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A B S T R A C T

We use an innovative method to analyze the spatio-temporal evolution of the ethanol/gasoline price ratio to end
consumers in Brazil. This model allows estimating the distribution of prices throughout the country using a
continuous space model estimated by Bayesian methods. We use data from the National Petroleum, Natural Gas
and Biofuels Agency's price survey system, a weekly sample of 10% of fuel suppliers in Brazil, to estimate
continuous projections of the price ratio for the entire country for the 2007–2014 period. We use this model to
build an indicator of ethanol advantage in the country and show how this advantage has declined since 2009.

1. Introduction

In this work we analyze the dynamics of spatial dispersion of
ethanol/gasoline price ratio in Brazil. Using the consumer price data
obtained weekly by the National Petroleum, Natural Gas and Biofuels
Agency (Agência Nacional de Petróleo, Gas Natural e Biocombustíveis
- ANP), we propose a spatio-temporal model to capture the spatial
distribution of the relative ratio of consumer prices. This model is
based on a continuous representation of the spatial random effects, and
thus allows estimating the price distribution process continuously in
space, and also the temporal dynamics. The results of this procedure
can be used to analyze fuel demand, market competition and spatial
price arbitrage.

Our model allows us to analyze the evolution of relative prices in the
country by performing an interpolation procedure for all locations not
sampled in the ANP price survey. Based on the estimated model, we get
continuous projections of the estimated price ratio between the prices
of ethanol and gasoline, and construct an indicator of the probability of
economic advantage of using ethanol, employing the posterior dis-
tribution of the price ratios. The obtained results indicate a change in
the pattern of relative prices from 2010. In the 2007–2009 period,
ethanol fueling was advantageous in most Brazilian territory, while
since 2010 this advantage has declined steeply so that the most recent
data show that ethanol is advantageous only in part of the Southeast
region.

The space-temporal analysis of fuel prices using the available
sample has non-trivial difficulties in the process of inference. In
particular, the data are not sampled on a regular grid, i.e., in each
period we have observations from different locations, making it difficult

to use the usual methods of econometrics and spatial statistics, based
on regular grids and neighborhood/lattice structures, e.g., [1,2]. These
methods also fail to capture adequately the continuous pattern of
spatial dependence observed in this phenomenon. To the best of our
knowledge, there is no work properly exploring the spatial and
temporal dimensions of this price dispersion pattern.

The methodology is based on the use of a spatial covariance matrix
of the Matérn class, projected continuously in space. The representa-
tion used, introduced by [3], is based on the equivalence between the
solution of a stochastic partial differential equation and a Markov
random field. This representation allows designing the spatial random
effects continuously in space, using a finite elements representation,
and exploring a continuous version of the spatial Markov property that
allows us to represent this process as a Gaussian Markov random field.
This formulation also enables the use of a hierarchical representation
and Bayesian inference methods, based on integrated nested Laplace
approximations [4], which are accurate analytical approaches for the
estimation of parameters and latent variables in Gaussian Markov
random fields.

The model also permits obtaining an estimate of the spatial random
effects for each point in space, i.e., we can get estimate the impact of
the spatial component on the price ratio continuously in the territorial
space analyzed. This space-time model allows analyzing the patterns of
spatial and temporal dependence of this component, and directly
analyzes the distribution of relative prices in each moment in time
and space from the sampled prices. The results show that this spatial
component is very persistent in time, confirming and quantifying the
importance of the spatial aspects in the no-arbitrage relationship
between the prices of ethanol and gasoline.
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Our analysis further allows analyzing some relevant aspects in the
fuel market, and is a way to measure the aggregate effect of variables
such as production and transportation costs, consumer preferences, the
proportion of flex-fuel vehicles and market concentration on fuel prices
in each locality. As some of these variables are complex to measure,
especially in a high spatial disaggregation level, our method allows
measuring the impact of these variables on the observed spatial and
temporal distribution of prices.

This article has the following structure – in Section 2 we present
some important facts about the ethanol market in Brazil, the sample of
consumer fuel prices used in this work and some descriptive statistics
of this process. In Section 3 we show the key elements of the proposed
space-time model. The results are shown in Section 4, and final
conclusions in Section 5.

2. Material and methods

2.1. Ethanol market in Brazil

The use of ethanol as fuel for light vehicles is one of the greatest
technological innovations developed in Brazil. Indeed the country is
considered a pioneer in production of biofuels and use, which together
are a key component of the recent Brazilian economic dynamics.
Ethanol use as fuel is related to the existing production of sugarcane,
and the origins of its use as vehicle fuel blended with gasoline dates to
the 1930s, e.g. [5]. In turn, the use of hydrous ethanol as the sole
automotive fuel started in response to petroleum crises in 1973 and
1979 and the sharp reduction in sugar prices, at a time when Brazil
imported most of its crude oil, as discussed, for example, in [6]. The
key step was the creation of the Proálcool program in 1975, a large-
scale replacement program of oil-based fuels using ethanol. Detailed
analysis of the Brazilian ethanol evolution can be found in [7–9].
Prospects for the future of ethanol fuel can be seen in [10], and further
aspects conditioning the market penetration of ethanol are discussed in
[11].

The Proálcool program and the further incentives for adoption of
ethanol were based on price subsidies, the technological development
of engines powered by that fuel and a combination of various economic
incentives. Among them was the incremental addition of ethanol to
gasoline, reaching 25% (E25 Blend),1 price subsidies for ethanol,
economic benefits to both end consumers and the supply chain via
credit to producers and tax incentives for the purchase and main-
tenance of vehicles running on ethanol. Also essential were the
mandatory sale of ethanol in service stations and the creation of
strategic reserves to manage prices in off-season periods, as summar-
ized in [5]. See [9,13] for a recent overview of biofuel policies.

Ethanol production can also be seen in the context of a backstop
technology, being a renewable fuel substitute for exhaustible fossil
fuels. In this case, the technology becomes economically viable when
the average cost of production is below the spot cost of the exhaustible
fuel, as discussed in [14–17]. The use of ethanol by the end user
becomes advantageous when the relative price of ethanol in relation to
gasoline is advantageous in terms of energy efficiency. Since the end
user price also involves the optimal taxation of each fuel, a potential
way to encourage the backstop renewable fuel consumption is the
introduction of additional charges for the use of exhaustible fuels or
subsidies for renewable fuel consumption. A discussion of the optimal
taxation of a backstop technology can be found in [18].

The ethanol incentive policy in Brazil had increasing success until
1985, when ethanol-fueled vehicles reached a share of 85% in the sale
of new vehicles. However, from 1985, with the reduction in interna-
tional oil prices and the large increase in sugar prices, the economic

advantages of ethanol production declined substantially. This effect
was amplified by the reduction of tax incentives in 1986 and in the
following years there were significant problems in ethanol production,
such as large supply shortages in 1989. These supply problems led to a
decrease in the percentage of addition of ethanol to gasoline and the
need to import bioethanol and methanol. These effects had a major
impact on the use of ethanol, with a reduction in the registration of new
vehicles using this fuel to 11.4% of sales in 1989, as discussed in [5].

This negative outlook lasted until 2003, with the development of
vehicles designed to run on either gasoline or ethanol or any blend of
the two, known as flex fuel vehicles. The flex fuel engines are the result
of incentive policies for biofuel production and innovations in the
automotive industry (e.g., [5,6,19]). This technological development
had a major impact on demand and dynamics of fuel prices in Brazil.
Vehicles with flex fuel motors accounted for 88.5% of new licensing of
light vehicles in Brazil and they represented about 64% of the total fleet
of light vehicles in 2013 [20]. Ethanol is the fuel with the third largest
demand in Brazil, only after diesel and gasoline [6]. Detailed statistics
on production and ethanol demand can be found at the ANP's website.

The introduction of flex fuel motors has had a major impact on the
demand for fuel due to the no-arbitrage relationship that is possible
with the free choice of ethanol/gasoline in the fueling process. Due to
issues of energy efficiency, fueling with ethanol is advantageous to the
average consumer when its price is less than 70% of the price of
gasoline (e.g. [5,19]),2 and thus the consumption of gasoline and
ethanol is indifferent to consumers when the price reaches this level.
See [19] for an empirical analysis of the impact of flex fuel engines on
fuel consumption in Brazil. [21] discuss this no-arbitrage relationship,
and show there are other important questions about preferences that
affect this choice, and [22,12,11] also discuss the energy efficiency
aspects related to ethanol/gas substitution. Detailed studies of ethanol
demand in Brazil can be found in [6,23,24,19,25], and studies of price
elasticities can be found in [26–28].

An important issue on the demand and the pricing of ethanol and
its relation to the price of gasoline is the location of production,
distribution and consumption centers (e.g., [29–31]). As discussed in
[23], ethanol production is concentrated in the Center-South region of
the country, with secondary production in the Northeast states. The
concentration in the Center-South region is given by advantages of
higher productivity of sugarcane and ethanol, and also due to proximity
to the main consumer centers, although there is a larger relative
demand for flex-fuel vehicles in the North and Northeast regions due to
lower per-capita income in these regions.

2.2. Description of sample

We use data from the price collection system of the National
Petroleum, Natural Gas and Biofuels Agency (ANP), available at
http://www.anp.gov.br/preco/. This system collects a weekly sample
of consumer prices of fuels in about 10% of Brazilian municipalities.
Table 1 shows the number of municipalities that were surveyed in each
year of our sample. In each week a personal visit is paid to a rotating
sample of service stations in each municipality, and other price data are
confirmed by phone. The ANP price collection system stores the
purchase and sale prices of gasoline, ethanol, diesel, s10 diesel and
natural gas, and also the name of the station, address, city and state.

From the available addresses in each sample, we realized a
geocoding process using the API from Google Maps. This geocoding
tool returns the addresses in terms of latitude and longitude with a
precision of 7 digits. The geocoding system could identify about 93% of
the addresses available, which represents a significant portion of the

1 See [12] for environmental impacts and sustainability aspects of ethanol/gasoline
blend.

2 The 70% threshold is an approximation, but it became the usual pattern of price
comparison. More recent estimates suggest that the 70–80% range captures the variation
of energy efficiency of more modern engines, the air-fuel mixture, and variations in the
octane of fuels.
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sample. We applied a series of filters with the returned locations to
eliminate possible geocoding errors, duplicate addresses and other
possible problems. Then we filtered the sample to contain only stations
with full information on ethanol and gasoline prices, required to
construct the price ratio variable. Also, we filtered for possible
annotation errors in prices.

After this geocoding and filtering procedure, the final sample
corresponded to a total of 2,835,818 weekly observations, with the
sample beginning on February 1, 2007 and ending on June 26, 2014.
Although could analyze the data with the weekly frequency, due to
computational limitations and to facilitate the interpretation of the
results we aggregated the data to a quarterly sample, taking as
observation in each location the average price ratios for all samples
from the same service station in the same quarter. This quarterly
aggregation procedure reduced the sample to 326,916 observations
with distinct prices. Our sample has a total of 21,198 distinct locations,
as each location can be sampled more than once during the survey
period.

In Fig. 1 we show the spatial distribution of all service stations in
the sample between 2007 and 2014, where the vertical and horizontal
coordinates are latitude and longitudes obtained by the geocoding
process. In Fig. 1 we also show the territorial division of Brazilian
municipalities.

Figs. 2 and 3 show the distribution of gasoline and ethanol prices
and also the price ratio using boxplots for each observed year. The
results show a large price dispersion across the sample, reflecting the
large spatial dispersion in prices. We can also note that on average in
years 2007–2009 the supply of ethanol was advantageous, since the
average ratio is below 0.7 (Fig. 4).

We present some descriptive statistics of the dependent variable
(ethanol/gasoline price ratio at each station) in Table 2. In addition to
information about the quantiles, minimum and maximum values,
median and mean, we present the proportion of price ratios observed
in each year which are below the threshold of 0.7, which indicates the
advantage of fueling with ethanol. It can be seen that until 2009 the
ethanol fueling was advantageous in most of the observations in the
sample, a pattern that reversed from 2011 onward. This trend can be
explained by the relative increase in ethanol prices, due to the
restrictions on gasoline price transfers adopted by the federal govern-
ment to fight aggregate inflation acceleration, which represents a gap of
about 20% in gasoline prices in 2014, and the elimination of the levy
called CIDE (Contribuição de Intervenção no Domínio Econômico), or
Contribution for Interventions in the Economic System. The rate was
28 centavos (R$ 0.28) for each liter of gasoline from 2010, as discussed
in [32]. According to this source, these two effects had a very negative
impact on the production chain of ethanol, leading to temporary shut-
down or closure of 44 ethanol distilleries in the past five sugarcane
growing seasons before 2014, and impacts on the renewal and
maintenance of sugarcane plantations, significantly reducing the out-
put of the ethanol sector.

3. Theory

3.1. Continuous space-temporal model

To obtain a space-time model for the price ratios, we use a
representation of continuous spatial models proposed in [3], using
the fundamental results obtained by [33,34] on the relationship
between the solution of a stochastic partial differential equation and

Table 1
Number of municipalities in the sample.

Year Municipalities

2007 588
2008 573
2009 586
2010 583
2011 573
2012 567
2013 590
2014 589

Fig. 1. Spatial distribution of service stations and territorial division of Brazilian
municipalities.

Fig. 2. Distribution of gasoline prices – boxplots.
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a Markov random field. Coupled with a continuous version of the
spatial Markov property, the representation proposed in [3] allows
representing a broad class of spatial and spatio-temporal processes as
Gaussian Markov random fields. This formulation also has some
computational advantages, in particular the sparse matrix representa-
tion and a continuous projection using finite elements and a hierarch-
ical representation that allows the use of Bayesian inference based
methods and Laplace approximations for inference procedures.

As stated above, this procedure is based on Gaussian Markov
random field (GMRF) stochastic processes (see e.g. [35,36]). The key
result in the representation of the class of continuous spatial models
proposed in [3], based on the results of [33,34], is the relationship
between a covariance function in a random field x(u) and the solution
of the following stochastic partial differential equation:

κ Δ x u W u u α ν d κ ν( − ) ( ) = ( ), ∈ , = + /2, > 0, > 0α d/2  (1)

with κ Δ( − )α/2 denoting a pseudo-differential operator with Δ a

Laplacian associated with:

∑Δ
x

= ∂
∂i

d

i=1

2

2

and W(u) an innovation process corresponding to a Gaussian spatial
white noise, with marginal variance given by:

σ Γ ν
Γ ν d π κ τ

= ( )
( + /2)(4 )d ν

2
/2 2 2

The major contribution introduced in [3] in to exploit this
equivalence to build a continuous representation of the spatial
covariance structure. This representation exploits the fact that the
equivalent stochastic partial differential equation can be discretized
using finite element methods (e.g. [37]) using triangulation of the
analyzed space through basis expansions. The relationship between
this Gaussian field and the finite-dimensional solution for the partial
differential equation given by Eq. (1) is obtained with the distribution
of weights that solves the equation for a specific set of test functions.
The second contribution of the method proposed in [3] is the
possibility of using this representation via a hierarchical formulation.
In particular [38] show that it is possible to represent continuously
indexed spatio-temporal models Y s l( , ) in the form:

Y s l y s l s l( , ) = { ( , )): ( , ) ∈ ⊆ ×2 

with s being a vector of spatial locations and l a time index. This model
is characterized by the space-temporal covariance function
Cov s l s l σ s l s l(( , )( ′, ′)) = (( , )( ′, ′))2 , defined for each s l( , ) and
s l( ′, ′) ⊆ ×2  . We assume that this process is covariance stationary
and depends only on the distance between the location and time via
distance vectors h s s= ( − ′) and time lags l t t= ( − ′). We represent this
process through a hierarchical form of a space-time model given by:

y s t z s t β ξ s t ε s t ξ s t aξ s t ω s t( , ) = ( , ) + ( , ) + ( , ) ( , ) = ( , − 1) + ( , ) (2)

In this process z s t( , ) represent observed covariates in s t( , ), ξ s t( , )
denotes the (random) effects at each spatial location and time with the
associated loading β, and analogously ε s t( , ) represents the component
of idiosyncratic innovations, with ε s t N σ( , ) ∼ (0, )ε

2 . This component σε
2

is the called the nugget effect in geospatial statistics. The temporal
dynamics is given by the state equation ξ s t aξ s t ω s t( , ) = ( , − 1) + ( , )
for t T= 2,…, and ξ s N σ a( , 1) ∼ (0, /(1 − ))ε

2 2 . In this case ω s t( , ) is a
random field given by:

⎧⎨⎩
⎫⎬⎭Cov ω s t s t

t t
σ h t t

( ( , )( , ′)) =
0 if ≠ ′

( ) if = ′i j
ω
2

(3)

where h( ) is given by the Matérn covariance function:

h
Γ ν

kh K kh( ) = 1
( )2

( ) ( )ν
ν

ν−1 (4)

with Kν denoting a modified Bessel function of the second type. The
marginal variance of this process is given by:

σ Γ ν
Γ ν d π κ τ

= ( )
( + /2)(4 )d ν

2
/2 2 2

Fig. 3. Distribution of ethanol prices – boxplots.

Fig. 4. Distribution of ethanol/gasoline price ratio – boxplots.

Table 2
Descriptive statistics.

Min. 1st Qu. Median Mean 3rd Qu. Max Sd. Proportion < 0.7

2007 0.3807 0.5554 0.6113 0.6109 0.6753 0.9757 0.0879 0.8273
2008 0.4046 0.5415 0.6221 0.6138 0.6766 0.9267 0.0775 0.8645
2009 0.3943 0.5598 0.6363 0.6248 0.6828 1.0000 0.0789 0.8339
2010 0.4289 0.6223 0.6866 0.6794 0.7326 0.9576 0.0809 0.5734
2011 0.5477 0.7100 0.7499 0.7596 0.8067 1.0530 0.0652 0.1894
2012 0.5415 0.6918 0.7410 0.7539 0.8133 1.0000 0.0749 0.3034
2013 0.5245 0.6725 0.7164 0.7372 0.8044 1.0110 0.0776 0.4219
2014 0.5450 0.6922 0.7307 0.7506 0.8078 1.0310 0.0695 0.3266
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The posterior distribution of this process is given by:

π θ ξ y π y ξ θ π θ( , | ) ∝ ( | , ) ( )

Assuming independent priors for π θ( ), and remembering that the yi
elements are conditionally independent due to the Markov property,
this posterior is given by:

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟

⎛
⎝
⎜⎜

⎞
⎠
⎟⎟∏ ∏π θ ξ y π y ξ θ π ξ θ π ξ ξ θ π θ( , | ) ∝ ( | , ) ( | ) ( | , ) ( )

t

T

t

T

t t
=1

1
=2

−1

To perform the Bayesian estimation procedure, we use the method
proposed in [4], which is based on the use of a sequence of Laplace
analytical approximations to accomplish the estimation procedure
without the need of using simulation-based methods such as Markov
chain Monte Carlo. This procedure allows for efficient and accurate
computational approaches to estimate the posterior distributions of
interest.

We assume a set of independent priors in the Bayesian estimation
procedure, assuming log-gamma distributions for the parameters of
the spatial covariance function, Gaussian distributions for the para-
meters of the conditional mean and autoregressive parameters and
gamma distributions for the precision parameters, the usual choices in
estimation of Bayesian models. In general, the estimated parameters
are robust to the hyperparameters used in priors, due to the high
number of observations in the sample.

The analyses are performed using the R software (www.r-project.
org using the r-inla package (www.r-inla.org for the estimation and
continuous representation procedures, and we also use the raster, rgdal
and rgeos packages in R to perform geographical data processing. A
complete description of the inference procedures and computational
aspects of the method proposed by [3] can be found in [39,40].

4. Results

As discussed in Section 2, we estimated the model using a quarterly
temporal aggregation of the average price ratio between ethanol and
gasoline for each fuel station sampled in this period, representing
326,916 observations between 2007 and the first two quarters of 2014.
As the data are quarterly, this model has a total of 30 periods. The first
step in the analysis is constructing a triangulation of the territorial
space containing the spatial locations of the sampled points (Fig. 1). To
construct the triangulated mesh we use Delauney triangulation with
522 triangles.3 This triangulation was chosen to be a balanced
representation of the spatial distribution space of the service stations,

and also due to computational limitations in the representation of the
space-time model.

We use a representation of a geostatistical process [2], which
decomposes the observed variable into a conditional mean and two
error processes, one being the space-time random effects and the other
the process of idiosyncratic innovations, with the representation given
by Eq. (2).

Since the database provided by the ANP does not have a set of
covariates for each location and time (s, l), we performed a decom-
position of fixed effects for years and quarters to capture the condi-
tional effects of possible covariates. In this case, we have fixed effects
for each year in the sample, and fixed effects for quarters 2, 3 and 4 to
capture seasonality aspects, wherein the first quarter is used as
reference. In this way, we can obtain the average value of the price
ratios for each period in the sample as the sum of fixed effects of year
and the seasonal pattern given by the quarterly fixed effects. In this
specification, we can interpret the spatial random effects as the
deviation from the average value of the ethanol/gasoline price ratio
in each period.

The results of the statistics on the distribution of the posterior
estimated parameters are shown in Table 3. The values of fixed effects
for years 2007–2014 (D2007–D2014) show values consistent with the
mean values found in Table 2. We can also note that the quarterly
dummies also capture the effects of the sugarcane harvest, which is
concentrated from June to November, and has a negative sign in these
periods. We can also observe high accuracy of the precision of
idiosyncratic effects, showing the importance of the spatial random
effects in this problem. The parameters of spatial covariance are
presented in logarithmic formulation, and to have an interpretable

Table 3
Estimated space-temporal model.

Mean sd 0.025q 0.5q 0.975q Mode

D2007 0.6722 0.0015 0.6692 0.6722 0.6752 0.6722
D2008 0.6766 0.0015 0.6737 0.6766 0.6794 0.6766
D2009 0.6750 0.0014 0.6721 0.6750 0.6778 0.6750
D2010 0.7227 0.0014 0.7199 0.7227 0.7255 0.7227
D2011 0.7818 0.0014 0.7790 0.7818 0.7847 0.7818
D2012 0.7884 0.0014 0.7856 0.7884 0.7912 0.7884
D2013 0.7798 0.0014 0.7770 0.7798 0.7826 0.7798
D2014 0.7821 0.0019 0.7784 0.7821 0.7858 0.7821
D2 quarter 0.0049 0.0010 0.0030 0.0049 0.0068 0.0049
D3 quarter −0.0130 0.0011 −0.0151 −0.0130 −0.0108 −0.0130
D4 quarter −0.0030 0.0010 −0.0050 −0.0030 −0.0010 −0.0030
Precision 1072.0051 2.7476 1066.6299 1072.0015 1077.4002 1071.9945
log - τ 2.7794 0.0237 2.7330 2.7794 2.8258 2.7794
log - κ 0.8558 0.0289 −0.9125 −0.8558 −0.7992 −0.8558
AR(1) 0.9305 0.0037 0.9230 0.9306 0.9374 0.9307
Marginal Lik. 654214.47 n obs 326916

Fig. 5. Fitted spatial correlation.

3 All details about the estimation procedure and full results for each year in the sample
can be obtained with the author, and are not shown for reasons of space.
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Fig. 6. Spatial random effects – 2011.

Fig. 7. Spatial random effects – 2013.
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scale we present in Fig. 5 the pattern of spatial correlation equivalent to
these parameters in an observation scale measured in degrees. There is
high spatial correlation, consistent with the observed results of the
spatial distribution of prices.

The autoregressive component that captures the temporal persis-
tence of spatial random effects has posterior mean of 0.9305, with a
95% credible interval between the values of 0.9230 and 0.9307. This
result also shows the high persistence of spatial random effects,
reflecting the enduring patterns in production and pricing of ethanol
in the country. To show the evolution of spatial random effects, we
present in Figs. 6 and 7 the spatial random effects for the Brazilian
space continuum for the years 2011 and 2013.4

The results observed in these figures confirm the spatial patterns of
price ratios. We can see that in general prices in the North and
Northeast regions are systematically higher (positive spatial effects of
about 0.10–0.20) than the average price of each quarter, and in the
opposite way prices in the Southeast and in part the Center-South
regions are consistently lower than the average in each year, with
spatial random effects of about −0.10 to −0.15 below average. We can
also observe the general spatial effects in each year. In 2011, marking
the beginning of the crisis period in ethanol usage, except for some
parts of the South there are few regions with prices well below the
average for the year.

To show the continuous prediction for the ratio of prices across the
Brazilian territorial space, we present in Figs. 8–10 the price ratio
predicted by the model for the years 2009, 2011 and 2014, as the sum
of fixed effects and spatial random effects for each location in the
continuum. The figures show that the model is able to capture
adequately the spatial patterns of prices observed in this period in

Brazil, with higher prices in the Northeast and North and lower prices
in the Southeast and Center-South. The results also clearly indicate the
changes in the ethanol/gasoline price ratio in time. In 2009, the price
ratio is close to or less the 0.7, the equilibrium value in the fueling of
ethanol, for most of the country, while from 2011 most of the country
presents ratios higher than 0.7, favoring the use of gasoline.

We calculate an auxiliary measure to help visualization of the
economic advantage of ethanol fueling. Using the means and standard
deviations from the estimated posterior distribution of price ratios for
each spatial point in the continuum, and assuming that the ratio prices
can be approximated by a Gaussian distribution with these posterior
parameters, we calculate the probability of predicted values being
below the equilibrium value of 0.7. As discussed in the previous
sections, on average it is advantageous to supply a flex-fuel vehicle
with ethanol if the ethanol/gasoline price ratio is below a threshold of
0.7, and thus we estimate the probability of this condition for locations
not sampled in each period. Note that the choice of the 0.7 threshold is
based on an average estimate of the energy efficiency of flex-fuel
engines, and the exact value depends on the specifications of each
vehicle as well as consumer preferences, as discussed, for example, in
[21]. Values between 0.7 and 0.8 also could be considered depending
on the consumer's preferences and engines efficiency. Analogous
results can be obtained with other threshold values. The results of this
measure, which we call the Ethanol Advantage Probability, are shown
in Figs. 11–13 for the years 2009, 2011 and 2014.

These figures reflect the great change that occurred in the ethanol/
gasoline price ratio during this period. The probability of economic
advantage with ethanol fueling is near 1 in most of the country in the
years until 2009, with low probabilities only in parts of the North and
Northeast regions. However, from the last quarter of 2009, this pattern
began to change, so that the areas with high probability of advanta-
geous fueling with ethanol are reduced, an increasing pattern in the

Fig. 8. Fitted price ratio – 2009.

4 The results for the other years can be obtained with the author.
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ensuing years.
In 2011 (Fig. 12) we can clearly notice the ethanol crisis, since pure

ethanol fueling is advantageous only for parts of the Southeast and
Center regions, where are located near or in main producing centers of
sugarcane and ethanol, and thus associated with lower distribution
costs. The year 2014 (Fig. 13) shows some improvement in the
advantage of ethanol fueling, but the general pattern remains close to
that observed in the previous years.

This movement in relative prices of ethanol can be explained in part
by changes in the international price of sugar. In Fig. 14, we present a
graph with sugar prices in dollars for same quarters analyzed. We note
that in 2010 prices were relatively low, favoring the production of
ethanol rather than production and export of sugar. The sugar price
spikes are centered in 2011 and 2012, which are the years with the

lowest advantage of ethanol. This effect in relative prices also can be
explained by the reduction in the CIDE levy on gasoline and the
political restriction on price increases of gasoline starting in 2011.

To quantify the model fit, we calculate some measures comparing
the set of model fitted values for the prices effectively observed in the
ANP price sample. We show in Table 4 a comparison between the
average prices observed and those predicted by the model for each year.
This table reports the mean, standard deviation and the ratio of prices
less than 0.7 found in the sample (columns 2–4), while columns (5−7)
show the equivalent values fitted by the model. It can be seen that the
values predicted by the model are very similar to the values observed in
the sample in terms of means and standard deviations. The proportions
of values below 0.7 has a small positive bias of about 0.03 in the 2007–
2009 interval, and a negative bias near 0.023 for the years 2010–2012.

Fig. 9. Fitted price ratio – 2011.

Fig. 10. Fitted price ratio – 2014.
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We also report some more detailed adjustment measures in Table 5,
with the mean error (ME), root mean squared error (RMSE), mean
absolute error (MAE) and mean percentage error (MPE) for each year
of the sample, comparing the data used in the estimation and the
results obtained by the model. The results indicate an appropriate
adjustment of the model, noting that we use in our specification only
dummies for fixed effects and the spatial random effects.

In the same Table 5 we also calculate one additional model
validation measure. One of the important results of the method
proposed here is to permit the estimation of values for locations not
observed in the sample, obtaining continuous measures for the
ethanol/gasoline price ratios for the entire spatial continuum analyzed.
As these values are not observed, it is not possible to make a direct
measure of goodness of fit for these points.

For an indication of model fit for the data not observed in the
sample, or the spatial interpolation procedure as it is known in the
literature on geospatial modeling (e.g., [2,41]), we performed a cross
validation procedure. For this we randomly excluded 10% of the
original sample, i.e., 32,691 observations, and estimated the model
again without the excluded sample and calculated the same adjustment
measures, now comparing the fitted values with the data excluded from
the estimation. The results are placed in the last row of Table 5 (10%
omitted). These results have a similar pattern to that observed for the
full sample. This similarity is an indication the good quality of fit of the
spatial interpolation procedure.

A final comment on the space-temporal model presented is its
relationship with another formulation widely used in the analysis of
price relationships between ethanol and gasoline, based on co-integra-
tion models. In [26], an error correction model based on co-integration
relationships is used to analyze the short and long-run elasticities
between ethanol and gasoline. Co-integration models are also used in

demand analysis in this same market (e.g., [6,23,19,28]). Although we
are using an alternative specification, we note that our results can be
interpreted in a manner similar to a co-integrating equation, but
assuming a known co-integration vector. In this case, we assume that
ethanol and gasoline prices are not stationary, but the price ratio
generates a spatial stationary process.

This formulation can also be interpreted as a test of no-arbitrage
relationship between the relative prices of ethanol and gasoline, related
to the point of optimal price ratio between ethanol and gasoline prices
that leads to end consumer indifference point. The violation of the no-
arbitrage condition would be confirmed if the deviations from the
equilibrium relationship are permanent, rejecting the hypothesis of
stationarity of deviations and indicating the presence of some factor
that precludes the reversion of the price ratio to the consumer's
indifference point.5

This interpretation can be verified by the results in Table 3 for the
autoregressive parameter estimated in the model. The spatial autore-
gressive component is stationary, since the posterior distribution for
the parameter is below the unit value. In this way we can think of this
specification as a spatial co-integration model where the spatial
random effects are the residuals of the estimation of co-integration
relationship, in this case formulated as a ratio that generates a
stationary residual.

A more traditional formulation would be to analyze the relationship
between the log of the prices, and estimate the co-integration vector.
For this, we modified our specification using as dependent variable the
log of ethanol prices for each location, and used as the explanatory

Fig. 11. Ethanol advantage probability – 2009.

5 In a related work, [25] analyze the presence of bubbles processes in the ethanol/
gasoline price ratio.
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variable the log of gasoline prices, the structure of spatial random
effects and the idiosyncratic error components. In this way we have a
state-space representation for a spatial co-integration process in the
form:

y z β ξ ε ξ aξ ωlog = log + + = +t t t t t t t−1

with log ylog t denoting the price of ethanol and zlog t the gasoline price
for all locations (stations) in the same period and with β denoting the
long-run equilibrium parameter, ξt the spatial random effects and εt
the idiosyncratic components. We estimated this model with and
without the inclusion of fixed effects of year and quarter. The results
are shown in Tables 6 and 7. These results indicate the presence of a
stationary component for the spatial autoregressive process in these

two procedures, and so it is consistent with the interpretation of a
spatial co-integration model. Note that we can think of this specifica-
tion as a generalized version of a panel co-integration model similar to
that used in [23], but where we model each individual as a spatial
location.

5. Discussion and conclusions

In this work we introduce an innovative method to model the
spatial and temporal evolution of the ratio of ethanol/gasoline prices in
Brazil. TIhis method is based on specification of a spatio-temporal
model which enables representing the dynamics of spatial dispersion in
prices. This formulation is based on a computationally efficient

Fig. 12. Ethanol advantage probability – 2011.

Fig. 13. Ethanol advantage probability – 2014.
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representation of spatial models proposed by [3], based on equivalence
between the solution of a stochastic partial differential equation and a
spatial covariance function. This representation allows a hierarchical
representation of spatial and spatio-temporal processes and the use of
Bayesian methods for inference of parameters and latent variables.

This method enables avoiding the aggregation of observed prices
required for the use of spatial analysis methods based on areal/lattice
models, and thus allows modeling the full observed heterogeneity in
prices observed at the level of fuel stations. This method also allows
incorporating the dynamic evolution of the price process, particularly
the long-run equilibrium relationship between ethanol and gasoline

prices. We make an original methodological contribution by combining
the method described in [3] with co-integration models, which are
important in fuel price analysis.

This method allows not only analyzing the evolution of observed
prices, but also estimating/interpolating the ratio of prices and the
spatial random effects for all continuous space, thus permitting
analysis of the pricing process throughout Brazilian territory, and thus
broadening the scope of the ANP's price survey. The results show that
this model can capture adequately the relative evolution of ethanol and
gasoline prices, and allows analyzing in each period the advantage of
fueling with ethanol. The model captures the change in temporal price
patterns, and shows results consistent with the ethanol industry's crisis
in Brazil (e.g., [25,32]), showing that the supply of ethanol is only
advantageous to consumers in regions near production centers in the
years after 2009.

The method presented here has several applications in the design of
energy policies. The spatial indicator of ethanol advantage is a visual
measure of the fuel market conditions. In the presence of a large fleet of
flex-fuel engines, this measure facilitates consumer decisions on the
optimum choice of fuel in each location and period, increasing
economic efficiency in this market. This measure is also an input for
an optimal taxation policy in this market. If the goal is to encourage the
use of renewable fuels, governments can implement distinct tax rates
on ethanol and gasoline in each region, using the already existing CIDE
levy.

Our model is based on the use of the spatial distribution of the
prices as a proxy for the different factors that affect fuel prices, such as
production and transport costs and conditions of demand and compe-

tition in each market. As these factors have complex measurement, the
proposed model provides a simple way to analyze the aggregate effects
of these variables. Our specification was based on the use of fixed
effects for year and quarter and spatial random effects. This model can
be refined by adding other variables measured at each location, like the
proportion of the flex-fuel vehicles, freight costs, income measures, or
supply side variables such as the number of distributors.

Another possible application of this method is the analysis of fuel
price competition. Since the model allows estimating the dispersion of
prices in any region of interest, it can be used to estimate the price
dispersion within the same region. Assuming that transport and

Fig. 14. International sugar prices.

Table 4
Comparison – observed and predicted.

Observed mean Observed SD. Observed < 0.7 Fitted mean Fitted SD. Fitted < 0.7

2007 0.6109 0.0879 0.8273 0.6109 0.0800 0.8574
2008 0.6138 0.0775 0.8645 0.6138 0.0706 0.8950
2009 0.6248 0.0789 0.8339 0.6248 0.0723 0.8672
2010 0.6794 0.0809 0.5734 0.6794 0.0733 0.5661
2011 0.7596 0.0652 0.1894 0.7595 0.0560 0.1399
2012 0.7539 0.07495 0.3034 0.7538 0.0673 0.2889
2013 0.7371 0.0776 0.4219 0.7371 0.0708 0.4369
2014 0.7506 0.0695 0.3266 0.7506 0.0633 0.3878

Table 5
Fit measures.

EM REQM MAE MPE

2007 −1.3718e−05 0.0328 0.0240 0.0265
2008 −1.4546e−05 0.0289 0.0214 0.0185
2009 −1.4111e−05 0.0289 0.0213 0.0178
2010 1.4737e−05 0.0313 0.0233 0.0177
2011 −1.6609e−05 0.0311 0.0223 0.0091
2012 −1.7153e−05 0.0303 0.0224 0.0112
2013 −1.7666e−05 0.0290 0.0210 0.0114
2014 −3.7482e−05 0.0260 0.01918 0.0059

10% Omitted 0.0001 0.0311 0.0227 0.0409

Table 6
Spatial co-integration.

Mean sd 0.025q 0.5q 0.975q Mode

log (Gas) 0.7124 5e−04 0.7113 0.7124 0.7134 0.7124
Precision 402.3628 1.0395 400.3291 402.3614 404.4040 402.3588
log - τ 2.6550 0.0192 2.6173 2.6550 2.6926 2.6550
log - κ −1.0335 0.0241 −1.0808 −1.0335 −0.9863 −1.0335
AR (1) 0.9231 0.0032 0.9168 0.9232 0.9291 0.9233
Marginal Lik. 478436.08 n obs 326916
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production costs are constant in a single region, the spatial random
effects can be used to identify sub-regions with anomalous price
patterns, which can be associated with pricing cartels.
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