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Abstract

Palazzi, Rafael Baptista; Figueiredo Pinto, Antonio Carlos (Advisor). Essays
on commodity markets. A nonlinear approach to understanding the price
and the market behavior. Rio de Janeiro, 2022. 105p. Tese de Doutorado —
Departamento de Administracdo, Pontificia Universidade Catolica do Rio de
Janeiro.

Commodity markets have become a new investment alternative for portfolio
investors over the last fifteen years, in a process known as the financialization of
commodity markets. Several studies have explained the reasons for this phenomenon
(e.g., speculation and increase in biofuels’ production), leading to a question largely
understudied in agricultural and energy economics literature. How has the
financialization of the commodities market changed the price dynamic over the years?
This thesis applies nonlinear models to understand whether the speculation caused the
price movements in the agricultural commodity markets; investigates the price
discovery in the Brazilian market by analyzing the transmission of international energy
and feedstocks prices to Brazilian ethanol and gasoline prices; and investigates the
spillover effects from global futures markets to local spot prices. In addition, it analyzes
the increased liquidity in the commodity markets by developing a new measurement to
gauge the degree of ambiguity for 12 agricultural commodities prices. Despite the
robust econometric tests performed, the findings were inconclusive on the role of
speculation in impacting the price returns of commodities. It also found that there exists
a nexus between international oil and Brazilian ethanol prices, and global commodities
prices have increased the spillover effects on the Brazilian spot markets. Finally, the
financialization of commodity markets has increased the liquidity in the market as
measured by the degree of ambiguity. This thesis contributes to the field not only by
applying more robust, novel econometric approaches but also by evidencing how

information discovery and risk-sharing affect the commodity price dynamics.

Keywords
Commodity markets; nonlinear model; financialization; energy commodity;
speculation; spillover effects; ambiguity.
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Resumo

Palazzi, Rafael Baptista; Figueiredo Pinto, Antonio Carlos. Ensaios
sobre o mercado de commodities. Uma abordagem nao linear para
entender a dinimica do preco e o comportamento do mercado. Rio
de Janeiro, 2022. 105p. Tese de Doutorado — Departamento de
Administragdo, Pontificia Universidade Catolica do Rio de Janeiro.

Os mercados de commodities tornaram-se uma nova alternativa para
investidores nos ultimos quinze anos, em um processo conhecido como financeirizagao
dos mercados de commodities. Varios estudos tém explicado as razdes deste fendmeno,
porém esta € uma questdo ainda pouco estudada na literatura de economia agricola e
energética no Brasil. Como a financeirizacdo do mercado de commodities mudou a
dinamica dos precos ao longo dos anos? Esta tese aplica modelos nao lineares para
entender se a especulacdo causou os movimentos de precos nos mercados de
commodities agricolas, bem como para investigar a descoberta de precos no mercado
brasileiro ao se testar os mecanismos de transmissao dos pregos internacionais de
energia e commdities agricolas aos precos brasileiros de etanol e gasolina. Procuramos
investigar com os mesmos modelos ndo lineares os efeitos de transbordamento dos
mercados globais de futuros para os precos a vista locais. Por fim, analisa-se 0 aumento
da liquidez nos mercados de commodities, desenvolvemos para tanto uma nova medida
para compreender o grau de ambiguidade dos precos de 12 commodities agricolas.
Apesar dos testes econométricos, os resultados foram inconclusivos sobre o papel da
especulagdo no impacto dos retornos dos precos das commodities. Existe um nexo entre
os pregos internacionais do petréleo e do etanol brasileiro, e os precos globais das
commodities aumentaram os efeitos de contdgio nos mercados spot brasileiros.
Finalmente, a financeirizagao dos mercados de commodities aumentou a liquidez do
mercado medida pelo grau de ambiguidade. Esta tese contribui para o campo ao aplicar
abordagens econométricas robustas e inovadoras, bem como ao evidenciar como o

price discovery ¢ o risk-sharing afetam a dinamica dos pregos das commodities.

Palavras-chave
Mercado de commodities; mercado de energia; modelos ndo lineares;
especulagdo; financializagdo; contagio; ambiguidade.
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1
Introduction

Commodity markets have become a new investment alternative for portfolio
investors over the last fifteen years. A large inflow of investments from commodity
index traders, hedge funds and other investors has entered the commodity markets
seeking an alternative asset class. The amount of commodity index-related investment
purchases increased from around $15 billion in 2003 to roughly $200 billion in 2008
(Tang & Xiong, 2012). This process was named the financialization of the commodities
markets and caused the prices of non-energy commodity futures to become correlated
with oil prices.

Nonetheless, trading activities that led food prices to soar called the attention of
the US Congress and the US Commodity Futures Trading Commission (CFTC). The
“Master Hypothesis” was named to address the long-only index investments as the
main cause of the spike in commodity prices (Irwin, 2013). Scholarly literature
investigated whether speculation impacted the level of commodity futures prices. For
instance, [rwin and Sanders (2011) analyzed studies that evidenced the effects of index
funds on commodity prices, criticizing the data and the methods applied. Grosche
(2014) also emphasized the limitations of the stand-alone application of Granger
Causality (GC) tests.

My thesis aims to investigate the financialization of the commodities market in
Brazil, a research agenda that is yet to be developed in the country. Brazil ranks among
the largest commodities producers and exporters in the world. Hence, understanding
how the commodity market in Brazil has become central to speculation and its
underlying effects is crucial for designing better regulatory and pricing policies, as well
as for the proposal of optimal hedging strategies. From an academic perspective, my
study contributes to the discourse by developing new approaches to assess the process
of financialization and by proposing a new metric to gauge ambiguity in the
commodities markets. My study also analyzes the symmetrical and asymmetrical
effects of the transmission mechanisms from international futures prices to local
markets in a multivariate framework and the spillover effects of the volatility from
global futures prices to spot prices in the Brazilian market. This thesis is organized into
four chapters.

The first chapter, which was published as an article in the Infernational Journal
of Economics and Finance, deals with the controversial role of speculation in the
agricultural commodity markets. It innovates by using a robust econometric approach
to test whether speculation impacted the price returns of 12 agricultural commodities
from 2006 to 2018. In contrast to previous studies that considered only linear methods
to test the impact of speculation in the commodities prices/returns or volatility, I
proposed to compare linear and nonlinear methodologies not only in bullish but also in
bearish markets. The main results were inconclusive as to whether speculation and
index funds influenced the returns of the agricultural commodity prices. Even my
robust approach could not detect an effect of speculation on the prices’ return.

Besides the financialization investigated in the first chapter, other factors may
have led to the surge in commodities prices. For example, biofuel production is one of
the main causes of rising food prices (Mitchell, 2008). Thus, my second chapter
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analyzes the pass-through of international commodity prices to the local fuel markets.
An experiment is conducted in the Brazilian context. This chapter provides a first
insight into the asymmetric effects of global energy and agricultural commodity prices
on fuel prices in Brazil from 2015 to 2020. Multivariate nonlinear autoregressive
distributed lag (NARDL) models are built using weekly prices of energy commodities
traded in futures markets. Heating oil (HO), reformulated blendstock for oxygenate
blending (RBOB), West Texas Intermediate (WTI) crude oil, Chicago ethanol (Platts),
corn and sugar are considered as independent variables in the models, whilst the
Brazilian ethanol and domestic gasoline prices represent the dependent variables.
Previous studies have overlooked the interaction between international energy,
feedstock prices and domestic fuel prices in a multivariate framework. Moreover, few
studies have focused on the pass-through mechanisms of global commodity prices to
domestic ethanol or gasoline prices. Our findings suggest that prices for the RBOB
have had both short- and long-run asymmetric effects on domestic gasoline prices in
Brazil, while surges in HO prices have led to declines in Brazilian ethanol prices.

The third chapter expands the analysis of the interconnection between
international and spot prices in the Brazilian context while remaining focused on the
spillover effects, assessing the transmission of futures prices traded at the global futures
markets and spot prices in Brazil. It aims to investigate the volatility spillovers among
coffee, ethanol, soybeans, RBOB futures prices, and Brazilian spot prices from 2010
to 2020, using the Diebold and Yilmaz (DY) volatility spillover analytical framework
to estimate the total, the gross and the net directional volatility spillover. Our results
demonstrated an increasing trend in the total volatility spillover index, suggesting an
increase in the Brazilian market's connectedness with international markets.

Finally, the financialization of the commodities has contributed to the liquidity
in the market, mainly by appealing to the noncommercial traders that seek an
alternative investment/asset class. Thus, the last chapter proposes to estimate ambiguity
in commodity futures markets by formulating an empirical ambiguity measure. We
compose an empirical measure to explain the 12 commodity prices of the nearest
futures contracts. Ambiguity is defined as uncertainty in the probability distribution
due to misinterpretation or lack of information and is a current feature of financial
assets. The results show that ambiguity represents a current feature of commodity
futures prices that demonstrates a significant autoregressive pattern coupled with weak
and mixed impacts in the log returns.
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2
Can we still blame index funds for the price movements in the
agricultural commodities market?

2.1
Introduction

From the early 2000s onwards, the commodities market underwent a profound
transformation. Many participants entered the market to diversify their investments.
Irwin and Sanders (2011) point out that more than US$ 100 billion of new resources
entered this market from 2004 to 2008, a process that became known as the
financialization of the commodities market. Coincidentally, commodity prices
exploded. Cheng and Xiong (2014) show that the WTI price reached US$ 150 per
barrel by 2008. Likewise, food prices also increased, a phenomena that had been not
observed since the 1970s (Carter et al., 2011; FAO, 2008). Based on these trends, a
series of studies by academics and international agencies examined the role of
speculation in raising commodity prices (International Monetary Fund, 2008; Irwin and
Sanders, 2011, et al., 2009). Index funds were the first source blamed for the price
distortion, and international organizations were publicly exposed. For example, [rwin
et al. (2011) cite a report from the US Senate (2014) subcommittee pointing to the
Commodity Index Traders (CIT) as the responsible for raising prices on wheat futures
contracts.

Some researchers found it difficult to establish a causality between the position
of speculative funds and the level of commodity prices. Many of these studies used the
Granger Causality (GC) test. However, this test has several limitations (E. M. de
Oliveira et al., 2019). Hiemstra and Jones (1994) argue that, although the GC test has
the power to show causality in linear relations, it does not offer the same efficiency in
nonlinear relations. Grosche (2014) points out limitations in this type of analysis,
arguing that a review of these studies demonstrates that the findings are inconclusive.
Sanders & Irwin (2017) also identify some criticisms of GC tests, such as a low-power
test in volatile commodity futures markets, efficient markets with restricted
information, and lack of conditioning variables within models. Given the restrictions
in current models, would models that overcome these limitations capture these
relationships better?

In this study, we examine the influence of CIT positions and excessive
speculation measured by the T index of speculation, following Working (1960) on
agricultural commodity prices. We use weekly data from the Commodities Futures
Trading Commission (CFTC) for the period between 2006 and 2018. We apply linear
and nonlinear models of causality to determine whether the speculative performance in
the agricultural commodities market generated changes in the prices of the
commodities. We begin by considering the classical causality model (Granger, 1969)
and using the first differences of the series. Next, we test the existence of causality
using Toda and Yamamoto's (1995) methodology, which deals with the possibility of
cointegration between the variables. Finally, we employ the Diks and Panchenko's
(2005, 2006) nonlinear model, which tests for non-parametric causality. After running
the tests, we use filters to control heteroscedasticity with multivariate GARCH models,
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specifically for nonlinear causality and the Granger BEKK-GARCH tests (Baba et al.,
1990; Bollerslev et al., 1988; Engle & Kroner, 1993).

The paper proceeds as follows. Section 2 discusses the literature on the
relationship between speculation and price changes. One group finds evidence of a
relationship between speculation and prices, while another group finds no evidence of
causality. Section 3 describes the data and the proxy for speculation. Section 4 presents
the econometric methodology to test the causal relationships between the variables.
Section 5 presents and discusses the model results. Section 6 concludes and offers
suggestions for future research.

2.2
Literature Review

Prior research addresses the causal relationship between index funds and
commodity prices. In this context, [rwin and Sanders (2012) consider the hypothesis
that long-only index investments were the principal causal agents of a hike in future
commodity prices as the master hypothesis. The authors test the hypothesis using the
GC method but find no evidence to support this proposition. A significant part of the
literature finds no evidence or a limited relationship (Aulerich et al., 2013; Bohl et al.,
2012; Capelle-Blancard & Coulibaly, 2011; Gilbert, 2010; Gilbert & Pfuderer, 2014;
Irwin, 2013; Irwin et al., 2016; Lehecka, 2015; Vercammen & Doroudian, 2014), thus
providing evidence that is inconsistent with the master hypothesis.

Some studies examine this hypothesis in a similar way and employ the GC test
with different approaches. For example, Aulerich et al. (2010) test the GC between the
change in the long position of the CIT and the return on the futures contract of the
closest screen. The authors test two distinct periods, from 2004 to 2005 and from 2006
to 2008, to allow the rolled positions to appear in the sample. However, they could not
prove any relationship between speculation and price variation. Gilbert (2010) also
finds no causality between speculation (referred to as non-commercial) and returns on
commodity prices such as corn, soybeans, and oats. Gilbert and Pfuderer (2014) expand
the role of agricultural commodities to include markets with lower liquidity such as the
live cattle market and lean hogs. They reach a similar conclusion, even for markets
with lower liquidity. Capelle-Blancard and Coulibaly (2011) innovated the test using a
seemingly unrelated regression system, which permits a test of causality that accounts
for the correlation between different markets. The result shows that, between 2006 and
2010, index funds were not responsible for the increase in agricultural commodity
prices. Lehecka (2015) employs the causality test using the Toda and Yamamoto model
for different measures of speculation and shows that the results are not very useful in
explaining the behavior of prices in the face of speculative pressure, or pressure by
hedgers.

Another stream of literature suggests that speculation does not cause the market
bubble in agricultural commodities (Bohl et al., 2012; Irwin et al., 2009, 2016;
Lancaster, 1989; Sanders & Irwin, 2011; Vercammen & Doroudian, 2014). On the
contrary, the performance of the funds can be seen as beneficial to the financial market,
as it generates liquidity and can reduce market volatility. Thus, Brunetti et al. (2016)
argue that the increase in speculative positions in the commodities market is benign
because investors can help reduce volatility by taking positions contrary to hedgers.
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Another advantage Irwin et al. (2011) point out is that the expansion of speculative
activity in the commodity market may reduce the risk premium and, consequently, the
cost of hedging.

However, the literature is not unanimous on the benefits of speculative funds in
the commodity market. Some researchers show that such funds may not only trigger an
increase in commodity prices, but also increase volatility. Robles et al. (2009) use the
spot prices of agricultural commodities (wheat, corn, rice, and soy) supplied by the
Food and Agriculture Organization of the United Nations and five variables as proxies
for speculation. The GC test shows that speculative activities may influence the prices
of these commodities, which may have negative consequences in terms of dealing with
hunger in underdeveloped countries. Gutierrez (2013) finds evidence that commodity
prices deviated from their equilibrium price from 2007 to 2008. The author uses the
bootstrap method to compute the sample probability distribution, whose alternative
hypothesis is located in the right part of the distribution. The author then uses the unit
root test, which determines the explosive part of the statistical test. The author finds
that the first sign of the deviation in the wheat market was in August 2007, followed
by corn shortly after, in February of 2008.

Although some authors reach different conclusions, some criticize the methods
applied in these studies. Grosche (2014) exposes certain limitations: (i) the failure to
consider the informational efficiency of the markets, the variation of time, and the
response to the effects of the bounded rationality of the different trading strategies; and
(1) limitations in the CFTC’s data, which they disclose only weekly, and causality, in
the sense that price relative to speculative funds does not necessarily mean that funds
follow prices (trend followers). The study recommends the use of multivariate models
(vector autoregressive, or VAR) as well as nonlinear models of causality. In this sense,
Sanders and Irwin (2017) also acknowledge the limitations of GC tests. To address
criticisms of GC, the authors apply a time-series correlation between the Supplemental
Commitments of Traders report (SCOT) and nearby futures returns, as well as a cross-
section correlation between the Index Investment Data report (IID) and nearby futures
returns. The results show a positive correlation between changes in SCOT and nearby
futures returns, mainly in years that were not bubble-like. Moreover, shifts in SCOT
index position did not coincide with changes in price. The authors also tested the
correlation between SCOT index positions and daily market returns. Results show no
correlation between index positions and daily market returns. Cross-sectional analysis
of IID buy-positions and market returns fails to provide evidence of a relationship, even
controlling for other macroeconomic variables.

Baek and Brock (1992) show that linear causality tests have little power to detect
nonlinear relationships over time. Thus, some studies improve the analysis from non-
parametric econometric tests. Hiemstra and Jones (1994) modify the Baek and Brock
version by relaxing the hypothesis that the time series is independent and identically
distributed (iid) to test the dynamic relationships. Diks and Panchenko (2006) refine
the Hiemstra and Jones test to overcome the possibility of spurious rejection of the null
hypothesis. Another limitation is the possibility of cointegration effects in the causality
tests in linear and nonlinear series. Bekiros and Diks (2008a) investigate the
relationship between the spot market and the future WTI market empirically and find
that even after applying appropriate models in the BEKK-GARCH family to control
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conditional heteroscedasticity, the nonlinear relationship persists in some cases, while
the linear relationship disappears after filtering.

Therefore, the hypothesis that speculation causes a price increase requires further
investigation in light of the more sophisticated models presented in recent work.

2.3
Data

23.1
Commodities prices and the CIT position

We collected the futures prices of ten agricultural commodities: corn, cattle
(feeder cattle and live cattle), lean hog, soybeans, and wheat from the Chicago
Mercantile Exchange (CME), and coffee, cocoa, and sugar from ICE Futures, US, in
New York. The prices refer to the contracts of the first active screen of the exchanges.

We use the CIT position for testing the Master Hypothesis. It is worth noting that
depending on the purpose of the speculative hypothesis, a different measure should be
applied. That is, (Etienne, Irwin, & Garcia, 2018) provide sharp distinctions between
speculative measures, such as Index Investments, non-commercial activities, the
Working’s T index, and the ESV Index. According to the authors, the CIT net position
is used to test the Master Hypothesis of whether the net long position can cause a spike
in agricultural commodity prices. Working’s T index reflects the excess of speculation
relative to hedging movements, which could impact the agricultural futures prices.

The CFTC began releasing this report as a supplement to the Commitments of
Traders (COT) in 2007 for only twelve agricultural commodities. In this supplement,
CFTC removed the positions of the index traders from the non-commercial and
commercial positions and separated them by category: CIT long and short. CFTC also
removed managed funds, pension funds, and other institutional investors which seek
exposure in commodity markets as an asset class, from the position of non-
commercials. Over-the-counter (OTC) hedge funds, such as swap dealers, are drawn
from the position of the commercials. (Sanders, Irwin, & Merrin, 2010) show that 85%
of the index trader 's position came from the long commercial category of the COT
report. The authors argue that most of the long-only index positions initially trade in
the OTC markets, then re-enter into futures markets to hedge their exposures through
swap dealers (commercial and investments banks).

Even with the improvement in the classification of traders in this new report
(SCOT), the CFTC itself warns about possible failures in the classification procedure
(CFTC, 2008). Another limitation in the publication is the data horizon, which starts
only in 2007. Irwin (2013) points out that in the three years prior to 2007, massive fund
positions received training. In this case, between 2004 and 2006, there was a rapid
increase in the CIT, with index traders' long positions almost tripling in the corn and
wheat market. The author also shows that the commodity boom in 2007-2008 may be
only a coincidence since the greatest pressure on CIT positions was from 2004 to 2006.

Despite its limitations, the SCOT report provides a useful proxy for the position
of index traders, as (Irwin & Sanders, 2012a) point out since the errors associated with
the report are small and still reflect the behaviors of index traders in the future
agricultural commodities market.
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2.3.2
Speculative Proxies

Widely used in the literature, the T index proposed by (Working, 1960) measures
the excess of speculation in the market. The measure captures the excess of speculative
positions in relation to hedge positions. The index is calculated as

1+ =" if HS > HL,or
r= SL . (1
1+—=—; if HS < HL

where SL and SS are the Long Position and Short Position, respectively, while
HL and HS are the positions hedgers bought and sold. The minimum value is 1, so the
excess beyond 1 reflects the level of speculation that hedgers did not absorb.

We consider the long and short CIT positions and analyze each of them
separately. The master hypothesis is that the pressure of purchased funds created a
bubble in the commodity market and had its apex in 2006—2008 (the price of sugar had
its bubble afterward, in 2010-2011). However, some commodities fell over time, as
Figure 1 shows. Thus, we include the CIT short position to analyze whether there was
pressure on the movement of commodities separately. Our sample period runs from the
beginning of the data provided in the SCOT report (2006 and 2007) until 2018.
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Figure 1. Commodity prices. The graphs show future commodity prices for the
period between 2006-2007 and 2018. For each commodity, the contracts are
measured on different scales: Cocoa — 10 metric tons; Cotton — 50,000 pounds;
Coffee — 37,500 pounds; Sugar — 112,000 pounds; Feeder Cattle — 50,000 pounds;
Lean Hogs — 40,000 pounds; Live Cattle — 40,000 pounds; Corn - 5,000 bushels;
soybean — 5,000 bushels; wheat — 5,000 bushels. Source: Bloomberg.


DBD
PUC-Rio - Certificação Digital Nº 1811795/CA


PUC-Rio- CertificagcaoDigital N° 1811795/CA

15

Table 1 (panels A, B, C, and D) presents the descriptive statistics. The series are
all non-stationary according to the Augmented Dickey—Fuller tests (measured by
constant and constant plus intercept) for all data. In panel A of Table 1, the prices are
transformed into log-returns through the following relationship: r; = In P, — In P;_;.
We see excess of kurtosis for the price series exhibiting heavy (leptokurtic) tails. We
find negative asymmetry in more than half of the series. In Panel B, we analyze the T
index, which shows no negative asymmetry for any commodity, though we find excess
kurtosis in all series. To detect the null hypothesis of normality, we apply the Jarque—
Bera test, and thus reject the null hypothesis of normality for all commodities, both
prices and positions, using the speculation index. Panels C and D show the log of the
return of the positions of funds bought and sold.
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Mean  Median Max Min Std. Dev. Skewness Kurtosis J-B Obs DF (c.) DF (ct)

Panel A: Return on prices (Py)
Cocoa 0.000  0.002 0.154 -0.124 0.041 0.488 4.236 124.590*** 1,206 -9.201**%  -9.200%**
Cotton 0.000  0.002 0.162 -0.145 0.040 -0.192 4.153 35.777%** 581 -23.653%** 23.63_7***
Feeder Cattle  0.000  0.002 0.096 -0.120 0.024 -0.374 4.469 75.589%** 668 -25.756%** 25.73:7***
Lean Hogs - -0.001 0.205 -0.224 0.047 0.231 6.975 445.795%** 668 -25.708%** 25.7(;6***
Live Cattle 0.000  0.001 0.093 -0.110 0.024 -0.192 4.542 70.296%** 668 -27.769%** 27.75_1 ok
Coffee 0.000  -0.000 0.177 -0.145 0.044 0.082 3.663 11.294%** 581 -24.279%** 24.27_8***
Corn 0.001 0.002 0.233 -0.256 0.044 -0.179 6.869  420.143%** 668 -27.243%%* 27.29_2***
Soybean 0.000  0.002 0.120 -0.200 0.035 -0.528 5.300 178.291*** 668 -26.867%%* 26.94;1 ok
Sugar 0.001  -0.001 0.171 -0.230 0.050 -0.101 4370 46.431*** 581 -25.850%** 25.82;9***
Wheat 0.001  -0.002  0.169 -0.176 0.047 0.214 3.720 19.508*** 668 -26.520%** 26.54;2***

Table 1. Descriptive statistics and unit root tests (price series)

Notes: Descriptive statistics on the weekly observations of 10 commodities presented between 2006-2007 and 2018. The log-returns of the series
prices (r; = In P, — In P,_,) of commodities in the Chicago (CME) or New York (ICE Futures US) exchanges are source from the Bloomberg
platform. *, ** and *** show significance at the 10%, 5%, and 1% level, respectively. Augmented Dickey—Fuller (DF) tests were applied, as measured
by the constant (DF c.) and the (DF ct) intercept.
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Mean Median Max Min Std. Dev. Skewness Kurtosis J-B Obs  DF (c.) DF (ct)

Panel B: Speculation index (T)
Cocoa 1.197 1.161 2.048 1.017 0.139 2222 9.793 3,311.146%** 1,206 -5.778*** -6.375%**
Cotton L.111 1.070 1.569  1.011 0.097 1.762 6.786 648.722 *¥** 581  -4.660%** -47]5%**
Feeder Cattle  1.421 1.396 2.729  1.052 0.215 1.484 7.711 864.163*** 668  -6.159*** _6.314%**
Lean Hogs 1.269 1.223 1.927  1.028 0.166 1.079 3.990 157.130%*%* 668 -4.638%** -4.634%**
Live Cattle 1.178 1.165 1.407  1.036 0.095 0.418 2.061 44.107**%* 669 --4.420%** -456]%**
Coffee 1.183 1.157 1.553  1.028 0.128 1.128 3.642 133.473%*%* 581 -4.008%** -4227%**
Corn 1.167 1.138 1.453  1.032 0.110 0.816 2.562 79.624%%% 668  -3.972%** _5293%**
Soybean 1.131 1.105 1472 1.034 0.080 1.308 4.736 274.903%*%* 668 -4.718%*%* -476]***
Sugar 1.135 1.082 1.430  1.005 0.117 0.733 2.129 70.467***% 581  -3.047**  -3.857**
Wheat 1.419 1.379 1.993  1.091 0.202 0.602 2.389 50.803*** 668 -3.866*** -4 19]%**

Notes: Descriptive statistics on the weekly observations of 10 commodities presented between 2006-2007 and 2018 in terms of the index of

speculation (T). *, **, and *** show significance at the 10%, 5%, and 1% level, respectively. Augmented DF tests were applied, as measured by the
constant (DF c.) and the (DF ct) intercept.
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Mean Median Max Min Std. Dev. Skewness  Kurtosis J-B Obs DF (c.) DF (ct)

Panel C: Long position of the index traders

Cocoa 0.001 0.004 2.155 -2.078 0.137 -1.597 157966  1,206,244.168*** 1205 -34.643***  -34.632%**
Cotton 0.000 0.000 0.110 -0.122 0.028 -0.426 5.544 174.172%%* 581 -21.597#%*  _21.645%**
Feeder Cattle 0.002 0.003 0.161 -0.157 0.043 -0.178 4.508 66.783%*** 668 -24.856%** 24 84877***
Lean Hogs  0.001 0.002 0.127 -0.265 0.028 -1.060 16.908 5,508.944 % 668 -22.947*** 2D .932%**
Live Cattle  0.001 0.002 0.078 -0.116 0.021 -0.350 6.555 365.488*** 668  -9.904*** .0 RBO***
Coffee 0.001 0.001 0.166 -0.260 0.033 -0.503 12.849 2,372.528%** 581 -20.448%**  -2(0.448%**
Corn 0.001 0.002 0.154 -0.129 0.026 -0.167 8.000 699.013*** 668 -23.659%** 23 657***
Soybean 0.001 0.003 0.139 -0.140 0.029 -0.582 7.116 509.242%** 668 -22.523%** 2D 5]14%**
Sugar 0.000 0.001 0.101 -0.094 0.025 -0.138 5.248 124.230%** 581 -20.017***  -19.999%**
Wheat -0.001 0.002 0.181 -0.843 0.057 -8.419 121.310 397,480.074%** 668 -25.531*** _2551953%**

Notes: Descriptive statistics on the weekly observations of 10 commodities presented between 20062007 and 2018, in terms of the returns of the long
positions of the index traders (CIT). *, ** and *** show significance at the 10%, 5%, and 1% level, respectively. Augmented DF tests were applied, as
measured by the constant (DF ¢.) and the (DF ct) intercept.
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Mean Median Max Min  Std. Dev Skewness Kurtosis J-B Obs DF (c.) DF (ct)

Painel D: Short position of the index traders
Cocoa 0.004 0.014 18.975 -18.534 1.103 0.235 241.980 2,867,485.111*** 1205 -21.582%** 2] 575%**
Cotton 0.003 0.020 1.773  -1.206 0.270 -0.718 9.841 1,182.794*** 581 -19.868***  -19.855%**
Feeder Cattle  0.002 0.000 18.980 -19.787  2.755 -0.386 37.240 32,647.828***% 668  -6.304%** -6.323%*%*
Lean Hogs 0.006 0.001 18.159 -16.524  1.529 0.872 94.043  230,790.975*%** 668 -13.045%**  -13.120***
Live Cattle 0.003 0.014 16.013 -20.699 1.112 -5.113 245346 1,637,601.370*** 668 -20.928***  .20.912%**

Coffee 0.007 0.018 1.438 -1.919 0.245 -0.795 16.572 4,520.386%** 581 -20.787***  -20.770%***
Corn 0.003 0.021 0.927 -1.630 0.182 -2.058 18.938 7,541.748%** 668 -26.693***  _2(.3]5%**
Soybean 0.004 0.013 1.436 -0.952 0.189 -0.330 12.627 2,591.544** 668 -26.074***  _26.055%**
Sugar 0.001 0.015 0.438 -0.708 0.136 -1.295 7.353 621.138%*** 581 -18.350%**  _18.335%**
Wheat 0.003 0.008 1.241  -1.687 0.199 -0.605 16.348 5,000.014%** 668 -19.160***  -19.193***

Notes: Descriptive statistics on the weekly observations of 10 commodities presented between 2006-2007 and 2018. The returns on the sell positions
of the index traders’ (CIT) are presented. *, **, and *** show significance at the 10%, 5%, and 1% level, respectively. Augmented DF tests were
applied, as measured by the constant (DF c.) and the (DF ct) intercept.
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With current data and a broader window, we may observe that prices returned to the
prevailing levels prior to the 2008 bubble. Therefore, an up-to-date analysis of the
relationship between speculation and commodity prices is important in terms of the other
studies of the topic.

24
Methodology

24.1
Granger Causality (GC)

GC, much used in the empirical literature, analyzes the dependency relationship
between variables over time (Granger, 1980). Irwin (2013), who published several studies
on this subject using this model, argues that it is already established that the results of GC
tests should be interpreted with caution. For example, he cites studies that state that
rejecting the null hypothesis of Granger's causation may not reflect a true causal
relationship between x and y, but rather, the omission of variable z, which may be the
cause of both x and y.

2.4.2
Augmented Granger-causality test

The GC test was modified over time to capture the dynamics of the cointegration
relationship in time series using the VAR model. In this connection, Granger (1988)
shows that, in some cases, the traditional GC test does not detect causal relationships when
the series are cointegrated. Engel and Granger (1987) point out that if variables x and y
are non-stationary and cointegrated, then this could invalidate the results of the GC test.
To address the problems of cointegration and unit roots, (Sims, Stock, & W Watson,
1990) show that, in a system that includes a unit root, using a VAR model to test
constraints on coefficients does not apply to different orders of integration. Thus, Toda
and Yamamoto (1995) propose a solution that deals with the problem of stationarity and
cointegration. Their model guarantees that the chi-square (X) distribution is asymptotic
(modified Wald statistical test). The procedure is to determine the optimal lag (k) based
on some criterion, such as (Akaike, 1974) Akaike (1974) or and Schwarz (1978)
(Bayesian information criteria); the order (k + dmax) is estimated, where d is the maximum
order of integration of the model

Yi=a+ 2?:1(1 BiYe—i + {c=+1d Vi Xe—j + Uyt (2)

Xe=a+ X200, Y + X286 X j + Uy, (3)
where / and k are the lag lengths of Y, and X;; u,'s are the assumed error terms as
white noise. The estimation of VAR (k + d) makes it possible for the X? distribution of

the Wald test with k£ degrees of freedom to be admitted. Thus, the lag length of the model
should be smaller than the integration order.
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243
Nonlinear causality — Diks and Panchenko (Diks & Panchenko, 2006)

Linear models of causality are more common in the literature. As outlined in the
previous section, the traditional GC model has little power to detect the nonlinear behavior
of variables (persistence or structural breaks, for example). Hiemstra & Jones (1994)
modified the Baek & Brock (1992) model, which relaxes the hypothesis that the series are
iid, allowing them to show weak temporal dependence. Diks and Panchenko (2005)
present a non-parametric test for Granger non-causality that avoids spurious rejection of
the null hypothesis.

In the design of a bivariate test, the null hypothesis that past observations of {X,}
do not contain additional information on Y; ,; is reformulated by Diks and Panchenko
(2006) in terms of marginal distributions, as follows:

xyzeyz) _ fxy@y)  frz(.2) @)
RRZE)) Yo fro)

For simplicity, the authors consider Z;, = Y; ,; and remove the time indices ¢. Thus,
for each fixed value of y, X and Z are conditionally independent in Y = y. Thus, they
show that another way of writing the null hypothesis is:

= Elfxyz XY, 2) fy(V) = iy (X, Y) fy2 (Y, 2)] = 0 (5)

Next, taking fy,,(W;) as a local density estimate of a random vector dy, - variate W

in W;, defined by f,, (W;) = (25”) WZ”il 1Y, where I = I(||W; —W;|| < &,), 1() is

the indicator function (that takes a Value of 1 when true and null when false) and ¢, is the
bandwidth parameter dependent on n (number of observations in the series); the Diks and
Panchenko (2006) statistic test is:

To(en) = mz (fXZY(XuZuY)fY(Y) fXY(XuY)fYZ(YuZ )) (6)

In the case of a bivariate test, the test is consistent; its power of rejection of a null
hypothesis that is actually false tends to 1 (100%) as the amount of available data increases
when &, = Cn™F, where C is a positive constant and § € (1/4,1/3). The asymptotic
distribution to the normal pattern, in turn, is guaranteed in the absence of dependence
between the W; vectors. However, in a time series context, the authors demonstrate that
asymptotic normality is guaranteed for weakly dependent data as long as the covariance
between local density estimators is taken into account. The proof for this asymptotic
property is developed under the "mixing" conditions of Denker and Keller (1983). In
practice, we assume that taking &, = Cn™#, with C being a positive constant and f €
(1/4,1/3), we have:

\/_(Tn(gn) CI) N(O 1) (7)
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where 2 denotes convergence in the distribution and S, is the estimator of the
asymptotic variance of T,.

Regarding the choice of &,, the bandwidth is optimal, in the sense of providing an
estimator T;, with the smallest Mean Squared Error (MSE), when

g, = Cn=2/7 (8)

For practical applications, however, Diks and Panchenko (2006) recommend a
truncation, as follows:

g, = min(Cn=2/7; 1.5) (9)

That is, the value of g, is truncated to hold the maximum at 1.5 to avoid obtaining
very large bandwidth values in the case of a small number of available observations (n)
for the series. In our study, we choose a conservative value and use €, = 1, in line with
other studies (Andreasson et al., 2016; S. D. Bekiros & Diks, 2008b).

2.5
Results

Considering the approaches described, we present the results of the linear and
nonlinear tests for each of the variables, the T index of speculation, and the long and short
positions of the CITs below. The following tables show the relationships investigated.

Table 2 presents the results of the Toda and Yamamoto (1995) method before and
after the filtering to control conditional heteroscedasticity.

Even with the versatility of the models, heteroscedasticity can affect the series.
Thus, we use the equations using ARCH family filters. We find a characteristic behavior
in the financial market when periods of high volatility are preceded by low volatility, and
vice versa. Thus, the ARCH family models can better capture this stylized fact; the
variance of the present error term is related to the size of the error of the previous period.
We can test the conditional distribution of the error term using the normal distribution
(Gaussian), Student's ¢, and the generalized error distribution. The choice of the best
model is given by the statistical significance of the parameters and the values of
information criteria, such as AIC and Bayesian Information Criterion.

The results in Table 2 indicate that there is no causal relationship between the funds
and speculation towards the price in most commodities. However, the CIT sell position
for sugar and wheat point to causality, in the direction of price; that is, the sell position
may have influenced prices.
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Toda Yamamoto Causality GARCH filtered residuals

Commodities CIT L CIT S T CIT L CIT S T
Coccoa— Price - - - _ _ _
Price— Coccoa - * - *okok R .
Cotton—Price - - - - - -
Price—Cotton - - - *k * .
Feeder Cattle— Price - - - - ook -
Price— Feeder Cattle - - okok _ ok sk
Lean Hogs—Price *x - - - R .
Price— Lean Hogs - - sokok - _ -
Live Cattle—Price - - - - *ok _
Price— Live Cattle Hkok - Hkok Aok _ -
Coffee— Price - - - - - -
Price— Coffee - - ok - ok .
Corn— Price - - _ * _ B
Price—Corn * * Hkok * _ )
Soybean— Price - - - - R .
Price— Soybean wAk - * sokok sk .
Sugar—Price * *ok - _ o _
Price— Sugar - - sokok - _ _
Wheat— Price - seokek - _ sk _
Price— Wheat - - Hkok - _ _

Table 2. TY Causality

Note: Toda-Yamamoto procedure (Modified Wald statistics). Commodity (X) — Price (Y) denotes the
position of CITs, and Granger speculation (T) does not cause price, or vice versa. *, ** and *** show
significance at the 10%, 5%, and 1% level, respectively. The “GARCH filtered residuals” column shows
the results of the TY procedure using the residuals filtered by appropriate GARCH models. The size of
lags was determined by the BIC and AIC criteria, with a maximum of 6 lags.

The choice of the lead-lag plays an important role in the application of causality
tests. In Tables 2 and 3 (Standard Granger), to determine the optimal number of lags of
the bivariate VAR, the maximum number of lags is set to 6 and the optimal number is
selected by means of some AIC or BIC (in this case, we choose it by the smallest number
of lags for parsimony).
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Granger-Wald (VAR) BEKK-GARCH Filtered Residuals

Commodities CIT L CIT S T CIT L CIT S T
Cocoa— Price - - - - _ _
Price— Cocoa - * - *k ® ok
Cotton—Price - - - - - -
Price—Cotton ** - - *k _ _
Feeder Cattle— Price - - - * * _
Price— Feeder Cattle - - *k - - Aok
Lean Hogs—Price *ok - - ks R o
Price— Lean Hogs - sokok * ok ook
Live Cattle—Price - - - - wkk *
Price— Live Cattle *ok - ok ook . *kk
Coffee— Price - - - - - -
Price— Coffee - - ok - R sk
Corn— Price - - - * - _
Price—Corn - * Hkok - - _
Soybean— Price - - - ok
Price— Soybean Hokok * ok B ok
Sugar—Price - * - - ok *k
Price— Sugar - - Hkk - _ _
Wheat— Price - EEE - _ sk _
Price— Wheat ok - R sk

Table 3. Granger standard causality (Wald-Granger)

Note: Granger causality test. Commodity (X) — Price (Y) denotes position of CITs, and Granger
speculation (T) does not cause price, or vice versa. *, ** and *** show significance at the 10%, 5%, and
1% level, respectively. The column BEKK Filter shows the residuals of VAR filtered using the BEKK
method. Size of lag was determined by the BIC and AIC levels, with a maximum of 6 lags.

Table 3 shows the results of the traditional GC test using a bivariate VAR for the
log-returns of the involved variables. Next, we filter the residuals using the BEKK-
CARCH multivariate model. A formulation that can be viewed as a restricted version of
the VECH model is a specific parameterization of the multivariate GARCH model defined
in Engle and Kroner (1995). This formulation is called BEKK, an acronym that stands for
Baba, Engle, Kraft and Kroner (Baba et al., 1990; Engle & Kroner, 1995), in line with
recent studies on nonlinear causality (Andreasson et al., 2016; S. D. Bekiros & Diks,
2008a), and has the following form:

He=C'C+XL, Aje,_ie(_;A; + X7_ BiH,_;B;, (13)

where now C, A; and B; are N x N matrices, C being lower triangular. In this model

the conditional covariance matrices are positive definite by construction, which is an
attractive property.

Before and after filtering using BEKK-GARCH, Table 3 indicates that there is no
relationship between speculation and the commodity prices. That is, speculation did not
cause price variation for most commodities. However, there is one relationship, in the
Granger sense, from speculation to price. Thus, our findings suggest that prices guide
speculators (trend followers). This is in line some prior studies (Guilleminot et al., 2014;
Lehecka, 2015). Furthermore, as Table 2 shows, the sold positions of the CITs seem to
have caused price variation for sugar; with filtering, the significance level increases.
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DP (2006) BEKK-GARCH Filtered Residuals
Commodities CIT_L CIT_S T CIT_L CIT_S T
Coccoa— Price - - - - - -
Price— Coccoa - - - - - -
Cotton—Price - - - - - -
Price—Cotton - - * - - -
Feeder Cattle— Price HAE - ok ok - *
Price— Feeder Cattle - - wokE - - ok
Lean Hogs—Price - - * - - -
Price— Lean Hogs - - ok - - -
Live Cattle—Price ** - - *k - -
Price— Live Cattle * - ok - - -
Coffee— Price - - - - - -
Price— Coffee - - *k - - -
Corn— Price - - - - - -
Price—Corn - - Hoksk - - -

Soybean— Price - - - - - -
Price— Soybean - - - - - -
Sugar—Price woE - - ok - -
Price— Sugar - - - - - -
Wheat— Price - * - - - -

Price— Wheat - - ** - - -

Table 4. Diks and Panchenko nonlinear causality (2006)

Note: Nonlinear causality DP (2006) T, statistic. Commodity (X) — Price (Y) denotes position of CITs,
and Granger speculation (T) does not cause price, or vice versa. *, ** and *** show significance at the
10%, 5%, and 1% level, respectively. Bandwidth set at €,, = 1 and lag £=1. VAR residuals filtered using
a BEKK-GARCH multivariate specification.

With the data filtered using the multivariate BEKK-GARCH model, the use of the
Diks and Panchenko (2006) nonlinear test makes it possible to determine whether the
model can describe the relationship among the analyzed commodities. Filtering is applied
when there is a failure to accept the null hypotheses of non-causality of the nonlinear
model (S. Bekiros, 2014).

The test consists of applying the DP model to the stationary series to detect whether
there is some nonlinear relationship. Following this step, the filtered residuals of the VAR-
BEKK model are generated to verify whether the nonlinear relationship persists. We set
both bandwidth and lag at 1. According to S. D. Bekiros & Diks (2008a), if the bandwidth
is defined as having a value greater than (or less than) 1, it will result in a smaller (or
larger) p-value.

As Table 4 shows, most of the results were inconclusive, and after filtering, the
significance of the relationships diminished. In contrast to these findings, we note that a
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buy position on the part of the CITs generated pressure on the price of sugar, feeder cattle,
and live cattle, both before and after the filtering. This confirms that statistical significance
is weaker after filtering for all commodities.

Considering our results, the hypothesis that speculators and the index funds caused
price hikes may not be accepted considering our tests. However, one must exercise caution
in admitting the hypotheses that the agents are trend followers given that the nonlinear
model is more precise in capturing relationships over time, and the results show no such
relationship after filtering.

2.6
Conclusion

Using different approaches, we illustrate whether there is any relationship between
speculation and the position of the funds in the prices of ten commodities extracted from
the CFTC report. We tested the hypothesis that speculators and index funds were
responsible for the pressure on agricultural commodity prices, both by models that capture
the linear relationship and by those seeking to indicate possible nonlinear relationships.

The results suggest that speculation did not cause changes in agricultural
commodity prices. Linear models point precisely in the opposite direction, i.e., that prices
Granger cause speculation; that is, speculators seem to be guided by price changes. They
buy when the price increases and sell when the price falls (trend followers). In fact, the
nonlinear test was inconclusive, with no consistent relationship in either direction.

In general, the results indicate that causal relations in both directions are weak.
However, caution should be exercised in testing since the data disclosed may distort
relationships. Among these distortions is the fact that the position is disclosed only
weekly; that is, within weeks, there may be important movements that the analysis does
not include. In addition, large investment funds may use different strategies in different
markets and may also operate intraday or take some position without apparent cause and
effect, which masks the pattern of causation. Large traders who operate as hedgers may
take a speculative position. (Irwin et al., 2016) point out that sedgers act as speculators
with exclusive information in some cases. Another factor to consider is that the period
prior to 2006 is not disclosed in the SCOT report—which may limit the test.

Therefore, with the data available at the time of this publication, it is not possible to
prove the effect of speculation on commodity prices, even with robust methodologies.
Although the findings point to no causality, one may not conclude that speculation did not
play a role in price pressure, or vice versa. There is still a gap in the dissemination of data
in these markets.

This study highlights findings that are relevant to financial market regulators,
traders, and commodity producers. We suggest that future studies should aim to address
the question of whether there was a herd or cascade behavior that caused prices to escalate,
and whether the trigger was any reason besides speculation.
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3
The sugar-ethanol-oil nexus in Brazil: Exploring the pass-through of
international commodity prices to national fuel prices

3.1
Introduction

Fuel, particularly ethanol and gasoline, prices constitute an important driver of the
Brazilian economy. Concerning ethanol, not only the country is a leading global producer
and net exporter, but it also possesses the world’s largest fleet of ethanol-fuelled cars. The
US and Brazil together supply 85% of the ethanol worldwide (see Figure 2. In 2019, Brazil
undertook the second-largest expansion in ethanol production in the world. According to
the Organization for Economic Co-operation and Development and Food and Agriculture
Organization (OECD, Food, & of the United Nations, 2019a), ethanol use is expected to
rise roughly 18% by 2028, and Brazil stands as one of the countries that could supply this
additional output. Gasoline prices, in turn, have a significant weight on inflation in Brazil
as they account for a considerable share of transportation costs. In addition, gasoline
prices also exert considerable influence on ethanol commercialization, given the parity,
i.e., the price ratio equilibrium in the gasoline—alcohol blend, and the widespread
dissemination of the flex-fuel technology in internal combustion engines. In this context,
understanding the manner and the extent of the transmission mechanisms from
international energy and commodity prices to Brazilian fuel prices is crucial for effective
policy making and optimal risk management strategies. Furthermore, not having efficient
risk-sharing mechanisms during periods of considerable price volatility may distort input
allocation, curb agricultural investment and slow productivity growth. This could have
severe implications for consumers, farmers and countries that depend on biofuels
(Ceballos, Hernandez, Minot, & Robles, 2017).

Global Ethanol Production
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Figure 2. World ethanol production in 2019 (million gallons). Source: RFA (2020).
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Understanding fuel price dynamics in Brazil, however, is not straightforward,
particularly given that commodities markets have undergone a profound transformation
since the early 2000s. Throughout this process, named the financialisation of commodity
markets, there have been huge spikes in prices simultaneously across different markets
(e.g. energy, agriculture and metals), and a great deal of investments has been channelled
to these markets (Cheng & Xiong, 2014; Irwin & Sanders, 2011). A stream of the
literature highlighted the abrupt change in price behaviour and the main factors behind
the booms and slumps in commodity markets. For example, Figuerola-Ferretti et al.
(2015) showed evidence of mild explosivity in the metals prices in 2004-2007. They
explored whether price movements were related to fundamentals or speculation. In the
same strain, Figuerola-Ferretti et al. (2020) analysed the potential drivers of the 2007-08
oil price spike and the 2014-16 price drop. They detected a mildly explosive episode
during 2007-08, suggesting that the rise in oil prices was not driven by speculation but by
global demand. The food price boom also was examined. Gilbert et al. (2020) attributed
the 2007-08 price spike in grains to the limited refining capacity of the US to meet the
demand for ethanol created by renewable fuel mandates. Mitchell (2008) ascribed the rise
in trade food prices to the expansion of biofuels production.

The Brazilian fuel industry also experienced market transformations. The Brazilian
government used administered prices to control inflation, mainly between 2011 and 2014,
and this exerted a direct influence on gasoline prices (Almeida et al., 2015). However, in
2015, the state-controlled oil company, Petrobras, was forced to increase fuel prices to
reduce its debt burden, and in 2016 the former president of Petrobras declared that
gasoline prices would follow the global trend in oil prices. Thus, we posit that the prices
of international commodities became more likely to influence and pass through to
domestic prices. Government pricing policies can delay the convergence of global prices
to domestic prices. For example, in 2007 and 2008, many countries raised their subsidies
by not passing through the entire rise in international oil prices. The absence of
mechanisms to transmit international prices to domestic markets may affect global
demand. Lower domestic prices increase demand, and this can promote an increase in the
international price (Cavalcanti, Szklo, & Machado, 2012; Piotrowski et al., 2010).

Despite Brazil's strategic role in the international ethanol market, there are no
international proxies for Brazilian ethanol prices. In addition, the known factors that drive
Brazilian ethanol prices are mostly domestic (David, Inacio, Quintino, & Machado, 2020).
The first is the idiosyncratic nature of sugarcane activity, such as the price inelasticity of
demand. The second concerns the rigidity of short-term supply related to the intertemporal
decision about production, which is intrinsic to price uncertainty. Third, gasoline prices,
the supply of sugarcane, the balance of production, and the number of flexible-fuel cars
are domestic factors related to ethanol price volatility (David, Quintino, Inacio, &
Machado, 2018).

In the context of the above, several questions remain. Do international energy and
feedstock prices exert influences on Brazilian ethanol and gasoline prices? If so, which
markets influence them the most, and what is the extent of these influences? Are they
symmetric or asymmetric according to the direction (negative or positive) of oil price
shocks? Do they differ according to the horizon (short- or long-term) considered? The
motivation lies in the long discussion concerning the asymmetrical effects of crude oil
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prices on gasoline market price behaviour, named “rockets and feathers” by Bacon (1991),
who argued that oil prices would rise like a rocket but fall like a feather.

To address such questions, the use of nonlinear models to investigate price
dynamics is timely, given the intricacies of the commodity markets, such as sudden policy
shifts, regime-switching behavior, asymmetric responses to news, financial turbulence,
and leverage effects (Erick Meira de Oliveira, Cyrino Oliveira, Klotzle, & Pinto, 2019).
As a result, gasoline and ethanol prices tend to have a nonlinear relationship with energy
commodity prices (Hammoudeh, Lahiani, Nguyen, & Sousa, 2015). Recent authors have
argued that nonlinear approaches provide a better understanding of the dynamics of
commodity prices. For instance, Kwek and Koay (2006) argued that symmetric models
are not adequate to explain exchange rate behaviour. Nazlioglu (2011) compared the
linear and nonlinear relationships between oil and agricultural commodities, and he
acknowledged that the nonlinear approach provided a better comprehension of the
commodities’ price dynamics. Atil et al. (2014) examined asymmetric price transmission
between energy commodities. They showed that the behaviour and interaction of
economic and financial variables over time are mostly driven by nonlinear patterns. In
this paper, multivariate nonlinear autoregressive distributed lag (NARDL) models are
built using weekly prices of energy commodities traded in futures markets: heating oil
(HO), reformulated blendstock for oxygenate blending (RBOB), West Texas Intermediate
(WTTI) crude oil, Chicago ethanol (Platts), corn and sugar—as independent variables—
and Brazilian ethanol and gasoline prices as the dependent variables. The period of
analysis runs from January 2015 to May 2020.

Our main findings show that: (i) RBOB has an asymmetric effect on Brazilian
gasoline prices, (i1) surges in HO lead to a decrease in ethanol prices in the long-term, and
(ii1) there is unidirectional nonlinear causality from HO to ethanol prices. The novelty of
this work lies not only in our findings but also in how we explore the interplay between
energy and agricultural commodities. Previous studies have overlooked the interaction
between international energy and feedstock prices and domestic fuel prices in a
multivariate framework. In addition, few studies have focused on the pass-through
mechanisms of global commodity prices to ethanol or gasoline prices in Brazil.

The rest of the paper is organised as follows. Section 2 provides an overview of the
Brazilian fuel market and its development, and reviews the related literature. Section 3
describes the data and methodology. Section 4 presents and discusses the empirical
results. Section 5 concludes and presents suggestions for future studies.

3.2
Background

3.2.1
The Brazilian fuel Market

This section presents the salient features of the Brazilian domestic fuel industry, the
main characteristics of fuel products and how ethanol and gasoline prices are set in the
domestic context. Acknowledging the basic domestic price mechanisms is key to further
understand the oil-sugar—ethanol nexus in Brazil.
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In 2019, Brazil accounted for the second-largest expansion in ethanol production
(OECD, Food, & of the United Nations, 2019b). In the 2018-2019 crop season, ethanol
achieved its highest dominance in the sugar production mix. It should be noted that most
mills in Brazil have the flexibility to produce either sugar or ethanol, depending on market
conditions (S. M. de Oliveira, Ribeiro, & Cicogna, 2018). This flexibility of producing
sugar and ethanol (mix) revolves around 40 to 60% (McKay et al., 2016). Thus, the price
dynamic in the international sugar market is an important driver to switch between sugar
and ethanol output.

In Brazil, ethanol is produced mainly from sugarcane, which accounts for 99% of
the national ethanol production. Over 90% of the total sugarcane harvest takes place in
Brazil’s South-Central region. Sugarcane ethanol production in Brazil has a relative
advantage, because of its efficient use of land, compared to corn ethanol production in the
US. However, transportation costs in Brazil, along with the value of currency and pricing
of co-products, can alter this competitive advantage (Crago et al., 2010).

Brazil is the largest sugar exporter and the second ethanol exporter in the world
(OECD et al., 2019a). Brazil had been the world’s leading ethanol producer until the US
surpassed its production in 2005 (Araujo, 2016). Nevertheless, Brazil is still a relevant
consumer of ethanol. More than 80% of its fleet vehicles are flexible-fuel (ANFAVEA,
2020). Not only can Brazilian consumers choose between gasoline and ethanol, but they
can also change the proportions of these products in the same tank. Over the last five
years, this convenience has led to an increase in the demand for hydrous ethanol from
owners of flexible-fuel cars.

There are two types of ethanol: anhydrous, which is used to blend into gasoline, and
hydrous, used directly in vehicles (E100). Different tax regimes for ethanol usually favour
the production of the latter (OECD et al., 2019b). Currently, the national mandate, which
changes by government decree, requires 27% ethanol in the gasoline—alcohol blend
(gasohol). It is worth noting that from early 2015, this proportion increased from 25% to
27%. The choice between the two types of fuel is usually based on the price ratio—the
parity. The parity equilibrium is equivalent to 70% ethanol/gasoline (Furtado, Scandiffio,
& Cortez, 2011). This means that above this ratio, E100 is no longer competitive.
Furthermore, the gasoline price ceiling dictates the price of hydrous ethanol, while the
supply from sugarcane mills and the distributors’ demand for blending gasoline determine
the anhydrous price (S. M. de Oliveira et al., 2018). Moreover, Melo and Sampaio (2014)
showed that ethanol consumers’ demand increased because of the rise in the gasoline
price, so consumers tend to switch to ethanol rather than gasoline in the long run.

Petrobras, a national state-owned company in Brazil, explores, produces, refines,
and distributes oil products to wholesalers through its retail company, Petrobras
Distribuidora S.A. Figure 3 shows the structure of the Brazilian fuel industry. Gasoline A
(ethanol-free) can be produced either by Petrobras or other producers (refineries and
formulators) or imported. Distributors (C) buy gasoline A from Petrobras’ refineries (A)
and ethanol from sugar mills (B). Distributors blend gasoline A with anhydrous ethanol
to formulate grade-C gasoline to sell to gas stations. The refineries establish the gasoline
price, and their costs are determined by the inputs and the structure of the refinery plus
the net margin of the refiner or importer and taxes. Then, wholesalers buy gasoline A and
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sell gasoline C to retailers (gas stations), adding their margin taxes/subsidies' (Cavalcanti
et al., 2012). In our framework, we consider gasoline type A and hydrous ethanol as the
dependent variables.

Petrobras is one of the largest oil producers in the world, but it cannot refine enough
to meet all the local demands. Thus, Petrobras and other agents must import oil products
such as diesel and type A gasoline. Notably, the country logistics depend mostly on road
transport, implying a high diesel consumption (Derick David Quintino & Ferreira, 2021).
On top of that, diesel is the highest imported oil product in Brazil, and approximately 85%
of imported diesel comes from the US. Until 2014, Petrobras was the main importer of
diesel and gasoline. This situation changed in early 2015 when private companies were
allowed to import diesel and gasoline. As a result, the importation shares of the private
agents jumped from 0% in 2014 to 16% in 2015 and 72% in 2016. Yet, only three
companies hold sway over more than 50% of the distribution market: Petrobras, Raizen
and Grupo Ultra.

Structure of Brazil Fuel Industry
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Figure 3. The structure of the Brazilian fuel industry and the distribution process.

3.2.2
The structural changes in the Brazilian fuel market

! See https://petrobras.com.br/en/our-activities/composition-of-sales-prices-to-the-consumer/gasoline/for
the overall consumer price composition.
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To understand the structural changes in the fuel sector in Brazil, it is worth noting
the political context before 2015. In the first term of President Dilma, from 2011 to 2014,
the government adjusted prices at its discretion to meet the inflation target. At the
beginning of the second term in 2015, however, that policy proved to be ineffective,
leading to price distortions (de Azevedo & Serigati, 2015). Economic measures in the first
term, such as fixed prices for gasoline and electricity, did not linger in the second term.
Furthermore, the finance minister launched a series of austerity measures to stabilise and
reduce the gross public debt, raising electricity, fuel, and other regulated prices>. Thus,
despite the decline in international crude oil prices after 2015, the increase in administered
prices and the depreciation of the Brazilian currency created additional inflationary
pressure. Even though global oil prices decreased considerably, Petrobras was forced to
increase its fuel prices mainly to reduce its debt burden?. This contributed to the increase
in hydrous ethanol commercialisation.

According to Nascimento Filho et al. (2021), price control was possible because of
two reasons. First, because Petrobras has been the only fuel supplier for Brazilians, being
responsible for more than 80% of the market share for Gasoline A delivered to the
distributor chain by 2019 (ANP, 2019). Second, given the fact the Brazilian federal
government holds most of the ordinary shares of Petrobras (PETR3). Nascimento Filho
et al. (2021) add that there was also a lack of definition regarding who was mainly
responsible for the Petrobras' pricing policy. As a result, the variation in international
prices was applied with a delay to fuel prices in the country.

The situation changed considerably in 2015 when Petrobras promoted a new diesel
and gasoline company pricing policy, based on Import Parity Price (IPP) plus a price
margin to remunerate the risks inherent to the operation. The new pricing policy increased
the importance of markets when setting fuel prices (Hallack et al., 2020), which
contributed to considerably higher levels of volatility in gasoline prices. Significant
changes were also observed in ethanol-gasoline price ratio behavior after the promotion
of the IPP, with nonlinear behavior, reported on several occasions (Nascimento Filho et
al., 2021).

Even though Petrobras started to adjust prices in 2015, it was only in June 2016 that
the recently appointed President of Petrobras announced that gasoline prices would be
guided by the company’s own interests, without government interference. Petrobras thus
began adjusting the fuel prices regularly, following international trends in oil prices.
However, the regular adjustments could not track the high volatility in oil prices and the
Brazilian currency rate. Thus, in June 2017, price adjustments occurred more frequently,
sometimes even daily. The policy of adhering to global movements in oil prices lasted
until May 2018, when the trucker strike hit the Brazilian economy. The lorry-driver strike
caused turmoil in the Brazilian economy, resulting in shortages of food and fuel. Then,
the government succumbed to the lorry driver’s pressure and reduced diesel prices. In the
following months, Petrobras re-established price adjustments according to international
parity, but with a lower frequency.

2 See https://foreignpolicy.com/2015/06/01/brazils-economy-dilma-rousseff-makes-amends-with-the-
markets/.

3 The fuel subisidies had cost more than $24bn to Petrobras. See https://www.ft.com/content/ea974c28-
669¢-11e4-91ab-00144feabdcO.
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One side effect of the government-mandated fuel price ceilings was the impact on
the sugarcane sector, specifically on ethanol production and investment. Costa et al.
(2016) showed that gasoline price control significantly harmed hydrous ethanol
production. As parity increased above the equilibrium (approximately 70%), fewer
consumers were willing to pay for ethanol, culminating in a sharp fall in demand (Salles-
Filho et al., 2017). A caveat is that gasoline prices were constantly held above
international prices from 2006 to 2010, benefiting E100 production (Costa & Burnquist,
2016).

To compensate for the industry downturn, the Brazilian government altered the
ethanol mix in gasoline from 25% to 27%, and a government program called RenovaBio
stimulated ethanol production. Hydrous ethanol sales increased by 42% from 2018 to
2019. The Brazilian Ministry of Mines and Energy implemented the RenovaBio program
to reduce greenhouse gas emissions under the Paris Agreement and dependency on diesel
and gasoline importation and to increase the contribution of biofuels in the Brazilian
energy matrix (ANP, 2019; Branco et al., 2019). The RenovaBio program established a
10-year target to reduce greenhouse gas emissions; every ethanol producer would be
certified by its total CO2 emission in the production process. The Brazilian National
Agency for Petroleum, Natural Gas and Biofuels (ANP) is responsible for determining
how many litres of biofuel are needed to prevent the emission of one ton of COz into the
atmosphere. This amount is equivalent to a Biofuel Decarbonisation Credit (CBio). Thus,
CBio would be used as a financial instrument to trade carbon credits in the market to
offset the distributors’ CO2 emissions.

Fuels' Price Parity Ethanol Production
Ethanol and gasoline prices in Brazil Evolution of the Ethanol/Gasoline Ratio Evolution of ethanol production in Brazil
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Figure 4. Ethanol (BRL/1,000 1) and gasoline prices (BRL/1), parity (ethanol/gasoline
ratio) and ethanol production (m3). Sources: (ANP, Brazilian National Petroleum, 2020;
Cepea, 2020).

3.23
Literature Review on Qil-Gasoline Price Dynamics

The asymmetrical effects of crude oil prices on the market price of gasoline have
long been a subject of discussion among scholars. Bacon (1991) named this asymmetrical
pattern ‘rockets and feathers’, meaning that oil prices would rise like a rocket but fall like
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a feather. The author provided evidence of the ‘rockets and feathers’ pattern for the speed
of adjusting UK retail gasoline prices to cost. Other studies also have supported the
rockets and feathers idea. For example, Borenstein et al. (1997) supported the common
belief that crude oil prices had a faster effect on increases than on decreases in retail
gasoline prices in the US. Galeotti et al. (2003) found that gasoline price adjustments to
oil increases were faster than oil price reductions in five different European countries.
Polemis and Tsionas (2016), using a nonlinear semi-parametric model, found evidence of
asymmetric oil price adjustments for wholesale and retail gasoline prices. Moreover,
using a NARDL approach, Atil et al. (2014) and Kisswani (2019) corroborated the
asymmetric effects of oil prices on gasoline prices.

The asymmetric responses of gasoline prices to oil price movements have different
explanations. For instance, Borenstein et al. (1997) argued that market power and
oligopolistic coordination with imperfect monitoring explained the price adjustments.
Radchenko (2005) pointed out that oligopolistic coordination was the primary cause of
the asymmetry. Findings from other studies suggested a positive link between market
power and asymmetric pass-through (Farkas & Yontcheva, 2019; Oladunjoye, 2008).
Conversely, Borenstein et al. (2002) argued that refiners with market power adjusted
prices slowly in either direction—when oil prices increased or decreased. Bumpass et al.
(2015) showed that retail and wholesale gasoline prices change symmetrically with oil
price shocks in the long run. Honarvar (2009) attributed the main effect on gasoline prices
to technological changes in demand instead of oil price movements per se, as suggested
by the literature.
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3.2.4
International Dynamic Relationship between Oil, Biofuels and Agricultural
Commodities

Knowing whether international commodity prices co-move is key to understanding
the relationship between oil, biofuels and agricultural commodities. Pindyck and
Rotemberg (1990) argued that commodity prices tend to move together, regardless of
macroeconomic variables; they attributed co-movements to herd behavior®.
Macroeconomic variables, such as aggregate demand, inflation and exchange and interest
rates, may generate co-movements in nominal commodity prices. In addition,
microeconomic factors, such as substitutability or complementarity, may explain the
correlation between certain commodities. However, complementary commodities or
substitutes may exhibit a negative price correlation (Leybourne et al., 1994).
Nevertheless, since the early 2000s, several investment funds have emerged in the
commodity markets, seeking a new asset class. The so-called financialisation process in
commodity markets has forced non-energy commodity prices to become more correlated
with oil prices. Consequently, commodity prices are not determined by supply and
demand only but also by the risk-return appetite of investors and their portfolio
diversification (Tang & Xiong, 2012).

After the 2007-2008 boom in commodity prices, several studies tried to explain the
reasons for the above phenomena. The main factor for price changes was debated; factors
such as exchange rates and supply and demand, as well as speculation, were analyzed
(Abbott, Hurt, & Tyner, 2008; Palazzi et al., 2020; Sandersrs & Irwin, 2011; Timmer,
2008; Trostle, 2008). Mitchell (2008) blamed the increase in biofuel production for the
spike in internationally traded food prices. Wright (2014; 2011) claimed that biofuel
policies led to a shift in grain prices. Gorter et al. (2016) argued that developing countries'
policy responses had little impact on world food prices in 2008 and that the 2007-2008
boom induced a structural shift in the market that everybody overlooked.

Moreover, the commodities market dynamic drove the demand for biofuel
production to be more related to agricultural markets as oil prices increased—a surge in
agricultural commodity prices was attributed to changes in oil prices. Because of the
increased use of soybean and corn to produce ethanol and biofuel, oil price linkages
became tighter (Nazlioglu, 2011). In this sense, Nazlioglu et al. (2013) showed that during
the pre-crisis period (1986-2005), there were no risk transmissions between oil and
agricultural markets. By contrast, the variance causality test showed a spillover from oil
to agricultural markets in the post-crisis period. In Pakistan, where petroleum is
predominantly imported, Sarwar et al. (2020), using NARDL showed that oil prices have
a positive asymmetric effect on food and non-food inflation.

3.2.5 The Sugar—Ethanol-0Oil Nexus

As previously outlined, Brazil and the US are not only the primary producers of
ethanol, but they are also significant consumers. The demand for biofuels has expanded
considerably, driven mainly by rising concerns about environmental issues. In Brazil,
particularly, production has been spurred by a variety of measures, such as government
policies (e.g., RenovaBio), technological changes and the growth of the flexible-fuel fleet.

4See Junior et al. (2019) for a detailed discussion about herding behavior in commodities markets.
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In this connection, it is safe to assume that ethanol price behaviour in Brazil has become
an important driver of the national fuel industry dynamics, and, therefore, the effects of
the former on the latter should be closely investigated.

The sugar—ethanol—oil nexus also helps to explain the complexity of the Brazilian
fuel market. Thus, the hypothesis of oil driving gasoline prices is not straightforward when
ethanol is included. In this context, Balcombe et al. (2008) found that oil prices determine
the long-term equilibria of sugar and ethanol prices in Brazil, and the leading order was
oil to sugar to ethanol. According to the framework proposed by Serra et al. (2010), crude
oil and sugar are exogenous factors—an increase in oil prices drives an upward change in
ethanol prices, and an increase in sugar prices increases ethanol prices’ levels and
volatility. On the other hand, Brazilian policies can affect ethanol and corn prices in the
US (Drabik, De Gorter, Just, & Timilsina, 2014), and biofuels can also affect the prices
of agricultural products (Maitah, Prochazka, Smutka, Maitah, & Honig, 2019).

As outlined, many studies have explored the relationship between oil and gasoline
prices in the international markets and the price response of agricultural commodities to
shocks in oil prices. Nevertheless, the results have so far not been conclusive about the
asymmetric effects on the dependent variables. Moreover, few studies have analysed the
Brazilian ethanol and gasoline markets, which are essential players in global commodities
trading. There is also a lack of studies investigating the impacts of oil and feedstock prices
on ethanol and gasoline prices in Brazil. The present study attempts to fill these gaps by
assessing the mechanisms of asymmetric pass-through from international oil and
agricultural prices to Brazilian ethanol and gasoline prices.

3.3
Data and Methodology

3.3.1
Data

We considered weekly closing prices between January 2015 and May 2020 of the
main energy commodities traded in the international futures markets and the two major
agricultural commodities used in ethanol production as independent variables. The criteria
for selecting futures contracts are related to the importance of these contracts as
international price benchmarks. The dependent variables were the Brazilian ethanol and
gasoline spot prices. The price of gasoline (type A) refers to the tax-free price delivered
by Paulinia—Sao Paulo, the main refinery in Brazil (described in section 2.2). Although
there is a hydrous ethanol future contract traded on the Brazilian stock exchange (B3), the
spot market is the dominant market between futures and spot prices. Thus, according to
Quintino et al. (2017), the dominance in the cash market is attributed not only to low
liquidity but also to the market’s concentration in the ethanol wholesale market and the
oligopolistic behaviour of the distributors. Particularly, Grupo Ultra is the second-largest
distributor, followed by Raizen, which is not only a major distribution company but is
also one of the largest ethanol producers in Brazil. For instance, both companies
designated the use of HO and RBOB futures contracts (long/short position) to hedge their
margin exposures reported in their financial statements. This suggests that HO and RBOB
play important roles in price formation for refinery.
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Table 5 illustrates the specifications of the variables involved, while Table 6
provides the descriptive statistics for their log-transformed versions. The nearby futures
contracts (independent variables) were retrieved from Bloomberg. Each futures contract
was rolled over on the last trading days.

Variable Notation Market Price Quotation Source Ticker
West Texas
Intermediate Crude | WTI CME Group US cents/barrel Bloomberg CL1 Comdty
Oil
Heating Oil HO Nymex US cents/gallon Bloomberg HO1 Comdty
Reformulated
Blendstock for

RBOB CME Group US$ cents/gallon Bloomberg XB1 Comdty

Oxygenate
Blending
g)lgct?sg)o Ethanol EPlatts CME Group US cents/gallon Bloomberg CUA1 Comdty
Sugar #11 Sugar The ICE US cents/pound Bloomberg SB1 Comdty
Corn Corn CME Group U$/bushel Bloomberg C 1 Comdty
Brazilian gasoline . .
type A (Refinery) * Gasoline Spot US$/liter ANP
Brazilian Ethanol :
(Hydrous) prices’ Ethanol Spot US$/liter ESALQ/CEPEA

Table 5. Selected dataset

Note: Weekly prices collected from January 2015 to May 2020. * Represent the dependent variables in US
dollar. Conversions from BRL to USD were made using the official exchange rate PTAX from the
Brazilian Central Bank.

Corn  EPLATTS Ethanol Gasoline HO RBOB Sugar WTI

Log-levels
Mean 5.92 0.36 6.11 -0.80 513 | 507 | 264 | 3.93
Median | 5.92 0.38 6.12 0.77 517 | 510 | 260 | 3.96
Maximum | 6.14 0.59 6.40 -0.53 548 | 541 | 3.15 | 431
Minimum | 5.74 20.17 5.47 173 417 | 405 | 228 | 283
Std. Dev. | 0.06 0.11 0.17 0.17 022 | 022 | 019 | 023
Skewness | 0.51 -1.65 -0.88 295 L1 | 173 | 082 | -Lel
Kurtosis | 4.70 8.56 4.39 15.63 448 | 802 | 3.04 | 734
J*ggf;' 45.31 482.88 58.03 | 2242.56 | 82.30 | 430.03 | 31.35 | 336.61
Probability | 0.00 0.00 0.00 0.00 000 | 000 | 000 | 0.00
BDSV ot |

Table 6. Descriptive statistics.

Notes: Descriptive statistics for log-levels data. Period: January 2015 to May 2020 - 277 observations. (1)
BDS test stands for Broock, Scheinkman, Dechert, and LeBaron (1996) to determine whether the series
were defined by nonlinearities. *** denote statistical significance at 1%.

Figure 5 shows the correlations between the log-transformed variables. In the
preliminary analysis, the highest positive correlations were observed between WTI, HO,
RBOB, and gasoline prices, suggesting close relationships in the energy markets. The
ethanol price was also positively correlated with sugar and gasoline prices, highlighting
the link between the prices of Brazilian fuels.
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Figure 5. Pearson correlation coefficients for the relationships between log-transformed
prices of energy and agricultural commodities.

Sugar held negative associations with the oil prices (RBOB, WTI and HO) mainly
between 2017 and 2018 when India surpassed Brazil as the world’s largest sugar producer.
Thus, the world sugar surplus reduced the prices in the future market. While sugar prices
remained low, oil prices went in the opposite direction. WTT hit more than $70 a barrel in
mid-2018. Unsurprisingly, ethanol in Brazil achieved an all-time high predominance in
the sugar mix (65% ethanol and 35% sugar). This supported the negative relationship with
oil prices.

3.3.2
Econometric Approach

We investigated the symmetric and asymmetric effects on ethanol and gasoline
prices in Brazil of the primary internationally traded energy commodities (WTI, RBOB,
Ethanol Platts and HO) and the main feedstocks used in ethanol production (sugar and
corn). We employed the NARDL framework proposed by Shin, Yu, & Greenwood-
Nimmo (2014), which captures both nonlinear dynamics of long-term relationships and
short-term dynamic adjustments. The approach overcomes the prevalent models in the
literature — the error correction model (ECM), threshold ECM, Markov-switching ECM
and smooth transition ECM — in jointly modelling the asymmetries and cointegration
dynamics in a single step. Its flexibility and simplicity allow some hypotheses to be
relaxed, such as the need for all variables involved being first order (E. M. de Oliveira et
al., 2020). In this regard, NARDL offers robust estimation results even with a mix of 1(0)
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and I(1) variables. Furthermore, the model allows accurate discernment of linear
cointegration, nonlinear cointegration or a lack of cointegration (Katrakilidis &
Trachanas, 2012).

We performed unit root tests of the log levels and first log differences of the data
series in Table 7. We applied the following tests: augmented Dickey-Fuller (ADF) test
(Dickey & Fuller, 1979); the PP test (Phillips & Perron, 1988); the ERS Point Optimal
test (Elliott et al., 1996); the KPSS test (Kwiatkowski et al., 1992); and the KSS test of
Kapetanios et al. (2003), which can detect nonstationarity even when the series contains
significant nonlinear components.

Test

750 Variable ADF PP ERS KPSS KSS1 KSS2 KSS3

Log-

levels

Interce ok - ok

pt Com 3.69" -3.98 2.13 0.14 -0.44 -3.10 -3.10
EPlatts 3217 -2.53 1.94™  0.94™ -1.53 22,95  -3.58™
Ethanol -2.12 -2.08 4.89 0.29 -0.83 -2.62 -2.23
Gasoline -0.46 -0.01 13.69 0.23 0.77 -0.17 -0.29
HO -0.95 -1.08 6.41 0.48™ -0.78 -4.05"" 349"
RBOB 2.73 -2.47 2.45™ 0.19 -0.56 -3.19" -3.18"
Sugar -1.35 -1.60 7.04 0.60™ -0.80 -1.44 -1.65
WTI -1.13 -1.72 5.12 037" -0.86 -2.41 2.11

First (log)

differences

Interce

pt A'In Corn -17.70™*  -17.67""  0.63*" 0.05 0.57 0.55 0.58

A In EPlatts -8.50"*  -14.99"* 0.01"™  0.10 -6.1977 -620"" -6.20""
Aln Ethanol  -12.39™*  -12.38™ 024  0.14 -6.07"" -6.14™" -6.31""

Aln

Gasoline 1096 -1118™ 047 o026 017 025 -037
A lIn HO -15.04™  -15.02"* 031" 026  -8.14" 813" -8.05™
A ln RBOB -13.01™"  -12.96™*  0.48™ 0.12 1.58 1.57 1.59
A In Sugar -15.077 <1507 026 0.10 44977 44877 453
Aln WTI -12.18"* -12.53" 036 0.20 224 -2.28 -2.53

Table 7. Unit root tests for variables in log-levels and first log-differences

Notes: The statistics are pseudo t ratios for ADF and PP tests, PTu and PTt for the ERS (Point Optimal)
test, LM statistic for the KPSS test, and tNL statistics for the KSS tests. The optimal lag lengths for ADF
tests were selected by Schwarz Bayesian Information Criterion (Schwarz, 1978), and the bandwidth for
PP and KPSS tests was selected with Newey-West using Bartlett kernel. ***_ ** and * denote statistical
significance at the 1%, 5% and 10% level, respectively. KSS1, KSS2, and KSS3 correspond to the first
(original data), second (demeaned), and third (demeaned and detrended) cases depicted in Kapetanios,
Shin, and Snell (2003).

Overall, the results suggest that most series are integrated of the first order. The only
cases in which we rejected the null hypothesis of the unit root test was for the corn and
ethanol EPlatts. During our time series sample, both commodities’ prices hovered around
the mean with a steady behaviour, even though prices plunged during the COVID-19
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pandemic. Nevertheless, as outlined, the NARDL allows for different orders of integration
among the involved variables.

In the NARDL framework, the linear error correction mechanism (ECM) ((Engle &
Granger, 1987) is extended to account for both the short-and long-run asymmetries. In
this regard, a bivariate model is expressed in the following form:

AY,=pu+ pYe i +65 X"y +65x Xy + Z?:o a; AY,_; + Z?:o(w;,-x AXt-‘-—i) +
izo(@ix X, (3)
where Y; and X; are the dependent and independent variables, respectively, and A
stands for the first differences operator. The long-term asymmetric coefficients are
expressed as Ly+ = 05 /p and Ly- = 05 /p. p and ¢ indicate the lag orders for the
dependent and independent variables, respectively, in the distributed lag part. A long-run
asymmetric response of y can be tested by rejecting the following Wald test null

hypothesis: 85 = 05 . Differences between positive and negative short-run adjustments,

in turn, are suggested when the following null hypothesis is rejected:Z?ﬁO w;fX =

an -
i=0 wi,X'

We employ the diagnostic BDM t-test (Banerjee, Dolado, & Mestre, 1998) to
account for the existence of cointegration by rejecting the null hypothesis of p = 0 against
p < 0. Moreover, the significance of the model was tested by rejecting the joint null
hypothesis of p = 5 = 85 = 0 when applying the PSS F-test (Pesaran, Smith, & Shin,
2001).

3.33
Bivariate and Multivariate Analysis

To achieve the best-fit NARDL specification, we first performed bivariate Wald
tests to detect the possible existence of short- and long-run asymmetries between the
variables involved. The results are shown in Table 8. They suggest that RBOB, HO, and
sugar had both short- and long-run asymmetric effects on Brazilian gasoline prices (see
Appendix A for the cumulative dynamic multipliers). In the case of ethanol as a dependent
variable, we noted that the same independent variables had the same asymmetric effects,
except for HO in the long-run.
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Dependent variable Independent variable Wsr Wir Conclusion

Gasoline prices as dependent

Gasoline RBOB 4.62™ 7.38"" SR and LR asymmetry
WTI 0.02 0.01 SR and LR symmetry
Heating Oil 9.27"" 3.32° SR and LR asymmetry
EPlatts 2.57 0.05 SR and LR symmetry
Sugar 42.31™ 12,47 SR and LR asymmetry
Corn 0.04 0.14 SR and LR symmetry

Ethanol prices as dependent

Ethanol RBOB 9.99"*" 14.28"" SR and LR asymmetry
WTI 0.27 0.27 SR and LR symmetry
Heating Oil 5.56° 2.54 SR asymmetry and LR

symmetry

EPlatts 0.51 0.29 SR and LR symmetry
Sugar 17.90"*" 19.38"* SR and LR asymmetry
Corn 0.00 0.00 SR and LR symmetry

Table 8. Bivariate NARDL models - Results of the short- and long-run symmetry tests
Notes: All variables are log-transformed. Wsg and Wi are the Wald tests for short and long-run

asymmetry, respectively.

respectively.

sk ok

, " and " denote statistical significance at the 1%, 5% and 10% level,

Bivariate models can be generalised into a multivariate setting to investigate the
outcomes for the prices of gasoline and ethanol in Brazil when these variables are affected
by the simultaneous interaction of all listed independent variables in Table 8. In our
framework, we initially considered all independent variables as asymmetric, as shown in

equations (4) and (5):

Aln(Gasoline), = u + p In(Gasoline);_, + 025 IN(RBOB){_; +
Ozpop IN(RBOB);_; + 6o In(HO){_; + 05 IN(HO);_1 + 0444, In(Sugar)i_; +

es_ugar In(Sugar);_, + 0V+VT1 ln(WTI)EL—1 + Owr; In(WTD;_ +

Ofpiates IN(EPlatts)i_y + Ogpiares IN(EPlatts);_y + 6o In(Corn)i_; +

ec;orn In(Corn) t-1
i=0

+

a; Aln(Gasoline);_;
Y7 (0irsos AINRBOB)E.;) + X (wirpos AIN(RBOB)_;) +
P (0o AMHO)E) + T (wiyo AIN(HO)Z;)
% o(@fsugar AIn(Sugar)t_y) + T2 (@7suger AIn(Sugar);_;) +

+

+

t _ _
ZiZO(w;—WTI AIH(WTI):—i) + ZEZo(wi,WTI Aln(WTI)t—i) +
t _ _
Zl.zo(w;fEPlatts Aln(EPlatts);L_i) + Zfzo(wi,EplattS Aln(EPlatts)t_l-) +
u —_ —
Zizpo(w;,-Corn A ln(Corn):’—i) + Z?go(wi,COrn Aln(Corn) t—i)

(4)
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Aln(Ethanol), = u + p In(Ethanol),_; + 050 IN(RBOB){_; +

Ozpop IN(RBOB);_; + 6o In(HO){_; + Oy IN(HO);_1 + 0444, In(Sugar)i_, +
Osugar In(Sugar);_y + 0iyr; M(WTD{_; + Oy M(WTD_; +

GEPlattS 1n(EPlattS)Zr—1 + GEPlattS ln(EPlattS)LT—l + ggorn ln(Corn);r_l +

Hc_orn ln(Corn){_l +

P o @i Aln(Ethanol),_; +
Zfﬁo(wIRBOB AIn(RBOB)}_;) + X" (wirsos AIn(RBOB);_;) +
T; — _
Y2 (wiho AN(HOYY ) + X o (wino AIn(HO);) +

27 o(0Fsugar AN(Sugar)?_y) + Tt (07 sugar Aln(Sugar);_;) +

2P (0Fyr AMWTDE) + 35 (07w AMWTD) +

.7 o(F sprares AIN(EPLatts){_;) + I o (0ippraces AIn(EPlatts);_;) +
Z;:po(w;:Corn A ln(Corn);‘_i) + Z?jo(a){,a,m Aln(Corn) t‘_i) (5)

Equations (4) and (5) show the significant sources of price transmission from the
international futures markets to Brazilian fuel prices. The positive and negative long-run
transmission coefficients were denoted by 8% and 6~, while the positive and negative
short-run transmission coefficients were represented by w™ and w~. We initially
considered that all independent variables had an asymmetric effect on the prices of
gasoline and ethanol, both in the short run and long run. Then, depending on the symmetry
or asymmetry of each coefficient based on Wald tests, we reduced the model’s complexity
by changing the short- and/or long-run effects of specific variables into being symmetric.
The model selection also considered the values of specific log-likelihood criteria, namely
the Akaike Information Criterion (AIC; Akaike, 1974) and the Schwarz Bayesian
Information Criterion (BIC; Schwarz, 1978). In addition, the residuals from the selected
models were free from serial correlation issues. Finally, whenever feasible, we also made
sure that there was no heteroscedasticity in the residuals.

3.34
Nonlinear causality tests (Diks & Panchenko, 2006)

We extend our analysis by assessing the nonlinear causal relationships between the
log-returns of fuel prices and energy/agricultural commodities prices returns. To this end,
we apply the Diks and Panchenko (2006) (DP hereinafter) nonparametric test for Granger
non-causality.

According to (1991), nonlinear models are better at capturing the behaviour of the
financial market, such as sudden bursts of volatility and occasionally large movements.
The seminal work on causality, proposed by Granger (1969), assumes a parametric and
linear relationship for the conditional mean, which fails to detect nonlinear relationships
over time. These include asymmetry, persistence and structural breaks (Baek and
Brock,1992). In that regard, Baek et al. (1992) showed that nonlinear models are more
suitable for detecting structural breaks and persistence in the variables, and they proposed
a nonparametric test. Hiemstra et al. (1994) modified the Baek and Brock nonparametric
causality test by relaxing the hypothesis that the time series is independent and identically


DBD
PUC-Rio - Certificação Digital Nº 1811795/CA


PUC-Rio- CertificagcaoDigital N° 1811795/CA

43

distributed to test the dynamic relationships. Further, DP improved the Hiemstra and
Jones test to overcome the possibility of spurious rejections of the null hypothesis.
The non-causality test aims to identify evidence against the null hypothesis

Hy:{X,} is not Granger causing {Y;}.

Under the null hypothesis, past observations of {X;} do not contain additional
information on Y; 1. DP consider Z; = Y;,; and remove the time indices ¢. Thus, X and
Z are conditionally independent in Y = y for each fixed value of y. DP reformulated in
terms of joint distribution, the conditional distribution of Z given (X, Y) = (X, y) equals
to Z given Y=y. The joint probability density function fyy ,(x,y,z) and marginal
distributions must satisfy:

xyzeyz) _ fxy@y)  frz(.2) 6)
ARZE)) fr»  fr»)

DP shows another way of writing the null hypothesis of nonlinear Granger causality:

Hy:q = E[fX,Y,Z(X’ Y,Z) fy(Y) — fyy(X,Y) fY,Z(Y'Z)] =0 (7

Let f, (W) be a local density estimate of a random vector dy, - variate W in W;,
i (2 n)_dW .
defined by f,(W;) = ZTZ]-J-#IE-/, where Il-"}/ = I(”Wl — W]” < en), I1(*) is the
indicator function, and g, is the bandwidth parameter dependent on n (number of
observations); the statistical test is:

n-1

Tn(gn) = nn-2)

S (Fezr X0 Zo YD Fr () = foow X Y fy 2(%, 2) (8)

Asymptotic properties are developed under the "mixing" conditions (Denker &
Keller, 1983). When ¢,, = Cn~#, where C is a positive constant and 8 € (1/4,1/3), we
obtain:

- D

D

where — denotes convergence in the distribution, and §,, is the estimator of the
asymptotic variance of T,,. We set the bandwidth at 1(¢, = 1) according to some studies
(Andreasson et al., 2016; E. M. de Oliveira et al., 2017).
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Lags Lags
X— Y 1 2 Y- X 1 2
Ethanol

Corn—  Ethanol 0.37 0.55 —  Comn 1.14 1.52
Eplatts— -2.62 -2.08 Eplatts 0.91 -0.45
HO— 1.72 220" HO 0.8 -1.07
RBOB— 0.32 1.24 RBOB 1.06 0.58
Sugar— 0.70 0.43 Sugar 1.34 1.28
WTI— 1.29 1.46 WTI 1.3 0.27

Lags Lags

X— Y 1 2 Y—» X 1 2

Gasoline

Corn—  Gasoline -0.26 -0.94 — Corn -0.56 -0.69
Eplatts— -0.44 -2.09 Eplatts 0.67 -1.45
HO— 3.25™ 1.72" HO 0.91 -1.08
RBOB— 227" 1.82" RBOB 1.03 -0.66
Sugar— 1.18 -0.40 Sugar 095 0.43
WTI— 2.40™" 0.94 WTI 1.22 -0.13

Table 9. Nonlinear Causality Test (DP, 2006)

Notes: Nonlinear causality DP (2006) T, statistic. (X) — (Y) denotes the independent variable does not
cause the dependent variable and vice-versa. **, and *** show statistical significance at 5% and 1%,
respectively. Bandwidth set at g,= 1 and lags {=1,2.

The results show a unidirectional causality from HO to ethanol. This implies that
HO is the main underlying commodity that affects the price of ethanol. The oil-ethanol
nexus is likely to be stronger than the linkage between sugar and ethanol. Regarding the
transmission to gasoline prices, the nonlinear test shows that RBOB and HO affect the
price return of gasoline. The next section confirms whether these variables have an
asymmetric effect on ethanol and gasoline prices.

Until 2015, we did not expect a transmission from global markets to the Brazilian
fuel market since the government influenced gasoline prices as its discretion. Thus, we
employed an additional nonlinear causality test from 2009 to 2014 to ensure that HO
influence occurred mainly after 2015. The results® showed no causality running from the
global commodities to gasoline or ethanol, corroborating our assumption.

5 For conciseness, the results are not reported here. However, they are available upon request.
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3.4
Results and Discussions

3.4.1
Main Results

The results from the selected multivariate NARDL models for Brazilian ethanol and
gasoline prices are shown in Tables 10 and 11, respectively. HO had an asymmetrical
effect on the ethanol price. The long-run positive coefficient, which was statistically
significant, suggested that an increase of 1% in HO prices led to a 1.26% decrease in the
price of ethanol in Brazil. Conversely, a 1% decrease in HO caused a 0.40% decrease in
the price of ethanol. This was a much smaller effect, in both magnitude and statistical
significance, than that from a positive shock. In the short run, declines in HO prices had
a negative and statistically significant coefficient. The ethanol response exposed the
mechanisms through which the Brazilian ethanol market adjusts its prices when
international oil prices increase.

AEthanol as dependent

Variable Coefficient Std. Error Long-run Coefficient
Ethanol-1 -0.11™ 0.03 - -
HO 1 -0.14™ 0.07 Luo+ -1.26
HO w1 0.04 0.07 Luo- 0.40
EPlattst.1 0.07 0.04 LEplatts 0.59
RBOB:.1 -0.12" 0.04 LRBOB -1.06
WTl1 0.16" 0.06 Lwmi 1.41
Sugart.1 0.03 0.03 Lsugar+ 0.23
Corng-1 -0.13™ 0.05 Lcom -1.20
AEthanol-1 0.25™" 0.06
AHO 1 -0.14 0.09
AHO" 2 0.08 0.07 Statistics
AHO 1 -0.20™ 0.09 R? 0.31
AEPlatts.1 -0.10 0.08 AIC -3.59
AEPIlatts2 0.17"" 0.08 BIC -3.34
AEPlattst3 0.12 0.08 Y2FF 1.40
ARBOB:.1 0.12° 0.07 BG 2.54
AWTIk1 0.19% 0.08 ARCH 10.17
ACornt-2 0.08 0.09
Constant 1.39" 0.37

Table 10. Multivariate NARDL - estimation results for the Brazilian Ethanol prices
Notes: All variables are log-transformed. First differences are denoted by the A operator and are computed
on log-transformed data. Lx=—px/pemanol indicates the long-run effect of a specific regressor (X) on the
Ethanol price. ***, ™" and " denote statistical significance at the 1%, 5% and 10% level, respectively. AIC
and BIC stand for the Akaike Information Criterion (1974) and Schwarz Bayesian Information Criterion
(1978), respectively. ¥ is the Ramsey (1969) RESET / Functional Form Likelihood Ratio (LR) statistic.
BG and ARCH refer to the empirical statistics of the Breusch—Godfrey Lagrange Multiplier (LM) test for
serial correlation and the Engle (1982) test for conditional heteroscedasticity, both applied to residuals

with 6 lags.
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AGasoline as dependent

Variable Coefficient Std. Error Long-run Coefficient
Gasoliney -0.07" 0.04 - -
RBOB*.; -0.07"™ 0.04 LrBoB+ -1.50
RBOB, -0.10 0.04 LRBOB- -0.47
WTI, -0.03" 0.04 Lwtt 1.21
HO.., 0.08 0.04 Lo -0.36
EPlatts., -0.02" 0.04 LEplats 0.89
Sugar., 0.06" 0.03 Lsugar -0.69
Corny, -0.05 0.02 Lcom -0.75
AGasoline. 0.10 0.07
ARBOB*. 0.15™ 0.06
ARBOB'; 0.13™ 0.06
ARBOB' s 0.13"™ 0.04 Statistics
ARBOB 0.19™ 0.06 R? 0.42
ARBOB 0.12" 0.06 AIC -4.24
ARBOB s 0.06 0.04 BIC -3.96
AWTI,., 0.09" 0.05 AFE 0.95
AHO.; -0.06 0.05 BG 7.47
AHOv; 0.04 0.04 ARCH 6.93
ASugar, 0.07 0.05
ACorng -0.05 0.06
Constant 0.19 0.30

Table 11. Multivariate NARDL - estimation results for the Brazilian Gasoline prices
Notes: Lx=—px/pcasolinc indicates the long-run effect of a specific regressor (X) on the Gasoline price.
Other notes: see Table 10.

Surprisingly, the contributions of sugar to the price of ethanol had little impact, as
had been suggested by the nonlinear causality test. It should be noted, however, that the
channels through which commodity prices affect Brazilian biofuels differ considerably
from the results of previous studies. For example, Fernandez-Perez, Frijns, and Tourani-
Rad (2016) showed that corn and soybean prices (mostly used in biofuel production)
affect ethanol (futures prices in CBOT), and crude oil has a direct impact on agricultural
commodities. In addition, Vacha et al. (2013) found that ethanol prices are primarily
connected to the price of its US feedstock, and biodiesel prices are strongly connected to
German diesel prices. According to Kristoufek et al. (2014), price transmission between
corn and ethanol was clearer during the food crisis (2007-2008). On the other hand,
Balcombe and Rapsomanikis (2008) examined long-term relationships in the Brazilian
sugar—ethanol—oil nexus, and they found evidence that oil prices dictate the sugar and
ethanol long-run equilibrium and that the direction of the effect is from oil to sugar to
ethanol. However, the relationship between the prices of oil and ethanol may remain static
when supply shocks in the sugarcane sector result in high prices for sugar and ethanol. In
a broader sense, depending on the spread between prices, the sugar—ethanol—oil nexus can
have different price adjustments. For instance, in our study, the shock from HO, coupled
with low international sugar prices and incentives for Brazilian ethanol production, may
have intensified the relationship between oil and ethanol. The negative correlation
between the prices of oil and sugar, mainly in 2017-2018, strengthened the ethanol-oil
nexus.
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On the one hand, our work shows that the main domestic factor that drives hydrous
ethanol is gasoline. Melo et al. (2014) demonstrated that ethanol demand grows after
increases in gasoline prices and that the gasoline price ceiling guides the ethanol price
dynamics. Cavalcanti et al. (2012) supported this line of reasoning. They showed that
gasoline prices had an asymmetric effect on ethanol from 2003 to 2009. Their findings
suggested that a 1% increase in the price of gasohol led to a 2.02% decrease in ethanol
price in the long run. However, in the short-run their results showed a positive asymmetric
effect. Hence, flex-fuel car owners tended to first substitute gasohol for hydrous ethanol
and then they switched back to gasohol as ethanol prices rose. On the other hand, our
findings suggest there is a pass-through of international oil prices to ethanol, particularly
the HO. Therefore, the main effects of oil prices on the global markets funnelled from the
HO to the price of ethanol. One possible explanation was the influence of the distributors
on price formation in the refineries.

Nonetheless, the ethanol market in Brazil has faced significant structural changes
over the years, such as the increase in ethanol in the gasoline mixture (from E25 to E27
in 2015). This improved the substitutability power, the changes in price policy adopted
by Petrobras in 2016, the recent urge for countries to reduce CO2 emissions combined
with the low-carbon initiatives of the RenovaBio program, and the global slump in energy
prices because of the COVID-19 pandemic. These factors have contributed to a new
scenario, and they put a question mark over the next steps for ethanol development in
Brazil.

In the case of the long-term effects on Brazilian gasoline prices, as shown in Table
10, a 1% increase in the price for RBOB led to a 1.50% decrease in gasoline prices, and
a 1% decrease in the former led to a 0.47% increase in the latter. Negative changes in
RBOB prices, when compared to positive changes, had significantly fewer effects on
Brazilian gasoline prices. However, in the short term, the surges in RBOB had a positive
impact on gasoline prices. The inverse relationship between short- and long-term effects
can be influenced by the crude oil price dynamics and the use of ethanol as a substitute
fuel. Hammoudeh et al. (2003) pointed out that, despite the influence of WTI on gasoline
prices in the US and international HO prices, there is a higher directional impact of HO
on gasoline prices. Moreover, they showed that the differences in the magnitude of the
negative relationship between HO and gasoline are linked to seasonal pattern fluctuations.

Our findings show that in the short term, global price changes can affect gasoline
price dynamics in Brazil. This suggests that gasoline prices were more elastic towards
international commodities prices. Moreover, the Diks and Panchenko (2006) nonlinear
causality test also showed that oil prices (RBOB, HO and WTI) had a unidirectional
impact on gasoline prices, while only HO affected ethanol. Our work exposes the fuel
market idiosyncrasies in Brazil, such as the dependency on diesel importation and
consumption and the distribution market concentration. Moreover, we reveal the intense
government interference on domestic gasoline and diesel prices before 2015 but
backsliding afterward. This demonstrates the interconnection between international
commodities prices and domestic fuel prices, previously reported in nonlinear causality
tests.

To determine robustness, we assessed the changes in the signs and magnitude of the
coefficients in Tables 10 and 11 under different time horizons. The results of the rolling
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regression graphs depicted in Appendix B show that the coefficients do not change much
across different samples. This demonstrates the robustness of the selected models.

3.4.2
Limitations

We showed that our models are stable, free from heteroscedasticity and
autocorrelation, and we selected the lowest value of information criteria (BIC and AIC)
during the formulation process (see Tables 10 and 11). We also showed in Appendix B
that our results are consistent under different time horizons. Nonetheless, official ethanol
and gasoline data for Brazil are made available only weekly, whereas price adjustments
may occur on any day of the week and the ethanol prices are the weekly average.
Moreover, we also acknowledge the non-synchronous disparities regarding different time
zones and different weekly settlements in the futures prices and the ethanol and gasoline
prices. These factors can lead to inconsistencies in the econometric results because
significant time lags are omitted from the regression analysis (Bachmeier & Griffin, 2003;
Chua et al., 2017). As highlighted in the literature review, despite Petrobras’ guidance to
adjust prices according to international markets, there have been several cases when the
government intervened in oil surges.

35
Conclusions, Implications and Suggestions for Future Studies

This paper explored the impacts of futures prices for international energy and
agricultural commodities on the prices for ethanol and gasoline in Brazil. The empirical
investigation was performed using a multivariate nonlinear autoregressive distributed lag
(NARDL) model to capture the possible symmetric and asymmetric effects of the
independent variables on fuel prices in both the short term and long term. To the best of
our knowledge, this study is the first to consider the impact of multiple variables on
Brazil’s fuel prices. Using weekly data from January 2015 to May 2020, our results
showed an asymmetric effect of prices for reformulated blendstock for oxygenate
blending (RBOB) on gasoline prices in Brazil in both the short and long run. The results
also revealed that increases in heating oil (HO) prices led to declines in the price of ethanol
in the long run, and this supported the long-term conversion from fossil fuels to ethanol.
We also detected a nonlinear causality from HO to ethanol and RBOB to gasoline, which
corroborates the asymmetric effects in the NARDL test.

Ethanol prices were shown to be more influenced by oil prices. On the other hand,
sugar prices had a non-significant impact on ethanol prices in the long run. The nonlinear
test showed no linkage between sugar and ethanol. Similar results were found by
Balcombe and Rapsomanikis (2008) and (2012). Both works indicated that oil prices
determined the long-run balance between the prices of sugar and ethanol in Brazil. Since
the initial shock was generated by the price of heating oil, a similar shock may disrupt the
sugar—ethanol nexus, reducing the direct impact of sugar on the price of ethanol. In
addition, Allen et al. (2018) showed that ethanol as a dependent variable does not show a
significant response to sugar shocks in low volatility regimes of the latter. Brazil's low
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international sugar prices coupled with ethanol incentives might have strengthened the
oil-ethanol nexus.

The transmission mechanisms from international to domestic prices in the Brazilian
fuel market have a wide range of implications for different stakeholders. First,
policymakers may benefit from our results to see how to adjust price policies and hedging
decisions to lessen the impacts of spikes in international oil prices and to extenuate the
inflationary process. Countries that rely on oil imports and are sensitive to fluctuations in
oil prices can apply the pass-through model to investigate price transmissions (see Sarwar
et al., 2020).

Second, our results shed light on how domestic prices react to movements in
international prices. Petrobras, Brazil's state-owned company and one of the world's
largest oil producers, could take advantage of RBOB futures contracts as hedging devices
for gasoline prices and improve its price policy design. In Brazil, there are no futures
contracts for gasoline. Therefore, RBOB futures contracts could be an essential innovative
hedging strategy. Likewise and most important, the ethanol sector could benefit from
international futures contracts to improve the risk-sharing mechanism since market
volatility has implications for input allocation, capital investments, and productivity
growth. This may be useful not only to the Brazilian ethanol sector but for any country
that trades ethanol.

Finally, institutions and investors who want to optimize their allocation strategy in
the energy market need information about the complexity of the oil-sugar—ethanol nexus.
Information about price transmission and asymmetric price adjustments is valuable to
these financial actors, as they could adapt their short- and long-term trading strategies to
improve their market positions.

One caveat of the present study is that we considered fuel prices based on the state
of Sao Paulo, which represents the highest weight in average fuel consumption in Brazil,
and where the largest domestic refinery is located. A potential avenue for future research
would be to investigate disparities in local prices, logistics, and margins. Even though
margins represent a small fraction of the final consumer price, further studies could help
clarify the influence of the margin on gas station prices. In addition, it would be interesting
to explore the effects of exchange rates on fuel prices, considering that Brazil’s currency
has had considerable depreciation since 2015, and investigate the impact of the COVID-
19 pandemic situation to determine whether price transmission intensified or lessened.
Further studies could also take advantage of the findings of this study to delve into the
optimal hedging strategy using underlying futures contracts to offset the impact of
volatility on domestic fuel prices.

3.6
Appendix. Bivariate NARDL models: cumulative dynamic multipliers

Figure A.1. shows the cumulative dynamic multipliers of the independent variables
on ethanol prices, whilst Figure A.2 depicts the same multipliers when gasoline prices are
considered as the dependent variable.
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Figure A.1. Bivariate NARDL models—cumulative dynamic multipliers—with ethanol
as the dependent variable.
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Figure A.2. Bivariate NARDL models—cumulative dynamic multipliers—with
gasoline as the dependent variable.

3.7
Appendix. Rolling regressions: robustness check

This appendix illustrates the results from a rolling regression equation using the
same multivariate NARDL models selected for each dependent variable: gasoline and
ethanol. We use a fixed window size of 80 weeks of observations and collected the
estimated coefficients for each sliding step (1 week). A smaller window would have led
to various issues related to the substantial number of coefficients to be estimated in the
NARDL model. We generated models for 20 different periods by using a rolling window
of 80 weeks.

The coefficients shown in the rolling regression graphs do not change much across
different samples, which shows evidence of the robustness of the results presented in
Section 4.
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4
Volatility spillovers in the Brazilian agricultural markets.

4.1
Introduction

Understanding volatility spillover effects on asset prices is crucial to fully grasp
financial markets' dynamic pricing information. Pricing information outlines additional
inputs for the agents' decision-making process in an increasingly connected market. For
example, volatility spillover information may prove useful for public policy
recommendations, optimize trading strategies, and improve risk management
effectiveness.

An analysis of the volatility spillover effect in agricultural commodity markets may
provide additional information input for efficient resource allocation decisions about
harvesting, output, storage, commercialization, and hedging. To improve these allocative
decisions, large agricultural commodity players and policymakers may benefit from the
volatility spillover analysis of prices and returns (Balcilar & Bekun, 2020; Fasanya &
Odudu, 2020). Therefore, volatility spillover analysis may improve hedging strategies and
risk management. Notably, agricultural commodity domestic futures markets show thin
liquidity, indicating low hedging and portfolio diversification capacity.

We evaluate the Brazilian volatility spillovers in agricultural commodities between
spot markets and futures markets. We apply the Diebold and Yilmaz (DY) (2009; 2012;
2014) framework for Brazilian coffee, ethanol, soybeans, and reformulated blendstock for
oxygenate blending (RBOB) using spot and futures prices to compute the total volatility
spillover, the directional spillover fo and from, and the net pairwise volatility spillover.

The remainder of this paper is organized as follows. Section 2 outlines the literature
on volatility spillover and hedging. Section 3 discusses the methods and data used this
study, in particular, the Diebold and Yilmaz (DY) (2009; 2012; 2014) framework. Section
4 presents the results and a discussion of the main research findings. Last, Section 5
summarizes the results and suggests avenues for future research.

4.2
Literature review

The extant literature regarding volatility spillover is vast, particularly research done
after the 2008 financial crisis. The Diebold and Yilmaz (DY) (2009; 2012; 2014) model
is widely used to examine the volatility connectedness and the spillover effects among
markets.

In 2009, Diebold and Yilmaz (2009) composed a measure of interdependence of
asset returns and volatilities, examining the return spillovers and the volatility spillovers.
The framework facilitates the analysis of non-crisis and crisis periods, including trends
and bursts in the spillover effect. Their study uses data from 19 global equity markets
from 1990 to 2009, showing divergent behavior in the dynamics of return spillovers
versus volatility spillovers where return spillovers demonstrated a smooth increasing
trend but no bursts.
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Diebold and Yilmaz (2012) later propose a different approach using a generalized
vector autoregressive framework in which forecast-error variance decompositions are
invariant to the variable ordering. Diebold and Yilmaz examine daily volatility spillovers
across US stock, bond, foreign exchange, and commodities markets, showing that
significant volatility fluctuations in all four markets during the sample and cross-market
volatility spillovers were limited until the global financial crisis began in 2007. Spillovers
from the stock market to other markets increased after the Lehman Brothers' collapse in
September 2008.

In another study, Diebold and Yilmaz (2014) also evaluate the connectedness
measures composed from parts of variance decompositions, showing useful
connectedness measures. They analyze the daily time-varying connectedness of major US
financial institutions' stock return volatilities in recent years, including the financial crisis
of 2007-2008.

Authors Period Asset Findings
Chevallier and Ielpo 1995-2012 Standart assets, commodities, and ~Commodities exhibited weaker
(2013) currencies volatility spillover
il | Gold, silver, platinum,
- - Gold, silver, platinum, CHF/USD, and GBP/USD
Antonakakis and Kizys >
(2015) » 1987-2014 CHF/USD, and GBP/USD were net transmitters of returns
exchange rates spillovers
The energy sector was the
) ) ) highest contributor to other
Diebold, Liu, and Yilmaz 1 5416 Nineteen commodities. commodities. Energy,
(2017) industrial metals, and precious
metals were highly connected
Zhane and Broadstock Beverage, fertilizer, food, metal, Food commodities contributed
(202 Og) 1982-2017 precious metals, raw materials, to the system dynamic more
and oil than 80% after 2008
Crude oil became net receiver
after 2006, and during periods
Dahl, Oglend, and Yahya 986-2016 Crude oil and agricultural of financial turmoil, evidence
(2020) - commodities of bidirectional spillover
between crude oil and
agricultural commodities.
US stock market was the
Yoon et al. (2019) 1999-2016 Stock, bond, currency, and largest contributor of return
commodities spillover in the Asia-Pacific.
Cocoa, banana, Banana, cocoa, groundnut,
Balcilar and Bekun 2006-2016 groundnut, soybeans, barley, maize, soybeans, and wheat
(2020) maize, sorghum, rice, wheat, CPL,  yere net transmitters of
NOIL, and NEER. spillovers.
. Interdependence among
Fasanya and Odudu 1980-2017 Wheat, rice, soybeans, groundnut, agricultural commodities in
(2020) and palm oil

Nigeria

Table 12. Summary of the literature on volatility spillover in commodities markets
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4.3
Methodology and data

4.3.1
Spillover approach

We use the Diebold and Yilmaz (DY) (2009, 2012; 2014) framework to calculate
the volatility spillover index among 12 Brazilian commodity spot markets and
international commodity and financial futures markets. In particular, the index derives
from the variance decomposition of an n-variable vector autoregression (VAR) model
used to calculate the total spillovers in a simple VAR, with Cholesky factor
orthogonalization.

Next, the DY approach generates directional spillovers in a generalized VAR
framework, eliminating dependence on ordering results. As such, a covariance stationary
n-variable VAR (p):

Xy = Zle Dixi_i + & Eq. 1

where: e~(0, ¥) = vector of i.i.d. disturbances.

The moving average representation is: x; = )i A;&_;, with the n x n coefficient
matrices expressing A; = ®,4;_1 + P4;_ 5 + -+ P,A;_,,, and 4o = n x n identity
matrix, with 4; = 0 for i < 0. Specifically, the DY approach calculates the variance
decomposition, expressing each variable's forecast error variances in system shocks.
Therefore, the variance decomposition demonstrates the fraction of the 4-step-ahead error
variance in forecasting x; resulting from shocks to x;, for all j # i, for each i.

The DY index uses the VAR framework of Koop et al. (1996) and Pesaran and Shin
(1998) (KPSS), resulting in variance decompositions that are order invariant. As such, the
shocks to each variable are not orthogonal, and the sum of the contributions to the forecast
error variance, the row sum of the parts of the variance decomposition table, cannot be
equal to one.

Next, we define the own variance shares as the fractions of the /-step-ahead error
variances in forecasting x;, resulting in shocks to x;, fori =1, 2, ..., n, and cross variance
shares, or spillovers, as the fractions of the A-step-ahead error variances in forecasting x;
relating to shocks to x;, for i, j = 1, 2, ..., n, such that i # j. Defining the KPSS #-step-
ahead forecast error variance decompositions by B{C]J- (h), forh=1,2, ..., then:

— — 2
i Sheo(e{AnX ej)
Tho(ejAn X Ane))

0 (h) = Egq.2

where: X = variance matrix for the error vector e; o;; = standard deviation of the
error term for the j-th equation; and, & = selection vector, with one as the i-th element,
and zeros otherwise.

To estimate the total volatility spillover index, we use the volatility contributions
from the KPSS variance decomposition. The total spillover index demonstrates the
contribution of spillovers of volatility shocks of the asset classes to the total forecast error
variance:
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Z?]=1 gigj(h) ?]=1 g{%(h)
g =% ___ _ .100=—-___.1 Eq.
S9(h) ?j:leij(h) 00 - 00 q-3

The DY framework estimates the net volatility spillover from market i to all other
markets j, the difference between the gross volatility shocks transmitted to and received
from all other markets, as:

§7(h) = 57,;(h) = S ;(h) Bq. 4
Last, we compute the net pairwise volatility spillovers between markets i and j, the

difference between the gross volatility shocks transmitted from market i to market ;, and
the shocks transmitted from j to i:

g;1 (h) 65 (h)
S = ( e T ~100
i,k=1 Qik(h) Zj,kzl ij(h)
Eq.5

_ (67;? (h) - 55(h)> 100

n

Pl
Ptifl)’
where 1} = weekly log return of commodity i, week ¢, and P} = price of commodity i,
week ¢. Then, we apply a standard GARCH (I,1) model on the weekly log returns, 7¢,
taking the square root of the resulting variance to calculate the weekly volatility of
commodity i on week ¢, o}

To estimate the volatility values, we model the weekly log returns: 1} = log(

4.3.2
Data

We use weekly data for the following spot and futures prices series, encompassing
three Brazilian commodity groups, softs, grains and oilseeds, and energy (see the
descriptive statistics in Section 4.5) from September 2010 to March 2020.

We estimate the QR, MV, and ECM optimal hedge ratio for each group, using
different contracts. For the softs group, we use the CEPEA/ESALQ Arabica Coffee as the
spot price and the July 2020 ICE coffee weekly futures price series. For the energy group,
we apply the CEPEA/ESALQ Sao Paulo Hydrous Ethanol Fuel Indicator as the spot price.
For the future price, we use the May 2020 CME Ethanol futures prices and the May 2020
CME reformulated blendstock for oxygenate blending (RBOB) gasoline futures prices.
We also compare both ethanol and RBOB futures optimal hedge ratios set—QR, MV, and
ECM. For the grains and oilseeds group, we use the ESALQ/BM&FBOVESPA
Paranagué Soybeans spot prices, and for the futures prices, we use the March 2020 CME
soybeans weekly prices. We use the March 2020 soybeans futures contracts due to its
synchronicity with the Brazilian soybeans harvest season.
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4.4
Empirical results and discussion

The first section presents the volatility spillover results for the Brazilian agricultural
commodity markets—coffee, ethanol, soybeans, and RBOB—weekly log returns.
4.4.1

Spillover effects

Table 13 shows the results of gross directional spillovers. The results are based on
VAR with max lags of 5 and generalized variance decomposition of 10™ day-ahead
volatility forecast errors (Diebold & Yilmaz, 2012).

The sums of the rows represent the contributions 'FROM Others,' and the sums of
the columns show the contribution ‘TO Others.” The total volatility spillover index is
41.6% (lower right corner). The coffee futures prices express the highest contribution
from others at 59.32%, followed by coffee futures at 46.52%, while the coffee RBOB
shows the lowest contribution at 29.14%. Accounting for the net spillover, we find the
largest spillover effect from the soybean futures prices (SOY _F: 82.51-38.70 = 43.81%)
and from others to the ethanol spot price (ETH_S: 11.09-36.86 = -25.77%). Notably, there
was an abrupt spike in 2020, highlighting the volatility spillover increase due to the
COVID-19 pandemic (see Figure 6).

ETH_ ETH_ COFFEE_ COFFEE_ SOY_ SOY_  RBO FROM

F S F S S F B Others
ETH F 6229 078 5.18 3.84 233 2332 225 3771
ETH S 10.90  63.14 4.59 9.30 0.59 815 333 3686
COFFEE_F 5.57 2.07 53.48 31.04 1.98 557 029  46.52
COFFEE_S 6.22 2.47 41.54 40.68 1.63 716 029  59.32
SOY S 8.64 1.19 1.49 1.74 57.07  29.14 072 42.93
SOY F 1438  0.10 2.19 2.16 1937 6130 050 3870
Rbob 9.16 4.48 0.81 2.50 304 916 7086  29.14
Directional TO 5487  11.09 55.80 50.59 2894 8251 737
Others
Directional Tptal

! 117.16  74.23 109.28 91.27 86.01 14381 7824 Spillove
Including Own L 41.6%

Obs.: F = futures prices; S = spot prices. ETH stands for Ethanol and SOY for soybeans.
Table 13. Volatility spillover (connectedness) for weekly log returns Spillover
(Connectedness)
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36

2015 2016 2017 2018 2019 2020
Figure 6. Total Volatility Spillover (Connectedness): coffee, ethanol, soybean, and
RBOB.

The total spillover shows the volatility from all commodities analyzed in our study.
Nonetheless, we are also interested in understanding the directional spillover information.
Thus, we estimate and plot the S;7_ j(h) directional 'TO Others' row, and the s?, (M)
directional 'FROM Others' column. Figure 7 depicts the directional spillover to others;
among the commodities, either soybean futures or spot are the greatest gross contributors
to other markets. Figure 8 illustrates the directional volatility spillovers from others to all
the involved variables. The spillover from others to coffee futures price appears to be
increasing over time, while the coffee spot remains steady.
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Figure 7. Directional Volatility Spillovers, TO ethanol (ETH), coffee, soybean (SOY),

and RBOB
Obs.: F = futures prices; S = spot prices.
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Figure 8. Directional Volatility Spillovers, FROM ethanol (ETH), coffee, soybean

(SOY), and RBOB

Obs.: F = futures prices; S = spot price

We also provide the net pairwise combination of the involved variables (Equation
4). Thus, the plot in Appendix A.2. shows how much each commodity contributes to the
volatility in other markets. The soybean spillover dynamic emphasizes the impacts of the
trade war between China and the US, the increase of the Brazilian agricultural commodity
exports, especially to China, and the commodity markets' financialization. For instance,
the soybean spot became the net transmitter after 2018, coincidentally after the beginning
of the trade war. On the other hand, the coffee futures also became net receivers after
2018, whereas the coffee spot maintains its net receiver pattern throughout our sample.
Coffee appears to be more elastic in comparison to other commodities. Ethanol futures,
in turn, were shown to be the net transmitter at the beginning of the pandemic outbreak,
while ethanol spot prices remain steady during our sample analysis.

The directional volatility spillovers for the Brazilian agricultural commodity spot
and futures markets show an idiosyncratic volatility pattern for each Brazilian commodity
group. The DY framework indicates different volatility regimes, coupled with the price
level analysis, can help decipher the market pricing dynamics and trends. Therefore, the
DY volatility spillover effect provides a helpful approach to upgrade informational inputs
about volatility patterns in domestic and international markets, formulating more efficient
resource allocation decisions. In particular, a deeper knowledge of the volatility spillover
dynamics for the Brazilian agricultural commodity spot markets can result in increased
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competitiveness and informed production, storage, commercialization, and hedging
decisions.

4.5
Conclusion and further research

Our study analyzed the volatility spillovers between the Brazilian agricultural
commodity spot prices and futures markets. We calculated the total volatility spillover,
the directional spillover to and from commodities, and the net pairwise volatility spillover,
applying the Diebold and Yilmaz (DY) (2009; 2012; 2014) framework. An in-depth
analysis of volatility spillover provides useful information about the market dynamic.

The recent increase in total spillover effects reveals the impact of the COVID-19
pandemic and the volatility increase through time. Furthermore, the pairwise spillovers
expose the effects of the rise in Brazilian agricultural commodity exports, especially
soybean exports to China due to the trade war between China and the US.

The DY volatility spillover framework demonstrates the usefulness of estimating
the dynamic relationships among the variables. The DY framework outline illustrates a
systematic application to examine volatility spillover dynamics in the Brazilian
agricultural commodity spot markets, both regional and national: for example, to analyze
the soybeans market volatility spillover between Mato Grosso and Parana.

Further research could expand the study of the volatility spillover effects in a
multivariate framework, using a non-parametric technique. Understanding the price
dynamics is paramount not only for policymakers to design policies to alleviate the spike
in food prices, but also for farmers, consumers, and countries since high volatility could
jeopardize agricultural investment, mainly when there is no mechanism to share risk (i.e.,
futures contracts).


DBD
PUC-Rio - Certificação Digital Nº 1811795/CA


PUC-Rio- CertificagcaoDigital N° 1811795/CA

61

4.6

Appendix
Weekly
Statistics Coffeer  D(Coffeer)  Coffees  D(Coffees) Soyr D(Soyr) Soys D(Soys) ETHr D(ETHr) ETHs D(ETHs) RBOBr D(RBOBy)
Mean 155.02 -0.14 162.79 -0.17 2435 001 2619  -0.01 0.47 0.00 0.52 0.00 0.59 0.00
Median 139.13 043 144.39 0.63 22.66 0.02 2416  0.01 0.41 0.00 0.50 0.00 0.54 0.00
Maximum  299:85 27.00 341.76 26.94 37.54 235 4500  2.62 0.72 0.07 0.98 0.09 0.89 0.06
Minimum 89.00 -27.95 95.47 2171 18.55 608 1870  -6.81 0.23 -0.13 0.30 -0.19 0.16 0.12
Std. Dev. 46.09 6.62 57.20 5.80 4.40 0.74 5.30 0.68 0.11 0.02 0.10 0.02 0.15 0.02
Skewness 1.14 0.22 1.40 0.37 0.66 -1.92 0.88 2.11 0.76 -1.20 0.98 -1.69 0.14 135
Kurtosis 3.53 5.09 4.26 5.53 2.27 16.77 333 24.87 2.15 11.45 453 18.32 1.83 321
B 114 94 196 145 47 4239 67 10289 63 1599 128 5109 30 714
Prob - - - - - - - - - - - - - -
ObS. 498 498 498 498 498 498 498 498 498 498 498 498 498 498
Monthly
Statistics Coffeer  D(Coffeer)  Coffees  D(Coffees) Soyr D(Soyr) Soys D(Soys) ETHr D(ETHr) ETHs D(ETHs) RBOBr D(RBOBy)
Mean 214.72 -0.28 241.39 -0.20 29.79 0.06 31.80 0.6 0.62 0.00 0.64 0.00 0.74 0.00
Median 210.30 025 242.50 -0.90 29.82 0.13 3046 13 0.62 0.00 0.64 0.00 0.75 0.00
Maximum  299.85 24.75 341.76 17.91 37.54 235 4500 o6 0.72 0.07 0.98 0.09 0.89 0.06
Minimum 148.95 -27.95 161.93 -18.18 23.70 272 2527 31 0.50 -0.08 0.49 0.19 057 20.10
Std. Dev. 42.07 8.13 55.07 7.50 273 0.92 4.57 1.00 0.05 0.02 0.10 0.03 0.07 0.03
Skewness 0.14 0.01 0.20 0.01 0.34 -0.40 1.10 2.78 021 -0.43 0.78 211 -0.12 -1.30
Kurtosis 1.76 3.95 1.62 2.88 3.24 2.89 3.6l 20.79 2.77 438 3.55 16.29 2.88 6.66
B 8 5 11 0 3 3 27 1,781 1 13 14 997 0 103
Prob 0.02 0.10 0.01 0.96 0.27 0.19 - - 056 X i X 0.83 i
ObS. 123 123 123 123 123 123 123 123 123 123 123 123 123 123

A. 1. Descriptive statistics. Coffee, ethanol, soybeans spot and futures prices, gasoline futures prices. Weekly and monthly
values, levels, and first differences.
Source: Research results. Obs.: D(.) = first difference; F = futures prices; S = spot prices.
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5
Can we measure ambiguity in commodity futures markets?
Formulation of an empirical ambiguity measure

5.1 Introduction

Ambiguity is defined as the uncertainty in the probability distribution
resulting from misinterpretation or lack of information. Ellsberg (1961) shows that
under ambiguous payoffs, agents strictly prefer less ambiguity, which violates the
independence axiom of the subjective expected utility model. Moreover, ambiguity
tends to disappear when ambiguous events cannot be compared (Fox & Tversky,
1995).

Ambiguity has been widely investigated in the financial literature.
Researchers have studied the effects of ambiguity on financial markets, portfolio
choice, liquidity, and the 2008 financial crisis (Boyarchenko, 2012; Dow &
Werlang, 1992; Routledge & Zin, 2009). A series of studies have also examined
ambiguity in commodity futures markets, applying a theoretical approach (Lien &
Wang, 2003; Lien & Yu, 2017; Wong, 2015).

The literature on ambiguity in financial and commodity futures markets is
predominantly theoretical. The abstract nature of these theoretical discussions
leaves a gap in an empirical approach; the challenge is to formulate a robust
measure of the degree of ambiguity and ambiguity aversion for commodities
markets. Commodity futures markets exhibit dynamics similar to financial markets.
Thus, a measure of ambiguity and ambiguity aversion can help firms make optimal
decisions regarding their production, hedging, and trading strategies.

We aim to estimate ambiguity in commodity futures markets by formulating
an empirical ambiguity measure. We compose an empirical measure to explain 12
commodity prices of the nearest futures contracts. First, we calculate the maximum
and minimum daily price spread average on the turnover by open interest to remove
market noise, and we define the residuals as the measure of the degree of ambiguity.
Second, we describe the interactions between the commodity log returns and
ambiguity measure as a system, using an unrestricted vector autoregressive (VAR)
framework to model the relationships between the variables. Finally, we categorize
the results of the ambiguity impacts on the commodity futures markets' structural
dynamics.

In sum, the contributions of the study are threefold. First, we formulate an
empirical measure to evaluate ambiguity with real market data. Second, we
investigate the effects of ambiguity on the dynamics of commodity futures markets.
Third, we analyze the impact of ambiguity on futures price log returns. This is the
first empirical research to develop ambiguity measures and analyze ambiguity
impacts in commodity futures markets to the best of our knowledge.

5.2
Literature Review

5.2.1
Definition of uncertainty

The definition of uncertainty is illustrated in the Ellsberg paradox (Ellsberg,
1961). The Ellsberg paradox distinguishes between risk and “Knightian


DBD
PUC-Rio - Certificação Digital Nº 1811795/CA


PUC-Rio- CertificagaoDigital N° 1811795/CA

64

uncertainty,” in which people tend to prefer known over unknown probabilities. In
a hypothetical experiment, Ellsberg illustrates a decision between two urns
containing red and black balls. Urn 1 has 100 red and black balls with an unknown
ratio. Urn 2 contains 50 red and 50 black balls with a known ratio (i.e., the payoff
is $100: if you bet on red and win, you get $100, and $0 otherwise). The likelihood

of winning is % n+n-1) % However, the results from Ellsberg’s experiment

violate the independence of the subjective expected utility axiom, thereby showing
an ambiguity aversion. Therefore, people prefer to bet on events when probabilities
are known (Urn 2) rather than uncertain (Urn 1) (Camerer & Weber, 1992).

Previous studies show the implications of ambiguity for economic and
financial behavior. Studies analyze the psychological causes and rationality of
ambiguity (Frisch & Baron, 1988); the implications of ambiguity for portfolio
choice puzzles (Dimmock et al., 2016); and applications of ambiguity in the design
of bilateral economic contracts, the trade in financial contracts and financial
markets, and strategic decision-making in auctions (Mukerji, 2000).

We define ambiguity as the uncertainty in the probability distribution. In the
asset prices context, Dow et al.(1992) employ an expected utility under a
nonadditive probability measure to discriminate risks and uncertainties based on
the axiomatic foundation of the maxmin expected utility decision rule proposed by
Gilboa and Schmeidler (1989). Agents consider the minimal expected utility over
all priors in the set, and investors consider the worst-case scenario when lacking
complete information about their probability distribution, reflecting the ambiguity
aversion.

However, to discern between risk and ambiguity within a subjective expected
utility framework and account for the “probabilistic sophistication,” Chen and
Epstein (2002) compose a continuous-time version of the multiple-prior utility with
ambiguity aversion. The model can distinguish a premium for risk and a premium
for ambiguity. Notably, Gilboa and Schmeidler’s (1989) multiple-priors model has
different implications for portfolio choice and asset price than subjective expected
utility (Epstein & Schneider, 2010). Agents cannot discern between risky and
ambiguous situations, but they can learn how to; thus, an increase in investors’
confidence causes a trend toward stock market participation and investments
(Epstein & Schneider, 2007). In developing a decision-maker preference, Klibanoff
et al. (2005) separate the ambiguity, defined as a characteristic of the decision
maker's subjective information, from risk. The authors identify that attitudes toward
risk are characterized by the shape of a von Neumann—Morgenstern utility function.

Investors choose a set of conditional probabilities to maximize the expected
utility in a worst-case scenario, and they react asymmetrically. Epstein and
Schneider (2010) consider the role of uncertain information quality in financial
markets when there is incomplete knowledge about signal quality; agents tend to
react more to bad news than to good news. Thus, agents demand compensation for
low future information quality when fundamentals are more volatile. However,
estimating the quality of information is not a straightforward process. Ozsoylev et
al. (2011) examine information transmission when the quality of the signals is
unknown and consider how investors deal with ambiguous information in asset
markets. Their investigation highlights the implications of market depth, liquidity
risk, and trading volume. The authors elucidate that arbitrageurs provide market
liquidity and do not trade when the information signal is ambiguous (i.e., in an
illiquid market). Market depth is lower when ambiguity occurs, and the trading
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volume also decreases with ambiguity. Moreover, ambiguity can lead to price
volatility; hence, illiquid markets can impact asset prices.

5.2.2
Measures of ambiguity

Investors can interpret and obtain information in various ways. Thus, the
literature has developed different approaches to heterogeneous beliefs to capture
different opportunity sets of information, subjective beliefs, and utility functions.
Abel (1989) formulates a consumer model framework to examine the implications
of heterogeneous subjective beliefs about asset prices and finds that an increase in
heterogeneity can lead to a stock price reduction. Anderson et al. (2005) also
analyze how heterogeneous beliefs impact asset prices and returns, using publicly
available forecasts by financial analysts as a proxy for the heterogeneous agents’
beliefs. Diether et al. (2002) show that stocks returns with higher dispersion in
analysts’ earnings forecasts—a proxy for divergent opinions among investors—are
negatively related to futures returns, which contrasts with the assumption that
dispersion in analysts’ earnings forecasts is a proxy for risk. Regarding differences
in investors’ opinions, Hong et al. (2015) develop a theoretical model to explain
market crashes. Earlier studies have used heterogeneous belief models to explain
differences in investors’ opinions about the financial market (Basak, 2000, 2005;
Harris & Raviv, 1993; Wang, 1994; Zapatero, 1998).

Anderson et al. (2009) distinguish between risk and uncertainty; risky events
have a known distribution with an unknown outcome, while uncertain events have
both an unknown distribution and an unknown outcome. Hence, the authors use the
level of agreement among professional forecasters to measure the degree of
uncertainty in the mean return, the greater the agreement among forecasters, the
lower the degree of uncertainty, and the greater the disagreement, the higher the
uncertainty. The authors empirically define risk as volatility in an asset’s return.
Their findings indicate that risk is less important than uncertainty as a driver of
expected market excess return; the degree of uncertainty correlates more closely
with market excess return than risk.

Variability can be considered a proxy for uncertainty. For instance, Romer
(1990) argues that the stock market crash in 1929 fueled an increase in uncertainty,
leading consumers to delay their spending on durable goods. Bloom et al. (2007)
define uncertainty as the standard deviation of daily stock returns; however, to
avoid noise unrelated to fundamentals due to the volatility in stock returns, the
authors normalize the firms’ daily share returns on the Stock Market Index. Basu et
al. (2017) and Bloom (2009) use the Chicago Board Options Exchange Volatility
Index (VXO) as a measure of uncertainty. Similarly, Yang et al. (2000) gauge
uncertainty based on the variance of an estimator: the smaller the variance, the more
accurate the estimation. Their goal is to estimate the volatility by employing the
opening, closing, high, and low prices for multiple periods.

Gauging uncertainty remains a challenge in the literature, but it can be
approached using volatility as a proxy. Jurado et al. (2015) assert that the definition
of uncertainty is the conditional volatility disturbance that cannot be predicted by
economic agents. However, the ability to measure uncertainty depends on how the
measure is correlated with the latent stochastic process. For instance, the authors
explain that stock market volatility can change, while uncertainty about economic
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fundamentals remains steady. Thus, their work aims to distinguish between
uncertainty and their own definition of conditional volatility.

Other studies have attempted to quantify ambiguity. Bossaerts et al (2010)
employ an experiment based on observations that ambiguity has different
implications for choices and prices. Tan et al. (2017) use a bid-ask spread to gauge
ambiguity in the UK stock market. Izhakian (2020) measures ambiguity using the
volatility of probabilities. The author states that the degree of ambiguity must be
independent of the risk and the outcome. The relation between risk and return
cannot be considered without ambiguity (Brenner & Izhakian, 2018). Using a static
general equilibrium model, Augustin et al. (2019) investigate the relation of risk
and ambiguity to credit default swaps (CDS) and show that ambiguity has a
significant effect on spreads. Adopting a different approach, Baillon et al. (2018)
develop an ambiguity measure of natural and artificial events in an experimental
framework. Li (2017) applied (Baillon et al., 2018) work to study the relationship
between people’s ambiguity attitudes and income in a natural experiment.

Knightian uncertainty can also be applied to a hedging and production
groundwork in which decisions can be made following a maxmin principle.
Producers tend to engage in a one-to-one hedge ratio (Lien, 2000). For example, in
a commodity futures market context, a producer would choose to hedge when the
futures prices were higher than the spot price adjusted by ambiguity (Lien & Wang,
2003). In the presence of ambiguity, the opportunity to hedge is invaluable to the
firm (Wong, 2015). Nevertheless, the timing of hedging plays a role in the
production and hedging decisions by incorporating preferences into the competitive
firm's behavior under price uncertainty (Lien & Yu, 2015). Hedging decisions can
have different impacts on underpricing ambiguity when firms face optimistic versus
pessimistic outcomes (Lien & Yu, 2017).

The commodities market experienced a profound transformation in the early
2000s. A substantial investment influx has entered the commodities market,
resulting in a new asset class for many financial funds and reflecting a so-called
financialization process (Tang & Xiong, 2012). Therefore, as a standard feature in
the financial process, ambiguity should be investigated in the commodity market
context.

5.3
Methods and data

5.3.1
Data

The dataset comprises high, low, and closing prices and open interest—the
proxy of the futures nearest contract's daily volume. The initial date is January 3,
2000, and the end date is December 12, 2019, for a total of 5,203 observations. We
examine 12 commodity futures prices: cocoa, coffee, corn, cotton, feeder cattle,
lean hog, live cattle, orange juice, soybeans, sugar, wheat, and West Texas
Intermediate (WTI) oil (www.bloomberg.com, 2020). We summarize the statistics
for the daily ambiguity measure and the commodities price log returns in Appendix
A.

Figure 9 illustrates the original data in log levels and the daily log returns for
the 12 commodities futures markets, while Figure 10 depicts the log-level
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correlation between the involved variables. We notice the highest correlation
between the feeder cattle and the live cattle and amid grains (i.e., corn and wheat).
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Figure 9. Commodity futures prices in levels and daily log returns. Period:
January 3™, 2000 to December 12, 2019. 5.203 observations.

Source: Bloomberg.

Obs.: We split the 12 commodities by color to indicate the group: energy — WTI; softs - cocoa,
coffee, cotton, and orange juice futures; grains and oilseeds — corn, soybeans, and wheat; livestock
— feeder and live cattle and lean hog.
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Figure 10. Correlations between agricultural commodities in log-levels.
Source: Research results.

Next, we test the UR using PP and ADF for the 12 commodities, ambiguity
measure, and daily log returns in levels in Appendix B. For both the ambiguity
measure and the log returns in levels, the PP and ADF UR tests reject the null
hypothesis of one UR with a 1% statistical significance. The residual of the linear
regression between the daily high-low mean price logarithms and open interest
defines the ambiguity measure. The PP and ADF UR tests demonstrate that the
ambiguity measure is a stationary covariance process. Thus, the PP and ADF UR
tests of daily log returns are covariance stationary, in line with Baillie and Myers
(1991).

All pairs of the return time series are I(0), so we can apply an unrestricted
VAR framework to analyze the cross-effects of the time-series dynamics between
the daily commodity prices ambiguity measure and log return without differencing
the series.

5.3.2
Theoretical Framework

Gilboa and Schmeidler (1989) develop a preference relation over a set of
deterministic outcomes (act): J(f) = min{f u o f{dP|P € C}, where fis an act, u is
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a von Neumann—Morgenstern utility over outcomes, and C is a closed and convex
set of finitely additive probability measures on the states of nature. The model
allows a range of probabilities to be attributed to an outcome. The decision is based
on a preference that is ranked according to the utility of the worst-case scenario.
The decision process is generated by a minimization and maximization framework.
Garlappi et al. (2007) found that the multi-priors model with ambiguity aversion
achieves better results than the mean and variance approach.

We employ Gilboa and Schmeidler (1989) multiple-priors preference
framework and Tan et al. (2017) approach, which first defines the degree of
ambiguity in terms of the bid-ask spread. Since volatility indicates ambiguity in
asset price dynamics (Epstein & Schneider, 2010), we formulate an empirical
ambiguity measure. To estimate the bid-ask spread, we calculate a proxy using the
high-low price spread. The advantage of the high-low price spread is the
information about a financial asset's temporal dynamic process (Cheung & Chinn,
2001; Xiong, Li, & Bao, 2017). For example, the high-low price spread illustrates
real traded prices, revealing the market makers’ actions, the transaction costs, and
the traders’ degree of risk aversion.

To define an ambiguity measure, we assume that investors express
homogenous preferences about the distribution of an asset return 7*. As a result of
ambiguity, buyers and sellers estimate idiosyncratic worst-case scenarios and
interpret the asset returns with different priors—the buyers’ worst-case scenario is
when the price falls after they take a long position; the opposite is true for sellers,
whose worst-case scenario is when the price rises after they take a short position.
Thus, buyers’ and sellers’ price discovery reveals the uncertainty in the information
on futures prices, indicating ambiguity. As such, to bear the uncertainty of trade
positions, buyers quote the lowest bid price whilst sellers quote the highest asking
price, demanding a risk premium for this uncertainty. The risk premium expresses
a possible tradeoff loss, holding the long and short positions if prices cross the asset
return reference threshold, »*.

If the degree of ambiguity of the returns is defined as k, r* — k expresses the
buyers' prior return, and 7* + k for the sellers. Specifically, to estimate the bid-ask
daily spread, we use the daily high-low price spread proxy. We appraise the bid and
ask prices B and A4, as the low and high daily prices, L: and H:, defining the buyers’
and sellers’ ambiguity holding metrics, respectively, as:

In=t=InL, — InP, = 7" — k (1.1)

t

ln% =InH;—InP,=71r"+k (1.2)

t

where P: expresses the commodity futures prices at time z. Subtracting
equations, 1.2 and 1.1:

InH, — InL, = 2k )

Equation 2 defines a measure of the degree of ambiguity, k. Thus, we may
apply Equation 3 as a proxy for the degree of ambiguity:

InH¢—InL
k — t2 t

3)
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We calculate the daily log returns of the commodity futures prices as:

P
T = ln;ﬁ1 4)

where r: estimates the daily log return of the commodity futures prices at time
t, and Prexpresses the commodity futures prices at time .

We also need to assess the impact of market makers on the commodity futures
price dynamics. Therefore, we regress the spread calculated using Equation 3 on a
turnover by volume (we use open interest as a proxy for a daily volume of the
futures contract) to remove the variation of the spread predicted by the market
makers' impact.

The intricate task is to empirically separate the uncertainty price from the risk.
To better capture the equation’s uncertainty, it is crucial to understand the market
makers’ role, which is to offset price risk to customers and to facilitate risk-sharing.
For instance, if the potential liquidity traders are net sellers, the market makers will
charge a spread in the trade to offset the risk in operation, offering the sellers a price
that is not “uncertain” (Grossman & Miller, 1988), when the number of market
makers increases, the trade volume increases and the spread decreases (Biais et al.,
2000). Furthermore, the wider the market markers’ spread, the riskier and more
uncertain the securities (Barnea & Logue, 1975). Tan et al.(2017) show that trading
volume (m), number of market makers (n), the degree of risk-aversion (4),
transaction cost (¢), and volatility of the asset price o2 influence the liquidity (L) —
which is indicated by the market makers’ role in the financial market: L = % +

cn

Ac?.(n+1)
the bid-ask spread is not statistically significant in the ETF FTSE100 market, which
can be explained by the high level of liquidity; hence, market makers do not explain
the bid-ask spread. However, we expect to identify a relationship between the high-
low price spread and the volume since commodity markets are not as liquid as the
ETF market—agents would demand a risk premium for the uncertainty, and the
spreads would open favoring the market markers’ profit.

Another important aspect to consider is the volatility role in the formulation
process. Epstein and Schneider (2010) highlight the importance of the interplay
between volatility and ambiguity in asset pricing. Volatility is related to ambiguity
in asset price dynamics, and it is also related to heterogeneous beliefs, but it is a
consequence of those beliefs, not a proxy. Hibbert et al. (2020) shows empirical
support in the literature, regardless of different sources of heterogeneous beliefs,
higher investor disagreement leads to higher price uncertainty, and consequently,
higher volatility return. In this sense, we preserve the volatility impact on the spread
(Eq. 4) but remove the market maker effect on the high-low spread.

Furthermore, the residuals from a linear regression model can be applied to
categorize the dependent and independent variables’ relationships in a different
context. For example, Bessembinder and Seguin (1993) analyze futures markets’
expected returns, conditional on the week effect and volatility, by applying a linear
regression. They use the residuals of the linear regression to identify unexpected
returns. Bewley (2011) shows that each degree of ambiguity corresponds to a set of
prior distributions over a Gaussian linear regression model’s parameter. Chan and
Fong (2000) employ the absolute values of return residuals in a two-stage
regression to determine whether daily price volatility increases with trade size.
Board et al. (2001) use the residuals of a linear bivariate traded spot and futures

. They also show that the relationship between the trading volume and
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volume to measure information impact. The difference between the fitted values for
the futures and spot markets gives a measure of information-less futures trading
activity over information-less spot market activity.

We formulate Equation 5 as follows:

K =ag+ oV, + A (5)

where K; = mean spread between H: and L: at time ¢; @y = constant; V; = daily
turnover volume at time #; and, A: = residuals, a measure of the degree of ambiguity
of the commodity futures prices, at time .

We employ the volume to estimate the ambiguity measure; a trading volume
may describe heterogeneous beliefs about market outcomes (Gallant, Rossi, &
Tauchen, 1992; T. Li, 2007; Shalen, 1993). The literature indicates trading volume
and ambiguity, which defines the lack of information about futures returns (Bewley,
2002; Dow & Werlang, 1992; Easley & O’Hara, 2010; Epstein & Schneider, 2007).

Bossaerts et al. (2010) analyze the ambiguity effects on market depth,
liquidity risk, and trading volume and conclude that market depth is lower when
agents identify ambiguity. Moreover, ambiguity decreases the trading volume
decreases. Applying the same approach, we use the daily traded volume as the
independent variable, and the daily high-low average spread as the dependent
variable to calculate the linear regression residuals. Thus, we define the residuals
as a proxy of the measure of ambiguity in commodity futures markets.

5.3.3
Preliminary assessment

To estimate the temporal dynamics, we use the residuals of an OLS regression
between the degree of ambiguity, the average of the log of the high-low average
spread, and open interest. However, the formulation may produce the two-step-
estimation problem, resulting in consistent point estimators and inconsistent
standard errors. The inconsistent standard errors problem can be overcome easily
(Cragg, 1983).

To estimate robust standard errors in the OLS residuals between the average
high-low spread and the volume, we apply the heteroskedasticity and
autocorrelation (HAC) of unknown-form consistent covariances method by Newey
and West (1987). In particular, the method compares the results of both the ordinary
OLS and the HAC procedure standard errors. Additionally, the HAC robust Wald
p-value is slightly higher than the corresponding non-robust F-statistic p-value, but
both express statistical significance at conventional test levels. Noteworthy, the
regression indicates that open interest (V;) is statically significant to explain the
high-low spread (K;) for most of the commodities tested, except for WTI, Corn, and
Wheat — which implies that market makers may contribute to the high-low spread
in the less liquid markets (see Appendix C).

As a robustness test, we also estimate the unit root and the linear Granger
causality between the OLS variables, revealing that the degree of ambiguity and the
open interest are stationary. Consequently, the residuals express a linear
combination of stationary variables, showing stationarity, as illustrated in the
additional UR residual test. Therefore, the OLS does not describe spurious results.
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Moreover, the Granger causality test identifies the existence of at least one-sided
causal relationships between the dependent and independent OLS variables®.

5.3.4
Vector Autoregression approach

We apply the unrestricted VAR framework to analyze the cross-effects
between the degree of ambiguity and the daily log returns. First, we examine the
covariance stationarity of the dependent variables using the Phillips—Perron (PP)
and the augmented Dickey-Fuller (ADF) unit root (UR) tests for the ambiguity
measure and daily log returns. If both series are stationary, I(0), we apply the
unrestricted VAR model without differencing the series.

We formulate the VAR model for the commodity futures ambiguity measure
and daily log returns as follows expressed in standard VAR form, which by
hypothesis uses all variables as endogenous:

A =Co+ Que1Tt—1 + BapoTea + -+ AprnTt—n + Pat-14c-1 + Bar—24¢—2
5 A
+ -t :BA,t—nAt—n + &

Ar=Cp+ X1 @iy + 200, BroiAe; + &f (6)
And,

Tt =Cr+ Qi1 + Qppplip + o+ QpponTeen + Bri—1Ai-1 + Bre—24:—2
+ et +ﬂr,t—nAt—n + S{

Tp = Cp + X QpoiTeo + 200, BriAeoi + H (7)

where 7: = daily log returns of commodity futures prices, at time ¢, defined by
Equation 4; A: = ambiguity measure of the commodity futures prices, at time ¢,
represented by the residuals of Equation 5; n = number of VAR lags, estimated
applying the Schwarz information criterion (SC); C4 and C, = constants of the
ambiguity measure and daily log returns, respectively; @a¢—;, ,[?A,t_i and
c’fr,t_i,ﬁ},t_i express the VAR estimated coefficients for the daily ambiguity
measure and the log returns, respectively; and, &/, I = daily ambiguity measure
and log return VAR errors.

Before applying Equations 6 and 7 for the commodity ambiguity measure and
daily log return, we analyze the Johanssen cointegration trace and maximum
eigenvalue tests to identify the number of cointegrating equations displayed in
Appendix D. We analyze unrestricted VAR equations for A; and r; examining the
individual coefficients’ values, signals, and statistical significance.

Next, we generate the VAR impulse-response functions, illustrating pairwise
the autoregressive (AR) and cross-effects between ambiguity and daily log returns.
Each VAR produces the impulse response functions, which are two figures that
describe the accumulated response to one standard deviation of Cholesky
innovation of A; and r;, 10—14 days ahead of the shock period.

¢ For conciseness, the results are not reported here. However, they are available upon request.
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Furthermore, we illustrate the pairwise linear Granger causality test between
the commodity ambiguity measure and daily log returns. The Granger causality test
solves bivariate regressions of the form for all possible pairs of (x, y) series in the

group:
Ve =g+ a1 Ye 1+ o+ Ve + PrXe—q + o+ Prx_p + € (8)
Xe = Qo+ Ay Xeq + ot WX + P1Ye—1 + o+ BrY-k + U )

The reported F-statistics are the Wald statistics for the joint hypothesis:
p1 = p2=...= pPr = 0. For each equation, the null hypothesis is that x does not
Granger-cause y in the first regression and that y does not Granger-cause x in the
second regression. The Granger causality test shows the precedence and the
information content but does not describe causality.

5.4
Results and Discussion

This section summarizes our research results. As previously outlined in the
Methods and Data section, the ambiguity measure and the log return can reveal their
dynamics, highlighting the different market depths and traders’ profiles such as
hedgers and speculators (i.e., noncommercial traders). The structural change caused
by the increase in noncommercial traders may have decreased the risk premiums,
cost of hedging, price volatility, and integrated commodity markets with financial
markets (Irwin & Sanders, 2012b; Ozsoylev & Werner, 2011; Sanjuan-Lopez &
Dawson, 2017).

54.1
VAR framework

Different methods to estimate ambiguity have been proposed in the literature.
Possible definitions of an ambiguity measure include volatility of total returns
(Faria & Correia-da-Silva, 2014), volatility of mean returns (Franzoni, 2017),
disagreement among analyst forecasts (Anderson et al., 2009), and expected
volatility of probabilities (Izhakian, 2020). Given these diverse formulations, no
empirical ambiguity measure can be considered universal.

To evaluate the ambiguity measure in commodity futures markets, we choose
the multiple-priors preference mainstream approach adopted by Gilboa and
Schmeidler (1989), Dow and Werlang (1992), and Garlappi et al. (2007), in
combination with the model proposed by Tan et al. (2017). We define the ambiguity
measure as the residuals of an OLS regression between the average high-low spread
and the open interest. To analyze the ambiguity measure and log-return temporal
dynamics in commodity markets, we apply an unrestricted vector autoregression
(VAR) model.

The statistical significance value of the ambiguity measure at time t indicates
the complete information set of the previous lags; thus, the ambiguity lags should
not show statistical significance. However, our results show that the ambiguity
measure lags express statistical significance for all commodities in all periods in
the unrestricted VAR equation, indicating a robust autoregressive pattern.
Depending on the commodity, the ambiguity measure lags show different degrees
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of statistical significance for the log-return VAR equation from zero to 1%, 5%,
and 10% significance at multiple lags. Similar results are found in Tan et al. (2017):
the VAR results for the log returns and ambiguity measure in the FTSE100 market
demonstrate statistical significance. A possible explanation is the temporal
persistence of the degree of ambiguity in the liquid FTSE100 market daily trading.
Comparatively, for lower-liquidity commodity futures markets, we may distinguish
a similar persistence pattern of the ambiguity degree resulting in the econometric
estimation of statistically significant ambiguity lags.

In order to compose the contemporaneous and lagged endogenous variables
relationship structure, we employ the unrestricted VAR framework. Specifically,
we construct the equations for each pair of the 12 commodity prices ambiguity
measure (4;) and daily log return in levels (7;), as shown in Table I.
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Cocoa Coffee Corn Cotton Feeder Cattle Lean Hog
Lags! A: ¥ A Fr A ¥ A Fe A: ¥ A Fr
Ae1 0.19™ 0.02 0.17°* -0.05 0.24™" 0.10™ 0.28" -0.99" 0.18"™ 0.01 0.19™ 0.02
Ae2 0.15™ 0.02 0.12" 0.01 0.117 -0.01 0.05™" 0.427* 0.127* 0.04 0.09* 0.03
Ars 0.10" -0.10™ 0.08" -0.02 0.08"™" 0.02 0.09™" 0.05 0.06™ -0.03 0.08"™" -0.01
Ara 0.09" 0.05 0.09" 0.02 0.08"™ 0.06 0.06™" 0.03 0.10™ 0.01 0.09™" 0.07
Aes 0.06™" -0.01 0.09" 0.01 0.08"™" 0.01 0.05™" 0.02 0.10™ -0.01 0.09™" 0.07
Ars 0.09 -0.03 0.08™" 0.02 0.07" 0.09" 0.06™" 0.03 0.08™" -0.06
Aer 0.08™" -0.04 0.06™" 0.05 0.08™" 0.02 0.05™ 0.13"
Ars 0.08™" -0.14™" 0.10™ 0.06 0.09™ -0.01 0.07" -0.12°
Ary 0.08™" -0.01
rel 0.00 -0.00 0.03** -0.03™ -0.00 0.03" -0.00 0.22™* -0.04™" 0.08™" -0.01™* -0.00
Fi2 0.00 -0.01 0.03™ -0.03™ -0.00 -0.01 -0.00 -0.09™* -0.02™* -0.02 -0.01* -0.00
re3 0.00 0.02° 0.02"* 0.02" -0.00 -0.01 -0.01 0.00 -0.02™* 0.00 -0.01** -0.03™
Fid4 0.00 -0.02 0.01* -0.01 -0.00 -0.01 0.00™ 0.01 -0.02™* 0.01 -0.00 -0.03"
res 0.01° 0.01 0.01™ -0.01 -0.00 -0.01 -0.00 0.01 -0.00 -0.01 -0.00 0.01
re6 0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 -0.03™ -0.00 -0.01
re7 -0.00 -0.02 -0.00 0.04™" -0.00 -0.00 -0.00 -0.00
res -0.01 -0.00 -0.01" -0.02 -0.00 -0.03" -0.00 -0.00
rey 0.01™ 0.03"
c 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Obs.: 1. The numbers of lags defined by the Schwarz (SC) criterion. (*), (**) and (***) statistically significant at 1%, 5% and 10%, respectively.
Table I. Bi-variate VAR model. Commodity futures daily prices ambiguity measure (4r) and log returns (7:)
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Live Cattle Orange Juice Soybeans Sugar Wheat WTI
Lags‘ A It A It A It Ay It As It A It
Ar1 0.17 -2.01 0.25™ -0.04 0.19" -0.03 0.29"" -0.03 0.22" -0.03 0.22" -0.10™
Atz 1.50 3.01 0.117 0.02 0.12"" -0.177 0.12" 0.02 0.13" -0.04 0.12" 0.07
A3 -3.18 -5.95 0.11™ 0.06 0.09"" 0.08 0.10"" 0.08" 0.08" 0.13" 0.10" 0.00
At4 1.76 3.49 0.10" 0.08™ 0.07"" -0.01 0.07"" 0.07 0.09" 0.01 0.04™ -0.04
Ars -0.72 -1.47 0.10"™ -0.05 0.12"* -0.01 -0.14™* -0.07 0.07" -0.08 0.12™ 0.15"
Ars 2.10 4.26 0.08™" 0.05 0.08" 0.02 0.00 0.04
Arr -1.02 2.07 0.07"" 0.09" 0.05" -0.08" 0.00 0.07
Ars 0.08™" -0.07 0.08" -0.03 0.03™ -0.03
Ao -0.03" -0.03
Ar10 0.04 -0.11™
Ae11 -0.02"™ 0.10"
Ar12 0.04™ 0.06
Ar13 0.06™" -0.01
Ar14 0.11™" 0.10™
Fr-1 0.00 1.19 -0.00 0.07"" -0.00 -0.02 -0.01™ -0.01 0.03" -0.00 -0.02™" -0.04™"
re2 -0.70 -1.40 0.00 -0.03™ -0.00 0.00 0.01™ -0.03™" 0.02* -0.01 -0.01" -0.03™
re3 1.63 3.05 -0.00 -0.03™ -0.00 -0.00 0.00 0.04" 0.01" -0.02 -0.01"™ -0.02"
¥ -0.82 -1.62 0.00 -0.01 0.01" 0.01 0.00 -0.01 0.00 -0.01 -0.01 0.02
res 0.41 0.84 -0.01 0.00 0.00 -0.03" 0.00 0.01 0.00 0.00 -0.01™ -0.03™
ree -1.03 -2.07 0.01" 0.01 -0.00 0.00 -0.01"™ -0.02™
rey 0.55 1.12 -0.01 0.00 -0.00 -0.01 -0.01 -0.01
res -0.01 0.00 -0.00 -0.01 -0.01 -0.01
re9 -0.01"™ -0.02
Fe10 -0.01™ 0.00
rell -0.02™" -0.02
P12 -0.00 0.00
Fe13 -0.00 0.03™
rel4 0.00 0.02
c 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Obs.: 1. The numbers of lags defined by the Schwarz (SC) criterion. (*), (**) and (***) statistically significant at 1%, 5% and 10%, respectively.

Table I. Bi-variate VAR model. Commodity futures daily prices ambiguity measure (4r) and log returns (r7) (Continuation).
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For the sake of brevity, we divide the 12 commodities into four separate
groups: (1) grains and oilseeds—corn, soybeans, and wheat; (ii) livestock—feeder
and live cattle; (iii) softs—cocoa, coffee, cotton, and orange juice; and (iv)
energy—WTL

In the grain and oilseeds group, the ambiguity measure shows a significant
AR pattern, while the log returns demonstrate no statistical significance or
persistence. The price disagreements and ambiguous situations in the grains and
oilseeds futures market indicate their dynamics, lasting 7-8 trading days. In the
softs group, the price disagreements and ambiguous situations denote their
dynamics, lasting 5-8 days. Thus, this lack of rich information regarding market
depth can be associated with low trade volume, seasonality, and traders’ profiles
(commercial and noncommercial), displaying the ambiguity feature.

The livestock group results show a lack of rich information regarding
ambiguity but not regarding the log returns’ short-term dynamics. The price
disagreements and ambiguous situations in the livestock futures markets indicate
their dynamics, lasting 8-9 trading days.

WTI futures markets show a statistically AR pattern in both the VAR A, and
1 equation coefficients. The unrestricted VAR expresses 14 statistically significant
lags, the largest number of the 12 commodities analyzed.

Notably, ambiguity shows a significant AR pattern for all the commodity
futures markets. Ambiguity-averse investors may demand an additional risk
premium, illustrated by the lagged price structure.

In conclusion, the analysis of the unrestricted VAR equations for the 12
commodities shows that ambiguity expresses a current characteristic of the daily
price series. Moreover, the degree of ambiguity—estimated by the ambiguity
measure—demonstrates the varying degrees of AR patterns, persistence, and
impact in the log returns identified by the coefficients’ signals, values, and
statistical significance. The log returns are also estimated to gauge the effect on the
ambiguity measure and the AR pattern.

5.4.2
Granger causality test

We examine the statistical significance of the VAR lags combined with Table
I, the Pairwise Granger Causality Test, between the ambiguity measures and log
returns. In Table II, except for cocoa, we identify at least one Granger causality
direction between the pair of variables, the ambiguity measure, and the log returns,
explaining the forecasting robustness of one or both series from the lagged values.
We also analyze the stability of VAR lags by plotting the AR characteristic
polynomial’s VAR inverse roots’.

" The AR roots lie within the unit circle, indicating that all bivariate VARS lags show stability.
Therefore, the unrestricted VAR models express stability, and the statistical significance of the
lags illustrate the alternative of using the impulse response and the equations to forecast the current
values of the ambiguity measure and the log returns. For conciseness, the results are not reported
here. However, they are available upon request.
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Null Hypothesis (Ho)

Commodity

e — Ay A — 1
Cocoa 0.88 1.15
Coffee 21.48™" 0.30
Corn 0.84 1.98™
Cotton 1.38 68.73™
Feeder cattle 18.81"* 0.28
Lean hog 5.72" 1.14
Live cattle 0.43 1.45
Orange juice 0.65 2.02"
Soybeans 2.01™ 2.66"
Sugar 2.44™ 1.75
Wheat 10.21™ 1.91"
WTI 6.30™" 237"

Table II. Pairwise Granger Causality Tests.

Notes: Null Hypothesis (HO): Log return does not Granger cause ambiguity (r; — Ay. Ambiguity
does not Granger cause log return (A; — ry). (***) Statistically significant at 1%; (**) Statistically
significant at 5%; and, (*) Statistically significant at 10%.

We distinguish different patterns of Granger causation for the ambiguity
measure and log returns among the commodity groups. The main outliers are cocoa
and live cattle, which show no statistically significant Granger directional causation
between both series. Results can expose the speed of price adjustments in the market
as well as the market depth differences among commodities markets.

The past values of the ambiguity measure indicate persistence. Notably,
higher-order lags of ambiguity affect the returns, such as the results for the
unrestricted VAR of corn, cotton, lean hog, soybeans, sugar, and WTI. However,
an analysis of the rejection of the no-Granger causality hypothesis shows that either
the ambiguity measure or the log return infers statistically significant forecasts
about the variables in the unrestricted VAR model. So, if we accept the Granger
causality hypothesis, the ambiguity measure can predict the commodity futures log
return, and vice versa. The coefficients in the log returns equation suggest that past
values may linearly forecast the daily returns of commodity futures markets, as well
as volatility (Tan et al., 2017). Moreover, even if the ambiguity measure does not
Granger-cause commodity futures returns, Epstein and Schneider (2010)
demonstrate that ambiguity aversion may influence the risk premium of assets,
resulting in higher volatility.

543
VAR impulse response

In Appendix C, we show the bivariate VAR impulse response graphs between
the daily ambiguity measure and log returns for the 12 commodity futures markets,
showing the accumulated response to one standard deviation of Cholesky
innovation.

We categorize the results per group. For instance, in the softs group, we notice
a mixed positive-to-null effect of the log return impulse on the ambiguity measure
response and a positive impact of the ambiguity measure impulse on the log return
response. The grains and oilseeds group illustrates similar intragroup effects for
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both the ambiguity measure and log returns. However, the livestock group shows
an AR feature only for the ambiguity measure. Lastly, for the energy group, the
WTI shows a positive and rising AR pattern for the ambiguity measure. In contrast,
the WTI futures log returns impulse positively impacts the ambiguity measure
response with a decreasing rate, and the ambiguity measure impulse shows a small
effect on the log returns response.

The overall results expose the differences in production, storage, and
commercialization cycles for the four groups. Notably, the ambiguity feature in
commodities markets reveals the market agents’ beliefs and priors regarding the
underlying price distributions.

Commodity futures markets agents may use the ambiguity measure as a
degree of liquidity. For instance, ambiguity-averse traders may update priors to
identify potential trades. Additionally, ambiguity expresses impacts in some daily
log returns and may be priced as an additional risk premium that affects portfolio
selection or noncommercial traders’ allocations. In this sense, ambiguity in
commodity futures markets can be a useful tool to gauge market liquidity and to
use as a strategic informational input.

The ambiguity measure provides strategic informational input for hedgers,
speculators, traders, and producers. For example, the enhanced production and
marketing strategies may benefit from lower cost-benefit information identified in
the ambiguity measure, resulting in efficient economic resource allocation. Thus,
reducing ambiguity has a potential beneficial impact on investors and firms (Easley
& O’Hara, 2010).

5.5
Summary and Conclusions

We estimate ambiguity in 12 commodity futures markets and formulate an
empirical ambiguity measure. First, we calculate a linear regression between the
daily high-low average spread of the futures prices and the daily open interest to
remove market noise, defining the residuals as the measure of the ambiguity degree.
Second, we use an unrestricted VAR framework to examine the interactions
between the commodity log returns and ambiguity measure as a system. Finally, we
categorize the results of the ambiguity impacts on the structural dynamics of the
commodity prices.

In particular, ambiguity demonstrates a current and statistically significant
pattern of commodity futures markets. The ambiguity measure illustrates
statistically significant AR behavior with varying degrees of standard deviation.

Possible explanations for ambiguity in commodity futures markets are the
information richness, knowledge of the underlying price distributions, volume,
market depth, storage, traders’ profiles, and speed of futures market price
adjustments expressed by the number of lags of each commodity futures
unrestricted VAR equation of the ambiguity measure and log returns. Particularly,
ambiguity may identify a consequence of the financialization of the commodity
futures market, which attracts more trading volumes for storable commodities such
as grain, oilseeds, softs, and oil in contrast to livestock.

As outlined in the literature, comprehension of ambiguity and the use of an
ambiguity measure in commodity futures markets may enhance production, storage,
trading, and hedging strategies. Specifically, ambiguity indicates a significant
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current feature of the dynamics of commodity futures prices, presenting an added
and positive informational input for decision-makers and market participants.

Our study presents one limitation worth noting. Unrestricted VAR is unable to capture
nonlinearities such as structural breaks and asymmetries in commodity futures prices
(Andreou & Ghysels, 2002; Hamilton, 1989). Further research can investigate the cross-
impact of ambiguity in the commaodities and financial markets. We also suggest that
future studies evaluate the ambiguity measure as a hedging strategy tool.
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5.6
Appendix
Cocoa Coffee Corn Cotton

Ambiguity Log Ambiguity Log Ambiguity Log Ambiguity Log

Measure Return Measure Return Measure Return Measure Return
Mean -5.31 0.00 -3.48 2.86 -3.29 0.00 9.09 5.13
Median -0.00 0.00 -0.00 0.00 -0.00 0.00 -0.00 0.00
Maximum 0.05 0.09 0.05 0.16 0.05 0.11 0.06 0.13
Minimum -0.01 -0.10 -0.01 -0.13 -0.02 -0.19 -0.01 -0.20
Std. Dev. 0.01 0.02 0.01 0.02 0.00 0.02 0.01 0.02
Skewness 1.80 -0.19 1.67 0.22 1.65 -0.12 1.95 -0.05
Kurtosis 8.80 5.45 7.95 6.40 7.04 8.78 11.09 12.69
B 10078 1327 7730 2551 5890 7247 17482 20326
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Feeder cattle Lean hog Live cattle Orange juice

Ambiguity Log Ambiguity Log Ambiguity Log Ambiguity Log

Measure Return Measure Return Measure Return Measure Return
Mean -1.43 9.77 -4.00 3.66 -1.27 0.01 7.88 3.00
Median -0.00 0.00 -0.00 0.00 -0.00 0.01 -0.00 0.00
Maximum 0.03 0.07 0.05 0.28 0.02 0.06 0.05 0.15
Minimum -0.00 -0.06 -0.01 -0.22 -0.01 0.00 -0.01 -0.14
Std. Dev. 0.00 0.01 0.01 0.02 0.00 0.01 0.01 0.02
Skewness 1.48 -0.12 1.59 1.12 1.35 1.34 1.70 0.05
Kurtosis 7.04 5.51 7.85 26.87 5.76 5.74 7.17 6.79
JB 5416 1378 7289 12464 3233 3184 6270 3115
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Soybeans Sugar Wheat WTI

Ambiguity Log Ambiguity Log Ambiguity Log Ambiguity Log

Measure Return Measure Return Measure Return Measure Return
Mean -2.10 0.00 7.79 0.00 1.71 0.00 -2.5 0.00
Median -0.00 0.00 -0.00 0.00 -0.00 0.00 -0.00 0.00
Maximum 0.04 0.06 0.06 0.14 0.10 0.11 0.10 0.16
Minimum -0.02 -0.28 -0.01 -0.15 -0.01 -0.10 -0.02 -0.17
Std. Dev. 0.01 0.02 0.01 0.02 0.01 0.02 0.01 0.02
Skewness 1.98 -1.98 1.93 -0.04 2.31 0.23 2.55 -0.11
Kurtosis 8.85 32.35 10.28 6.52 16.28 5.16 15.60 7.43
B 10831 190194 14743 2695 42891 1057 40077 4260
Probability 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Source: Research results.
A. L. Descriptive statistics. Commodity futures prices ambiguity measure and
daily log returns. Period: January 3", 2000 to December 12, 2019. 5.203
observations.
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Bloomberg Data
Commodity Ticker
WTI CL1 Comdty
Sugar SB1 Comdty
Soybean S 1 Comdty
Corn C 1 Comdty
Coffee KC1 Comdty
Wheat W 1 Comdty
Cotton CT1 Comdty
Cocoa CC1 Comdty
Live Cattle LC1 Comdty
Feeder Cattle FC1 Comdty
Lean Hog LH1 Comdty
Orange J. JO1 Comdty

AL.IL Data — Bloomberg codes

Notes: the ticker corresponds to a Bloomberg code for each commodity

Unit root (UR) test
Commodity Ambiguity measure A¢ Log return r;
PP ADF PP ADF

Cocoa -90.54™" -6.68™" -72.24" -72.24"
Coffee -79.32™ -15.17" -74.60™" -74.29™"
Corn -83.42™" -10.29™ -70.19" -70.217
Cotton -81.62™" -9.60™" -65.25""" -51.93"*
Feeder cattle -87.80™" -7.727 -66.91"" -67.08""
Lean hog -89.39™" -7.02"* -71.96™ -71.95™
Live cattle -92.32™ -8.03™ -92.32"* -7.99™*
Orange juice -84.85™ -8.19™ -68.20""" -68.25™""
Soybeans -89.84™" -6.44™" -73.55™ -73.56™"
Sugar -82.11* -5.28™ -72.98" -41.08™"
Wheat -84.88™" 9.21™ -72.44™ -72.40™
WTI -77.05™ -5.74™ 275117 -32.72"

B. L. Unit root (UR) tests. Phillips Perron (PP) and Augmented Dickey-Fuller
(ADF). Commodity futures prices - ambiguity measure and daily log return in
levels. Period: January 3, 2000 to December 12%, 2019. 5.203 observations (with

constant).
Source: Research results.
Obs.: (***) Statistically significant at 1%, rejecting the null hypothesis of unit root.
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Appendix C.

Corn
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C.I. Bi-variate VAR Impulse-response. Accumulated response to one SD of Cholesky innovation. Commodity futures daily ambiguity

measures and log returns.

Period: January 3, 2000 to December 12, 2019. 5,203 observations.
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Cotton
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C.II. Bi-variate VAR Impulse-response. Accumulated response to one SD of Cholesky innovation. Commodity futures daily ambiguity

measures and log returns.
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C.III. Bi-variate VAR Impulse-response. Accumulated response to one SD of Cholesky innovation. Commodity futures daily ambiguity
measures and log returns.
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6
Conclusion

This thesis sheds important light on the effects of the financialization of
commodities markets on price discovery and how this process contributes to the
price dynamics. We have seen the explosive behavior of the commodities prices in
the 2007-2008 commodities boom and, more recently, the pandemic outbreak that
pushed prices upward. Many investors resorted to the commodity market as an
investment alternative.

There are four main conclusions that can be drawn from this thesis. First, we
identified that speculation was not the main driver of the price return movements.
Linear models showed that speculation tends to follow the prices’ returns as well
as the CIT long and short positions. However, nonlinear models were not
conclusive, demonstrating the weakness in the relationship. Chapter one elucidated
that one of the limitations of this model was that the weekly disclosure of the CFTC
data report could mask the trading activities during the week. For instance, large
investment funds may use different strategies and operate in the intraday position
without apparent cause and effect. Moreover, larger traders who operate as
commercial hedgers could take a speculative position with exclusive information.

The second chapter investigated the pass-through between international
energy and feedstock commodities on the domestic price of gasoline and ethanol.
The results demonstrated an asymmetric effect of prices for reformulated
blendstock for oxygenate blending (RBOB) on gasoline prices in Brazil in both the
short and long-term. The results also revealed that increases in heating oil (HO)
prices lead to declines in the price of ethanol in the long run, and this supported the
long-term conversion from fossil fuels to ethanol. This chapter highlighted the
nexus between oil futures contracts in the international markets with the Brazilian
fuel market. A wide range of stakeholders could benefit from these findings.
Petrobras could adjust its price policy and its hedging strategy. Countries that
depend on biofuel imports also could take advantage of these findings to lessen the
effects of the spike in oil prices. Moreover, investors and traders could use this
information to improve their hedging strategy.

Using the DY framework, the third chapter analyzed the volatility spillovers
between the Brazilian agricultural commodity spot prices and futures markets. The
DY framework illustrates ow to use a systematic application to examine volatility
spillover, a useful tool for understanding the interconnectedness of international
and local markets. This chapter showed the increasing connectedness over the year
of futures and spot markets, intensifying after the pandemic outbreak. In addition,
it has demonstrated the importance of the Brazilian soybean spot market after 2018,
coincidentally after the China—US trade war.

The last chapter developed an ambiguity measure for commodity markets.
The measurement demonstrated a current pattern in the commodity markets,
showing that the degree of ambiguity changes depending on the market liquidity.
Specifically, ambiguity indicates a significant current feature of the dynamics of
commodity futures prices, presenting an added and positive informational input for
decision-makers and market participants. The degree of ambiguity also highlights
the consequence of the financialization process that attracts more trading volumes
for storable commodities such as grain, oilseeds, softs and oil in contrast to
livestock.
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