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Biofuels – Czech – GM

I Biodiesel (FAME) about 180 000 t
I Ethanol about 70 000 t
I Dominant rapeseed
I Perspectives for GM biofuels
I Corn gene MON810, cellulosic, silage
I GM corn from 2.6 to 1 percent of Czech corn area



Czech GM Corn

Figure: Sown area of GM corn in CZ through the years 2005 - 2013

Source: Data from Ministry of the Environment of the Czech
Republic.

For 2013 - 2650 ha (with 31 growers as opposed to 41 in 2012)
2013 Slovakia 100 ha, Romania 830 ha.



Czech GM Corn

logyieldit = −26.809 + 0.006 GMshare100it + 0.001 rjuneit +

+ 0.001 rjulyit + 0.023 tmayit − 0.011 tjuneit −
− 0.021 tjulyit + 0.031 taugit + 0.015 yearit + uit (1)

I 18 years since 1994, 14 Czech regions
I log yield of corn, share of GM corn on total corn area,

temperature, rainfall, time trend (year)
I uit = µi + νit , where cross-section specific (time invariant)

component µi includes land fertility, altitude and other
regional specifics. νit is remainder effect.



Czech GM Corn

Table: FE estimation results

Variable Coefficient (Std. Err.)
GMshare100 0.006∗∗ (0.003)
rmay 0.000∗ (0.000)
rjune 0.001∗∗ (0.000)
rjuly 0.001∗∗∗ (0.000)
raug 0.000∗ (0.000)
tmay 0.023∗∗∗ (0.007)
tjune -0.011∗ (0.007)
tjuly -0.021∗∗∗ (0.005)
taug -0.031∗∗∗ (0.007)
year 0.015∗∗∗ (0.002)
Intercept -26.809∗∗∗ (2.999)

N 252
R2 0.570
F (23,228) 30.242
Significance levels : ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1%



Czech GM Corn

I If GM corn adopted on 21% = max in Ustecky region→
yield increases by 10.6%. This means average yield 46.5
t/ha.

I This is total biomass yield (silage corn).
I Xu, Hennessy Sardana and Moschini (2013, Crop

Science), Nolan and Santos (2012, AJAE) similar results
with corn for grain.

I Extensions:
I Field trials (fertilizers, treatment effects etc.)
I GM for dedicated cellulose biofuels (Miscantus,

switchgrass, temperate climate bamboo etc.)



Food riot in Algeria - January 2011



Food crisis and ethanol



Our contribution

I Focus on price relationships
I Taxonomy methodology for finding price connections
I Wavelet coherence analysis of biofuels and related

commodities
I Investigation of price and time dependent elasticities and

causality
I Prices and land use



Previous research

I Review in Serra and Zilberman (2013)
I Cointegration studies (Serra et al., 2011, energy prices

and agr. commodity prices correlated)
I VAR studies (McPhail, 2011: higher demand for ethanol→

lower crude oil prices)
I mGARCH studies (Zhang, 2009, 2010: no long run

relationship among prices of ethanol, corn, gasoline)



Dataset

I Weekly and monthly prices of Brent crude oil (CO), ethanol
(E), corn (C), wheat (W ), sugar cane (SC), soybeans (S) ,
sugar beets (SB), consumer biodiesel (BD), German
diesel and gasoline (GD and GG), and the U.S. diesel and
gasoline (UD and UG), rapeseed oil (only for wavelets)
from 2003 to 2011.



Motivation

I Use a simple methodology and describe the basic
interactions between biofuels, their production factors
(feedstock) and related fossil fuels.

I Use a model free approach (results seem to be quite
model dependent)

→ Use minimal spanning trees and hierarchical trees to
uncover the most important and stable connections in the
biofuels network (practically no assumptions with the exception
of stationarity).



Correlations

I For a pair of assets i and j with values Xi and Xj and
i , j = 1, . . . ,T , the sample correlation coefficient ρ̂ij is
calculated as

ρ̂ij =

∑T
t=1 (Xit − Xi)(Xjt − Xj)√∑T

t=1 (Xit − Xi)2
∑T

t=1 (Xjt − Xj)2
, (2)

where Xi =
∑T

t=1 Xit
T and Xj =

∑T
t=1 Xjt
T are respective time

series averages.
I For a portfolio of N assets, we obtain N(N − 1)/2 pairs of

correlations.



Distance measure

I Mantegna (1999) showed that the correlation coefficients
can be transformed into distance measures, which can in
turn be used to describe hierarchical organization of the
group of analyzed assets. Distance measure

dij =
√

2(1− ρij) (3)

fulfills three axioms of a metric distance:
I dij = 0 if and only if i = j ;
I dij = dji ;
I dij ≤ dik + dkj for all k

I From the definition of the correlation coefficient, the
distance ranges between 0 and 2, while dij → 0 means that
the pair is strongly correlated, dij → 2 implies strongly
anti-correlated pair and dij =

√
2 characterizes an

uncorrelated pair.



Minimal spanning tree

I Minimal spanning tree (MST) is used to extract the most
important connections in the whole network.

I MST reduces the number of N(N − 1)/2 pairs to only the
N − 1 most important connections while the whole system
remains connected.

I How to construct MST:
I transform the correlation matrix C into a distance matrix D,

discarding the diagonal elements (containing zero distances);
I find the closest pair of assets, which creates the first two nodes in

the network connected by the first link (with a weight equal to the
distance dij );

I proceed to the second closest pair which creates the second pair
of nodes. At this point, if a node from the second pair is already
present in the network, the new node is simply connected to the
existing pair;

I proceed until N − 1 connections are found, while the network must
not be closed or create closed loops



Hierarchical tree

I MST helps us to construct hierarchical trees (HT) which
are important for the analysis of clusters.

I How to construct HT:
I determine the subdominant ultrametric distance matrix D∗;
I elements of D∗ – d∗ij – are defined as the maximal weight of the

link which needs to be taken to move from node i to node j in the
MST;

I in matrix D∗, we find the minimal distance d∗ij and create the first
pair of assets;

I follow in connecting the assets and if more assets with same d∗ij
are found, the clusters are connected together



Stability of the procedure

I MST and HT might be unstable, i.e. we don’t know whether
the link is significant or just random (it is of course possible
to construct MST and HT for completely random system)

I To deal with the problem, we use a bootstrapping
technique proposed by Tumminello (2007) specifically for
MST and HT analysis:

I construct the original MST and HT;
I construct a bootstrapped time series from the original while

keeping the time series length fixed;
I MST and HT are then constructed for the bootstrapped time

series and links are recorded;
I check whether the connection in the original MST are also present

in the new MST based on bootstrapped time series;
I the share of the bootstrapped cases where the link appears

between nodes i and j will be labelled as bij with an obvious range
0 ≤ bij ≤ 1



Whole period



Pre-crisis period



Post-crisis period



Summary of taxonomy results (1)

I Whole sample:
I In the short term, both analyzed biofuels are very weakly

connected with the other commodities.
I In the medium term, the system practically splits into two

branches – a fuels part and a food part. Biodiesel tends to
the fuels branch and ethanol to the food branch.

I Pre-crisis:
I Biofuels are only weakly connected to the whole network,

even for the monthly frequency.
I Soybeans, wheat and corn are only weakly correlated with

the rest of the network→ when the food prices are low,
these are very mildly connected to fuels and biofuels.



Summary of taxonomy results (2)

I Post-crisis:
I Ethanol is well connected to corn, wheat and soybeans

even in short term, and more strongly in medium term.
I Biodiesel is very lowly correlated with the rest of the system

in short term but becomes strongly and steadily connected
to other fuels commodities in medium term.

I Reversely to the situation before the crisis, corn, wheat and
soybeans are well connected with the whole network but
the sugars are less correlated.

I The correlations are considerably higher in the post-crisis
period compared to the pre-crisis period.



Discussion

I Structure of the network differs considerably before and
after the food crisis of 2007/2008

I Potential non-linear relationships between commodities
I Wavelet coherence
I Price- dependent elasticities



Wavelets – Definition

I A wavelet is a real-valued square integrable function,
ψ ∈ L2(R), defined as:

ψu,s(t) =
1√
s
ψ

(
t − u

s

)
(4)

location parameter u determines the exact position of the
wavelet
scale parameter s defines how the wavelet is stretched or
dilated.

I Wavelets have significant advantages over basic Fourier
analysis when the object under study is locally
non-stationary and inhomogeneous. Also we do not loose
time information.



Wavelet Coherence

I Continuous wavelet transform Wx (u, s)

I Wx (u, s) =
∫∞
−∞ x(t) 1√

sψ
( t−u

s

)
dt ,

I represents local energy (variance) at a specific scale
(frequency) u at a position s.

I Squared wavelet coherence coefficient 0 ≤ R2(u, s) ≤ 1

I R2(u, s) =
|S(s−1Wxy (u,s))|2

S(s−1|Wx (u,s)|2)S(s−1|Wy (u,s)|2)
,



Wavelets – Intro(1)



Wavelets – Intro(2)



Wavelets- biodiesel



Wavelets- ethanol



Elasticities – motivation (1)

I Relationship between biofuels and related producing
factors and fuels studied frequently in literature.

I Results usually vary.
I Dominant methodologies – cointegration and VAR.
I Elasticities are usually left out due to data availability (price

vs. quantity).
I Our previous research indicates that dependences

between biofuels and related commodities are non-linear,
specifically price-dependent.



Elasticities – motivation (2)

I Use a broad portfolio of commodities to find the significant
relationships .

I Control for trends and seasonality.
I Use elasticities as a detection tool for causality tests.
I Check whether the causal relationships are also

price-dependent.



Price-dependent elasticity

I We consider price cross-elasticities, i.e.

epj
pi

=
∆Pj/Pj

∆Pi/Pi
(5)

I To include price dependence of the elasticity, we
generalize standard log-log regression framework, i.e

log Y = α + β log X + ε, (6)

into
log Y = α + β log X + γX +

δ

2
X 2 + ε. (7)

so that
eY

X = β + γX + δX 2 (8)



Trends and seasonality

I As weekly data are analyzed, it is easy to include
seasonality and trends into the regression:

log BFt = α+
4∑

i=1

βi t i +
2∑

j=1

γj sin
(

2πt
13j

)
+

8∑
k=1

δk sin
(

2πt
52k

)
+ εt (9)
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Deseasonalized and detrended series
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Testing stationarity

I Before proceeding, we need to check the stationarity of the
dependent variables (biofuels).

I Stationarity assumed for the standard regression
techniques.

I On the other hand, a unit root is needed for cointegration.
I We use standard ADF and KPSS tests.



Stationarity tests

Table: Unit-root and stationarity tests. Note: the null hypotheses are:
"a unit root series" for ADF and ADF-GLS, "stationary series" for
KPSS.)

Series ADF p-value ADF-GLS p-value KPSS p-value

Ethanol log-prices -2.3265 > 0.1 -1.8437 0.0622 1.9377 0.0000
Biodiesel log-prices -1.5075 > 0.1 0.9759 > 0.1 11.2302 0.0000

Ethanol detrended -4.4399 0.0001 -4.4390 0.0000 0.0653 > 0.1
Biodiesel detrended -4.5714 0.0001 -4.3329 0.0000 0.0961 > 0.1



Stationarity tests – implications

I Cointegration cannot be used!
I Detrended and deseasonalized series are asymptotically

stationary→ we can apply standard econometric
techniques + Granger-type causality tests.
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OLS results

I We run the OLS regression on

log BFt = α+
4∑

i=1

βi t
i+

2∑
j=1

γj sin
( 2πt

13j

)
+

8∑
k=1

δk sin
( 2πt

52k

)
+

I∑
l=1

ξl log Pl+
I∑

m=1

φmPm+
I∑

n=1

νnP2
n+εt .

(10)

I For both biofuels, we include all agricultural commodities
and crude oil. For ethanol, we include the US gasoline,
and for biodiesel, we include German diesel.

I However, we get the first order autocorrelation of residuals
of 0.7609 and 0.5664, and Durbin-Watson statistic of
0.4758 and 0.8693 for ethanol and biodiesel regressions,
respectively.

I Estimates are inefficient and would lead to spurious
results!



Prais-Winsten estimation

I This leads us to FGLS procedures, namely Prais-Winsten
estimation.

I Prais-Winsten procedure is based on the following:

yt − ρ̂yt−1 = (1− ρ̂)α + β(xt − ρ̂xt−1) + ut (11)

I The first observation in the series is constructed as

y1 =
√

1− ρ̂2α + β
√

1− ρ̂2x1 + β
√

1− ρ̂2u1. (12)

I FGLS is consistent and more efficient than OLS under the
assumptions that cov(xt ,ut ) = 0 and
cov([xt−1 + xt+1],ut ) = 0. Both assumptions have been
checked and hold for the analyzed models.



Prais-Winsten regression results for ethanol

Table: Reduced Prais-Winsten-estimated model for ethanol

Estimate SE t-statistic p-value

const 86.5576 34.1317 2.5360 0.0116
log C −0.7713 0.1648 −4.6812 0.0000
log SC 0.1030 0.0452 2.2781 0.0233
log BD −14.4875 6.2609 −2.3140 0.0212
C 0.0024 0.0004 5.6907 0.0000
BD 0.0288 0.0120 2.4095 0.0165
UG 0.1654 0.0344 4.8039 0.0000
BD2 −0.0000 0.0000 −2.4857 0.0134

period . . 4.6768 0.0979

R2 0.9621 Adjusted R2 0.9612
F (9, 370) 103.4589 P-value(F ) 0.0000
ρ̂ 0.1051 Durbin–Watson 1.7880



Figure: Price-dependent elasticities between ethanol and corn (left) and
biodiesel (right).



Prais-Winsten regression results for biodiesel

Table: Reduced Prais-Winsten-estimated model for biodiesel

Estimate SE t-statistic p-value

const 9.43205 1.13425 8.3156 0.0000
log SC −0.0318 0.0149 −2.1256 0.0342
log S −0.5143 0.2121 −2.4252 0.0158
S 0.0011 0.0004 2.4515 0.0147
S2 −0.0000 0.0000 −2.2754 0.0235
GD2 0.0038 0.0012 3.0377 0.0026

time . . 183.9000 0.0000
period . . 137.2670 0.0000

R2 0.9907 Adjusted R2 0.9903
F (15, 364) 2114.234 P-value(F ) 0.0000
ρ̂ −0.1103 D–W statistic 2.2196



Figure: Price-dependent elasticities between biodiesel and soybeans (left)
and German diesel (right).



From price dependence to time dependence

I As each time step has a characteristic price, we can
construct the time-dependent elasticities.

I Confidence intervals are based on the standard errors of
the estimates.



Time-dependent elasticities (1)



Time-dependent elasticities (2)



Time-dependent elasticities (3)



Summarizing the results for elasticities

I We find significant (statistically and economically) elasticity
between ethanol and corn, and between ethanol and the
US gasoline.

I We find significant (statistically and economically) elasticity
between biodiesel and German diesel.

I All three significant pairs of elasticities are
price-dependent.

I Transforming price dependence into time dependence, we
find that during the food crisis, elasticities increased
remarkably for all three.

I No significant elasticities found between the remaining
pairs.
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Causality testing

I To test causality between two variables, we construct a
Granger-like causality test:

yt = α +

p∑
i=1

βiyt−i +

p∑
j=1

γjxt−j + εt (13)

I The null hypothesis "x does not Granger-cause y" is tested
with a use of F -statistic for the hypothesis
γ1 = . . . = γp = 0.

I The lag order p is chosen with respect to the structure of
the data.

I Stationarity is needed for both xt and yt for t = 1,2, . . . ,T .



Stationarity tests

Table: Stationarity and heteroskedasticity tests for detrended and
deseasonalized series of logarithmic prices. (Note: ∗, ∗∗ and ∗∗∗

stand for a rejection of the null hypothesis at 10%, 5% and 1% level of
significance. The null hypotheses are: "a unit root series" for ADF
and ADF-GLS, "stationary series" for KPSS, "no GARCH(1,1) effect"
for GARCH(1,1) and "no ARCH effect up to fourth lag" for ARCH(4).)

Series ADF ADF-GLS KPSS GARCH(1,1) ARCH(4)

Ethanol −4.4399∗∗∗ −4.4390∗∗∗ 0.0653 273.507∗∗∗ 280.686∗∗∗

Corn −3.6789∗∗∗ −3.4756∗∗∗ 0.1356 274.804∗∗∗ 276.25∗∗∗

Sugarcane −5.2243∗∗∗ −5.2296∗∗∗ 0.0674 215.846∗∗∗ 178.601∗∗∗

US gasoline −4.5430∗∗∗ −4.4908∗∗∗ 0.0840 297.370∗∗∗ 335.298∗∗∗

Biodiesel −4.5714∗∗∗ −4.3329∗∗∗ 0.0961 138.633∗∗∗ 172.339∗∗∗

Soybeans −5.1406∗∗∗ −2.2268∗∗ 0.0886 184.420∗∗∗ 196.735∗∗∗

German diesel −5.1016∗∗∗ −4.2765∗∗∗ 0.1077 146.890∗∗∗ 217.673∗∗∗



Stationarity tests for GARCH(1,1)-filtered series

Table: Stationarity and heteroskedasticity tests for detrended,
deseasonalized and GARCH(1,1)-filtered series of logarithmic prices.

Series ADF ADF-GLS KPSS GARCH(1,1) ARCH(4)

Ethanol −5.6715∗∗∗ −5.6600∗∗∗ 0.1673 0.7909 5.5910
Corn −5.6367∗∗∗ −4.9886∗∗∗ 0.1550 0.1825 3.8210

Sugarcane −14.0328∗∗∗ −11.5707∗∗∗ 0.0883 0.2380 4.5564
US gasoline −4.8795∗∗∗ −4.8636∗∗∗ 0.0987 — 0.7476

Biodiesel −6.2520∗∗∗ −6.0822∗∗∗ 0.0881 1.6671 0.9331
Soybeans −5.9604∗∗∗ −2.5209∗∗ 0.1759 0.5141 3.9310

German diesel −6.4116∗∗∗ −5.2689∗∗∗ 0.1008 0.3055 0.5193



Table: Causality tests for ethanol and biodiesel. (Note: ∗, ∗∗ and ∗∗∗

stand for a rejection of the null hypothesis "for X → Y, X does not
Granger-cause Y" and "zero aggregate effect", respectively for F and
t-statistics, at 10%, 5% and 1% level of significance, respectively.)

Impulse F -statistic t-statistic F -statistic t-statistic
→ (causality) (agg. effect) (causality) (agg. effect)

response 4 weeks 4 weeks 12 weeks 12 weeks

C → E 4.8799∗∗∗ 1.8546∗ 2.8420∗∗∗ 0.9935
SC → E 0.5039 0.7973 0.8596 0.7209
UG → E 0.8324 -0.4453 2.5575∗∗∗ -1.1291

E → C 1.4785 -1.3667 1.2452 -1.3413
E → SC 0.6257 1.3676 0.5659 1.1360
E → UG 2.6335∗∗ 2.1126∗∗ 1.9904∗∗ 2.1069∗∗

GD → BD 9.3019∗∗∗ 4.6701∗∗∗ 6.1185∗∗∗ 3.1075∗∗∗

S → BD 1.9415 2.3496∗∗ 1.4996 2.5967∗∗∗

BD → GD 0.9343 -0.9276 1.0157 -0.9901
BD → S 2.1395∗ -1.6367 0.6880 -1.1370



Table: Causality tests with price-level effect for ethanol and biodiesel.
(Note: ∗, ∗∗ and ∗∗∗ stand for a rejection of the null hypothesis "for
X → Y, X does not Granger-cause Y" for F and t-statistics, at 10%,
5% and 1% level of significance, respectively.)

Impulse F -statistic F -statistic F -statistic
→ (constant (price-level (joint

response effect) effect) effect)

C → E 1.1055 0.495778 2.8607∗∗∗

SC → E 0.4700 1.5485 1.3069
UG → E 1.0725 2.2641∗ 2.1508∗∗

E → C 0.5823 0.6349 1.2092
E → SC 5.6668∗∗∗ 5.3654∗∗∗ 3.0566∗∗∗

E → UG 0.8133 0.5784 1.9566∗

GD → BD 2.6442∗∗ 3.4600∗∗∗ 7.6316∗∗∗

S → BD 1.3010 1.3736 1.6962∗

BD → GD 0.4818 0.5846 1.0482
BD → S 1.8125 1.7782 2.2943∗∗



Summarizing the results for causality tests (1)

I Corn positively Granger-causes ethanol in both short and
medium term.

I Ethanol Granger-causes the US gasoline and the effect is
positive.

I Production factors influence their products, and not vice
versa, in the ethanol cycle.

I German diesel very strongly Granger-causes biodiesel
with a positive effect in both short and medium term.

I Changes in prices of soybeans have positive effect on
prices of biodiesel in both short and medium term.

I Again, the production factors positively affect the prices of
biodiesel and not vice versa.



Summarizing the results for causality tests (2)

I Majority of previous links are found.
I Ethanol very strongly causes sugarcane with both constant

and price-level effects being very significant.
I Biodiesel causes soybeans (even though the separate

effects are insignificant).
I Therefore, for specific price levels, the causality can be

reversed.
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Elasticities and causality conclusions

I Elasticities are price- and time- dependent.
I Ethanol is elastic to corn and the US gasoline.
I Biodiesel is elastic to German diesel.
I Causality comes mainly from the producing factors to

biofuels.
I For specific price levels, the causality reverses.
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Prices and land use

I Yearly data, global (decompose to regions)
I Main commodities (price and land): Corn, soya, rapeseed,

sugar, rice, wheat
I Grassland, arable land, total agricultural land
I Fuel prices: crude oil, gasoline, diesel
I Biofuels production (ethanol, biodiesel) - world



End

I Thank you for your attention.
I Questions and comments?
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