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Abstract

This paper examines the volatility of daily returak spot prices of Arabica Coffee through
conditional variance models, also called heteroakicity models. The data used in the analysis
refers to the January 3, 2000 to June 15, 201dghefihe empirical results show reactions of
persistency and asymmetry in the variance of ttegirns, in other words, both good and bad news
differently impacts on the volatility of returnsaeding to the EGARCH (1.1) and TARCH (1.1)
models. However, from the standpoint of performprgdictions, the model that best adapted
heteroskedasticity data was EGARCH (1.1) with Student's distribution. The coffee market
presents strong evidence of such result, sinceupply shock yields increases in price levels ef th
commodity. The empirical results suggest the ndegraper strategic instruments of hedging in
view of the accentuated shock persistency in Ar@8affee price volatility returns.
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AGRICULTURE IN AN INTERCONNECTED WORLD

1. Introduction

Global price changes have various consequencdeddrproduction, commaodity trade,

nutrition security, and therefore political statyilin developing countries. According to
Food and Agricultural Organization ditahe world commodity market prices which
together provide around three quarters of the wpddulation's calorie requirements
have raised rapidly since 2007. It is also knowat tihe volatility of market prices

increased in terms of fluctuations around theiglonn trend. A main question for most
research projects dealing with price volatility ¥/hat are the impacts of price
fluctuations? In order to answer these questiome@essary and important previous

research stage is to find the appropriate vohatitibdel for spot commaodity prices.

Presently, Brazil and the United States are thgekrcoffee consumers in the world. In
2009, according to the Brazilian Coffee Industrysdaation (ABICY, together they
reached a total consumption of 25 millions of ceffeacks of 60kg. As presented in
Figure 1, the major world coffee producers are:zBr&ietham, Indonesia, Colombia,
Ethiopia, among others. These countries are impbeetors in the world coffee trade
responsible for most of the world coffee supply2009, the ten major coffee producers
listed in Figure 1 were responsible for 84% oftibtal world coffee production.

[Insert Figure 1 here]

!See FAOSTAT, FEWS. NET.
Associacao Brasileira da Industria do C4&BIC), in portuguese.
] l'tw.{_._




In volume the major world coffee exporters are:Zdra/iethnam, and Colombia among
others (Figure 2). From April 2009 to March 2016¢@ding to data from the ICO, 92
million coffee sacks of 60kg were exported by coyproducers, where the three major

export countries together were responsible for @%e total world product exports.

[Insert Figure 2 here]

The major worldin natura coffee importers are countries from the Europeaiokl
Germany on top of the importer list in 2008, acaogdthe ICO, was responsible for
24% of total exports from the producers. This carekplained by the strategic position
occupied by the E.U. in the world coffee marketyadl as the US$ Dollar devaluation
against the Euro, since the world coffee price gtiah is done in US$ dollars (Figure
3).

[Insert Figure 3 here]

In order to better understand the impact of prloetfiations and how to take them in
consideration in research projects, the major ¢bjeof this paper was to analyze price
returns volatility of Arabic Coffee in Brazil. Spécally, the objective was to evaluate
the returns volatility and its persistency, to fyeif positive shocks have the same effect
as negative shocks in volatility and to identify igéhis the best adjusted prevision
model for Arabic Coffee price returns. To achieygese objective conditional

heteroskedasticity modeté the ARCH family were used.

2. Literature Review

Using data and information from the seventies,sminal paper of Engle (1982) had
the objective of estimating the inflation variarioe the United Kingdom. However, the
research results brought evidence of the existehcenditional variance in those return
series, leading later on to an enormous amounapérs on ARCH models that will be
discussed ahead in this paper.



In his second publication, Engle used the ARCH ningdor the portfolio investment
risk definition, assuming that it follows a condial variance process. In 2001, through
ARCH and GARCH models, Engle was able to demorestitzt for several financial
temporal series, the extensions of these modeld tautested and used, in asset pricing
and portfolio analysis, as an example, validating aorroborating the application of
the ARCH model in finance

The generalized ARCH model was developed by Bdderc1986) when the GARCH
model was first presented. Bollerslev proposedirttreduction of a lag variance in the
model, a kind of an adaptive instrument, while e toriginal ARCH model the
conditional variance is a function of the sampleiareces. The empirical model
presentation was first based on the American ioflatrate, following its wildly

acceptance and utilization, even by Engle.

Nelson (1991) developed a new approach followireg ARCH/GARCH models with
the addition of an exponential component to the AR@odel deriving it into the

EGARTH modet and therefore, providing future research perspesti

Zakoian (1994) considered a change in the clasBi€CA model proposed by Engle. In
his research the TARCH model was presented withctimglitional standard deviation
as a linear function of the past error term valweparts. This specific form was able to
permit the capture of different reactions in théatibty of the different model signs.

Finally, the development of the ARCH model and dexivations lead to its wildly
application in several other researches, even aziBrMal et al. (2003) examined the
volatility of the daily coffee returns using theassic ARCH model. The empirical
results suggested strong asymmetric signs in theiMy of the more distant series of
due date contracts and indicated that all estimatedels were well behaved, and the
EGARCH model, more specifically, demonstrated higipeality for the prediction of

coffee price returns.

Martins (2005) used extensions of the ARCH modemiodeling the daily returns of
Arabic coffee future contracts traded in the BMF BBOVESPA stock exchange,
between 1998 and 2005. The empirical results diggthlthe asymmetric presence for

good and bad news and the volatility grumping. Thedel with better predictive

% See“The use of ARCH/GARCH models in applied econoestri
“Exponential Generalized Autoregressive Conditidtialeroskedasticitynodel (EGARCH).



capacity was the TARCH model. Nevertheless, theltestressed that news of climatic

changes present strong impacts on coffee priceatjons.

Silva et al (2005) examined the monthly volatility return pess of two major
Brazilian agricultural commodities (coffee and segbs) between the 1967/2002 and
1957/2002 periods, respectively, using the ARCH emmdrlhe results showed a similar
behavior of the volatility for both temporal seties well as the perception that a shock
in the price variance of both commodities wouldsgsrfor a longer time, what could

yield in the establishment of public policies fgriaulture.

Monte (2007) analyzed the cacao price volatilitytations in the New York Future
Market between 1989 and 2005, using GARCH, EGAR®@H &8ARCH conditional
variance heteroskedasticity models. The resultsodsimated that the constant cacao
price variations were caused mainly by "good" abdd” market news. When "good"
news were brought to the market, the buying pmsstiof the market dealers would
increase in the Future Markets, while when the esfipooccurred, dealers would

assume risk aversion positions.

Sachs and Margarido (2007) made use of conditieardnce models to analyze the fat
ox price series for the 2000 to 2007 period, in$it&te of Sdo Paulo, using two ARCH
model variants: TARCH and EGARCH models. The rassghowed that the fat ox
return series had strong persistence and smalltitgla The returns presented

asymmetry, where the negative impacts were moikle@ithan the positive impacts.

Campos and Campos (2007) applied the ARCH and GAR®idels to characterize
and analyze the volatility of the soybeans, cotied fat ox monthly return series. The
volatility empirical analysis showed that thesei@agdtural products are marked by their
high price fluctuations, were positive or negatbhmcks generates long duration impact
periods. The reaction and the volatility persisteoefficients summation presented
values greater than 1, indicating that the shockslatility would persist for some time

in the price return variance of each commodity.

Silva (2008) modeling the volatility of the fat @xice return in the State of Sdo Paulo,
using conditional variance models, pointed out tiratthe GARCH model, the
persistence and reaction volatility sum in the yred period, was greater than one, and
that, a fat ox price return series shock would healeng time effect on the volatility of
these returng, e., the variance impact reduction would occur inltrg run. Therefore,



to capture the asymmetry of good and bad news ervdtatility, the EGARTH and
TARCH models were used, which demonstrated thratghcoefficients that the bad
news tend to have greater impact on the fat oxepmatatility than the good news.

Mol (2008) analyzed the Arabic coffee and fat oXatitity return process using

Gaussians and asymmetric models of the ARCH clHss.empirical results showed
strong signs of volatility persistence and asymyngtiboth series. It was noted that the
Arabic coffee returns were characterized by asymmeesponses with a leverage

effect.

Moraes and Silva (2010) used constant and conditieariance EWMA and GARCH
models, respectively, for Arabic coffee price vibiigt estimation. The empirical results
demonstrated that a same data base allows diffectatility estimation, and that such

fact directly impacts in financial derivatives pnig prediction.

Pereiraet al (2010) analyzed the returns of three major comtiesdof the Brazilian

agribusiness: soybeans, coffee and fat ox. ARCHIyamodels were used and, in a
complementary way, &alue-et-Risk(VaR) was estimated, for the July 30, 1997 to
November 12, 2008 period. The coffee and soybeansns were characterized by
asymmetric responses to positive and negative shaslen though the leverage effect

was not identified.

3. Methodology and Data

3.1 The Augmented Dickey-Fuller (ADF), Phillips-feer (PP) and Kwiatkowski,
Phillips, Schmidt e Shin (KPSS) Tests

In order to test the stationarity series, the Augteé Dickey-Fuller (ADF) test(1979)
was used to verified the integration order of théeriested variables, so that the
existence or not of unity roots in the temporalesecould be verified. The Augmented
Dickey-Fuller (ADF) test consists on the estimatadrthe following equation using the
Method of Least Square (MLS):

P
AY, =a+ R+ W, +Y OO, +e,

i=1

® See Dickey and Fuller (2007).



Were Ay, is the first difference operator,(-Y,_,), a is the interceptst is the model
tendency componeny; is the coefficient that allows the stationary sy = 0, Y has
a unitary root),pis the number of lag terms to be included in the rheae ¢is the

random error term or the stochastic disturbance.

The Phillips and Perron (PP) testas also used to verify the presence or not dhoni
root. The difference between both tests is that Rhdlips-Perron test gives us the
guarantee that the disturbances are not corredtdchave constant variance. Opposed
to the Augmented Dickey-Fuller test, the PhillipglaPerron test does not include the

lag difference terms, but may include the tendeary the intercept terms.

The KPSS (Kwiatkowski, Phillips, Schmidt and Shie3f was developed as a form to
complement the analysis of the traditional uniteogt tests, such as the ADF and PP
tests. On the contrary of the ADF and PP testsHR8S test considers as the null
hypothesis that the series is stationary, or statip around a deterministic tendency,

against the existence of a random path as an alteerhypothesis.

3.2 The Series Normality Test: Jarque-Bera (JB)

The Jarque-BeralB) normality test is based on the difference between the asymmetric
and kurtosis of the series and normal law coefiiggused to test the null hypothesis
that the sample comes from a normal distributiamc@nduct this test, it is necessary to
first calculate the asymmetry and kurtosis of #sduals using the test statistic:

2 _ ;2
JB=n S_ + u

6 24
were,JB is the Jarque-Bera teS§,is the symetric coefficient of the observatio@sis
the kurtosis coefficients of the observations andis the number of observations.
Assuming the normally null hypothesis, th statistic follows a chi-square distribution

with two degrees of freedom. If th#B value is too low, the random error normal

® See Phillips and Perron (1988).
" See Kwiatkowsket al (1992).
8 See Jarque and Bera (1987).



distribution cannot be rejected. However, if thB value is too high, the normal
distribution behavior of the the random error mideals is rejected. If the calculatpd
chi-square statistic value is sufficiently low, thgpothesis of the residuos having a
normal distribution can be rejected. If the p vaisidigh, the normally hypothesis is

accepted.

3.3 ARCH/GARCH Effects

The first model to include conditional variancefimance series was proposed by Engle
(1982). In these models known as Autoregressivedfional Heteroskedasticity
(ARCH), the series varianean the instantt conditioned by the past (volatility)

depends o¥f, ..., , in the following way:

ol =a,taEl ot a el

Were,o ?: is the conditional variance gf given its pastg, is a constant and; is the

reaction coefficient associated with,i =1, ...,p.

The original proposition elaborated by Engle (198¢gld extensive debates and
improvements along the years. Bollerslev (1986)fieer that several ARCH model
applications to real series lead to very hphalues, requiring, therefore, many model

parameter restrictions to guarantee positive vagan

The GARCH model proposed by Bollerslev (1986) igemeralization of the ARCH
model. In this model, the volatility in the instant? depends on the more recemt

values of the series (specifically, through,,...,&2 ,) of the more recery values of its

own volatility 2, ,...,0¢,, .

The GARCH modeld, q) can be expressed in the following way

p q
o’ =a, +Za’i€2t—i +Z,8j0'2t—j +v,
i-1 =1



Were, £ is the volatility persistency coefficient assoettvitho? , j= 1, ...,q andy,

is the disturbancfN (0, 1)].

In order to guarantee that the conditional variareeiot negative, as well as the

stationarity of the process, we have that:
p q

a,;a; 20, parai =1..,p;3 20 paraj=1..q9 e Y a;+> B <1
i=1 i=1

The GARCH p, 9 model correctly captures several observed cheniatits of the
financial historical series, such as the leptokuatid grumping nature of the volatility,
since the conditional variance is only a functiénhe innovations magnitude and not of
its signs. Hence, other models came along withc#pacity to capture the asymmetry,
such as the EGARCH and TARCH models.

3.4 Asymmetric and Leverage Effects

The Exponential Generalized Autoregressive Cornuliio Heteroskedasticity
(EGARCH) model, proposed by Nelson (1991), consists inwam the asymmetric

impacts of a data series without requiring positigefficients.

The conditional variance of the EGARCH model isegi\by:

g P M_E e

Were, y, is the coefficient that captures the volatility@snetric effect of the lag term

If y =0, there is no asymmetry in the volatility.ylf20, indicates a differentiated
negative and positive shock impact in the volatilif )y <O, indicates the "leverage

effect” presence. Thg coefficient indicates the persistency of shockhevolatility.

A more simple model to capture the leverage effeogwn as TARCH Threshold
ARCH), where positive and negative shocks in theketagenerates different impacts
on the volatility of financial series, was presehby Glosten, Jagannathan and Runkle
(1993) and by Zakoian (1994). In this model thedibonal variance is given by:
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p q
2 _ 2 2 2
O, —W+Z a&. +Z Bioa + yduis TV,
i=1 =

Were, y measures the asymmetric effedt, is a dummy variable ang?, is the error

term in timet-i, with i to denoting lag.

In this model the dummy variablg, , assumes the value equal to 1¢f <0 (bad

news in the market, e, unfavorable market news and conditions, suchhaszest
restrictions caused by white frost and droughtspdlitical instability), and the value

equal to 0 ik, >0 (good news in the market). In this model the viiiattends to

increase with "bad news" and decrease with "goadsthieHence, positive news in the

market has am impact while negative news hasaanyimpact. Ify >0, negative news

have less effect than positive news. This is knasrthe “leverage" effect. The news

shock in instant — i is asymmetric ify, # 0 and symmetric iy =0.

3.5 Error Distribution

According to previous presentation in item 3.3, dach model: Gaussian (Normal),
Studentand Generalized Error Distribution (GED) distrioas were adjusted, as

described below by the log-likelihood function.

Normal Distribution
Lo = = 3" [In@7) +In(0?) + 2]
normal — 2 t t
t=1
t - Student Distribution

Lo = |n{r["—;"ﬂ - |n{r[%ﬂ — 05In[7z(v-2)]

n ) £t2
—O,SIZ:l:{InUt +(1+v)|n{1+ ZH

V_

Were, I'(.) is a gamma functiony corresponds to the degrees of freedom. Hewce,

2, if v - oo, t-studentdistribution converges to a normal distribution.

10
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GED (Generalized Error Distribution)

S @evH)In) - InT @) - 05In(a}?)

Leep = Z[In(v/)lv) - 0,5/]

t=1

v

Were, V is the degree of freedom amnd.) is the gamma faction, and

This distribution generalizes in a normal distribat yielding more lightly (k>2) or
heavier (k<2) tails than the normal standard (N1{0,and if k=2, a normal distribution

is obtained.

3.6 Data

The data used in this paper were daily price gimtatof Arabic Coffee sacks of 60 kg.
The prices were given in R$ by sack, for the Jan08&; 2000 to June 15, 2012 period,
amounting a total of 3250 observations. The datacgois theCentro de Estudos

Avancados em Economia Aplica(lEPEA-ESALQ/USP), from the University of Sdo

Paulo.

4. Empirical Resultsand Analysis

4.1 Graphic Analysis and Preliminary Tests

The daily returns were calculated by the formula:=In(R)-In(P_). WereR

represents the price quotation in theay andP_, the price quotation in the previous

day ¢-1).

Figures 4 and 5 shows the Arabic Coffee daily pgaetations and the returns behavior

in the considered period.

11
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[Insert Figure 4 here] [Insert Figure5 here]

On a visual inspection of Figure 5, considering #ralyzed period, a prominent
volatility in the returns can be observed, with thelier's presence, especially in 2000,
2002, 2006 and 2011 years. In the 2007/2010 peaiodlative stability in volatility can

be noted. Therefore, it was necessary to test ¢thmatdity and stacionarity of the daily

price return series of Arabic Coffee for the hetiwadacity models application.

Some basic descriptive statistics are presentdalobe 1. It can be noted that the daily
returns of Arabic Coffee presented a leptokurtgtridbution given the kurtosis excess
(11.37219) in relation to the normal distributioB.Q). The Jarque-Bera statistic
indicated the rejection of the normality distrilmutiof the series, with thevalor equal

to zero.

[Insert Table 1 here]

The Q-Q Plot represents one of the most used grapbthods for the verification of
normality in temporal series. The procedure usatsists in a graphic comparison of
the theatrical quantis of a normal distributionfwihe sample data quantis. Figure 6
shows the existence of a non-linear relation antbadgheoretical and empirical quantis,
well accentuated in the tail distributions, indiogt heavier tails in the empirical

distribution. Therefore, all tests rejected thenmality hypothesis of the analyzed series.

[Insert Figure 6 here]

The Augmented Dickey-Fuller (ADF), Phillips-Perr@@P) and Kwiatkowski, Phillips,
Schmidt and Shin (KPSS) tests with a constant andency, indicated that the return

series are stationary and do not have unitary rastpresented in Table 2.

12
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[Insert Table 2 here]

Before estimating the GARCH models, it was necgstarun the ARCH test to verify
the presence or not of heteroskedasticity in thermeresiduals. Hence, the LM
(Lagrange Multiplier) test was done as proposedEbgle (1982). The test values are
presented in Table 3. However, it can be notedhkyetvidences showed from the test
against the null hypothesis the inexistence of tarhl heteroskedasticity in the return

residuals of the Arabic coffee.

[Insert Table 3 here]

4.2 Models selection criteria among the error dlsiition

After the stationary confirmation, the ARMA modetelection was done for the
equation estimation of the Arabic coffee seriearretnean, so that the serial correlation
problem could be eliminated. Based on the AkaikdCjAand Schwartz (SBC)

information criteria, among the analyzed modelsARe(2) model was chosen.

A series of persistency and asymmetric models (AR@idily) were developed, in
order to observe the dynamics of the volatilitytloé price returns of the Arabic coffee.
Therefore, twelve models were calibrated usingethingpes of distributions for the

residuals: normal (Gaussian), t Student and GamedaError Distribution (GED).

The models detached in dark in Table 4 where thes avith better prediction results.
An important characteristic of the analysis wag tha models that considered different
conditional distribution from the normal (Gaussiagmlesented better results. The
utilized software to estimate the data and modglession was the EVIEWS 7.0.

[Insert Table 4 here]

13
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4.3 The ARCH/GARCH Evidences and Effects

Analyzing Table 5, it can be noted that in the AR-(GARCH (1.1)-GED model, the

estimated coefficients were statistically signifitat the level of 5%. The sum of the
coefficientsy, andg, respectively represented b§, e o?2,, were equal to 1.0575,
indicating that a shock in the price return seakthe Arabic coffee would have a long
time effect in the volatility of these returns. Tpersistency coefficient of the volatility
of the termu?, equal to 0.7661, confirms that the volatility sheekill be slowly weak

in the returns. This value is quite near to the fomed by Pereirat al. (2010) of 0.774.

[Insert Table 5 here]

4.4 Asymmetric and Leverage Effects

In the AR (2)-EGARCH (1.1)-t Student model, the qaece of asymmetry of the
volatility in the returns was verified, e., "good" or "bad" news causes effects in these

returns. This could be verified by the, | parameter associated to thg, //o,.;, term

capturing the asymmetry of the volatility (-0.1695)dicating that positive shocks in
volatility does not have the same effect as theatreg shocks, in other words, the
presence of asymmetry in the volatility of the Acaboffee returns. Therefore, the

coefficient was less than zero, indicating the @nes of leverage effect.

On the other hand, in the AR (2)-TARCH (1.1)-GEDdub the (/,) coefficient of the
d._,.£2,term was statistically significant at the 5% levielg., positive and negative

shocks have different impacts on volatility andreturns of Arabic coffee. Hence,
confirms asymmetry, as well as the presence ofetlerage effect.

In order to verify the performing evaluation mea&suof the predictive capacity of the
models, information criteria of Akaike (AIC), Schima (SBC), log-likelihood, Mean
Absolute Error (MAE) and Theil-U coefficient wersad. The results are presented in
Table 6. Therefore, the best model for Arabic Gaffelatility price prevision is the AR
(2) - EGARCH (1.1) — t student. The Brazilian AmalCoffee variance returns are

subject to asymmetry, as well as leverage effdus flesult was also confirmed by Ml

14
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(2008). However in relation to persistency, thesgn model presents a value of 0.76.
By observing the Theil-U coefficient, one can dagttthe model is acceptable since the
U statistic is less than one, indicating its apilif making more precise predictions.
Hence, market information are asymmetric and negatews, such as crop failure, bad
climatic conditions, plague and diseases, amongrsththat directly affect Arabic

Coffee production, contributing in expressive wayhe product price volatility.

5. Conclusions

The consequences of constant global price changdsod production, commodity
trade and nutrition security in developing courstribke Brazil, yields the need for
appropriate spot commodity prices volatility modelBherefore, in view of the
complexity of macroeconomics aspects engaged in dghbject, the use of
heteroskedasticity models was essential to the i&r@bffee price volatility analysis
done in this paper, since the research involvirfifeeoproduction channels reported in
economic literature is scarce. Additionally, the dels used in the analysis present
recent methodological advances in treating Arabaffée price returns, serving as

important tools in risk management by investors.

An empirical analysis of Arabic Coffee price retsiris discussed, using AR (2) -
GARCH (1.1) - GED.AR (2) - EGARCH (1.1) - t Studeartd AR (2) - TARCH (1.1) -
GED models.

The results showed persistency and asymmetricatioea in volatility,i. e, positive
and negative shocks had different impacts on tHatility of the returns, what was
confirmed in the literature by EGARCH (1.1) e TARC21) models.

Based on the Akaike, Schwartz, log-likelihood, Meahbsolute Error and Theil-U
coefficient criteria, the chosen model for the vty prevision was AR (2) —
EGARCH (1.1) - t student. The Coffee Arabic prigturns volatility showed strong
signs of asymmetry, indicating that negative ansitp@ shocks have different impacts
on returns volatility. It was seen that the shohsd to reverberate for some time. The
coffee market situation at all times presents stroonfirmation evidences of that result,

since the supply shock yields increases in pricel$eof the commodity.

15
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Finally, the empirical results suggests the utilaa of the proper strategic instruments
of hedging in view of the accentuated shock pessist in the Arabic Coffee price

volatility returns.

References

Bollerslev, T., 1986. Generalized autoregressiveddmnal heteroskedasticityournal
of Econometrics 31, 307 — 327.

Campos, K., C., Campos, R., T., 200alatilidade de precos de produtos agricolas:
uma analise comparativa para soja, café, milho e dardo. in: XLV Congresso da
Sociedade Brasileira de Economia e Sociologia Rucaldrina, Parana.

Dickey, D.A., Fuller, WA., 1979. Distribution of the estimators for augmessive
times series with unit roofournal of the American Statistical Associatiory4, 427-
431.

Engle, R. F;, 1982. Autoregressive conditional heteroskedastiwiti estimates of the
variance of United Kingdom inflatioeconométrica 50, 987-1007.

Glosten, L. R., Jagannathan, R., Runkle, D. E.,3199n the relation between the
expected value and the volatility of the nominatess returns on stock¥ournal of
Finance, 48, 1779-1801.

Jarque, C., Bera, A., 1987. Test for normality b§ervations and regression residuals.
International Statistical Review55, 163-172.

Kwiatkowski, D., Phillips, P. C. B., Schmidt, P.hi8, Y., 1992, Testing the null
hypothesis of stationarity against the alternab¥e unit root: How sure are we that
economic time series have a unit roal@urnal of Econometrics b4, 159-178.

Martins, C. M. FE, 2005. A volatilidade nos precos futuro do café brasilegoseus
principais elementos causadorddBA Dissertation, Universidade Federal de Lavras -
UFLA, Lavras, MG.

Mol, A. L. R., 2008.Séries de tempo com erros ndo lineares: uma aviiaga
persisténcia e assimetria na volatilidade de denies de café e boi gordo BM&F.
INTERFACE, 5, 55-69.

Mél, A. L. R., Junior, L. G. C., Séfadi, T., 2008alueatrisk dos ajustes diarios: 0 uso
de modelos heteroscedasticos em precos futuroafddRevista BM&F, n. 160.

Monte, L. E O., 2007.Andlise da volatilidade nos pre¢cos do cacau no axwcde

futuros de Nova York (CSE): uma aplicacdo dos nosdedbARCH, 164f. MA
Dissertation in Economics, Universidade da AmazéndAMA, Belém, PA.

16



17

Moraes, L., Silva, C. A. G., 201®nélise da volatilidade do preco do café: uma
aplicacdo dos modelos EWMA e GARCH. KVII Simpésio de Engenharia de
Producdo — SIMPEP 2010, Bauru, SP.

Nelson, D. B., 1991. Conditional heteroskedastigityasset returns: a new approach
Econometrica 59, 347 — 370.

Pereira, V. F., Lima, J. E., Braga, M. J., Mendonga G., 2010.Volatilidade
condicional dos retornos de commodities agrope@sirbrasileiras Revista de
Economia 36, 73-94.

Phillips, P.C.B., Perron, P., 1988. Testing for rat woot in time series regression
Biometrika, 75, 335-346.

Sachs, R. C. C., Margarido, M. A., 200&nalise da volatilidade dos precos do boi
gordo no Estado de Sao Paulo: uma aplicacdo doselbsdARCH/GARCHIn: XLV
Congresso da Sociedade Brasileira de Economia ®l&gie Rural, 2007, Londrina,
Parana.

Silva, C. A. G., 2008Andlise da volatilidade do boi gordo no Estado d® $aulo:
uma aplicacdo dos modelos GARCH. ¥i:VI Congresso da Sociedade Brasileira de
Economia e Sociologia Rural, 2008, Rio Branco, Acre

Silva, W. S. S., Séfadi, T.; Junior, L. G. C., 200fa andlise empirica da volatilidade
do retorno de commodities agricolas utilizando nasl&RCH: os casos do café e da
soja.Revista de Economia RuraRio de Janeiro, 43, 119-134.

Zakoian, J. M 1994. Threshold heteroskedasticty moddisurnal of Economic
Dynamics and Contrql18, 931-955.

17



18

FIGURESAND TABLES

- 5,000 10,000 15,000 20,000 25,000 30,000 35,000 40,000 45,000 50,000

Brazil

Vietnam

Indonesia

Colombia

Ethiopia

India

. H 2006 2007 H 2008 H 2009
Mexico

Guatemala

Peru

Honduras

Figure 1 - Major Arabic and Robust coffee producers invilogld, 2006/2009
(in 1,000 sacks of 60kg).
Source: International Coffee Organization (ICO).
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Figure 2 - Major Arabic and Robust Coffee exporters, 20022
(in 1,000 sacks of 60 kg).
Source: International Coffee Organization (ICO).
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Table 1 — Price returns of Arabic Coffee statistic summary

20

Statistic

Mean

Median

Maximun

1 Minimum

Standard Deviation

Value

1.000214

1.000425

1.163692

0.85043¢4

0.019183

Statistic

Asymmetric

Kurtosis

Jarque-Ber

ap-valor

Observation;

U7

Value

0.147497

11.372]

P503,619

.0000003250

Table 2 — Stationary test for price return series of Acaboffee.

Variable ADF (PP) Critical Valug KPSS | Critical Value
(5%) (5%)
Arabic Coffee| - 44.0482| - 60.3535| -3.4112 0,1253 0,1460
Table3 - ARCH Test.
Lag F stat Prob LM
5 13.9932| 0.000Q 82.0132

Table 4 - Criteria selection among error distributions ohsidered models.

Model Error Distribution | AIC SBC L og-likelihood
Normal -5.3679| -5.3588 6912.55
AR (2) GARCH (1.1) | Student t -5.4514| -5.4400 7020.93
GED -5.4623 | -5.4509 7034.99
Normal -5.3754| -5.3640 6923.10
AR (2) EGARCH (1.1) Studentt -5.4659 | -5.4593 7043.89
GED -5.4645| -5.4508 7038.79
Normal -5.3762| -5.3648 6924.17
AR (2) TARCH (1.1) | Studentt -5.4536| -5.4399 7024.81
GED -5.4653 | -5.4516 7039.82
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Table5 — Models estimation results.

21

Specification GARCH (1.1) EGARCH (L1)| TARCH (1.1)
Conditional Mean

AR (2) 0.9996(0.0000) 0.9989(0.0000)  0.9902(00)00
Conditional Variance

a, 0.0000386 (0.0000)-0.8954(0.0000) | -0.000124(0.0000)
£2, 0.2914 (0.0000 0.1649  (0.0000)
o, 0.7661  (0.0000 0.7743 (0.0000)
d,,.€2, 0.1304  (0.0000
£lJo, -0.1695(0.0000)

EH,E_\E 0.2122(0.0000)

In(g?,) 0.7550(0.0000)

Error Distribution GED tStudent GED

Source: Research results.

Note: The numbers between the parentheses aredbalplity values §-valug at a 5%

level of significance.

Table 6 — Quality Measures of the Models

Model MAE| AIC SBC | Ln(L) | Theil-U
AR (2) — GARCH (1.1) | 0.0149] -5.4623 -5.4509 7034.990.9984
AR (2) - EGARCH (1.1)] 0.0149F-5.659* | -5.4593*| 7043.89% 0.99807
AR (2) - TARCH (1.1) | 0.0149| -5.4653] -5.4516 7039.820.9983

Sour ce: Research results.

AIC is the Akaike's information criteria. SBCtle Schwartz information criteria.
Ln (L) is the maximum log-likelihood of the estited model.
MAE is the Mean Absolute Error
* denotes the best model according to the useekieri

21



