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Abstract

The great challenge for this research work is to show that the biases tdrifbedgvior
are predictable and may affect the coffee futures markegrihis research work uses
auto-regressive conditional heteroskedasticity (ARCH) models tiyzaneesults that
cause deviations in the coffee futures market prices. The negative asyrooedtigient

of EGARCH model and the positive asymmetry coefficient of TGARmodel show
the presence of the leverage effect where negative shocks Igagater impact in the
volatility of returns in coffee than positive shocks. The presentkeolfeverage effect

corroborates the Prospect Theory.

Model results also show that the reactions of investors to negatorenation were
statistically significant in the coffee futures market anggest that Behavioral Finance
might contribute to the understanding of the formation of coffee futures markes.pric
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1 - Introduction

This research work analyses the influence of behavioral faottine context of futures
market prices of agricultural commodities. Pereira (2009) showedaketility has an
impact on the pricing of cocoa, making it impossible to explainrdittonal finance
theories. Her research work suggested that volatility may afsdtrfrom decisions of
investors due to psychological issues that arise when forminig Iedefs and
preferences. Her study revealed that Behavioral Finance camibatatto the
understanding of the formation of cocoa futures market prices aneghksrof her
approach corroborate the Prospect Theory. This study focuses anfltrence of
behavioral factors on the coffee futures prices, since the caffeniimportant
agricultural commodity in many regions and countries.

Africa has exhibited negative growth over the last 50 yearscadr share in world
coffee production has decreased from 25% to an average of 14%. Tine decbffee
production was attributable to structural factors and ageing cao#ies &s well as the
economic liberalization programs implemented in the 1990s and otheisfaghaed to
the regional conflicts that has affected certain countries.

Asia and Oceania recorded the strongest production growth in the aiufse last 50
years, representing 23.5% of world production. Production in crop year 2012/13 was
estimated at 42.4 million bags. There has not been any regutenidbieycle of high
and low production years, since observations have shown lengthy persmascessive
increases in production followed by short-term falls.

Central America and Mexico produced an annual average of 18 milliordbagg the
period from 1990 to 2012. Production in the region as a whole does not seleowto s
marked volatility from one crop year to the next. Neverthelessshare in world
production fell to an average of 15.9% during the free market period compared to 18.1%
in the preceding period. However, the recent outbreak of coffeeusiaflisease could
cause a reduction in the production levels of many countries in the region.

South America is the world’s leading producing region with an anpraduction
averaging 52.5 million bags since 1990/91, a level representing 46.6% tofttal. This
pattern in the region’s total production is largely attributabl&razilian production.
Brazil produced an annual average of 35.7 million bags for the period 19&0/91
2012/13. Despite this pattern of Brazilian production, it produced an annwabeawe
50.8 million bags in 2012/13. There has been a regular biennial cyclghoahd low



production years attributable mainly to the impact of climate shew&k as frosts and
droughts (ICE, 2012).

The agricultural sector has some economic characteristicsdisi@guish it from
industrial and commercial sectors, among others, the high econiskiarising from
the dependence on climatic factors; period of time that someutigral crops remain
in the field without displaying the expected return on investmenttlandifficulty of
marketing due to the high perishability of products. Furthermorées remarkable
volatility and doubts about the prices will be received, which makesu#gral
activities, in certain moments, a true game of uncertaintigls hagh financial risk
(Bialoskorski Neto, 1995).

The futures markets for agricultural commodities are a weaprovide "insurance"
against the risk that participants assume in this market andacfpiarantee” about the
evolution of prices. On the one hand, these markets can be aiveffeay to eliminate
one of the major risks of farming due to price uncertainty in fuiore, when farmers
sell their crops. On the other hand, the futures markets playnpartant role in
decision making with a focus on maximizing returns. In particulbe study of
volatility is an essential tool in this market, especially fsset pricing and risk
management. Three variants of the class of models of AutoregreSsinditional
Heteroskedasticity (ARCH), namely, GARCH, TGARCH and EGAR®@Gsétlels, which
exhibit characteristics of modeling that take into account thagthg variance over
time. The conditional variance provided by these models will be usagmrxy for the
volatility of coffee returns (Pereira, 2009).

The problem statement of this research work is to identify teetedf volatility and
investors’ behavior in setting the coffee futures prices tradeithe@MNew York Stock
Exchange. This problem is important for decision making of economittsage the
spot markets for coffee, as well as for investors who operateeirfutures market,
which will provide information about the coffee futures prices.

2 - Methodology

This work differs from most studies on volatility, which assume thaéstors are
rational and their behavior consistent with the assumptions of flueeief market
hypothesis. Modern Financial theories predict that investors have bopswmgs

expectations. Investors have the same information and deterraisartte fair value of
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assets. It would not be expected to have excessive volatility inmodity futures
markets, and then there would be no difference of opinion among investofsr(Tha
2003).

Coffee futures prices are high volatile to any disturbance ornrdtion related to this
commodity. The changes in coffee prices observed in the futuréetiarecent years
are due to economic and behavioral factors. The global economic slowdowaulsas

a substitution of securities for commodities in financial decisidhge leverage effect
supports the arguments of Prospect Theory in the sense that inaestarere sensitive
to losses than to gains (Kahneman and Tversky, 1979). Investoroaes@msitive to
negative information which has a greater impact on volatility arldein€e in setting
coffee futures prices. A class of Autoregressive Conditionardskedasticity (ARCH)
models, namely, Generalized Autoregressive Conditional Heteroskgd&@BARCH),
Exponential Generalized Autoregressive Conditional Heteroskedas{EE(BARCH)
and Threshold Generalized Autoregressive Conditional HeteroskedabliGARCH)
models are used to assess the impact of volatility and behafastals on coffee
futures prices.

The ARCH(p) model determines that the conditional variance isvéiighted average
of the squared non-expected returns in the past. The various shockscaNechthe
periods (t-1) to (t-p) produce different impacts on the behavioesidues &). This
model assumes that the conditional distribution of the innovations isysdisttibuted
with zero mean and varianeg. So thats? is a function of quadratic past innovations,
where p represents the model order (Stock and Watson, 2004). SetsARGHEP)
model by:

&el Qi1 ~ N(0,07) (2.1)

0f = ag+ aiel g + ayef ot . apety (2.2)

The variance of the ARCH(p) model at time t depends on a
constant term plus square errors in periods from t-1 to t-p. If cthefficients

@, aq, Qy, ..., @y are greater than zero, and the squares of the recent errdasgare
the model predicts that the square of the current error is largnagnitude and its
variance is also large. On the other hand, if there is no caoretzgtween the variances

errors of the coefficients,, a;, a, ..., a, are not statistically different from



zero and the model will present homoskedasticity. Engle (1982)
demonstrated that, for various econometric models, it is not reasotmablssume a
constant conditional variance of the forecast errors. To verify piesence of
autoregressive conditional heteroskedasticity in the models, wethesd.agrange
Multiplier test.

After the development of the ARCH model, other models have euesgch as
GARCH, EGARCH and TGARCH models with wide application in finahseries.
These models were applied to the analysis of conditional volatlityme series of
returns of coffee futures.

Bollerslev (1986) generalizes the ARCH model, proposing the GARG#ehn order
to capture both the mean and variance of a time series witrRMAAprocess. The
GARCH model expresses in a more parsimonious manner (with feampters) the

time dependence of the conditional variance. Sets up the GARCH(p, g) model by:
o= ap+ X a e, + Z;’zl Bj ot (2.3)

This model is well defined, if the following restrictiong (> 0, a; >0, g; > 0) are
satisfied.

The intuition for the parameters of this model are: a) laagficientsp indicate that
shocks take a long time to dissipate (persistent volatility); & large coefficients
reveal that the volatility tends to be more "sharp" (having heglctivity). We can see
that the persistence of the shocks to volatility of the returnaoinamodity is checked
by the sum ol andp. Values close to zero indicate that a shock on volatility cause
transient effects on the behavior of the time series, convergirige ishort time, to its
historical mean, while values near one indicate that the shocktak#l longer to
disappear. We can observe that periods of low prices are followéigbwolatility,
while the periods of high prices, there is less intensity in NiofatThis is due to the
leverage effect, where positive and negative shocks tend to havemifédfects on
volatility. These asymmetries can be captured by EGARGHT&SARCH models. The
ARCH/GARCH models have limitations, because the impact of shatk®latility is
symmetric (Nelson, 1991).

This problem was overcome by the development of the EGARCH mddelsapture

the asymmetric impacts in a time series and ensuring the notivitggaf the



coefficients in this model. It is noteworthy that any impositiof restriction is not
necessary to ensure the non-negativity of the model paramitessnodel uses Iaf),
if the parameters are negative, the conditional variance is necessarilyegpositi

The EGARCH model is characterized by the asymmetry oftiliplawhere shocks
have an exponential and non-quadratic effect. The EGARCH(1,1) modptéseated

as follows:

In(0f) = ag+ B11In(of,) + a4

B OB (2.4)

where:

o - the coefficient of the reaction of volatility;

B - the coefficient of the volatility persistence; and,

y- the coefficient that captures the asymmetry of volatility. The leeertigct occurs
wheny < 0, allowing that the volatility responds more quickly to negative shocks
than positive shocks.

The TGARCH model assumes that negative information, such as ovenowagduc

falling dollar, political instability, etc., distort the mark@takoian, 1994). This model

also allows capturing the leverage effect and the asymmghavior is not only
captured by the sign of the shock, but mainly by the size of gshixck. The

TGARCHY(1,1) model is represented as follows:

of = ag+ aref 1 + P10t +vide-16fq (2.5)

where:

g 1 &2, <0 (bad news)
170 €2, > 0(good news)

where:

a - the coefficient of the reaction of volatility;

B - the coefficient of persistent volatility; and,

vy - the coefficient of asymmetry.

Wheny # 0, there is a differential impact of positive and negative shackslatility

and if y > 0 verifies the presence of the leverage effect in which thetimegehocks
have a greater impact on the volatility of the time seriesbaitive shocks. Thg = 0

indicates that the variance does not show asymmetry and the mddpke®s to the



standard GARCH form. The leverage effect can be understood asxw for the
emergence of new information in the market, so that the highetilitplaf returns in
the period is a consequence of the reaction of investors to shockeowdr, the
leverage effect corroborates the Prospect Theory in the dmmisetestors are more
sensitive to losses than to gains and these investors are moitevesgnsnegative

information which have a greater impact on volatility.

3 — Data and information

The data used in this research work correspond to coffee futures phtained from a
secondary source, with daily frequency, quoted in the months of Margh, Mb,
September and December, in U.S. dollars per pound, using daily giwiiag, relative

to second position in the New York Board of Trade (NYBOT), covering the peood f
March 1992 to March 2012, which represents 5,220 observations. The seleateld peri
allows contemplate different times of shocks on the marketir¢2®09) divided the
selected period into four periods of time to capture the stylfacts in each period.
This research work considers three periods of time describfdl@ass: 03/23/1992 -
11/20/1998 (1,740 observations); 11/23/1998 - 7/22/2005 (1,740 observations); and
07/26/2005 - 3/23/2005 (1,740 observations).

The data were used by a class of Autoregressive Conditiotedddkedasticity models
(ARCH), namely, GARCH, TGARCH and EGARCH models, assuming ¢ssential
aspects: a) volatility in each period; and, b) valid values foroladlervations. The
presence of observations on New York Board of Trade, in a periodsntleat the
percentage of days on which there was at least one contract of coffes helgkeéWhen
there are no trading days, the asking price remains unchanged ahailyhesturn is
zero. It is noteworthy that the selection of coffee futuresraots available on the New
York Board of Trade ensures the restrictive nature of liquiditgach one of the time
series. Coffee futures prices show strong oscillations in iceperiods like 1999
(Brazilian crisis), 2002/03 (dollar appreciation) and in 2007/08 ("bubble" o
commodities and the American crisis) (Figure 3.1).
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Figure 3.1 — Coffee futures prices, 1992 - 2012
Source: Research results
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Figure 3.2 — Returns of coffee futures, 1992 - 2012
Source: Research results

The figures 3.1 and 3.2 show trends of high and low prices as wedriasls of high
and low returns, followed by periods of high and low volatility, sligquethat the coffee
futures market is quite volatile. The minimum and maximum vadgbgeved by coffee
futures prices in the period analyzed were U.S. $ 50.05 / Ib (on 7/29/2682).S. $
324.86 / Ib (on 6/02/1997), respectively.

Period Mean Maximum | Minimum |St Deviation| Skewness Kurtosis JB test
1| 0.025056 | -24.409350 | 28.254930 | 2.583404 0.571418 20.601660 22543.56
2|-0.003778| 27.703230 | -14.483600 | 2.391111 0.842177 17.876810 16242.01
3| 0.034295 | 6.799735 | -11.300750| 1.663897 | -0.285608 5.746441 570.19
Total| 0.018996 | 28.254530 | -24.409350 | 28.254930 | 0.584315 20.164300 64366.83

Table 3.1 — Descriptive statistics of returns of coffee futures

Source: Research results
The main descriptive statistics of returns of coffee futureseported in Table 3.1. The

Jarque-Bera tests and their zero p-values suggest a rejectioa il hypothesis of

normality. The values for skewness and kurtosis, in all the atlyeriods, show that



returns of coffee futures distribution showed deviations from nornaidyacterizing it

as leptokurtic.

4 — Results

The time series of commodity prices are mostly nonstatiofi&ey time series of coffee
futures prices are clearly non stationary, with intense vajati certain periods
(Figures 3.1 and 3.5).

Without trend With trend
Variable ADF test | 5% critical value | ADF test |1% critical value
Coffee Price -1.965117 -3.431422 -2.206807 -3.341422
A Coffee Price [-71.436970 -3.431422 -71.430450 -3.341422

Table 4.1 — Stationarity tests for a time series of coffee futures prices
Source: Research results

NoteA corresponds to the first difference
The results confirm that coffee futures have a stochastid,tnhen the Augmented
Dickey-Fuller Unit Root test is performed with or without tenderand the null
hypothesis of the presence of unit root is not rejected. If thiedifference is used, the
time series will be stationary (table 4.1).
This research work tested the coffee returns for total panddhree periods of time as

it is described in the data and information chapter.

Periods Beginning End Obs. Mumber | The ADF test | 1% critical value
Total period 03/23/1992 |03/23/2012 5220 -52.35007 -3.431422
First Period 03/23/1992 |11/20/1998 1740 -29.79590 -3.433912
Second Period 11/23/1998 |07/22/2005 1740 -30.70286 -3.433912
Third Period 07/25/2005 |03/23/2012 1740 -30.14458 -3.433912

Table 4.2 — Stationarity tests for a series of coffee futures returns

Source: Research results
The ADF test presented in Table 4.2 shows that the time sewdeslyfeturns of coffee
futures reject the null hypothesis of nonstationarity for a 1%carivalue. This study
found high kurtosis values, indication of variance clustering and nonlieggendence
that suggest a specification of a GARCH-type structure. Thetegxie of asymmetric
effects in the time series of returns of coffee futuresaured by the EGARCH and
TGARCH models. Engle and NG (1993) make a comparison between theds aratle
find that the TGARCH model has higher performance than the EXFARodel. Thus,
we identify the best model estimated by the lowest valueseoAtC and SBC criteria
for each one of the periods (Table 4.3).
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Periods Models AIC criterion BIC criterion
First Period GARCH(1,1) 4.581621 4.591042
GARCH(2,1) 4581714 4.594276
TGARCH(1,1) 4.569752 4.582313
EGARCH(1,1) 4.598443 4.605104
Second Period GARCH(1,1) 4.479199 4. 488620
GARCH(2,1) 4. 485706 4.498265
TGARCH(1,1) 4.498791 4.511352
EGARCH(1,1) 4432721 4.445282
Third Period GARCH(1,1) 3.839784 3.849205
GARCH(2,1) 3.853724 3.865757
TGARCH(1,1) 3.851829 3.804391
EGARCH(1,1) 3.849265 3.801826
Total Period GARCH(1,1) 4.314534 4.318305
GARCH(2,1) 4.314721 4.319749
TGARCH(1,1) 4.300269 4,305297
EGARCH(1,1) 4.330665 4.335693

Table 4.3 — Identification of the models for each one of the periods of time
Source: Research results

The table 4.3 shows the selected models for each one of the peridaseofo
corroborate the identification of volatility as a tool for coffee pricing.

The GARCH(1,1) and TGARCH(1,1) models were selected in thepinsbd of time
and their variances are presented as follows:

o2 = 0.098461 + 0.0460512 , + 0.94027002 , (4.1)
(0.0000)  (0.0000) (0.0000)

o2 = 0.102991 + 0.0613132 , + 0.94359502 , + 0.040288 d,_ 2 ,
(4.2)
(0.0000)  (0.0000) (0.0000) (0.0000)

The results of the GARCH(1,1) model show statistical significance at 1% awdlties

in parentheses represent the p-values. The persistence of shocks to velaigiasured
by the sum of the coefficients and 3 (0.040 + 0.943 = 0.983) indicate that the
occurrence of shocks to volatility will cause transient effentthe behavior of the time
series and, after short-term, the variance tends to conveitgehistorical mean. Values
near or greater than one indicate that more time becomes ngcksstne shock to
dissipate.

The TGARCH(1,1) model captures the evidence of asymmetry in ythandcs of
reversion to the mean through theoefficient which is positive. The positive sign of

the coefficient of asymmetry in the TGARCH(1,1) model shows tiesgmnce of the
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leverage effect, where negative shocks have a greater impabée amolatility of the
return of coffee futures than positive shocks. The leverage effedtecanderstood as a
proxy for the emergence of new information in the coffee futuraseh so that the
higher volatility of returns of coffee futures in the period i€amsequence of the
reaction of investors to shocks. Moreover, the leverage effect comtebdhe Prospect
Theory in the sense that investors are more sensitive to Ibssesot gains and these
investors are more sensitive to negative information which haveaegrimpact on
volatility. Therefore, the volatility feedback effects indicdtattthe emergence of new
information in market increases the volatility of the return ofcvmodity and lowers
its price, accentuating the negative skewness of this return. @hdtsr of the
TGARCH(1,1) model confirm the theoretical arguments and corrobtrateolatility
feedback effects and, especially, the Prospect Theory.

The GARCH(1,1) and EGARCH(1,1) models were selected in thendeperiod of

time and their variances are presented as follows:

o2 = 0.586035 + 0.091487¢2 ; + 0.80613902 , (4.3)
(0.0000) (0.0000) (0.0000)
In(62) = 0.99759 + 0.048182 ? +0.9158721In(02 ;) + 0.201476 ? (4.4)
t—1 -1
(0.0000)  (0.0000) (0.0000) (0.0000)

Models results show statistically significant at 1% and theiegmlin parentheses
represent the p-values. The magnitude of the persistence coefficients (0.09 ©@8) =
in the GARCH(1,1) model is close to one, leading to the same canclolstained in
the first period of time that any shock have a persistent effest long periods of
volatility in the time series. Thecoefficient that captures the asymmetry of volatility is
positive in the EGARCH(1,1) model and positive shocks are more destapilthan
the negative shocks.

The GARCH(1,1) and EGARCHY(1,1) models were selected in the pieiriod of time
and their variances are presented as follows:

o2 = 0.061756 + 0.0227612_, + 0.95459402 , (4.5)
(0.0016)  (0.0000) (0.0000)

Et—1

In(6?) = 0.691086 + 0.150848 — |t 0.208874In(cf ;) — 0.103472 ? (4.6)
t-1 t-1

(0.0001)  (0.0000) (0.2398) (0.0000)
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Models results show statistically significant at 1% and theiegmlin parentheses
represent the p-values, except for the estimate of the coeffizienthe EGARCH(1,1)
model. The magnitude of the persistence coefficients (0.02 + 0.95 = 0.9FAg in
GARCHY(1,1) model is close to one, leading to the same conclusiomedtbtai the first
and second periods of time that any shock have a persistentosféedbng periods of
volatility in the time series. Thecoefficient that captures the asymmetry of volatility is
negative in the EGARCH(1,1) model. This negative coefficient meansnduative
shocks (bad news) generate higher volatility than positive shocksl (gews) and
investors are more sensitive to negative information which hgeeater impact on
volatility which corroborates the Prospect Theory.

The GARCH(1,1) and TGARCH(1,1) models were selected in the ietadd of time

and their variances are presented as follows:

o2 = 0.083472 + 0.044439¢2_, + 0.93956702 , 4.7)
(0.0000)  (0.0000) (0.0000)

o2 = 0.104428 + 0.071428¢2_, + 0.94359502 , + 0.053900 d,_,£2 , (4.8)
(0.0000)  (0.0000) (0.0000) (0.0000)

Models results show statistically significant at 1% and theiegmlin parentheses
represent the p-values. The magnitude of the persistence mffi;m both models is
0.98 and 1.01, revealing that shocks to volatility will last long. Thianaehat the
conditional variance of residuals for the time series of theneif coffee futures has a
unit root and the delay of reversion to historical mean is higherhigepersistence
observed by both models in the total period will influence the decisimede by
investors, especially for those who trade coffee futures contracts for Egm

The y coefficient of the TGARCH(1,1) model revealed the existencasgmmetric
shocks in volatility, because it is significantly differenbrfr zero and positive. The
leverage effect obtained by the asymmetry coefficient shbatsnegative information
has greater impact on volatility which corroborates the Pro3jestiry and emphasizes
the sensitivity to losses.
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5 — Conclusions

The great challenge for this research work is to show that the biases tdrifbedgvior
are predictable and may affect coffee futures market prites study uses auto-
regressive conditional heteroskedasticy models to analyze rdsatitsause deviations
in coffee futures market prices. The negative asymmetryiceet of EGARCH model
and the positive asymmetry coefficient of TGARCH model show tkeegnice of the
leverage effect where negative shocks have a greater impidet volatility of returns
of coffee futures than positive shocks. The leverage effect can besioudkas a proxy
for the appearance of new information in the coffee futures market, so the higlityolat
of returns of coffee futures is a result of investors' reactashocks. The evidence of
asymmetry captured by the EGARCH and TGARCH models alscaitediche presence
of the leverage effect that corroborates the Prospect Theoryh wstates that a great
volume of good or bad information generates an increase in the Wlatilieturns of
coffee futures. Another aspect is that high levels of volatitgéyctosely associated with
negative asymmetries. Model results also show that the reaatfomsvestors to
negative information were statistically significant in coffatures market and suggest
that Behavioral Finance may contribute to the understanding obtimation of coffee

futures market prices.
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