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ABSTRACT

This paper estimates linear and non-linear error correction models for the spot prices of four
different coffee types. In line with economic priors, we find some evidence that when prices
are too high, they move back to equilibrium more dowly than when they are too low. This
may reflect the fact that, in the short run, it is easier for countries to redtrict the supply of

coffee in order to raise prices, rather than increase supply in order to reduce them. Further,

there is some evidence that adjustment is faster when deviations from the equilibrium level get
larger. Our forecasting andys's suggests that asymmetric and non-linear error correction
models offer weak evidence of improved forecasting performance relative to the random
wak model.

RESUMEN

Este documento estima modelos linedes y no-linedles de correccion de errores para los
precios spot de cuatro tipos de café. En concordancia con las leyes econdmicas, se
encuentra evidencia que cuando los precios estan por encima de su nivel de equilibrio,
retornan a éste mas lentamente que cuando estan por debgo. Esto puede reflgar € hecho
gue, en @ corto plazo, para los paises productores de café es mas fécil restringir la oferta
paraincrementar precios, que incrementarla para reducirlos. Ademés, se encuentra evidencia
que d guste es més rapido cuando las desviaciones del equilibrio son mayores. Los
pronosticos que se obtienen a partir de los modelos de correccion de errores no linedes y
asmétricos considerados en d trabgjo, ofrecen una leve mejoria cuando se comparan con
los prondsticos que resultan de un modelo de paseo destorio.
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. Introduction

The exports of many developing countries are often concentrated on arelatively smal number of
primary commodities, whose internationa prices are highly volatile. Indeed, primary commodities,
unlike manufactures, usudly have low supply and demand price eadticities (in absolute vaue), o that
a given shift in one of the curves causes a much larger change in prices compared with the case
where the dadticities are larger in absolute value. Dedling with large fluctuations in commodity prices
certainly represents a chalenge from a policy perspective, as the mismanagement of commodity
booms and dumps (i.e. sharp pricerises or fals over ardatively short period of time) may congtitute
aggnificant source of macroeconomic ingtahility.

Among agriculturd commodities, coffee is the mgor source of export revenue for low- and
midde-income countries (Varangis et al., 1995). It is difficult to speak of an internationa coffee
market in the srict sense of the term, since there are two important species of coffee that can be
distinguished, namely Arabica (which accounts for more than 70% of the world coffee production)
and Robusta. The best-known varieties of the former are Unwashed Arabicas (mainly coffee from
Brazil, thereafter UA), Colombian Mild Arabicas (mainly coffee from Colombia, thereafter COL),
and Other Mild Arabicas (mainly offee from other Latin American countries, thereafter OM),
whereas Robugta coffee (thereafter ROB) is mainly grown in African countries and Southeast Asa

In an earlier sudy, Vogelvang (1992) investigated the existence of long-run relationships among
the spot prices of the four types of coffee discussed above, traded in the New York market. This
was done using quarterly data over the period 1960-1982. More recently, Otero and Milas (2001)
re-examined the relationships among coffee prices based on an extended sample period up to 1998,
dso dlowing for the posshility of nonlinear adjustment back to equilibrium in the short-run

behaviour of the four coffee prices. In the case of the coffee market, the adoption of a non-lineer



framework to study price behaviour can be motivated by the fact that relative price increases in
periods of a boom seem higher than relative price decreases in periods of a dump. In addition, there
have been periods of time when the market operated under conditions of internationa agreements,
which restricted exports, and periods of time when the market operated fredy. Therefore, the
behaviour of coffee prices may differ from one period to ancther.

The purpose of this paper is to perform an evduation of the forecast performance of multivariate
nor-linear and linear error correction models of the spot prices of the four coffee types discussed
above. Forecasting variations in the price of coffee is particularly important for countries that rely on
exports of this commodity as a source of foreign exchange. At the macroeconomic level, accurate
information about future coffee prices can help policymakers devise measures to smooth out the
impact of such price fluctuations on the economy. Unforeseen booms or misconceptions about their
duraion can certainly complicate macroeconomic management. In some developing countries, for
example, temporary commodity booms have been thought to be permanent, and so they have been
typicaly accompanied by overspending booms that are fuelled not only by higher incomes, but aso
by the increased indebtedness that results from the country's improved access to internationa
borrowing.

Our forecasting modeling exercise uses multivariate nortlinear error correction models, which
have been found to provide an appropriate framework for studying the behaviour of severd
macroeconomic time series; see e.g. Anderson (1997), and van Dijk and Franses (2000) for two

recent applications of these models to the modelling of interest rates in the US and the Netherlands,

1 The problems arising from commodity booms have been widdly discussed in the devel opment economics literature, and are
often known as "Dutch disease". This term refers to the fact that during the 1960s, Dutch manufacturing suffered from the
gppreciaion of the real exchange rate that followed the discovery of natural gasin the North Sea. On the theoretical aspects of
the Dutch disease literature see eg. Corden and Neary (1982) and Neary and van Wijnbergen (1986). Varangis et al. (1995)
focus on the management of commodity price voldility from the perspective of developing countries, examining and
contrasting government policies and their effects.



respectively. Nonlinear modds are flexible as they dlow us to examine the asymmetric effects of
positive and negetive deviations from equilibrium as wel as the differentid effects of smdl and large
discrepancies. Despite these interesting properties associated with nonlineer models, the question
that needs to be answered is how successful they are for forecasting coffee prices (or the prices of
other commodities). Examining the behaviour of four commodities that are important for many
African economies (that is, cocoa, coffee, copper and cotton), Deaton (1992) found that neither
lineer univariate time series modds, nor more daborae structurd modds are very useful for
predicting their prices. Our paper thus examines whether multivariate non-lineer error correction
models yidd useful out- of-sample coffee price forecads.

Our main results are summarised as follows. Firg, markets for different types of coffee are
highly integrated as the long-run relationships among coffee prices are found to affect dl different
coffee types. Second, in line with economic reasoning, there is evidence that when prices are too
high, they move back to equilibrium more dowly than when they are too low. Further, there is some
evidence that adjustment is faster when devaions from the equilibrium level get larger. Third,
asymmetric and nortlinear models offer improved forecagting performance rdldive to the random
wak modd primarily for the case of Colombian Milds but not for the other coffee types. However,
this shoud not deter us from employing nonlinear modes in empirical modelling. Economic priors
suggest that nor+linear moddls may be successful within the estimation sample. On the other hand,
ther (relatively) wesk out-of-sample forecasting performance may be due to the fact that non
linearity is not present in the forecast period. Alternatively, introducing different non-linear structurein
coffee price modds could improve their forecasting performance.

The paper is organised as follows. Section Il estimates the long-run relationships among the




prices of different coffee types. Section 11l tests for asymmetric and nortlinear adjusment in the
behaviour of the coffee prices and discusses their out-of-sample forecasting performance. Findly,

section |V offers some concluding remarks.

I1. Long-run estimates of coffee price models
We have p = 4 variables, y, = [Pvua, Pov, pros, poL]g; where Pua, pom, proe and Poo- are the logs of
the spot prices of the different coffee types in the New York market. We use quarterly datafrom
1962(1) to 2001(1). The coffee prices are taken from the International Coffee Organisation (ICO) .2
In our empirica work, we carry out our estimations over the period 1962(1)-1996(1), reserving the
last five years of data for out-of-sample forecagting tests. Estimations are done in PcFiml 9.0
(Hendry and Doornik, 1997) and Eviews 4.0 (Quantitative Micro Software, 2001). In Johansen's

(1988, 1995) notation, we write a p-dimensiona Vector Error Correction Modd (VECM) as:

k-1

Dy: =a GDy,.i + Py, + m+e, t=1...,T (@]

i=1
where D is the first difference operator, y; is the set of 1(1) variables discussed above,
e, ~niid(0,S), mis a drift parameter, and P isa(p x p) matrix of theform P = abd, where a and
b are (p x r) matrices of full rank, with b containing the r cointegrating vectors and a carrying the
corresponding loadings in each of ther vectors.

Figure 1 plots the levels and the first differences of the four coffee price series. Prdiminary
anaysis of the data usng the Augmented Dickey- Fuller (ADF) tests suggested that dl seriesarel (1)

without drift when considered in levels. Applying the Johansen (1988, 1995) cointegrating gpproach

2\Wewould like to thank Ben Vogelvang for providing us with the pre 1983 dataset.



to find the number of cointegrating vectors and using a lag length of k = 4 in the linear VAR;? the

following vectorswereidentified:

pCoL = 0.304P"™ +0672P°M +0.183 @
(0.056) (0.062) (0.052)
and
pROB — pUA - 0.247 (€)
(0.024)

where standard errors are given in parentheses* The firgt vector involves P, puaand Pov. The
estimated postive intercept supports the price differentid of Colombian over the other Arabica
coffee types (Colombian is regarded as a higher quality coffee). The second vector involves Pre and
PuA. Here, the negative intercept proxies the quality premium of Unwashed Arabica over Robusta,
since the latter is a lower qudity of al four coffees. In the next section, we discuss linear and nort

linear specifications of the error correction equations that will be used for forecagting andyss.

[11. Short-run estimates of coffee price modds
[11.1. In sample estinates

OLS edtimates of the error correction models are reported in the first panel of Table 1. To save

3 We dso dlowed for three zero/one dummy variables. The first two (denoted by dl and d2) capture moderate and grave
frosts or droughts in the coffee areas, respectively, with information taken from ICO’s web page, www.ico.org. In particular,
dl takes the vaue of 1 in the third quarter of the years 1962, 1963, 1969, 1972, 1978, 1984, 1985; 1 in the second quarter of
the years 1967, 1979; 1 in 1985(4) and 1986(1); and O otherwise, whereas d2 takes the value of 1 in the third quarter of the
years 1966, 1975, 1981, 1994; 1 in the second quarter of the year 1994; and 0 otherwise. The third dummy (denoted by dB893)
captures the collgpse of theinternational coffee agreement in July 1989. Detailed cointegration results are available on request.
4 For exact identification we imposed a unit coefficient on P and a zero coefficient on PR® in the first vector and a unit
coefficient on P™® and a zero coefficient on P°M in the second one. The unit coefficient on PV and longrun exdlusion of P**
were tested in the second vector, producing ac32) = 0.635 (p-vaue=0.728).



space, we report only the estimated coefficients associated with the error correction terms. These
are denoted by CVv1,, and CV2_, and are given by eguations (2) and (3), respectively. The other
significant regressors appear in the notes of Table 1. The results show sgnificant feedbacks from
both disequilibrium errors in the DPY* and DP°M equations. In addition, CV1,, affects significantly
DPB, whereas CV2,, dfects sgnificantly pP®-. A battery of diagnostic tests suggests some nor
linear dtructure in the resduds of the estimated modds. We postpone their discussion for the
following section where we aso provide evidence that a sgnificant part of this nonlinesrity is
captured by our asymmetric and nontlinear specifications.

The literature on nont linearities in the behaviour of error correction modelsis now rich (see eg.
Granger and Lee, 1989; Granger and Terdsvirta, 1993; Escribano and Granger, 1998; Escribano
and Pfann, 1998; and Escribano and Aparicio, 1999, among others). For instance, Granger and Lee
(1989) partition the error correction term into its postive and negative components, and feed them
back into the short-run dynamic equations, whereas Escribano and Granger (1998) and Escribano
and Aparicio (1999) use a cubic error correction term. This type of non-linear adjustment alows for
afader adjugment when deviations from the equilibrium level get larger.

The second and third pand of Table 1 report the asymmetric and non linear error correction
equations, respectively. Fird, asin Granger and Lee (1989), we take the deviations of CV1 and CV2
around their mean vaues, and partition them into their pogitive and negative components (denoted by
CV*and CV/, j = 1,2, respectively). The results in the second panel of Table 1 indicate that the
speed of adjustment varies depending on whether prices are above or below their equilibrium. For al
equations, there is evidence that when prices are too high, they move back to equilibrium more
dowly than when they are too low. This reflects the fact that, in the short run, it is easier for countries

to restrict supply in order to raise prices, rather than increase supply in order to reduce them



In the spirit of Escribano and Granger (1998) and Escribano and Aparicio (1999) we dso dlow
for cv;? and CV® (j = 1,2, respectively) to enter the short-run equations. Our resultsin the last panel
of Table 1 show some rather weak evidence that adjustment is faster when deviations from the

equilibrium level get larger.

[11.2. In sample diagnostic checking

Next we discuss some diagnostic checks which can be used to evauate our estimated models.
As can be seen from Table 1, the asymmetric and non-linea error correction models seem to
capture some of the normdity and heteroscedadticity failures that are present in the linear coffee price
equetions. As a further check for the adequacy of our asymmetric and norlinear modes, we
examine their ability to capture al nonlinear features of the first differences of the four coffee prices.
This is done by gpplying three fairly generd tests for remaining non-linearity to the resduds of the
esimated modds, namely the well-known Brock, Dechert and Sheinkman (1996, thereafter BDS)
tedt, the bicovariance test due to Hinich (1996), and the Tsay (1986) test for quadratic seria
dependence. In dl cases, the null hypothesis of linearity is tested againgt an unspecified dternative.
Ashley and Patterson (2001) offer a complete discussion of this group of tests. Taking into account
that our sample sSze is smdl and that a Sngle nontlinearity test can only detect or fail to detect non-
linearity, the application of a battery of nonlinearity tests can provide vaduable nontlinear
identification information on a given time series. That said, Ashley and Patterson (2001, p. 20) point
out, in line with previous literature, that “the BDS test is the best test of this group for use as a non
linearity screening tedt”. The teds were estimated using The Nontlinear Toolkit by Patterson and
Ashley (2000) and BDS Sats 8.21 by Brock, Dechert and Scheinkman (1996). Due to our small
sample size, we follow Ashley and Patterson (2001) in computing the bootsirapped significance

levelsas well as those based on asymptotic theory.



For each of the four coffee price series, the tests are gpplied to the resduds of four different
models that will be used for forecasting analysis in the next section, that is, arandom walk mode (i.e.
a modd where the only explanatory varidble is the intercept term) and the linear, asymmetric and
norlinear models of Table 1. Results are reported in Table 2. In the case of UA, the random walk
and the non-linear specification are doing better than the other two models. On the other hand, there
is grong evidence to suggest that the residuas of the non-linear and the asymmetric models for COL
are i.i.d, that is, both models seem to be able to capture most of the nontlinearities, therefore
providing a good in-sample fit. In the case of OM, the non-linear specification produces higher BDS
asymptotic p-vaues, thus providing evidence to suggest thet the residuds of this modd arei.i.d. At
the same time, both the linear and the asymmetric model give much higher p-va uesthan the random
wak modd. Last, the nonlinear and the asymmetric models for ROB do not fail to capture the
important non-linearities in the data generating process. °

The results from the Bicovariance and the Tsay test (see Table 3), are somewhat different from
the BDS reaults, suggesting that nontlinearity is not present in the resduds of the linear equations for
COL, OM, and ROB, respectively. However, they aso suggest that compared to random walk
models, the asymmetric modd for COL and the nontlinear and asymmetric modds for OM succeed

in capturing nontlinearities.

[11.3. Out of sample forecasting performance
In order to assess the usefulness of our linear and non-linear error correction models, dynamic
out- of- sample forecadts of the firat differences of the four coffee prices are computed. These are

compared with the forecasts of random walk coffee price models. Forecasting accuracy is evauated

5Bootstrapped BDS p-values are dmost identical to the asymptotic p-values and for this reason not reported here.
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using Mean Absolute Error (MAE) and Mean Square Error (MSE) criteria. Further, in order to
assess the accuracy of the linear and non-linear models relative to the random walk modeds we
employ the modified version of the Diebold and Mariano (1995) test as proposed by Harvey et al.
(1997). Fallowing Diebold and Mariano (1995), the time t loss associated with aforecast (say i) is

an ahitrary function of the redisation and prediction, g(y,,y,). The loss function is a direct
function of the forecast error, thet is, g(y,,V.) = g(e,) - The null hypothesis of equa forecest

accuracy for two competing forecasts is E[g(e,)] = E g(g)], or E[d] = O, whered; ° [g(e) — g(e]
is the loss differentid (i.e. the difference between absolute or square forecast errors). Thus, the

“equa accuracy” null hypothesis is equivaent to the null hypothesis that the population mean of the

T
o

loss differential seriesis 0. Let Jz?a [g(e:) - g(e;)] denote the sample meen loss differential
t=1

=

(over T forecests), and let g(e,) be is a genera function of forecast errors (eg. MAE or MSE).
Then, +/T(d - m) ¥%24® N(0,2pf,(0)) , where N () refersto the normal distribution. The Diebold and
Mariano (1995) test is given by:

DM = _d 935® N(0,) @

/ 2pf, (0)
T

where fd (0) is a condstent estimate of the spectral dendty of the loss differentid & frequency 0.°

To counteract the tendency of the DM test Setidtic to reject the null too often when it istrue, Harvey

et al. (1997) propose a modified Diebold-Mariano test Setidtic:

. _€T+1- 2h+T 'h(h- D~
u

DM - é T DM 3 4® t(T-l) (5)
e u

where DM isthe origind Diebold and Mariano (1995) test stetistic for h-steps ahead forecasts and

%1n order to provide a consistent estimate of the spectral density, the appropriate truncation lag is chosen by examining the

11



t,_1) refersto Student’ st distribution with (T — 1) degrees of freedom.

Tables 4 and 5 report MAE and MSE criteria for the different versons of the coffee price
models. The gatistica significance of the forecasting performance of the linear, asymmetric, and non
linear error correction models relaive to random wak modes, respectively, is examined using
modified DM* tests. We examine the forecasting performance of the different models ower a
forecast horizon of h=1, 2, 3 and 4 quarters ahead, respectively. According to our results, the
asymmetric and nortlinear error correction models offer improved forecasting performance relative
to the random walk model primarily for the case of Colombian Milds. For dl other coffee types, our
linear, asymmetric and nonlinear models cannot beat the random wak modd. One possible
explanation may have to do with what our resultsin section 111.2 suggested; dthough our asymmetric
and non-lineer moddls are quite successful for Colombian Milds, there seems to be some remaining
nor-linear sructure in the resduas of the asymmetric and nor linear modds of al other three coffee
prices. Therefore, introducing different nonlinear structures could possibly improve the forecasting
performance of the coffee price models.” Furthermore, dthough non-linearities might be present and
ggnificant in our models, the latter may fail to produceex ante forecast improvement; in other words,
datigicd sgnificance does not imply economic significance (see eg. Diebold and Nason, 1990).
Therefore, the puzzle remains unsolved in the sense thet in-sample non-linearities are not useful out-
of-sample (see eg. the discussion in Ramsey, 1996). Another possible explanation for therdativey
poor forecasting performance of the non-linear modds is that nor linearity is not present in the

forecast period (see eg. the discussion in van Dijk et al., 2000).

IV. Concluding remarks

lossdifferentia autocorrelation functions (see e.g. the discussion in Diebold and Mariano, 1995).

12



This paper has examined the price reaionships between different types of coffees both in a
liner and a nonlinear environment. Using price data for Unwashed Arabicas (i.e. coffee from
Brazil), Colombian Mild Arabicas (i.e. coffee from Colombia) Other Mild Arabicas (i.e. coffee from
other Latin American countries) and Robusta coffee (i.e. coffee from Africaand Southeast Asa), we
identified two cointegrating relationships affecting the short-run dynamics of the four coffee prices.
Our edimates of the asymmetric and non-linear error correction modes provided evidence that
when the coffee prices are too high, they move back to equilibrium more dowly than when they are
too low. At the same time, there is some evidence that adjustment is faster when deviations from the
equilibrium leve get larger.

Findly, our results suggested that nortlinear error correction models offer very wesk evidence
of improved forecasting performance relaive to the random wak modd. However, this should not
deter us from using nontlinear moddsin empirica modelling. Economic priors suggest that non lineer
models may be successful within the estimation sample. On the other hand, their (rdatively) wesk
out- of- sample forecasting performance may be due to the fact that non-linearity does not show up in
the forecast period. Alternatively, specifying different non-linear structures could possibly improve
the forecasting performance of the coffee price models. It is notable that commenting on Ericsson et
al.’s (1998) UK money demand model, Terdsvirta (1998) pointed out that nonlinear modds with
quadratic and cubic error correction terms, are first-order gpproximations to smooth transtion
regressions (STR; see e.g. Granger and Terdsvirta, 1993), where the transition mechanism is driven
by the disequilibrium error. Building on that comment, Ter&svirta and Eliasson (2001) estimated
smooth trangtion error correction models using dternative trangtion variables. It is our intention to

address coffee price models in the context of smooth transition models in future research.

"Thet said, the infinite set of non-linear models makes determination of a good approximation to the data generating process a
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Table 1. Error correction modds
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Linear adjustment

oy, 0.760 0.237 0.622 0.267 0.708 0217
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Asymimetric adjustment

cvy, 0.248 0.428 0.280 0.438 0.121 0.393
Cvi 1.036 0.366 0.920 0.381 1119 0315
cvV2;, 0.184 0.162 0.035 0135 0.220 0.158

CV2;, 0.427 0150 0.190 0.118 0.072 0.148

Far 1.370 [0.249] 0.345 [0.847] 0.704 [0.591] 0.374 [0.827]
c? nor 7.723 [0.021] 11.265 [0.004] 3.332 [0.189] 6.221 [0.045]
Farch 2.694 [0.035] 0.426 [0.790] 1.295 [0.276] 2230 [0.07Q]
F het 1.747 [0.033] 1729 [0.039] 1225 [0.237] 1417 [0.124]
s 0.118 0.100 0.114 0.108

Nor+linear adjustment

CcVy 0.499 0.377 0.685 0.383 0.982 0.346
vz, -3.093 2209 -1.971 2192 -4117 1963
cvi, -2.033 22.590 -18.987 22900 -28.955 21.142
cV2,, 0.085 0.127  0.057 0.105  0.013 0.127

ov2?, 0.155 0482 -0.138 0.407 0.494 0.480

cv2? 3.332 1.614 0.723 1.350 2.503 1.601

Far 0.906 [0.463] 0391 [0.815] 0.618 [0.651] 0.255 [0.906]
c? nor 7.806 [0.020] 12590 [0.002] 5732 [0.057] 6.621 [0.037]
Farch 1.639 [0.170] 0371 [0.829] 0.792 [0.533] 2.327 [0.061]
F het 1521 [0.079] 1565 [0.072] 1.038 [0.432] 1322 [0.173]
S 0.116 0.100 0.114 0.108

Notes. SE. are standard errors. s is the regression standard error. F ar is the LM Ftest for serid
correlation of up to fourth order. F arch is the fourth order ARCH F-test. ¢® nor is a Chi-square test for
normality. F het is an F test for heteroscedasticity. Numbers in [-] are the p-vaues of the test statistics.

DP* includes DR"7 5, DI

COL OM
R PR3

{-3 »

DRT9, d1, d2, d893 and a congtant.

DR indudes DR5, DRSY, , DR, 5, DRTS', dl, d2, d893 and aconstant.

H UA
DR includes DR , 4,

DPCOL

{-1-2°

OM
DR1a

DRT3®, d1, d2, d893 and a constant.
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ROB ; UA CoL
DR"® indludes DR"5 , DR°3", DR, 5, DRTPP, 4, d1, d2, d893 and acontant.



Table 2. Linearity tests on the resduas, BDS tests

Unwashed Arabica (UA)

Random Walk Linear ECM Non-Linear ECM Asymmetric ECM
e= e= e= e=
0065 0131 0261|008 0171 0340|0086 0173 0349 | 0090 0.180 0.357

3

0.000 0033 0351|0069 0026 0020|0039 0110 0436 | 0.003 0.003 0.010
0000 0011 0229 | 0005 0.004 0010|0003 0009 0181 | 0000 0.000 0.002
0.000 0002 0283|0002 0000 0005|0000 0001 0118 | 0000 0.000 0.001
0000 0001 0178|0001 0000 0001|0000 0000 0029|0000 0.000 0.000
0.000 0000 0178|0001 0.000 0001 | 0000 0000 0013 | 0.000 0.000 0.000

OOk WN

Colombian Milds (COL)

Random Walk Linear ECM Non-Linear ECM Asymmetric ECM
e= e= e=
0062 0.124 02470083 0167 0336|0082 0166 0334|0083 0167 0335

3
(o)
I

0000 0027 0718|0215 0375 0902 | 0377 0584 0.725| 0342 0553 0863
0000 0012 0842 | 0014 0063 0858 | 0005 0143 0866 | 0.007 0.147 0442
0000 0004 0514|0031 0026 0729|0001 0091 0947 | 0004 0088 0.731
0000 0001 0300|0007 0005 0569|0000 0027 0745|0000 0025 0517
0000 0000 0199|0012 0003 0426|0000 0028 0573|0000 0020 0.368

OOk, WN

Other Milds (OM)

Random Walk Linear ECM Non-Linear ECM Asymmetric ECM
= e= e= e=
0063 0128 0257|0096 0192 0384 (0092 0184 0368 | 0095 0190 0.382

3

0000 0036 0255|0243 0180 0847|0141 0163 0937 | 0026 0.057 0.849
0000 0027 0200|0001 0007 0931|0001 0019 0982 | 0000 0002 0.681
0000 0008 0077|0000 0003 0749|0001 0015 0678 | 0000 0001 0.400
0000 0000 0033|0002 0000 0524|0001 0006 0499 | 0000 0000 0.249
0.000 0000 0.019| 0006 0000 0338|0001 0002 0380|0000 0000 0.150

OO U WN

Robusta (ROB)

Random Walk Linear ECM Non-Linear ECM Asymmetric ECM
e= e= e= e=
0071 0141 0280] 0081 0162 0323|0076 0153 0307 | 0078 0158 0.318

3

0069 0052 0061|0392 0473 0550|034 0865 0744|0323 0661 0.803
0005 0047 0031|0326 0708 0687|0157 0568 0825|0215 0738 0677
0.000 0004 0005|002 0162 0817|0024 0239 0463 | 0.009 0252 0.239
0.000 0000 0.002| 0000 0007 0304|0031 0060 0145|0000 0.034 0.060
0.000 0.000 0.002| 0000 0000 0125|0000 0008 0057|0000 0001 0018

OOk wWN

Notes: The BDS tedt datistic tests the null hypothesis that a series is i.i.d. againg the dternative of
redisation from an unspecified non-linear process. mis the embedding dimension and & equas 0.5s,,,
1.0s, and 2.0s,, respectively, where s, is the standard deviation of the residuds. Given that the choices
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of mand a are crucid for the power of the test, we report the results for different plausible values of m
and & as suggested by Brack, Hsieh and LeBaron (1991). Only p-values are reported.
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Table 3. Linearity tests on the resduass, Bicovariance and Tsay's test

Coffee Model Bootstrap Asymptotic Theory
type Bicovariance Tsay Bicovariance Tsay
=7 k=5 =7 k=5
UA Random Wak 0.011 0.024 0.000 0.016
UA Linear ECM 0.039 0.004 0.014 0.003
UA NortLinear ECM 0.010 0.003 0.001 0.002
UA Asymmetric ECM 0.016 0.002 0.003 0.001
COL  Random Wak 0.016 0.053 0.001 0.039
COL  Linear ECM 0.321 0.783 0.582 0.870
COL  NonLinear ECM 0.055 0.316 0.021 0.336
COL  AsymmetricECM 0.690 0.997 1.000 1.000
OM Random Walk 0.019 0.403 0.001 0.460
OM Linear ECM 0.760 0.983 1.000 1.000
oM NortLinear ECM 0.866 0.947 1.000 1.000
OM Asymmetric ECM 0.869 0.939 1.000 1.000
ROB  Random Wak 0.027 0.165 0.005 0.186
ROB  Linear ECM 0.884 0.712 1.000 0.936
ROB  Non-Linear ECM 0.161 0.350 0.206 0.390
ROB  AsymmetricECM 0.197 0.426 0.273 0.478

Notes: The Tsay (1986) test explicitly looks for quadratic seria dependence in the data and follows
the F-digribution. Under the null hypothesis that a time series is a seridly i.i.d. process, the
Bicovariance test (Hinich, 1996), follows asymptoticaly the c¢? distribution. Following Ashley and
Petterson (2001), both the bootstrap and the asymptotic theory p-values are reported and we set k
=5and | = 7, where k refers to the number of column vectors which contain dl possible cross-
products of the estimated residuds and | = T°* where T is the sample sze. Only p-vaues are
reported.
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Table 4. Forecast evaluation for the pot prices of various coffee types

Mean Absolute Error (MAE)
h Random Linear ECM Asymmetric ECM Nonlinear ECM
Wadk
Unwashed Arabica (UA)
1 0.140 0.120 [0.160] 0.119 [0.139] 0.145 [0.569]
2 0.144 0.146 [0.526] 0.133 [0.248] 0.174 [0.773]
3 0.140 0.139 [0.49]1] 0.129 [0.099] 0.191 [0.755]
4 0.147 0.150 [1.000] 0.131 [0.000] 0.222 [0.792]
Colombian Milds (COL)
1 0.126 0.096 [0.027] 0.095 [0.023] 0.093 [0.027]
2 0.130 0.110 [0.135] 0.113 [0.106] 0.095 [0.024]
3 0.135 0.119 [0.213] 0.124 [0.200] 0.106 [0.000]
4 0.140 0.115 [0.210] 0.116 [0.100] 0.115 [0.000]
Other Milds (OM)
1 0.132 0.133 [0.529] 0.134 [0.577] 0.119 [0.201]
2 0.136 0.155 [0.750] 0.155 [0.807] 0.121 [0.170Q]
3 0.140 0.156 [0.662] 0.153 [0.701] 0.143 [1.000]
4 0.147 0.152 [0.532] 0.135 [0.374] 0.168 [0.734]
Robugta (ROB)
1 0.098 0.110 [0.788] 0.092 [0.314] 0.095 [0.420]
2 0.100 0.151 [0.963] 0.129 [0.960] 0.116 [0.914]
3 0.097 0.146 [0.903] 0.119 [0.922] 0.110 [0.896]
4 0.095 0.150 [0.816] 0.116 [0.742] 0.112 [0.968]

Notes: The forecasting period runs from 1996(2) to 2001(1). h = Forecast horizon. Figuresin
[-] contain the p-vaues for the forecast comparison statistic DM *of Diebold and Mariano
(1995), as modified by Harvey et al. (1997), against the one-Sded dternative that the MAPE
of the linear (asymmetric, non-linear) error correction modd is less than the MAPE of the
random walk model.
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Table 5. Forecast evauation for the spot prices of various coffee types

Mean Squared Error (MSE)
h Random Linear ECM Asymmetric ECM Nonlinear ECM
Wadk
Unwashed Arabica (UA)
1 0.031 0.023 [0.135] 0.023 [0.109] 0.033 [0.583]
2 0.032 0.034 [0.553] 0.030 [0.340] 0.049 [0.825]
3 0.031 0.033 [0.575] 0.029 [0.358] 0.069 [0.830]
4 0.033 0.034 [0.538] 0.028 [0.218] 0.089 [0.819]
Colombian Milds (COL)
1 0.025 0.017 [0.021] 0.017 [0.009] 0.016 [0.013]
2 0.026 0.021 [0.129] 0.022 [0.091] 0.018 [0.000]
3 0.028 0.022 [0.158] 0.024 [0.152] 0.022 [0.000]
4 0.029 0.021 [0.187] 0.021 [0.090] 0.025 [0.255]
Other Milds (OM)
1 0.026 0.025 [0.403] 0.025 [0.405] 0.022 [0.156]
2 0.027 0.036 [0.776] 0.034 [0.798] 0.025 [0.270]
3 0.028 0.038 [0.727] 0.032 [0.657] 0.033 [1.000]
4 0.030 0.035 [0.593] 0.025 [0.365] 0.041 [0.737]
Robugta (ROB)
1 0.014 0.019 [0.888] 0.014 [0.556] 0.015 [0.675]
2 0.014 0.033 [0.943] 0.022 [0.927] 0.019 [0.960]
3 0.013 0.032 [0.890] 0.020 [0.865] 0.017 [0.939]
4 0.013 0.037 [0.826] 0.021 [0.782] 0.018 [0.902]

Notes: The forecasting period runs from 1996(2) to 2001(1). h = Forecast horizon. Figuresin
[-] contain the p-values for the forecast comparison statistic DM* of Diebold and Mariano
(1995), as modified by Harvey et al. (1997), againgt the one-sded dternative that the MSPE
of the linear (asymmetric, nontlinear) error correction modd is less than the MSPE of the
random walk model.

24



Figure 1. Coffee prices - Leves and firgt differences
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Note: Observationsin the shadowed area are used for forecast comparison.
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