed by animal fats at 12%.
As comparison, both feedstock matrices of United States and Europe are different due fats
and oils availability. While in US soybean oil is still holding first position with 55%, in EU
canola oil is the most widely used with 47% (Schaefer et al., 2022). Figure 4 displays all
three matrices in detail.

While vegetable oil prices have a formal and well-established market, animal fats
are not connected to any futures exchange. Instead, animal fats are typically traded in a
B2B configuration, involving various industrial segments such as hygiene and cleaning,
as well as the animal feed and pet food industries (Argus, 2023). It is important to note
that in Brazil, biodiesel producers that use animal fat are mainly vertically integrated,
meaning they have control over the entire production chain, starting from the cattle stage.
This market structure for animal fats results in low liquidity and limited public price
information. Due to these factors, our focus will be on soybean oil, which has a local price
reference at the Paranaguá port in the state of Paraná. Paranaguá is one of the most
important ports in Brazil and the second-largest soybean shipping port after the Port of
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Figure 3 – Historical evolution of biodiesel-to-diesel blend ratio in Brazil and expected
ratio by December 2025. Source: ANP (2023), MME (2023).

Santos (Barbosa et al., 2022). The port plays a crucial role in the export of the soybean
complex, including grain, meal, and oil. A significant portion of the Brazilian soybean crop
is exported through Paranaguá due to its strategic location and infrastructure, making it
an ideal gateway for soybean exports (Abrahão and Caneparo, 2014; Soliani et al., 2020).
In addition, the efficiency of the port in handling soybean shipments and the ability to
meet market demands ensure the smooth flow of the soybean trade complex. In general,
the Paranaguá port plays a vital role in facilitating soybean exports and supporting the
trade of the soybean complex in the state of Paraná (Abraham et al., 2019).
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Figure 4 – Share of biodiesel feedstock per country. Sources: ANP (2022) and Schaefer
et al. (2022). *Used cooking oil. **ANP classifies mixture of oils as ‘other fats’
but those blends are mostly soybean oil, to account for total use of soybean oil
we use its actual volume added to 80% of ‘other fats’.
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4 Methodology

In this section we outline the data and methodology used to investigate the volatility
spillover between crude oil and biodiesel feedstock. We model price dynamics by either
a vector autoregression (VAR) in returns or a vector error correction model (VECM)
depending on whether the series are cointegrated. We then obtain residuals from the price
dynamics equation and fit a multivariate GARCH model, allowing us to examine volatility
spillovers (Trujillo-Barrera et al. 2012; Avileis and Mallory 2022).

4.1 Data

We consider weekly closing spot prices crude oil and soybean oil Paranaguá. The
sample ranges from May,5 2000 to December,31 2022. Data are obtained from Refinitiv
Reuters. We chose a common start date on which all series are available on a weekly
frequency. The soybean oil series is constituted by two parts: ask and bid. We decide
to keep both and avoid increasing overly pre-processing the data. The sample period
encompasses the gradual implementation of biodiesel in the Brazilian market as described
in the previous section.

In our analysis, we rely on two global benchmarks to determine crude oil prices:
West Texas Intermediate (WTI) and Brent. WTI is the primary benchmark for North
America, and it is traded on the New York Mercantile Exchange (NYMEX). On the other
hand, Brent is a blend of crude oil extracted from oil fields located in the North Sea,
between the United Kingdom and Norway. It is traded on the Intercontinental Exchange
(ICE) in London. It accounts for more than half of the international crude oil trading.

Linear interpolation is used to fill in missing values in the time period from 2000 to
2022. A missing value can occur due to a holiday in one of the regions or a day with low
liquidity, resulting in a small sample size that lacks statistical significance. Low liquidity
can occur because the data is based on reported prices at the port of Paranaguá. The
daily dataset contains 5912 data points for each series, which reduces to 1183 after weekly
resampling. We apply a log transformation to all price series, resample the dataset to a
weekly frequency using Friday’s closing prices, and calculate weekly returns. Finally, we
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test for stationarity.

Figure 5 – Top chart shows natural logarithm of crude oil and soybean oil prices. While bot-
tom chart shows its returns. From 5-May-2000 to 31-December-2022. Paranaguá
soybean oil fob price in U.S. dollars per metric ton and crude oil as U.S. dollar
per barrel. Data sourced from Reuters.

Table 2 displays the descriptive statistics for the sampled price series, including
the Ljung-Box Q statistic with ten lags to account for the presence of autocorrelation.
The table presents the data in both levels and first differences. All series exhibit a slight
left skewness and have similar standard deviations. We observe different magnitudes for
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soybean oil and crude oil means. To account for this disparity, a constant is included in
the vector autoregression model. Additionally, the return series all exhibit positive excess
kurtosis. This finding aligns with the results of the Jarque-Bera test, which rejects the
assumption of normality at a 1% significance level for all series throughout the sample
period.

Table 2 – Summary statistics

Mean Median SD Skewness Excess Kurtosis N Q(10) JB
Log

ask 6.59 6.61 0.42 -0.27 -0.36 1183 11127 21
bid 6.57 6.60 0.43 -0.32 -0.29 1183 11121 24
brent 4.08 4.14 0.49 -0.40 -0.75 1183 10810 60
wti 4.05 4.09 0.45 -0.40 -0.65 1183 10667 53

Log Return
ask 0.00 0.00 0.04 -0.27 2.01 1182 20 215
bid 0.00 0.00 0.04 -0.39 1.64 1182 19 162
brent 0.00 0.00 0.05 -0.54 4.17 1182 25 918
wti 0.00 0.00 0.06 -0.13 15.61 1182 29 12053

Notes: Q(10) represents the 10th-lagged Ljung-Box Q statistics. All Q(10) results are significant
at 5% significance, indicating the presence of autocorrelation. JB represents Jerque-Bera test,
none of the series follow normal distribution at 5% significance level.

4.2 Multivariate GARCH models

Multivariate GARCH models are used to capture volatility spillovers in multi-
variate series. Two commonly used models for analyzing the dynamics of conditional
covariances and correlations are the BEKK model (Engle and Kroner, 1995) and the
Dynamic Conditional Correlation (DCC) model (Engle, 2002). While both models allow
for dynamic conditional correlations between variables, they differ in their approach to
model the covariance matrix. The BEKK model directly parameterizes the covariance
matrix, allowing for more flexibility in capturing complex patterns of volatility spillover.
In contrast, the DCC model estimates the conditional correlation matrix which might be
less flexible but computationally more efficient. Empirical studies that uses a large array
of variables often highlight the curse of dimensionality associated with BEKK due its
large number of parameters to be estimated. Our analysis utilizes two variables at a time,
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avoiding the dimensionality curse. Furthermore, Caporin and McAleer (2012) demonstrates
that in some applications BEKK outperforms DCC.

4.3 VAR-BEKK-GARCH

The VAR-BEKK-GARCH framework allows us to examine the dynamic relation-
ships and volatility spillovers across multiple financial assets or markets. This model
combines vector autoregression (VAR) to capture linear intertemporal dependence between
two or more variables, while the BEKK-GARCH model measures dynamic conditional
correlation and volatilities. We define VAR in Equation (1):

Yt = γ0 + γ1 Yt−1 + γ2 Yt−2 + . . . + γρ Yt−ρ + et (1)

where Yt is a K × 1 vector of endogenous variables, γ0 is K × 1 a vector of constants,
γ1 to γρ are K × K matrices of parameters at different lags ρ, and et = (ec,t, ev,t)′ is a
K × 1 error vector for crude oil and vegetable oil. In VAR and vector error correction
model (VECM) terminology the error terms are referred to as innovations. We use this
specification for price dynamics in cases where prices are not cointegrated.

In cases where prices are cointegrated, we employ the VECM to capture long-term
relationships and adjust for any short-term deviations from equilibrium, as in Equation
(2):

∆yt = υ + ΠYt−1 +
ρ−1∑
i=1

θi∆yt−i + et (2)

∆yt = γ0 + ΠYt−1 + θ1∆yt−1 + θ2∆yt−2 + . . . + θρ∆yt−(ρ−1) + et (3)

where ∆yt matrix containing first difference of endogenous variables, γ0 matrix of con-
stants, Π is a matrix of low rank r which corresponds to the number of cointegrating
relationships. It regulates how each endogenous variable reacts to deviations from the
long-run equilibrium between them. Yt−1 is the matrix containing lagged endogenous
variables, θi is the autoregressive parameters and et is a vector of innovations. The rank r

of the coefficient matrix associated with Yt−1 shows the number of cointegrating vectors,
or long-run relationship, is estimated using Johansen’s test for cointegration. In this
application r can assume maximum value of one, once we use two price series at a time.

To identify the overall effect, we need to specify the structure of the conditional
covariance matrix. The error term in the crude oil equation is ec,t whereas in the vegetable
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oil equation it is ev,t. The BEKK-GARCH specification in Equation (4) ensures that
conditional covariance matrix, Ht, is positive and semidefinite:

Ht = C ′C +
q∑

j=1

K∑
k=1

A′
kjet−je′

t−jAkj +
q∑

j=1

K∑
k=1

B′
kjHt−jBkj (4)

where C, is a lower triangular matrix, Akj and Bkj are N × N parameter matrices, and
et−1, . . . , et−l are the lagged error terms from the mean equation system. To identify more
clearly how vegetable oil volatility interact with oil market volatility, one can rewrite the
BEKK specification as:

hcc,t hcv,t

hvc,t hvv,t

 =
c11 0
c21 c22

 c11 0
c21 c22

′

+a11 a12

a21 a22

′  e2
c,t−1 ec,t−1ev,t−1

ev,t−1ec,t−1 e2
v,t−1

 a11 a21

a21 a22

 +b11 b12

b21 b22

′ hcc,t−1 hcv,t−1

hvc,t−1 hvv,t−1

 b11 b12

b21 b22


(5)

The conditional volatility of crude oil (c) and vegetable oil (v) are:

hcc,t = c2
11 + a2

11e
2
c,t−1 + a11a21 (ec,t−1ev,t + ev,t−1ec,t) + a2

21e
2
v,t−1 + b2

11hcc,t−1+
b11b21 (hcv,t−1 + hvc,t−1) + b2

22hvv,t−1

hvv,t = c2
21 + c2

22 + a2
12e

2
c,t−1 + a12a22 (ec,t−1ev,t + ev,t−1ec,t) + a2

22e
2
v,t−1 + b2

12hcc,t−1+
b12b22 (hcv,t−1 + hvc,t−1) + b2

22hvv,t−1

(6)

where hcc,t and hvv,t are respectively the conditional idiosyncratic volatilities of crude oil
and vegetable oil, once covariance matrix is symmetric both diagonal term hcv,t and hvc,t

are bound to be equal. ec,t−1, ev,t−1 are the lagged cross-market random shocks.

Derived from the conditional covariance matrix, we define conditional correlation
ρcv,t among crude oil and vegetable oil markets:

ρcv,t = h
− 1

2
cc,thcv,th

− 1
2

vv,t (7)
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5 Results

This section is divided into two parts. In the first part, we present the results
for the VAR model and VECM estimated for the pre-2008 and post-2008 subsamples,
respectively. In the second part, we address the volatility spillover between crude oil and
soybean oil, estimated using the BEKK-GARCH specification.

5.1 VAR/VECM results

We run the KPSS and ADF tests to assess stationarity of the log-transformed
price series, for both the pre-2008 and the post-2008 periods. All series are nonstationary
in level and stationary in returns (see Table 6 in the appendix). The Johansen’s test
for cointegration finds no evidence of cointegration prior to 2008, once there is minimal
biodiesel production in Brazil prior the threshold. Nevertheless, after 2008 all pairs are
cointegrated (see Table 7 in the appendix).

Table 3 shows the estimation results for the VAR model and the VECM. The
bold lines separate price pairs that are estimated together, for both pre-2008 and post-
2008 subperiods. Each line contains the point estimate for the parameter and their
significance. As we find cointegration before 2008, we estimate a VAR model for this
subsample. In contrast, we estimate a VECM for the second subsample given the evidence
of cointegration after 2008. Only post-2008 subperiods have coefficients estimates for the
equilibrium correction term (ECT). The Bayesian Information Criterion (BIC) selected
a lag length of two for all pairs. We include a constant in the co-integration vector to
account for the spread between crude oil and soybean oil price series.

The empirical results indicate that there is no evidence of cross-market dependence
in expected returns for any pair prior to 2008. Now consider the post-2008 period for
the pairs ASK/BRENT. The first lag of crude oil shows weak statistical significance
for describing short-term impacts on the ASK equation. In addition, it displays small
negative and statistically significant equilibrium correction mechanism. It suggests a slow
adjustment process that results in an equilibrium in vegetable oil as a response to changes
in the price of crude oil (Pesaran et al. 2000). We find similar results for the ASK/WTI
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pair post-2008. The negative ECT also suggests slow convergence.

Although the results imply that the lagged return of each variable does not help to
forecast its current short-term returns, we are most interested in understanding short-term
volatility shocks.

Table 3 – VAR and VECM results for ASK pairs

ECT Crude-1 Veg-1 Crude-2 Veg-2
Pre Ask/Brent

Equation brent – 0.0316(0.0503) -0.0687(0.0744) -0.0671(0.0500) -0.0429(0.0744)
Equation ask – -0.0089(0.0340) -0.1329(0.0503)** -0.0375(0.0338) 0.0512(0.0503)

Post Ask/Brent
Equation brent -0.0279(0.0071)*** 0.1140(0.0383)** -0.0324(0.0553) 0.0521(0.0382) 0.0247(0.0551)
Equation ask -0.0086(0.0050). 0.0478(0.0270). -0.0896(0.0390)* -0.0182(0.0270) 0.0539(0.0389)

Pre Ask/WTI
Equation wti – -0.0814(0.0501) -0.1037(0.0693) -0.1052(0.0499)* -0.0767(0.0694)
Equation ask – -0.0164(0.0364) -0.1323(0.0504)** -0.0227(0.0362) 0.0496(0.0504)

Post Ask/WTI
Equation wti -0.0339(0.0088)*** 0.0142(0.0372) 0.0142(0.0626) -0.0744(0.0372)* 0.1384(0.0624)*
Equation ask -0.0097(0.0053). 0.0343(0.0226) -0.0840(0.0380)* 0.0128(0.0226) 0.0391(0.0379)

Note: Pre VAR models are estimated on 2000-2008 data. Post VECM estimated on 2008-2022 data.
Lag length is selected using Bayesian Information Criterion. Significance indicators: ***p<.001;
** .001 < p < .01; * .01 < p < .05; “.” .05 < p < .10.

Table 4 shows the same result for the Paranaguá soybean oil BID prices. There is
no statistically significant connection for BID/WTI and BID/Brent pairs prior to 2008.
Although we cannot reject the hypothesis of cointegration using Johansen’s test (see
Table 7 in the Appendix), we did not find any significant coefficient for crude oil that
would explain the expected dynamics for the BID/WTI and BID/Brent pairs. Both error
correction terms have the same magnitude compared to ASK pairs, but in this case they
are not statistically significant.

5.2 BEKK-GARCH results

In Table 5 we show the results of a bivariate BEKK(1,1) model applied to the
residuals from the VAR and VEC models. This table is the outcome of estimating the
BEKK-GARCH model shown in Equation (4). We see that effects of constant term and own
equation are strongly significant in nearly all cases (c11, c22, a11, a22, b11, b22), as expected.
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Table 4 – VAR and VECM results for BID pairs

ECT Crude-1 Veg-1 Crude-2 Veg-2
Pre Bid/Brent

Equation brent – 0.0322(0.0504) -0.0457(0.0774) -0.0650(0.0501) -0.0718(0.0771)
Equation bid – -0.0175(0.0328) -0.0752(0.0503) -0.0225(0.0326) 0.0881(0.0501).

Post Bid/Brent
Equation brent -0.0287(0.0071)*** 0.1191(0.0385)** -0.0528(0.0564) 0.0504(0.0386) 0.0270(0.0564)
Equation bid -0.0073(0.0050) 0.0352(0.0268) -0.0105(0.0392) -0.0239(0.0268) 0.0399(0.0392)

Pre Bid/WTI
Equation wti – -0.0803(0.0501) -0.0750(0.0720) -0.1010(0.0499)* -0.1201(0.0718).
Equation bid – -0.0168(0.0350) -0.0754(0.0503) -0.0267(0.0349) 0.0878(0.0502).

Post Bid/WTI
Equation wti -0.0352(0.0089)*** 0.0164(0.0375) -0.0003(0.0640) -0.0737(0.0375)* 0.1252(0.0639).
Equation bid -0.0086(0.0053) 0.0155(0.0224) -0.0011(0.0383) 0.0127(0.0224) 0.0198(0.0382)

Note: Pre VAR models are estimated on 2000-2008 data. Post VECM estimated on 2008-2022 data.
Lag length is selected using Bayesian Information Criterion. Significance indicators: ***p<.001;
** .001 < p < .01; * .01 < p < .05; “.” .05 < p < .10.

To determine if there are significant volatility spillovers we are most interested in the cross
market coefficients (a21, a12, b21, b12).

All a11, a22, b11 and b22 coefficients are statistically significantly at 5% significance
level, which implies strong persistence in the conditional variances. We also do not observe
statistical significance on cross-market coefficients prior to 2008. This is consistent with
the start period for the mandatory biodiesel blend rate in Brazil. After 2008, we find
evidence of volatility transmission from crude oil to vegetable (b21) at 5% significance for
all pairs. Although market-specific volatility has a large role, vegetable oil price series are
sensitive to volatility shocks in the crude oil market.

To further investigate the interactions between crude oil and vegetable oil, we
provide their conditional correlations obtained from the BEKK-GARCH model (Figure 6).
Although time varying, the correlations suggest a resilient relationship between crude oil
and soybean oil markets after 2008. Different from the sample prior 2008. This is consistent
with the observed similarity in spillovers from crude oil to soybean oil and the cointegrating
relationship estimated. The results indicate that these markets have been connected in
recent years, posing as an added risk to market participats exposed to soybean oil prices.
Finally, for robustness we find no evidence of residual autocorrelation by running both
Portmonteau and Ljung-Box test (refer to Table 9 in Appendix), indicating that the model
was well specified.
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Table 5 – VAR-BEKK-GARCH results

Ask Bid
brent pre brent post wti pre wti post brent pre brent post wti pre wti post

Conditional mean
ect -0.009. -0.010. -0.007 -0.009

(0.005) (0.005) (0.005) (0.005)
s11 -0.009 0.048. -0.016 0.034 -0.018 0.035 -0.017 0.015

(0.034) (0.027) (0.036) (0.023) (0.033) (0.027) (0.035) (0.022)
s21 -0.133** -0.090* -0.132** -0.084* -0.075 -0.010 -0.075 -0.001

(0.050) (0.039) (0.050) (0.038) (0.050) (0.039) (0.050) (0.038)
s12 -0.037 -0.018 -0.023 0.013 -0.023 -0.024 -0.027 0.013

(0.034) (0.027) (0.036) (0.023) (0.033) (0.027) (0.035) (0.022)
s22 0.051 0.054 0.050 0.039 0.088. 0.040 0.088. 0.020

(0.050) (0.039) (0.050) (0.038) (0.050) (0.039) (0.050) (0.038)
Conditional variance

c11 0.019** 0.016*** 0.015 0.019*** 0.016*** 0.016*** 0.017** 0.018***
(0.009) (0.002) (0.017) (0.003) (0.005) (0.002) (0.008) (0.002)

c21 0.030 -0.001 0.029 -0.001 0.011 -0.001 0.015 0.000
(0.043) (0.002) (0.063) (0.001) (0.009) (0.002) (0.018) (0.001)

c22 0.001 0.000 0.003 0.002** 0.001 0.001 0.001 0.003***
(0.723) (0.097) (0.570) (0.001) (0.148) (0.005) (0.294) (0.001)

a11 0.267*** 0.381*** 0.285*** 0.398*** 0.258*** 0.365*** 0.262*** 0.352***
(0.047) (0.038) (0.093) (0.035) (0.038) (0.039) (0.079) (0.032)

a21 0.049 0.026 0.077 0.023 0.163* 0.061 0.216 0.137***
(0.146) (0.052) (0.160) (0.046) (0.091) (0.057) (0.182) (0.052)

a12 -0.010 0.006 -0.006 -0.024 -0.015 0.009 -0.042 -0.021
(0.068) (0.021) (0.103) (0.017) (0.040) (0.022) (0.058) (0.016)

a22 0.113 0.204*** 0.144 0.197*** 0.162* 0.197*** 0.184* 0.194***
(0.150) (0.026) (0.145) (0.021) (0.085) (0.025) (0.108) (0.021)

b11 0.857*** 0.847*** 0.863*** 0.813*** 0.901*** 0.848*** 0.873*** 0.836***
(0.163) (0.029) (0.122) (0.038) (0.044) (0.031) (0.090) (0.031)

b21 -0.383 0.075*** -0.363 0.097*** -0.117 0.072** -0.218 0.054**
(0.824) (0.026) (0.615) (0.030) (0.113) (0.029) (0.239) (0.025)

b12 -0.078 -0.020* -0.047 -0.003 -0.016 -0.019 -0.007 -0.006
(0.091) (0.012) (0.084) (0.010) (0.030) (0.013) (0.047) (0.009)

b22 0.618* 0.988*** 0.637*** 0.981*** 0.944*** 0.989*** 0.892*** 0.983***
(0.357) (0.009) (0.218) (0.008) (0.062) (0.010) (0.131) (0.006)
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Figure 6 – Conditional correlation between each pair. Left column displays prior subsam-
ples, while right column post 2008.
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6 Conclusions

In this work, we examine the volatility spillover between Brazilian soybean oil
prices and international crude oil prices by employing a VAR-BEKK-GARCH modeling
framework. Specifically, we evaluate the time-varying conditional correlation and volatility
spillover coefficients to determine direction and magnitude of spillovers across the studied
markets. We consider the structural variation in data through subsample analysis. We divide
the data into two subsamples: from May 2000 to December 2007 (pre-2008 subsample)
and from January 2008 to December 2022 (post-2008 subsample). Dividing it proven to be
valuable once there is virtually no biodiesel production prior 2008.

Our empirical results are as follows. We find no evidence of volatility transmission
prior 2008 from international crude oil to soybean oil in Brazil. However, the analysis
of post 2008 subsample indicates that soybean oil is a net receiver of volatility from
international crude oil prices. Second, we find evidence of a bidirectional spillover among
the first pair (ask-brent), even though it is small in magnitude. Furthermore, we find
that conditional correlations intensify during periods of financial and economic turmoil.
These trends are more pronounced between 2008-2009 and 2020-22. Lastly, we choose to
account for both ’ask’ and ’bid’ price series separately, and we find similar evidence both
in direction and magnitude in the cross-market coefficients from BEKK-GARCH.

We find strong evidence on international crude oil prices transmitting volatility to
Brazilian soybean oil prices. We highlight the importance of better understanding price
dynamic by both private and public market participants, once this volatility transmission
affects biodiesel local prices. Understanding this relationship is possibly even more impor-
tant now that Brazil shifted from a regulated trading environment for biodiesel to free
market model. Better capturing market trends will allow for better commercial strategies
for the private sector and better predictability for policy markers. Other authors have
already found evidence of asymetric links between the crude oil market and agricultural
commodities such as soybean, rapeseed, corn and wheat (Du et al. 2011; Dahl et al. 2020;
Schaefer et al. 2022). There are three different pieces of information that help us understand
the relevance of soybean oil to biodiesel production and biodiesel in overall fuel market.
First is that, in 2022 soybean oil consumption for biodiesel production represented 51% of
the total domestic production in Brazil (ABIOVE 2023; ANP 2022). Additionally, blend



Chapter 6. Conclusions 31

ratio of biodiesel in diesel is expected to grow in Brazil on the upcoming years (MME
2023). And thirdly, apart from Brazil, United States and Europe are also pushing biodiesel
output and both rely on soybean oil as an important feedstock to biodiesel production
(OECD 2022,Schaefer et al. 2022).

Our findings are of potential interest to various economic agents, such as policy
makers and regulators, international investors, farmers, and portfolio managers. Under-
standing the temporal dynamics of volatility spillover among soybean oil and the crude oil
markets provides these participants with the opportunity to develop optimal risk strategies
or to develop and implement appropriate policies that accommodate variations due to
financial and economic turmoil. Our research only shed some light into Brazilian biodiesel
environment, and many others are necessary to better comprehend the mechanisms of
volatility transmission among biodiesel feedstock and crude oil.



32

Bibliography

ABIOVE (2023). Associação brasileira de industrias de óleos vegetais: Estatísticas mensais
do complexo soja. http://abiove.org.br/estatisticas/. [Online; accessed 20-July-
2023].

Abraham, E. R., J. G. M. dos Reis, A. E. de Souza, and A. P. Colossetti (2019). Neuro-
fuzzy system for the evaluation of soya production and demand in brazilian ports. In
Advances in Production Management Systems. Production Management for the Factory
of the Future: IFIP WG 5.7 International Conference, APMS 2019, Austin, TX, USA,
September 1–5, 2019, Proceedings, Part I, pp. 87–94. Springer.

Abrahão, C. and S. C. Caneparo (2014). Porto de paranaguá: entrelaces históricos e
configuração territorial. In VII Congresso Brasileiro de Geógrafos, Vitória–ES, Anais,
pp. 2–14.

ANP (2022). Agência nacional do petróleo, gás natural e biocombustíveis: Anuário
estatístico. https://www.gov.br/anp/pt-br/centrais-de-conteudo/publicacoes/

anuario-estatistico/anuario-estatistico-2022. [Online; accessed 19-July-2023].

ANP (2023). Estatístico, anuário. < http://anp. gov. br>. [Online; accessed 30-July-2023].

Arfaoui, N. and I. Yousaf (2022). Impact of covid-19 on volatility spillovers across
international markets: Evidence from var asymmetric bekk garch model. Annals of
Financial Economics 17 (01), 2250004.

Argus (2023). O desafio logístico para exportar sebo
bovino. https://www.argusmedia.com/pt/blog/2023/November/3/

podcast-falando-de-mercado-o-desafio-logistico-para-exportar-sebo-bovino.
[Online; accessed 08-Dec-2023].

Arouri, M. E. H., J. Jouini, and D. K. Nguyen (2012). On the impacts of oil price
fluctuations on european equity markets: Volatility spillover and hedging effectiveness.
Energy Economics 34 (2), 611–617.

Avileis, F. G. and M. L. Mallory (2022). The impact of brazil on global grain dynamics: A
study on cross-market volatility spillovers. Agricultural Economics 53 (2), 231–245.

http://abiove.org.br/estatisticas/
https://www.gov.br/anp/pt-br/centrais-de-conteudo/publicacoes/anuario-estatistico/anuario-estatistico-2022
https://www.gov.br/anp/pt-br/centrais-de-conteudo/publicacoes/anuario-estatistico/anuario-estatistico-2022
<
https://www.argusmedia.com/pt/blog/2023/November/3/podcast-falando-de-mercado-o-desafio-logistico-para-exportar-sebo-bovino
https://www.argusmedia.com/pt/blog/2023/November/3/podcast-falando-de-mercado-o-desafio-logistico-para-exportar-sebo-bovino


Bibliography 33

Aynur, P. (2013). Structural breaks, cointegration, and causality by vecm analysis of crude
oil and food price. International Journal of Energy Economics and Policy 3 (3), 238–246.

Barbosa, J. S. d. A., M. V. O. dos Santos, P. R. M. de Araújo, and J. T. Lino (2022). O
patrimônio marítimo e portuário de paranaguá (estado do paraná/brasil): A festa de
nossa senhora do rocio. Revista Arqueologia Pública 17, e022014–e022014.

Barnard, J. R. (1983). Gasohol/ethanol: a review of national and regional policy and
feasibility issues. Journal of Regional Analysis and Policy 13 (2), 3–14.

Bonato, M. (2019). Realized correlations, betas and volatility spillover in the agricultural
commodity market: What has changed? Journal of International Financial Markets,
Institutions and Money 62, 184–202.

Cabrera, B. L. and F. Schulz (2016). Volatility linkages between energy and agricultural
commodity prices. Energy Economics 54, 190–203.

Caporin, M. and M. McAleer (2012). Do we really need both bekk and dcc? a tale of two
multivariate garch models. Journal of Economic Surveys 26 (4), 736–751.

Carpio, L. G. T. (2019). The effects of oil price volatility on ethanol, gasoline, and sugar
price forecasts. Energy 181, 1012–1022.

Dahl, R. E., A. Oglend, and M. Yahya (2020). Dynamics of volatility spillover in commodity
markets: Linking crude oil to agriculture. Journal of Commodity Markets 20, 100111.

Destiarni, R. P. and A. S. Jamil (2021). Price integration analysis of crude oil and vegetable
oils. Habitat 32 (2), 82–92.

Du, X., L. Y. Cindy, and D. J. Hayes (2011). Speculation and volatility spillover in the crude
oil and agricultural commodity markets: A bayesian analysis. Energy Economics 33 (3),
497–503.

Engle, R. (2002). Dynamic conditional correlation: A simple class of multivariate generalized
autoregressive conditional heteroskedasticity models. Journal of Business & Economic
Statistics 20 (3), 339–350.

Engle, R. F. and K. F. Kroner (1995). Multivariate simultaneous generalized arch.
Econometric theory 11 (1), 122–150.



Bibliography 34

Esmaeili, A. and Z. Shokoohi (2011). Assessing the effect of oil price on world food prices:
Application of principal component analysis. Energy Policy 39 (2), 1022–1025.

Filip, O., K. Janda, L. Kristoufek, and D. Zilberman (2019). Food versus fuel: An updated
and expanded evidence. Energy Economics 82, 152–166.

Gardebroek, C. and M. A. Hernandez (2013). Do energy prices stimulate food price
volatility? examining volatility transmission between us oil, ethanol and corn markets.
Energy economics 40, 119–129.

Ghaith, Z. and I. M. Awad (2011). Examining the long term relationship between crude
oil and food commodity prices: Co-integration and causality. International Journal of
Economics and Management Sciences 1 (5), 62–72.

Grangeia, C., L. Santos, and L. L. B. Lazaro (2022). The brazilian biofuel policy (renovabio)
and its uncertainties: An assessment of technical, socioeconomic and institutional aspects.
Energy Conversion and Management: X 13, 100156.

Hameed, A. A. A. and F. M. Arshad (2008). The impact of petroleum prices on vegetable
oils prices: evidence from cointegration tests. In Proceedings of the 3rd international
borneo business conference (IBBC), pp. 504–514.

Janda, K. and L. Krištoufek (2018). The relationship between fuel, biofuel and food prices:
Methods and outcomes. Technical report, IES Working Paper.

Johansen, S. (1991). Estimation and hypothesis testing of cointegration vectors in gaussian
vector autoregressive models. Econometrica: journal of the Econometric Society, 1551–
1580.

Kang, S. H., R. McIver, and S.-M. Yoon (2017). Dynamic spillover effects among crude
oil, precious metal, and agricultural commodity futures markets. Energy Economics 62,
19–32.

Lima, A. S. and T. Fabiano (2020). Renovabio: innovation and sustainability at the new
brazilian biofuels policy or the emperor’s new clothes? European Journal of Environment
and Earth Sciences 1 (5).

Lu, Y., L. Yang, and L. Liu (2019). Volatility spillovers between crude oil and agricultural
commodity markets since the financial crisis. Sustainability 11 (2), 396.



Bibliography 35

Mensi, W., M. Beljid, A. Boubaker, and S. Managi (2013). Correlations and volatil-
ity spillovers across commodity and stock markets: Linking energies, food, and gold.
Economic Modelling 32, 15–22.

Mensi, W., M. Shafiullah, X. V. Vo, and S. H. Kang (2021). Volatility spillovers between
strategic commodity futures and stock markets and portfolio implications: Evidence
from developed and emerging economies. Resources Policy 71, 102002.

Mitchell, D. (2008). A note on rising food prices. World bank policy research working
paper (4682).

MME (2023). Renovabio. https://www.gov.br/

pt-br/noticias/energia-minerais-e-combustiveis/2023/03/

governo-oficializa-ampliacao-da-mistura-de-biodiesel-no-diesel-vendido-no-pais.
[Online; accessed 30-July-2023].

Nazlioglu, S., C. Erdem, and U. Soytas (2013). Volatility spillover between oil and
agricultural commodity markets. Energy Economics 36, 658–665.

Nazlioglu, S. and U. Soytas (2011). World oil prices and agricultural commodity prices:
Evidence from an emerging market. Energy Economics 33 (3), 488–496.

OECD, F. (2022). Oecd-fao agricultural outlook 2022-2031. https://stats.oecd.org/.
[Online; accessed 20-July-2023].

Peri, M. and L. Baldi (2010). Vegetable oil market and biofuel policy: an asymmetric
cointegration approach. Energy Economics 32 (3), 687–693.

Pesaran, M. H., Y. Shin, and R. J. Smith (2000). Structural analysis of vector error
correction models with exogenous i (1) variables. Journal of econometrics 97 (2), 293–
343.

Rajagopal, D., S. E. Sexton, D. Roland-Holst, and D. Zilberman (2007). Challenge
of biofuel: filling the tank without emptying the stomach? Environmental Research
Letters 2 (4), 044004.

Ronquim Filho, A., G. J. F. de Araújo, and L. O. Cezarino (2022). Renovabio: Conceito,
objetivos e importância desta política pública para indústria sucroenergética. Revista
Direito UFMS , 120–145.

https://www.gov.br/pt-br/noticias/energia-minerais-e-combustiveis/2023/03/governo-oficializa-ampliacao-da-mistura-de-biodiesel-no-diesel-vendido-no-pais
https://www.gov.br/pt-br/noticias/energia-minerais-e-combustiveis/2023/03/governo-oficializa-ampliacao-da-mistura-de-biodiesel-no-diesel-vendido-no-pais
https://www.gov.br/pt-br/noticias/energia-minerais-e-combustiveis/2023/03/governo-oficializa-ampliacao-da-mistura-de-biodiesel-no-diesel-vendido-no-pais
https://stats.oecd.org/


Bibliography 36

Schaefer, K. A., R. J. Myers, S. R. Johnson, M. D. Helmar, and T. Radich (2022). Biodiesel
feedstock and crude oil price relationships–the effects of policy and shale oil expansion.
Agricultural and Resource Economics Review 51 (2), 222–239.

Serra, T. (2011). Volatility spillovers between food and energy markets: A semiparametric
approach. Energy Economics 33 (6), 1155–1164.

Serra, T., D. Zilberman, and J. Gil (2011). Price volatility in ethanol markets. European
review of agricultural economics 38 (2), 259–280.

Serra, T., D. Zilberman, J. M. Gil, and B. K. Goodwin (2011). Nonlinearities in the us
corn-ethanol-oil-gasoline price system. Agricultural Economics 42 (1), 35–45.

Soliani, R. D., M. D. de Mello Innocentini, and M. C. do Carmo (2020). Collaborative
logistics and eco-efficiency indicators: an analysis of soy and fertilizer transportation in the
ports of santos and paranaguá. Independent Journal of Management & Production 11 (5),
1624–1647.

Trujillo-Barrera, A., M. Mallory, and P. Garcia (2012). Volatility spillovers in us crude oil,
ethanol, and corn futures markets. Journal of Agricultural and Resource Economics,
247–262.

USDA, F. (2023). Grain: World markets and trade. https://fas.usda.gov/. [Online;
accessed 10-May-2023].

Vivian, A. and M. E. Wohar (2012). Commodity volatility breaks. Journal of International
Financial Markets, Institutions and Money 22 (2), 395–422.

Wen, F., J. Cao, Z. Liu, and X. Wang (2021). Dynamic volatility spillovers and investment
strategies between the chinese stock market and commodity markets. International
Review of Financial Analysis 76, 101772.

Yu, L., R. Zha, D. Stafylas, K. He, and J. Liu (2020). Dependences and volatility spillovers
between the oil and stock markets: New evidence from the copula and var-bekk-garch
models. International Review of Financial Analysis 68, 101280.

Yu, T.-H. E., D. A. Bessler, and S. W. Fuller (2006). Cointegration and causality analysis
of world vegetable oil and crude oil prices. Technical report.

https://fas.usda.gov/


Bibliography 37

Zhang, Z., L. Lohr, C. Escalante, and M. Wetzstein (2010). Food versus fuel: What do
prices tell us? Energy policy 38 (1), 445–451.



Appendix



39

APPENDIX A – Tables and Figures

A.1 Tables
Table 6 – Stationarity test

Variable I(0): stat I(0): p-val I(1): stat I(1): p-val method alternative
Paranaguá vegetable oil

Ask -2.26 0.47 -9.49 0.01 ADF stationary
Ask -8.25 0.65 -1305.46 0.01 PP stationary
Ask 6.95 0.01 0.08 0.10 KPSS unit root
Bid -2.30 0.45 -9.57 0.01 ADF stationary
Bid -8.23 0.65 -1201.72 0.01 PP stationary
Bid 6.86 0.01 0.08 0.10 KPSS unit root

Crude oil
Brent -2.39 0.41 -10.74 0.01 ADF stationary
Brent -12.50 0.41 -1130.83 0.01 PP stationary
Brent 4.66 0.01 0.06 0.10 KPSS unit root
WTI -2.62 0.32 -10.46 0.01 ADF stationary
WTI -13.47 0.36 -1203.22 0.01 PP stationary
WTI 3.85 0.01 0.05 0.10 KPSS unit root

Note: Stationarity test for the series in level (I(0)) and first differences (I(1)). Augmented
Dickey–Fuller test (ADF), Phillips–Perron test (PP), Kwiatkowski–Phillips–Schmidt–Shin test
(KPSS).
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Table 7 – Cointegration test

Eigen Trace
Pre-2008 Post-2008 95% CI Pre-2008 Post-2008 95% CI

Ask - Brent
r <= 1 | 3.74 6.00 9.24 3.74 6.00 9.24
r = 0 | 6.71 16.21 15.67 10.45 22.20 19.96

Ask - WTI
r <= 1 | 3.26 5.17 9.24 3.26 5.17 9.24
r = 0 | 8.06 18.92 15.67 11.31 24.09 19.96

Bid - Brent
r <= 1 | 3.73 6.26 9.24 3.73 6.26 9.24
r = 0 | 6.09 16.72 15.67 9.81 22.98 19.96

Bid - WTI
r <= 1 | 3.22 5.41 9.24 3.22 5.41 9.24
r = 0 | 7.14 19.09 15.67 10.36 24.51 19.96

Note: Johansen (1991) test of cointegration between crude oil and vegetable oil price pairs. Pre
is 2000–2007 and Post is 2008–2022. The column 95% CI represents the 5% critical values of the
test statistic for the null hypothesis stated by rows.

Table 8 – Betas

Ask/Brent Ask/WTI Bid/Brent Bid/WTI
Crude Oil 1.00 1.00 1.00 1.00
Veg. Oil -1.06 -0.99 -1.12 -1.04
Const 2.90 2.49 3.30 2.85

Note: Columns show the beta vector from the VECM model for the 2008–2022 periods for each
Crude-Vegetable oil price pair.
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Table 9 – Residual autocorrelation test

Portmanteau Ljung-Box
stat pval stat pval

Ask
brent pre 0.84 1 15.44 0.75
brent post 0.94 1 17.32 0.63
wti pre 0.65 1 14.59 0.80
wti post 0.92 1 20.48 0.43

Bid
brent pre 0.98 1 10.52 0.96
brent post 0.88 1 21.08 0.39
wti pre 0.79 1 11.20 0.94
wti post 0.86 1 23.19 0.28

Note: Portmanteau and Ljung-Box autocorrelation test on BEKK-GARCH residuals. We fail to
reject the null hypothesis of both tests and conclude that the data values are independent.
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A.2 Figures

Figure 7 – Food and industrial consumption of vegetable oils in Brazil. Thousand metric
ton. Source: USDA (2023)
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Figure 8 – Evolution of biodisel production plants in Brazil between 2017 (left) and 2023
(right). Source: ANP (2023)

Figure 9 – Brazil output of biodiesel by state
in 2022. Source: ANP (2023)

States 2022
Mato Grosso 156,219
Rio Grande do Sul 152,624
Goiás 123,470
Paraná 102,789
Bahia 46,277
Santa Catarina 34,857
São Paulo 24,734
Mato Grosso do Sul 21,005
Rio de Janeiro 13,134
Pará 12,375
Rondônia 6,300
Piauí 6,165
Tocantins 6,036
Minas Gerais 1,119
Brasil 707,104

Table 10 – Biodiesel output by state (m3)
Source: ANP (2023)

Note: Annual biodisel production by Brazilian state in 2022. In cubic meters.
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