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Abstract: Brazil is one of the largest global producers and exporters of ethanol and in 2017 launched
RenovaBio, a programme aiming to mitigate greenhouse gas emissions. In parallel to this domestic
scenario, there is rapid growth in the world market of carbon production, as well as complex price
relations between fossil and renewable energies becoming increasingly important in recent years.
The present work aims to contribute to filling a gap in knowledge about the relationship between
Brazilian ethanol and other relevant energy-related commodities. We use a recent methodology
(Detrended Cross-Correlation Approach—DCCA—with sliding windows) to analyze dynamically
the cross-correlation levels between Brazilian ethanol prices and carbon emissions, as well as other
possible-related prices, namely: sugar, Brent oil, and natural gas prices, with a sample of daily prices
between January 2010 and July 2020. Our results indicate that (i) in the whole period, Brazilian
ethanol has significant correlations with sugar, moderate correlation with oil in the short term,
and only a weak, short-term correlation with carbon emission prices; (ii) with a sliding windows
approach, the strength of the correlation between ethanol and carbon emissions varies between weak
and non-significant in the short term.

Keywords: Brazilian ethanol prices; carbon emission prices; detrended cross-correlation analysis;
sliding windows approach

1. Introduction

Due to policies stemming from global climate change, many governments encourage
the use of biofuels through subsidies or mandate policies [1]. Developing countries, includ-
ing Brazil, are likely to play an important role in the biofuels market in the coming years [2].

Brazil is an important global player in the ethanol market, and the use of renewable
energies is a robust strategy in order to achieve sustainable development. In addition,
Brazilian ethanol is fully competitive with gasoline as a substitute fuel, and its use is
consolidated through the large fleet of flex-fuel vehicles in Brazil [3]. In addition to ethanol,
sugarcane originates another important product for Brazilian and global agribusiness,
namely, sugar. Brazil is responsible for at least 50% of all sugar exported on the international
market, due to its economically competitive production and export capacity [4].

Santos and Ferreira Filho [5] argue that the substitution of fossil fuels by renewables,
ethanol and biodiesel, has the potential to reduce the emission of pollutants without
additional cost to the Brazilian GDP.

Goldemberg [6] highlights that Brazilian ethanol production is the most important
and structured example of a large-scale renewable energy program in 2000s, and this was
a decision supported by civil society and other agents involved in this process, such as
the agricultural and industrial sugar-energy sector and the automobile industry. With the
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advent of flex-fuel cars, Brazil has consolidated its status as an economic reference in the
search for sustainability [7]. Brazil was the leader in ethanol production until 2006, but
since 2007 the US has taken the lead with Brazil in second position [3].

According to the Energy and Environment Institute [8], in the city of São Paulo (the
most populous in the country, with more than 12 million inhabitants), automobiles are
responsible for 72.6% of greenhouse gas emissions (GHG). Debone et al. [9] showed that,
during the 90 days of social isolation in the city of São Paulo due to the COVID-19 health
crisis, there was a significant improvement in air quality, avoiding hundreds of premature
deaths and saving up to $ 1.5 billion in health care costs. Therefore, it is important that,
considering both the economic point of view, and public and environmental health, there
is greater substitution of fossil fuels by renewables. Renewable sources have contributed
to lowering the amount of CO2 emissions into the atmosphere, as shown in Figure 1 [10],
i.e., by using more ethanol than gasoline, the former acting as a substitute for the latter,
there is mitigation of GHG emissions.
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Another very important step in this direction was the creation of the National Biofuels
Program, RenovaBio, in December 2017 [14]. RenovaBio creates a decarbonization market,
through a financial bond called CBIO, which is issued by biofuel producers or importers.
These securities are traded on the Brazilian Stock Exchange and are directly linked to the
amount of reduction in the emission of greenhouse gases, GHG [15]. RenovaBio’s objective
was not to create a carbon tax, offer subsidies, or create mandates for the use of biofuels
instead of fossil fuels, but to establish a strategic role for biofuels of all types in the national
energy matrix, both in terms of energy security and mitigation of GHG emissions [16].
It is important to point out that, through the composition of 27% of hydrated ethanol
for the formulation of gasoline, this policy was responsible for a reduction of more than
300 million tons of CO2 in the period from March 2003 (beginning of production of flex-
cars) to May 2015 [17]. For comparative purposes, this amount is equivalent to Poland’s
annual emissions, considered one of the largest pollutants in the world due to the great use
of coal [17].

According to Lee and Yoon [18], there are basically three reasons that bring the fossil
energy markets closer to the renewable ones: (i) the use of fossil fuels increases carbon
emissions; (ii) population and economic growth, especially in emerging countries, boost
carbon emissions and their prices; (iii) the use of renewable energies can replace fossil
energy and thus reduce carbon emissions. Through the integration of financial markets
with energy products, both traditional (oil) and new markets (renewable energy and
carbon), the prices of such assets may be more closely correlated.

Dutta [19] studied the relationship between carbon emission prices and biodiesel in
the European Union and found that both prices move in the same direction. In addition,
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price correlations are dynamic, that is, they tend to vary over time. Finally, the author
suggests that the price risks of clean energy stocks can be diversified if investors include
both renewable energy assets and a commodity volatility index in their portfolio.

Since its inception, the European Union’s emissions trading system (EU-ETS) has
been very efficient in reducing greenhouse gas (GHG) emissions, and in 2015, the volume
of GHGs in the EU−28 was 22% below the 1990s levels, which means a decrease of
1265 million tonnes of CO2 equivalent [20]. In this way, the European Union Allowance
(EUA) emerged as an important financial sector. It is noteworthy that the EU-ETS is
the largest carbon emission allowance market, representing 84% of the global carbon
market value. [20].

Dutta and Bouri [20] found that a rise in carbon emission prices tends to increase
Brazilian ethanol prices, supporting the hypothesis that carbon emissions and ethanol
prices move in the same direction. The authors claim that this result is not surprising, given
that higher carbon prices encourage investments in ethanol, which can cause an increase in
its price. They also found that the intensity of volatility jumps varies with time, and it is
persistent, that is to say, a high probability of many (few) jumps today tends to be followed
by many (few) jumps tomorrow.

It is important to note that the relationship between Brazilian ethanol prices and
carbon emissions is little explored in the literature, and to the best of our knowledge, the
only work is the innovative investigation by [20].

Our investigation aims to expand the investigation of [20] by verifying whether carbon
emission prices are correlated with Brazilian hydrated ethanol prices, in different time
scales, both in the short and long run. This issue is relevant because the questions about
the impact of carbon emission prices upon a key biofuel source, such as bioethanol, tend to
focus on its early stages.

There are a myriad of agents (government, industry, and financial institutions, among
others) that are interested in whether these price linkages have different horizons such that
different investment returns can be expected over time. Therefore, we intend to offer new
evidence that could be important to the society as a whole and in particular to policymakers
and investors.

The findings of Dutta and Bouri [20] would lead to the expectation that a rise in carbon
emission prices is positively related to ethanol prices, such that these should move in the
same direction. However, new questions arise when the long-run trends are important
for decision making. Assuming that a great amount of investment is made on less-carbon
emission fuel production, such as bioethanol, it could be expected that in the short run,
a positive relationship between the price at both ethanol and CO2 emissions could prevail.
However, as more bioethanol is produced, its price tends to decrease. Should one expect
that carbon emission prices are also expected to decrease due to that? What if people start
to value more those companies that invest in decreasing CO2 emissions not necessarily
related to fuel production? Is there any reason to expect that CO2 related bonds would also
decrease in the longer run? In this paper, we expect to bring new evidence to contribute to
this debate.

Therefore, the main objective of this research is to investigate the cross-correlation
between Brazilian ethanol prices and carbon emission prices. Besides analysis of the degree
of association between ethanol and carbon emission prices, we also analyze the relationship
with oil prices (as a dirty energy), natural gas (a quasi-dirty one), and sugar prices, due to
Brazilian sugar and ethanol originating in sugarcane [3].

Using daily data, and including underexplored commodities in relation to biofuels,
such as carbon emission prices, which have the appeal of being environmentally friendly,
we also contribute to the growing literature on ESG investments. Secondly, we use a recent
and robust methodology, a dynamic version of the DCCA, as we consider a sliding win-
dows approach [21,22], which in addition to having the relevant properties of its static
counterpart, can provide a dynamic view of the forces of association and thus the effects
of shocks on market movements, as well as their changes and trends. Thirdly, as our
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sample has a daily periodicity, it provides a larger sample and a high frequency follow-up
between these markets. The size of the sample is another important feature of this study,
being in line with the study by Dutta and Bouri [20], which ends in 2017, allowing us to
capture important effects such as the beginning of RenovaBio, launched in 2017, the 2018
lorry-driver crisis, and the emergence of COVID-19 on the global stage.

We develop a dynamic cross-correlation analysis (DCCA) as proposed by [21,22],
using a sliding windows approach. The DCCA coefficient was proposed by [23] in order to
analyze the correlation of two series efficiently [24], with desirable properties [25] and in
various time scales, not restricted to the short-term versus long-term dichotomy.

This article is structured as follows: after this introduction, Section 2 contains the
review of the literature, Section 3 presents the methods and data, Section 4 analyzes the
results, and finally, Section 5 presents the conclusions.

2. Brief Literature Review

The literature contains several studies and debates about the relationship between the
prices of ethanol and other assets, as is the case of the debate on food versus fuel prices,
which can be followed through an excellent survey by [2]. In particular, Table 1 identifies
the main investigations in this survey that involve Brazilian ethanol directly. For a more
comprehensive view, involving not only ethanol but also biofuels in general in several
countries or economic blocks, with emphasis on the US and European Union, see [2].

Table 1. Some papers analyzing Brazilian ethanol. Source: adapted from [2].

Reference Period Main Findings

Rapsomanikis and Hallam [26] 2000–2006
Oil prices determine both sugar and ethanol prices and there is no evidence of
causal relationship from oil to ethanol and from ethanol to sugar

Serra et al. [27] 2000–2008
Evidence of relationship between food (sugar) and fuel (ethanol) in prices
and volatilities

Kristoufek et al. [28] 2002–2014
Evidence of relationship between prices of ethanol and sugar (Brazil) and
corn (USA)

Bentivoglio et al. [29] 2007–2013
Food (sugar) and fuel (gasoline) prices influence ethanol prices, but there is no
evidence that ethanol impacts food prices

Capitani et al. [30] 2010–2016 Weak relationship between ethanol prices (USA and Brazil)

Dutta [31] 2003–2016
Oil and sugar prices affect Brazilian ethanol prices, but sugar is not influenced
by ethanol.

In economics and finance, there is substantial literature already developed that has
applied the DCCA method with the purpose of calculating cross-correlations in a robust
framework. Those studies dealing with finance and sustainability include, among many
others, the climate’s influence on stock prices [32] and the analysis of agricultural futures
prices [33]. In addition, Wang et al. [34] studied the cross-correlations between energy mar-
kets (oil and natural gas) and carbon emission markets, through the DCCA and multifractal
DCCA. Another application concerns the correlation between oil prices and renewable
energy stock prices [35]. Fan et al. [36] studied the relationship between carbon prices
and coal prices, in seven main locations in China, via DCCA. Ferreira et al. [37] used the
DCCA to verify the possibility of portfolio diversification via assets of renewable energy
companies. Ferreira and Loures [38] is another recent example of applying the DCCA in
the context of renewable energy. In this case, to verify the correlation between the S&P
Global Clean Energy Index and the New York Stock Exchange (NYSE) and oil prices.

Among previous studies related to the ethanol market (or related goods) in Brazil via
DCCA, Siqueira Jr [39] et al. analyzed the correlations and cross-correlations in the Brazilian
market for commodities (including sugar) and shares on the Brazilian stock exchange. More
recently, Nascimento Filho et al. [40] studied the cross-correlations in the gasoline retail
market in the main Brazilian capitals and Murari et al. [41] performed a comparative
analysis of the Brazilian gasoline and ethanol markets. Lima et al. [42] studied the cross-
correlations and partial cross-correlations of ethanol, sugar, and oil in Brazil.
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3. Material and Methods

The present work uses daily data of future prices of carbon emissions (EU allowance)
and Brazilian ethanol prices in the spot market. Oil prices (Brent type) are a reference for
the Brazilian market [43,44], as well as for natural gas prices, which is also an important
energy commodity [18,34]. Sugar prices refer to the New York contract number 11 (Sugar
#11) due to its high liquidity and since it is a common price index used by agents operating
in the Brazilian market (both domestic and international). Natural gas is the second largest
energy commodity, but crude oil (WTI and Brent) is the main asset in this category, with
more traded goods and financial contracts. According to Li [45], as of January 2016, natural
gas accounts for 8.7% of the Dow Jones Commodity Index (DJCI), while crude oil accounts
for 19.7%. Natural gas prices refer to the NYMEX Natural Gas Futures.

Therefore, these have been chosen as control variables (benchmark). We consider
continuous future prices for the present analysis, since these assets are highly liquid for
hedging or risk diversification for global economic agents. Carbon emissions, oil, natural
gas, and sugar prices were collected through the Quandl platform (www.quandl.com,
accessed on 23 August 2021). Regarding hydrated ethanol prices, we selected spot prices
for the São Paulo market, calculated daily by CEPEA (Center for Advanced Studies on
Applied Economics, https://www.cepea.esalq.usp.br/br, accessed on 23 August 2021). We
chose to use the spot prices of Brazilian ethanol rather than the future prices of the Brazilian
Stock Exchange (B3), since we considered it more representative of the market dynamics.
As pointed out by [30,46,47], the futures contracts of the domestic stock exchange have low
liquidity, with few contracts traded, being characterized as a thin market.

Energy commodities, more specifically oil and natural gas, have become an asset class
used widely for diversification, hedging, or speculation. Investors, hedgers, speculators,
and policy-makers have used these commodities as an alternative investment instrument,
in order to protect themselves from equity market risk [48].

The analysis period is from 25 January 2010 to 31 July 2020, with a total of
2428 observations. The beginning of the sample is according to the emergence of the
daily hydrated ethanol price indicator in Brazil. Figure 2 illustrates the behavior of price
returns, r(t), defined by r(t) = ln pt − ln pt−1, where pt is the asset price on date t.
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Aiming to analyze the cross-correlations between Brazilian ethanol prices and carbon
emissions prices, we use the dynamic DCCA with sliding windows, as recently proposed
by [21,22] and also implemented as empirical strategy by [49,50]. Therefore, we present the
DCCA proposed by [51] and DCCA correlation coefficient stated by [23]. In order to clarify
the steps of the DCCA procedure, we split it into five steps, following the presentation
of [40,41]

(i) Consider two series xk and yk where k = 1, 2, . . . , N, with equidistant observations

and calculate x(t) =
t

∑
k=1

xk and y(t) =
t

∑
k=1

yk.

(ii) Next, we divide the sample in boxes of dimension n and so divided into (N − n)
overlapping boxes. The purpose of this procedure is to calculate local trends x̃(t)
and ỹ(t) of each series through ordinary least squares (OLS) and estimate the trend
of each box, linear in our case, and the size of each box is in the interval between
4 ≤ n ≤ N/4.

(iii) Subsequently, we calculate the difference between the original series and the estimated
trend, in order to obtain a series without trend (detrended), and thus, we calculate
the detrended covariance of the residues of each box of both series, which are given

by f 2
DCCA = 1

n−1

i+n
∑

k=1
(xk − x̃k)(yk − ỹk).

(iv) Afterwards, we have the sum of covariance of all boxes of size n, in order to obtain the

detrended covariance given by F2
DCCA(n) =

1
N−n

N−n
∑

i=1
f 2
DCCA. The process is continued

for all lengths of the boxes, in order to obtain an expression for the relationship
between DCCA fluctuations as a function of n. More specifically, the purpose is to
find a relationship between F2

DCCA(n) ∼ nλ, where the parameter λ is the relevant
one to evaluate the long-term cross-correlation. If λ > 0.5, the series demonstrates
a persistent long-term cross-correlation; in the case of λ < 0.5, we have anti-persistent
behavior, and finally if λ = 0.5, there is no relationship between the variables.

(v) Zebende [23] established the concept of the DCCA coefficient, ρDCCA, based on the re-
lationship between DFA (detrended fluctuation analysis) and DCCA, as ρDCCA(n) =

F2
DCCA(n)

FDFA{x}(n) FDFA{y}(n)
, where DFA{x} and DFA{y} measure the degree of long-term de-

pendence of each individual series, according to the definition of [52].

According to [24], the DCCA coefficient is efficient. Furthermore, it is between -1
as the minimum value (perfect anti-correlation) and +1 as the maximum value (perfect
correlation), namely, −1 ≤ ρDCCA ≤1, and in the case of a null value (ρDCCA = 0), we have
the absence of correlation [24]. In addition, the critical values of ρDCCA as a function of
time scales were calculated by [53], so that we can test its statistical validity.

Similar to [22], we use a moving sample with 500 observations, and due to the use of
sliding windows, we can have scales between 4 and 128 days. In addition, considering that
we have data on a daily basis, the 128-day interval (about 6 months) can be seen as a long-
term analysis. A useful illustration of how the sliding window calculation is performed,
given the sample size and as a function of time dynamics, is illustrated in Figure 3.
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4. Results and Discussions

Figure 4 shows the results of the correlation coefficients between ethanol and the
remaining commodities over time scales between 4 and 256 days (approximately 1 year).
Values located between the lower and upper limits (dashed lines) are not statistically
significant, whereas values above the upper limit and below the lower one has significance.
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It can be seen that ethanol has a positive correlation with sugar during all the time
scales, with an increased correlation in the long run (higher time scales). Regarding the
other commodities, we can also see a significant and positive relationship with oil, during
most of the time scales, although, in the long run, it is not significant. Regarding carbon,
and despite the significance of the correlationship up to 64 days, correlation levels are
lower, and, in the long run, they are not significant. Finally, considering natural gas, the
evidence is of non-significance of the correlations.

In view of the recent changes in the dynamics of energy prices in the world, due to
the coronavirus crisis and geopolitical aspects related to oil prices [18], as well as in the
Brazilian ethanol market, with the new fuel pricing policy and the lorry-driver crisis [54], it
is important to verify how the temporal dynamics of cross-correlations are dealt with.

In our next step, we will analyze the correlation dynamically, considering a fixed
window (w) of 500 days, with time scales of 4, 8, 16, 32, 64, and 128 days. Figures 5–10
have the values of the detrended cross-correlation analysis coefficient, ρDCCA, as well as
the confidence interval, namely, values of ρDCCA that are between the dashed lines indicate
that the correlation is not statistically significant. On the contrary, if the values of ρDCCA are
outside the dashed line limits (i.e., higher or lower values), they indicate that the correla-
tions are statistically significant. Next, we will elucidate the results for each calculated time
interval. For robustness purposes, we also employed the correlations using other window
sizes, namely w = 250 (windows of about one year) and w = 750 (windows of about three
years). The figures are presented in Appendix A (Figures 3, 6, A1, A2, A4, A5 and A7–A11)
and show qualitatively similar results.
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In the four-day time interval (Figure 5), with the exception of a short time between 2016
and 2017, the correlation of ethanol with carbon emissions is not statistically significant,
but is of weak magnitude, lower than 0.2. Similar behavior occurs with the correlation with
natural gas. In relation to oil and sugar, the correlation is significant during most of the
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period under analysis, although with higher correlation levels until the end of 2013. In the
case of oil, this result could be related to the sharp drop in its price, from approximately
USD 100 per barrel in August 2014 to values close to USD 50 in January 2015 [55]. When
considering both the 8-day window (Figure 6) and the 16-day window (Figure 7), the
results are very similar, with no qualitative changes in the analysis made in the very short
period of 4 days.

Changes in the pattern of correlations can be seen in the time scale of 32 days (Figure 8).
We continue to observe a positive and almost always significant correlation with sugar
price. Regarding carbon emissions, non-significant correlations are found, except in the
period between 2015 and 2016, as well as more recently, in 2020, with the joint crisis of
oil and coronavirus. In this case, in the post-COVID-19 period, the ethanol correlation
gains strength and shows practically the same correlation pattern with oil. Regarding oil,
correlation levels are significant at the beginning of the sample, as well as during some
months between 2016 and 2017, and at the end of the sample post-2020, which could be
related to the impact of the COVID-19 pandemic.

In the longer scales, namely 64 days (Figure 9) and 128 days (Figure 10), corresponding
to the long run, we can see that ethanol just shows some significant correlation with sugar,
especially post-2016, and more marginally with oil prices pre-2014, again showing strong
force only during the COVID-19 pandemic period (post-2020). In this sense, we have
evidence of the segmentation between the different assets, namely, sugar and oil versus
carbon emissions and natural gas.

In addition, as stated by [56], the time varying correlation between crude oil and gas
is not constant over time, because the two prices follow a completely divergent path, and
this is why the correlation between them is reduced. The authors suggest that the shale
revolution might have affected this volatility spillover. Therefore, in our investigation, this
helps to explain why we have different correlation estimates between ethanol and oil and
between ethanol and natural gas.

In order to develop the Brazilian ethanol market, aiming to be a global agent contribut-
ing to the fight against global warming, it is necessary to invest on three important fronts,
among others: (i) productivity increases in the ethanol supply, (ii) greater energy efficiency
of bi-fuel cars (flex), and (iii) ethanol price risk management mechanisms.

Firstly, Brazilian ethanol production has grown at an average rate of 1.2% per year
in the last decade, much lower than the explosive growth of the 1970s, when ProÁlcool
was created, and in the 2000s, with the emergence of flex fuel cars [16]. Almost all ethanol
produced in Brazil is first generation ethanol, and therefore, it is necessary to invest in
technological development for second generation (2G) ethanol [16,57]. This is already
produced in Brazil, but the conversion process is still not established, and it is expected to
be economically attractive by 2025 [16,57].

Regarding the second item, in 2012, through Decree 70819/12, the government’s
Inovar-Auto program was launched, aiming to boost the level of innovation in the Brazil-
ian automobile industry through incentives for investment in R&D, in order to produce
safer and efficient use of energy, as only a small fraction of vehicles have energy-efficient
technologies [58]. However, there was no evidence of the expected effect. On the contrary,
it turned out to be a protectionist measure, giving tax exemption to domestic producers, in
the face of international competition [58]. Furthermore, despite the high profit margin of
the Brazilian automobile industry compared to those of the US and the European Union,
large companies employ low-cost technologies for the domestic supply [58].

Finally, sugarcane, a raw material used in the production of both sugar and ethanol,
has production cycles, with a harvest every 12 or 18 months, which is reflected in the
seasonality of its final prices [41]. The first quarter of the year is the off-season period,
where ethanol prices tend to be higher if there is not enough in stocks at mills and/or
distributors [3]. The hydrated market is more dynamic than the anhydrous one (mixed
with gasoline) and more subject to seasonality and competitive conditions in regional
markets [47]. According to [59], a liquid ethanol futures market could reduce the different
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sources of uncertainty that affect biofuel prices, in order to provide more predictable
bases for future prices and thus help manage the risk of these industries more efficiently.
However, in the Brazilian case, as highlighted above, ethanol futures contracts did not
show sufficient strength to create liquidity and thus does not offer a consolidated ethanol
price risk management tool in the domestic market [30,46,47].

In this paper, we aim to contribute to understanding more clearly the possible connec-
tions of ethanol prices and therefore contribute to filling the gap regarding the third item.

5. Conclusions

In this article, using a robust dynamic cross-correlation methodology recently pro-
posed by [21,22] and empirical evidence based on fresh data from the Brazilian ethanol spot
prices and carbon emissions futures prices, we calculate the correlation between January
2010, the start of the Brazilian ethanol daily indicator, and July 2020. As a comparative
framework for energy prices, the correlations of the Brazilian ethanol with the prices of
Brent oil, natural gas, and sugar were also calculated. The price relations of carbon emis-
sions and ethanol prices have not yet been sufficiently explored, and in this investigation,
we seek to contribute to filling this gap. To the best of our knowledge, the notable exception
is the investigation of [20].

The cross-correlations were considered in two scenarios: the first with a complete
sample, and the second through sliding windows of 500 observations (approximately
2 years considering daily time series), in different time scales: 4, 8, 16, 32, 64, and 128 days.
As a robustness test, we also consider other windows sizes (250 and 750 observations),
which bring in general similar qualitative results of our basis scenario of 500 observations.

In the analysis of the complete sample, we observed that ethanol has a weak correlation
with carbon emission prices, and only in the short term, that is, considering the scale of
up to 64 days. In relation to sugar, as expected, we obtained an expressive and increasing
positive association with larger scales. In comparison with oil prices, there is a statistically
significant correlation, only in the short term, in our case, the period of less than 128 days,
about 6 months. Finally, with natural gas, we do not observe any significant association.

Our results with regard to correlation between Brazilian ethanol with carbon emissions
prices are somewhat different from those obtained by [20], which showed the existence of
a positive correlation. Here, we have evidence of a weak or even non-significant correlation,
mainly in the short run. Furthermore, the moving windows show that the correlation is
time-dependent, varying according to the period analyzed, because in certain periods and
specific time scales, no significant correlation is observed. However, it is important to note
that the use of different methodologies and databases could be also relevant in explaining
the different results.

In this sense, we believe that our results make an important contribution to decision-
making by private sector agents in forming their portfolio and seeking assets with the
potential to diversify market risks or hedging strategies, depending on the time horizon
of analysis and the degree of protection they want to achieve. In addition to the long-
term view, represented here by just over 10 years of series coexistence, moving windows
provide a view of the short-term dynamics of the correlations between such assets. The
results are also important for policy-makers, giving important information on the price
dynamics of carbon emissions and Brazilian ethanol, as these prices reflect the trade-off of
non-renewable energy versus an important source of clean energy.

It is important to note that our results also have implications for researchers. We
found evidence that ethanol’s relationships with both oil and sugar are non-linear, and
thus, the use of time series techniques that take this into account are appropriate in order to
have a more robust view of the possible existence of such relationships. Furthermore, with
the use of sliding windows, we have evidence of time-dependent behavior, with greater
or lesser levels of correlation depending on current situations, such as the lorry drivers’
strike (May 2018) that paralyzed the Brazilian economy for weeks, as well as structural
supply and demand shocks, in the wake of the outbreak and worsening of the COVID-19
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crisis. Such shocks, especially if accompanied by changes in international oil prices, can
cause great oscillation in the normal conditions of renewable energy prices, including
Brazilian ethanol.

We also consider it could be interesting to use other different methodologies to assess the
possible correlation changes in different market conditions, such as the cross-quantilogram
methodology (see, for example, [60]), this being a possibility for future research.
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