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Weak-Form Efficiency Vs Semi-Strong Form
Efficiency in Price Discovery: an Application to
International Black Tea Markets

K.A.S.D.B. Dharmasena and David A. Besslér

ABSTRACT

In this paper we study a fundamental issue relatethe efficient price
discovery process using time series data from séwennational black tea
markets. The major question studied is as folloigsthe price discovery
process in black tea markets efficient? We usediatistical techniques as
engines of analysis. First, we use time series oustiio capture regularities
in time lags among price series. Second, we fotetestea prices in each
market using the time series model we estimatéalvfetl by a comparison of
the forecast with the forecasts from the randomkwahive) model. Weekly
time series data on black tea prices from severkatararound the world are
studied using time series methods. The study fsliovo paths. We study
these prices in a common currency, the US dollag. a¢0 study prices in
each country’s local currency. Results from unitrtests suggest that prices
from three Indian markets are not generated throughdom-walk like
behavior. We conclude that the Indian markets aseweak-form efficient.
However, prices from all non-Indian markets canbet distinguished from
random-walk like behavior. These latter markets aemk-form efficient. A
Vector Autoregressions (VARS) on the non-Indianketsrare studied in local
currency and in US dollars. We use Theil's U-statito test the forecasting
ability of the VAR models. We find that for mostkats in either dollars or
in local currencies, that a random walk forecasttpmiforms the VAR
generated forecasts. This last result suggestaidimelndian markets are both
weak-form and semi-strong form efficient.

" The authors are, affiliated to Department of Agriculturebi®mics and Business
Management, Faculty of Agriculture, University of Peraderdpd Department of
Agricultural Economics, Texas A&M University, College StatitfBA, respectively.



Introduction are efficient in terms of price
discovery.

Black tea is traded primarily
(about 80percent) in spot markets. In this paper we seek to answer
These markets are located mainly imuestions of efficiency of price
the following countries: Sri Lanka discovery among 7 black tea auction
(Colombo), India (Calcutta, markets in the world. The study
Coimbatore, Cochin, Guwabhati, considers weekly prices over the
Coonoor, and Siliguri), Bangladeshperiod December 1999 through June
(Chittagong), Indonesia (Jakarta),2002. We use two statistical methods
Kenya (Mombasa) and Malawias dual engines of analysis. First, we
(Limbe)". Tea prices are quoted inuse time series methods to capture
each of these markets on at least gegularities in time lags among the 7
weekly basis. These quotes are pricegrice series. Second, we use the
per kilogram. They reflect demandmodel estimated (a  vector
for and supply of tea and differentautoregression or an error correction
quality characteristics. Prices maymodel) to forecast prices of each
also reflect government market. Finally, we investigate
interventions. Governments use tradevhether these forecasts beat the
policy instruments such as exportrandom-walk (naive) model.
taxes, import tariffs, and import
guotas in apparent attempts to This paper is organized as
influence the price and/or follows. First we provide an
consumption of tea. Such regulationsntroduction to the study along with a
may introduce inefficiencies into the brief description of the demand,
tea market, which in turn may givesupply, exports and imports of black
false signals to producers in futuretea. This is followed by a description
periods. of the status of the black tea price

today and a brief discussion of the

Due to the above disparity inauction centers considered in the
prices and the possible absence of astudy. The next section explains the
efficient market for tea (tea trade ismodeling framework used and offers
influenced by government tradea description of the data used in the
policy in importing/exporting study. The last two sections give a
countries), tea producers andnharrative on the results obtained from
consumers may be adverselythe analysis, a discussion on findings
affected. The general problemand their implications on black tea
addressed in this study is toauction markets.
determine whether black tea markets

! Auction centers are located in cities in parentheses in thectespcountry



World Black Tea Economy World black tea consumption is
projected to increase from 1.97
There are seven major black teamillion mt in 1993-95 to 2.67 million
producing countries in the world. mt by 2005, an annual growth rate of
They are: Sri Lanka, India, Malawi, 2.8 percent (FAO, 2000). The
Kenya, Indonesia, Tanzania andeduction of import tariffs by these
Zimbabwe. Turkey, Argentina, Iran, countries and declining prices as a
Nepal and Bangladesh also produceesult could have a more noticeable
black tea, but in smaller numberspositive effect on consumption
relative to the major countries. Black(FAO, 2000).
tea is traded in several auction
centers located in different parts of In developed countries, including
the world. They are Sri Lankacountries in transition, black tea
(Colombo), six auctions in India consumption is expected to increase
(Calcutta, Coimbatore, Cochin, more moderately. Consumption in
Guwahati, Coonoor, and Siliguri), the European community is projected
Bangladesh (Chittagong), Indonesiao increase only slightly in the next
(Jakarta), Kenya (Mombasa) anddecade. Consumption in the United
Malawi (Limbe). States is projected to increase,
though at a relatively slow rate of
The Food and Agricultural less than one percent (FAO, 2000).
Organization (FAO) of the United Black tea consumption in the
Nations has projected demandgcountries of the former USSR is
supply and trade of black tea for theprojected to increase from 154,000
year 2005 based on the most recemtt in 1993-95 to 250,000 mt in 2005,
data available on Dblack teaequivalent to an annual growth rate
production, consumption, populationof 4.5 percent over the period (FAO,
and income growth, and trade. 2000).

World black tea production is Import requirements in 2005 are
projected to increase from the 1993projected at 1.27 million mt, an
95 average of 1.97 million mt to 2.7average annual increase of 2.3
million mt in 2005, an annual percent from average annual imports
average growth rate of 2.8 percent. Irin the 1993-95 base period (FAO
1999 the world black tea supply2000). Net export availabilities are
moved well ahead of demand for theprojected to reach 1.292 million mt
first time since 1993, which createdin 2005, an average annual increase
an obvious potential for an impact onof 2.5 percent from the actual exports
tea prices. Sri Lanka and Kenyaof 985,000 mt during the base period
continue to lead the black tea expor{FAQO, 2000).
market (FAO, 2000).



Projections by the FAO suggest(SLTB, 2003). According to the
that there will be an imbalance in theCentral Bank of Sri Lanka (CBSL),
international black tea demand andhe annual average tea price in the
supply at current prices. That is, theColombo tea auction increased in Sri
FAO projects a surplus of exports a_ankan Rupee terms but declined in
current prices. This will result in US dollar terms (US$ 1.50 per
downward pressure on price that alkilogram of tea) (CBSL, 2002).
bulk tea exporters have to face, as
there is little product differentiation Sri Lankan tea is sold through
that exists among exporters'different marketing channels. They
products. are the Colombo tea auction, private

sales, forward contracts and direct

There are several regionalsales. But almost 95 percent of tea is
entities in different parts of the world sold through the Colombo tea
that affect tea trade. They are Soutlauction. According to SLTB,
Asian Association for Regional government has no influence in the
Cooperation (SAARC), Indo-Lanka price discovery in the auction center
Free Trade Agreement (FTA), Eastand we can infer from SLTB
African Tea Trade Association statement that price discovery in the
(EATTA) and Common Market for Colombo market is efficient (but this
Eastern and Southern  Africaneeds further rigorous analysis). The
(COMESA). They have varying Sri Lankan government does not
degree of influence for world tearestrict the amount of tea entering the
trade. auction center. There is a tax called

cesscharged by the SLTB for every

The tea markets addressed in thikilogram of tea exported. It is 2.50
study are, Sri Lanka (Colombo),rupees per kilogram (US$ 0.025 per
three auctions in India (Calcutta,kilogram of tea).

Cochin, Guwahati), Indonesia

(Jakarta), Kenya (Mombasa) and According to the India Tea

Malawi (Limbe). Following is a brief Board, India is the world’s largest tea

description on tea auctions in eactproducer and consumer. It produced

country. 870 million kilograms in 1998 (ITB,
2003). Indian tea production is about

According to Sri Lanka Tea 30 percent of world production. The
Board (SLTB), Sri Lanka is the third major  portion is  consumed
largest tea producing country in thedomestically (India-Infoline, 2002).
world as of today (SLTB, 2003). It The export market share is about 17
has a 9 percent share of worldpercent globally (India-Infoline,
production. It is one of the world’s 2002). There are six auctions markets
leading exporters with a share of 19or tea in India. They are Calcutta,
percent of world export volume



Coimbatore, Cochin, Guwabhati, about 15 percent (Tea Auction Ltd,
Coonoor and Siliguri. 2003). According to the Africa Tea
Brokers (ATB), the Kenyan
Even though the Indian government does not interfere with
government does not directlythe price discovery process in the
influence the price in auction centersMombasa auction. However, there
the tea marketing control orderare taxes on tea planted acreage and
requires all the manufacturers to selmanufacturing. There is no export
75percent of their tea (excludingduty for tea exports. According to the
exports and packet sales) throughea board of Kenya, producers have
auction houses. This guarantees tht#he choice of selling the produce
supply of tea to auction centers. Thighrough either the auction center or
supply of tea is not exactly what thethrough private treaty agreements.
buyers need and this can have an
impact on the price of tea. Malawi which started growing
Furthermore, imports are not allowedtea commercially in the 1880s, now
for domestic consumption (India-exports over 35,000 mt annually,
Infoline, 2002). These policies Malawi has a 4 percent share of
introduced by the Indian governmentworld exports (The Tea Council Ltd,
on sales of tea can possibly introduc003).
inefficiency in price discovery
process in Indian markets. According to communication
with each country’s tea auction
In the Indonesian tea industry,market and auction conducting
the main product is black tea andagencies, only the Indian government
about 80 percent is exported (Teaseems to be interfering with the tea
Auction Ltd, 2003). Indonesia hasprice. All non-Indian tea auction
about 8 percent of world exportsmarkets are trading tea more
(The Tea Council Ltd, 2003). independently. Yet a systematic
analysis is not done to see whether
Tea is a major foreign exchangethe price discovery in each market is
earner in Kenya. In 1995, the teeaefficient. Therefore, it is important to
industry brought US $342 million find out the price dynamics of the tea
into the country and Kenya becameanarket and whether the price
the largest exporter of black tea indiscovery process is efficient in each
Africa and the third largest in the market.
world. (Tea Auction Ltd, 2003). The
majority of the Kenyan tea Conceptual Framework  and
production is sold through the Application
Mombassa auction. The share of
production is about 8 percent This paper primarily focuses on
globally and the share of exports ighe use of time series techniques in



understanding the time relatedAnalysis of a single series of data
properties of black tea auctionand its movement through time is
market prices around the world andcalled univariate analysis. L&t be a

to compare it with the naive model.random variable whose value only
Traditional econometric techniquesdepends on the past lag values of
are found to be inadequate wherntself, and values of an error term
trying to make inferences with time (this is known as the innovation term
ordered observational data. Priofin the time series literature). A
theory traditionally suggests thesimple univariate model can be
explanatory variables that should gadefined as follows:

into a model. However, theory is(1)

developed using the cetris-paribusX; =a+ X1+ BoXt—p+...+ BpXi-p +&
assumption. When “all other things”
are not fixed, as is the case with

: Where gis the intercept term
experimental data, researchers must
rely on less “structured” models. and thef's are unknown parameters.

Here we use prior theory to Sugges{I’he terme is the uncorrelated error
variables to be studied, but we rely!€M- This is assumed to have a zero

on empirical patterns in their time Mean and a variance ot". We just

sequence to specify explicitdefined in equation (1) an

relationships among each variable. autoregressive model of ordep,
where p is the number of lags in the

Univariate Time Series Model model. Stationarity is an important
property in time series processes. In
Time series analysis studies dat&€eneral, a time series process is
observed over a period of time. Eact$tationary if the mean, variance and
observation is indexed byin order co-variance of the series are finite
to keep track of the order of itsand constant. But if we consider a
observation. A key idea behind allfandom walk mode¥, =Y,_, +¢, the
time series modeling is that order ofvariance of the series is infinite and
observation matters. As an examplethe series is not stationary (s#yis
let us say that we are observingoday's price andy., is yesterday’'s
prices of tea over a period of time.price in the market and the is the
When a new piece of informationwhite noise term). Such series can be
hits the market in the current time, itdifferenced once or many times to
moves price away from the mostmake them stationary. If the series is
recent price value. This new piece ofdifferenced once, it is said to be
information is not well defined as aintegrated to order 1 (one). That
random draw from the historical means,AY, = (Y, -Y;_,) iS a stationary
mean price. Therefore, the historicakeries and integrated of order one;
mean is not a good measure Oherey, is anl(1) series.
forecasting the effect of the shock.



Vector  Autoregressive  Model a; =1-a;()B"-a;(2)B* - -a; (K)B i = |
(Multivariate Time Series Model)
a; =-a; (B ~a; (B” ~-~a; (KBS # |
Constraining oneself 10 HereB is the lag operator, such

unlvgrlgte models is generally OverlythatBkX - X The a; are
restrictive, as the real world is often t t=k A

times viewed (theoretically) as a sefarameters, unknown, in our case,
of interacting variables. This leads uand to be estimated from
to use multivariate models, whereobserved data. The terdy is the
many variables and their interactiongnnovation term (error)which is
are considered. Thus vector autQincorrelated through time but

regression (VAR) models 'havegenera”y correlated in
become popular. The VAR is ancontemporaneous time. That is to
atheoretic analysis (non-structurals,, E(,5,.)=0k#0

analysis) that summarizes the
regularities in a set of variables@NdE(dJ;)=0;;k=0. Lag length,
which theory suggests as importank, in equation (2) may be known
(Bessler, 1984). These models ar¢rom prior theory or determined
useful in the analysis of through statistical analysis. The latter
observational data; i.e. data that ar@sually involves hypothesis testing
collected  without  experimental on lag length, a likelihood ratio test
controls. In structural modeling, we (Sims, 1980) or statistical loss
use a pre-determined modelfunctions (Geweke and Meese,
suggested through the knowledge 0fi981). VAR can be re-written with
the prior theory and structure. But inlags on the right hand on condensed
VAR modeling the choice of matrix form as:

variables studied does not depend on (3)

the pre-determined structure, rather

on the problem under study and k

theory, which will be used to study X = 2, @ (k)X _, + &,
regularities of data. Say we hawe k=t
endogenous variableX;, X, X3... Xy,
under study. The unrestricted VAR

can be written as follows:(2) Here a(k) is merely a re-write

of the a matrix given in equation
y Ay e Gy [ Xy 3y (2) without the diagonal element.
Ones (1) and lag operator (B) is

e Qo || X 3 .
T Gz em | T2l 192 ot used. In the last representation
: (equation (3))X; is of dimension
O Oz e O [ X | [Ome m x 1,ak) is m x mand g is
Where: m x 1.In constructing the VAR,

stationarity ofX/s is assumed. If a



series is non-stationary, we have to  Our null hypothesis is that the
take differences to make it stationaryseries is non-stationary(a;=0).

€., AX; =(X; = Xi-q) - When the ordinary least squares
(OLS) estimate ofr; in equation (4)
Tests of Non-stationarity is significantly negative, we reject

the null of series non-stationarity
A series is said to be mean non{this means the series is stationary in

stationary if the data points arelevels). Thet-statistié is the test
moving away from its historical statistic used in the DF test. The
mean for a long periods of time. Inapproximate 5 percent critical value
other words, the data are non-meaestimated using Monte Carlo
reverting. Granger and Newboldsimulation is —2.89 (say we get a
(1974) used Monte Carlo simulationscritical value calculated as —4.85,
to show that results from regressionshen we reject the null and conclude
that use such data could be spurioushat the series is stationary in levels).
Non-stationary data may have arBut sometimes the DF test may
infinite variance. This may lead to suffer from problems of
improper inferences based on the autocorrelation in the estimated
statistic in estimation and hypothesigesiduals (Granger and Newbold,
testing. Further studies have proved986). Then we can use an
that other traditional statistics such amugmented DF test (ADF) to
F distribution and thé¥ statistic do sufficiently whiten the residuals. The
not have the correct properties in theADF test has the same null
presence of non-stationary dateéhypothesis and the critical value on
(Phillips, 1986). estimateda; value in the equation

(5) below, but it has an additional set

A formal test on non-stationarity of terms

is the Dickey-Fuller test (DF). Here (5)
we regress théhe AX=(X-X¢.1) on
a constant plus levels lagged periodax , = a, + a,x, , + zk BIAX
one, X:.1. et

(4)

AX =0+ a X .4

2 t-statistic is calculated as the ratio between exttichcoefficient and standard error
of the estimated coefficient.



In equation (5),k is the lag difference between the dependent
length selected in order to whiten variable value assuming the
residuals. We use a loss metric such random walk model and the
as Schwarz Loss function to actual observed value.
determinek. 4. Root Mean Square of the

SSENCF:

Computation of the Theil's U RMSNCE=)SSENCF/Nt where
statistic

N; is the total number of sample

By calculating the Theil U- observations. Theil u:
statistic, we compare our VAR U, = RM%MSNCE
model forecasts against the forecasts
generated assuming a random walk
model (efficient markets are assume(b
to have a random walk type of
behavior).

escription of Data

We study weekly prices from
December 1999 through June 2002
(a total of 133 data points) for each
bf the tea auction markets. The data
well compare_(_j to the rando_r,n Walksource for tea auction prices is the
moo_lel' (the naive forecasgjheil’s U- International Tea Committee (ITC),
statistic Is caICL'JIa1ted as f?”QWS' Toweb summary weekly tea auction
arrive at theThiel's U-statistic, W€  ata. Prices are quoted in each
compute several error S‘t"’.lt's,'['Cs’auction market in different currency
foIIowc_ed' by calculating theThiel’s denominations. They are as follows:
U-statistic. (1) All Indian markets are in Indian
1. Calculate the Sum of Square.drupees; (2) Sri Lankan market is in

Forecait Errors (SSE): Sri Lankan rupees; (3) Kenyan,

SSE:ZQ%- Where e, is the Malawi and Indonesian markets are

=1

The statistic in excess of one

in US cents.

actual value minus the predicted .
value for the dependent variable.  1he study focuses the analysis in
2. Root Mean Error (RME) is two directions, they are, US dollar as

] the common currency denominator
calculated:RME :jSSE/Nt and the other with local currencies of

3. Sum of Squared Error No-Changeeach country as the base. For that,
Forecasts (SSENCF): daily averages of exchange rate data

Ny were gathered from different sources.

SSENCF=) ;if wheres is the Exchange rate data for Sri Lanka,
= India, Kenya and Indonesia are taken

forecast error if we assume thefrom Oanda Corporation: Internet
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address http://www.oanda.comKenya. Also, it is a known fact that
(accessed on July 17, 2003). MalawiCTC receives a premium price in the
exchange rate data are gathered fronvorld market due to heavy demand
the Reserve Bank of Malawi monthlyfor the tea bags (instant tea). That
economic review. may be a reason why the average
price in Kenya is higher than other
Missing auction price data weremarkets. In terms of the standard
fixed with data points assuming thatdeviation (SD) of price, the Kenyan
they are the same as previous week'siarket ranks number one. With
data (assumed a random walk mddelrespect to the coefficient of variation
for the auction market). Regression(CV) it ranks third. This shows how
Analysis for Time Series (RATS) volatile the Kenyan market price is
(Doan, 1996) software is used in allrelative to other markets. The Limbe

analysis. (Malawi) market for tea is a small
market and its contribution to world
Analysis and Results tea exports is very low (please see

section 2). That may be a reason why
In Table 1 we discuss thethe price is low in this market. The
behavior of each price using theMalawi market has a considerable
mean, standard deviation and thelegree of volatility too. It ranks™
coefficient of variation. We have for SD and I for CV. This shows
ranked prices from each auctionthat the Malawi market is the most
market over the entire sample period/olatile in terms of CV.
(December 1999 through June 2002).
According to the mean, SD and
First we discuss the analysisCV ranks, the Calcutta tea auction
based on the US dollar as theéhas the second highest variation in
common currency denominator.the prices. The Colombo tea auction
Notice that the mean price is highestanks third in terms of the mean tea
in the Mombasa (Kenya) market. Theauction price. According to the SD
lowest is the Limbe (Malawi) market rank (8" position), the Colombo tea
price. Kenya produces a considerablauction has moderately volatile
amount of cut-tear-curl (CTC) teaprices. The Jakarta tea auction has
that directly goes into the tea bagmoderate price volatility in terms of
industry. Other markets produceall statistics concerned.
relatively less CTC tea compared to

®Random walk model assumes the current price is afilyiction of previous
period’s price and a white noise termi.p.; = p;-1 + €,
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Table 1: Descriptive Statistics on Prices for Blaga from Seven Auction
Markets, December 1999 through June 2002

US Dollar Local
currency
Mean Mean SD Ccv Ccv
Market $/kg  Rank SD Rank cv Rank cv Rank

Calcutta (India) 1.75 2 0.28 2 0.162 2 0.15&
Guwahati(India) 1.56 4 0.21 3 0.135 4 0132

Cochin (India) 1.15 5 0.12 7 0.101 6 0.083%
Colombo (Sri

Lanka) 1.69 3 0.15 5 0.088 7 0.0797
Jakarta

(Indonesia) 1.09 6 0.14 6 0.128 5 0.1125
Mombasa

(Kenya) 1.89 1 0.29 1 0.152 3 0.1433

Limbe (Malawi)  0.98 7 0.16 4 0.163 1 0.2501

Now we look at the price measure in this case. The Malawi
variation in each market when market ranks number one in price
prices are considered in local volatility and the Sri Lankan
currency terms. In this case mean  market has the least price volatility

and SD are not very good in terms of CV. Kenya ranks
measures to compare markets for number three in volatility with
price volatility, because now we respect to local currency analysis.

have different currency bases for The weakness of using the above
each market. The CV is a better

* Observed data are weekly average prices receiveddh tea auction market. On the
left hand side of the table we discuss the summgayystics of dollar-converted data
(Prices are quoted here in US $/kilogram of blaek. tKenyan, Malawi and
Indonesian markets trade in US dollar terms, anterotmarkets are in local
currencies). On the right hand side column of thiglet we discuss the summary
statistics from auction prices in local currenayrts.

The entry “Mean” refers to the mean price quoteceath market in the
sample period. “Mean Rank” column refers to thekiiagn based on the mean price in
the market. The acronym SD stands for the standavéhtion of the prices in each
market over the sample period. The term “SD Ramskthie column that ranks the
auction market price based on the standard dewialibe column headed CV refers
to the coefficient of variation, calculated as #tandard deviation divided by the
mean for each market price. The CV Rank refershi ranking based on the
coefficient of variation. The highest rank is 1 ahd lowest rank is 7.
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summary statistics in the analysis is
that they do not incorporate the time  The Sri Lankan tea price
series properties of the underlying(Colombo auction market) has an

price series. upward trend in Sri Lankan Rupee
terms. We observe a downward trend
Time Series Properties in the Colombo auction price in

terms of the US dollar. The Sri

Here we explain two sets oflLankan Rupee appears to have
graphs (see Figure 1 and Figure 2)levalued against the US dollar faster
drawn for price in levels of each teatoward the latter part of the sample
auction market. In Figure 1 we haveperiod. The Sri Lankan Rupee is free
shown the price movement in eactfloated against the US dollar and the
market taking the US dollar as themonetary authority has allowed it to
currency denominator. In Figure 2devalue to promote exports. Within
we have drawn the graphsthe sample period concerned the
considering the local currency inrupee has devalued considerably.
each country. That may be the reason that in terms

of the US dollar the Colombo auction

The visual observations of eachmarket has a downward trend toward
market reveal the following the end of the sample period.
information. In Figure 2, two of the
Indian markets, namely Calcutta and Tea prices in Indonesia (Jakarta)
Guwahati, do not have anyshow a downward trend in terms of
noticeable time trend. It appears as ithe US dollar (note that the Jakarta
prices from these two markets ardea auction trades in US dollars). The
bouncing around their historical graph shows that the tea prices in
means. The Cochin market has &akarta are decreasing in dollar
little time trend, but it is minor when terms. In the local currency terms,
compared to the time trending intea prices in Jakarta have an upward
other markets. Even in the dollar-trend. This shows that the Indonesian
converted graph, Indian marketsRupiah has devalued against the US
show a similar movement of prices.dollar over the sample period. Even
Since there is no big difference inthough the Indonesian tea producer
those two graphs in the Indiangets a lower price for tea in terms of
market we tentatively infer that theUS dollars, once converted into
Indian Rupee might have been stabl®upiah they get a high price.
with respect to the US dollar at least
in the time period concerned in thisThe Kenyan auction market price has
study. That is why whether we a similar downward trend in both the
measure in Rupee or in dollar termsdollar and Kenyan  Shillings
we observe a similar movement in
prices.
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Figure 1: Black Tea Auction Price in Levels in SeWorld Auction Centers

(December 1999 through June 2002) in US Dollar B&rm

°Note that auction centers in Jakarta, Kenya andaMatrade in US dollar terms.
Rest of the markets does trade in their local cwies. In this plot all prices are
converted into US dollar terms. Note that horizbatds in all graphs are number of

Weeks and vertical axis in all graphs are in US$/kg




CALCUTTA

14

SRILANKA

MALAWI

120

160

%
Weeks

GUWAHATI

s e
Weeks

JAKARTA

nnnnn

B e R R )
Weeks

COCHIN

B A S )
Weeks

KENYA

Shillingsikg

Figure 2: Black Tea Auction Price in Levels in SeWorld Auction Centers
(December 1999 through June 2002) in Local Cureshci

®Note that India trades in Indian rupees and Srikkain Sri Lankan rupees.
Indonesian market price is converted into Indomefiapiah, Kenyan market price is
converted to Kenyan Shillings and Malawi marketcgris converted into Malawi
Kwacha. Note that all horizontal axis are in WeeWegrtical axis for Calcutta,
Guwahati and Cochin are in Rs/kg, for Sri LankaRisrtkg, Jakarta in Rupiah/kg,

Kenya in Shillings/kg and Malawi in Kwacha/kg.
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terms (there are small differences irrigorous analysis of the time series
peaks and troughs). This shows thaproperties is given below. We offer
the Kenyan currency has not changetests on unit root behavior for each
much during the sample period.market in the following section.
However, it is worth showing that
price at the Kenyan auction center Table 2 gives the result from the
decreases over the time period an®ickey-Fuller (DF) and the
hits a very low level towards the endAugmented Dickey-Fuller (ADF)
of the sample period. This means thatests for dollar converted and local
the Kenyan tea grower is notcurrency data on each series. The
experiencing a lucrative period asnull hypothesis is that prices from all
prices are falling considerably. tea auction markets are mean non-
stationary. The statistics presented on
Tea prices in Malawi (Limbe the table have a 5 percent critical
auction center) increased up until thevalue of —2.89. Under both the DF
middle of the sample period and therand ADF tests, we reject the null for
started to fall both in US dollar termscalculated statistics less than this 5
and Malawi Kwacha terms. The percent level.
decrease in price in US dollar terms
is more intense than the local In the dollar-converted analysis,
currency terms. This shows that thehe DF test tells us that all but the
Kwacha is devaluing against theCochin market is mean non-
dollar, but at a slower rate. Thestationary in levels. The ADF shows
money that the local farmer earns irthat all Indian markets are mean
terms of Kwacha is decreasing andstationary in levels and the remainder
this discourages the Malawi teaof the markets are mean non-
growers. stationary in levels. In the local
currency analysis, all but the
Note that there is no exchangdndonesian market is mean non-
rate risk in price discovery in Jakartastationary in levels. The ADF shows
Kenya and Malawi markets, as these¢hat all Indian markets again are
markets are held in US dollar termsmean stationary in levels and the rest
Nevertheless, the local producer getef the markets are mean non-
paid in local currency. Whether thisstationary in levels. As residuals
amount is increasing or decreasingrom these markets are better
over time is determined through thebehaved under the ADF (we have
purchasing power of each currency. made the residuals “white” by
augmenting the DF test with lags of
Except from the plots from threethe dependent variable), we suggest
Indian markets, we suspect the meathe use of results from augmented
non-stationary property in prices intests. The tests suggest that price in
all other auction markets. A more
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Table 2: Tests of Non stationary on Price from ®&€eliea Auction Markets,
December 1999 through June 2002

US Dollar Local Currenc¥
Tea auction center BF ADF DF ADF
t-statistic t-statistic K t-statistic  t-statistic  k

Calcutta (India) -2.59 -3.23 1 -2.70 -3.30 1
Guwabhati (India) -2.04 -4.20 3 -2.21 -4.24 3
Cochin (India) -3.42 -3.48 1 -2.39 -3.47 1
Colombo (Sri Lanka) -1.47 -1.58 1 -1.32 -1.41 1
Jakarta (Indonesia) -1.42 -0.92 1 -2.94 -2.20 1
Mombasa (Kenya) -0.72 -0.89 1 -0.67 -0.86 1
Limbe (Malawi) -1.71 -1.81 1 -1.45 -1.61 1

the non-Indian markets behave as like a random walk (Samuelson,

a random walk: R=PR_+¢g, 1965). That is, from the results on
where e is a white noise the Table 2, each non-Indian
(uncorre|ated) innovation. market behaves such that new

information perturbs price away
As we are studying the prices from the most recent Value and not

as they evolve in the market @S a perturbation from the
through time, we fu”y expect that hl.Storlca.l mean. This is not tr.ue
they will individually look much with respect to the three Indian

"riginal currencies used to trade in auction markets
1. Indian markets-Indian Rupees.
2. Sri Lankan market-Sri Lankan Rupees.
3. Indonesian, Kenyan and Malawi markets- US dolla

8ocal currencies in each market:
1. Indian markets-Indian Rupees.
2 .Sri Lankan market- Sri Lankan Rupees.
3. Indonesian market-Rupiah.
4. Kenyan market-Shillings.
5. Malawi market-Kwacha.

°F is the Dickey Fuller test and ADF is the Augmeribickey Fuller Test.

%Note thatk is the lag length and is determined through tHex®ez-Loss Metric (we
take the lag length that has the minimum Schwarisshalue).
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markets. In levels, the Indian markets  According to Table 3 and Table
are mean stationary. That means thé, we reject the null hypothesis of the
new information perturbs price awaypresence of any co-integrating
from the historical mean and notvectors. Therefore, there is no co-
from the most recent value. Prices irintegration in dollar converted and
the 3 Indian markets are notlocal currency data. Now we
generated through random walk likeconcentrate on building a VAR for
behavior. The other 4 markets arghe auction market price.

mean non-stationary according to the

unit root tests. The 3 Indian markets To develop the VAR and to
are taken out of the analysis, as pricadentify the time series properties,
from these markets are not efficientiirst we need to make the data series
(not weak-form efficient). The word stationary (the need for making the
“efficient” is used to suggest that thedata series stationary is discussed
best prediction of price in India in extensively in section 3). For that we
period t+1 is something different take the first differences of each data
from the price in period t (its series. We develop two VARSs, one
historical mean price is a usefulfor each dollar converted series and
statistic for next period’s price). This local currency series.

result appears not to hold for the four

non-Indian markets. Here we cannot We used the Schwarz Loss
reject the random-walk hypothesis.(SL)"* function to determine the
Following Fama (1970), we say thesenumber of lags in the VAR. We
four non-Indian markets are efficientselect the lag length that gives the
in terms of price discovery. minimum SL value. According to

From the results of the ADF teststhat the lag length |n_ our VAR in
dollar converted series and local

above we conclude that four teacurrenc data  series is  one
auctions, - Sri Lanka (COIOmbO)’Therefo)r/e we take one lag of first.
Indonesia (Jakarta), Kenya ’ 9

(Mombasa) and Malawi (Limbe) are ggfber r:\:;g,ﬁgnsda;?é Igee d f%llrow(;r;%h
individually non-stationary in both

. market: Colombo (Sri Lanka) (SLA),
dollar and local currency analysis. .
Our next step is to find out whether‘]alkarta (Indonesia) (INA), Mombasa

the data are co-integrated, before W%Ib/l?l_);a) (TITEN)H ;?Srls"r?ge t(h'\galﬁ\r';'t)
try to develop a VAR. ' :

difference of a series, such
asASLA =(SLA -SLA,).

BSL=In | |+(mxK(InT)T Wherer is the error covariance matrix estimated with k

regressors in each equation, T is the total nurobebservations on each series, | |
denotes the determinant operator, and In is thaaldbgarithm (Geweke and Meese,
1981).
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Table 3: Tests of Cointegration between Prices ffmur Tea Auction
Markets (December 1999 through June 2802)

Dollar Converted Data

R T* C(5%)*  D* T C(5%) D
=0 51.68¢ 53.423 F# 54516 47.208 R
<=1 19.947 34.795 F 28.006 29.376 F
<=2 5.41C 19.993 F 9.836 15.340 F
<=3 084 9.113 F 0.947 3.841 F

F# is the first fail to reject situation that sugtjthe presence of no co-
integration among 4 tea auction markets.

Table 4: Tests of Cointegration between Prices ffaur Tea Auction
Markets (December 1999 through June 2002) Localgbay Data

R T  C(5%)*  D* T C(5%) D
=0 33.313 53.42¢ F# 44469 54516 F
<=1 12.677 3479 F 23.718 28.006 F
<=2 5726 19.99: F 11.931 9.836 R
<=3 0704 9.11: F 3.907 0947 R

F# is the first fail to reject situation that suggthe presence of no co-
integration among 4 tea auction markets.

Lagged one period of first the plus sign from left shows the
differences is shown in thé%3natrix  innovation term for each series.
from the left. The final matrix after

R is the number of co-integrating vectors (it rfimsn being equal to zero through
equal or less than 3. T* is the calculated trace fer constant inside the co-
integrating space, associated with the number ehtegrating vectors in the left-

hand-most column. C(5%)* is the table value of thatistic at 95% significance

level. D is the decision to reject or fail to rejéze null hypothesis of presence of co-
integrating vectors. Following Johansen (1992),sigp testing at the first failure to

reject the null, starting at the top of the talbid anoving sequentially across from left
to right and from top to the bottom. R stands fgect the above null hypothesis. T,
C(5%) and D without the asterisk means the teatltesor the discovery of co-

integrating vectors where the constant outsidectintegrating space. The critical
values are taken from Table B.2 (within) and TaBl8 (outside) in Hansens and
Juselius (1995, p. 80-81).
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The estimated VAR model for dollar converted datdes is as follows:

[-000054 0119 0103 0069 -0.031]
(-0128 (1179 (1118 (0.783 (-0.469 |

1
ASLA| | -00013 0339 -0279 0049 -0036 ASLA £,
AINA |_| (-0207) (3232 (-2909 (0534 (-0523| | |&,
AKEN| | -00036 -0008 -0119 0229 0118 AKEﬁI"l £y
AMAL| | (-0735 (-0.064) (-1104 (224) (L51 e
(0739 (-0069 (-1109 (224 @519 |\ e

000023 -0116 -0113 0152 -0.034
| (0036 (-0.754 (-0.802 (1139 (-0.339)

The estimated VAR model for local currency dataeseis as follows:

[ 0253 0097 000027 0043 -0.0031]
(0729 (0959 (0385 (0529 (-0.037)|

1
ASLA] | 21608 15836 -0282 -0778 -6533 &
ASLA
AINA | | (0439 (@L11) (-2816) (-0.069 (-0.546) Ex
= AINA , |+
AKEN| | -0227 -0075 -000039 0181 0220 £y
AKEN, ,
AMAL| |(-0529 (-0602 (-0453 (180§ (2112 4
AMAL, ,

0195 -0102 -0.00032 0.051 0016 |

| 0458 (-0820 (-0369 (0513 (0.152 |

Most of the coefficients are own lag one period and lag one
statistically not significant at 95 period price of the Sri Lankan
percent confidence level (accordingmarket. New information discovered
to thet-statistics in parentheses) forin the Kenyan market today is mainly
both analyses. However, in theaffected by the Kenyan market price
dollar-converted data series,last period (lagged one period) (see
coefficients associated with INA onthe t- statistic is 2.241). In the local
INA and SLA lagged one period arecurrency data series only the
statistically significant at the 95 coefficient associated with the
percent level tfstatistics —2.909 and Indonesian market on its own lag one
3.232 respectively). This shows thafperiod is statistically significant at
the information (price) discovered inthe 95 percent level (thestatistics is
INA today is primarily affected by its —2.816). The coefficients of the VAR

Y-statistics are in parenthesis. The constant thénautoregressive matrix (it is the
first column of the autoregressive matrix).



20

seem to be much

and difficult to
interpret. Therefore, one can
develop the moving average
representation of the VAR. This is
not dealt in this paper.

do not
informative

If a market price discovery
process can be better explained
through a VAR model, it is said to
be semi-strong-form efficient. On
the other hand, if the price
discovery process can be
explained through a random-walk
model, these markets are said to be
weak-form efficient.

We initially collected 133
weekly data points (December
1999 through June 2002). For the
purpose of model estimation we
used only 100 data points and
saved the remainder of our sample
(33 weekly data points) to
examine the power of the model
through forecasting. We compared
the forecasting ability of the model
using theTheil’s Ustatistic (Doan,
1996). Based on the models
discussed above we forecast the
final 33 data points. Our
forecasting operation is recursive
for one-period, two-periods, up to
five periods ahead. At each origin,
we re-estimate the model and
forecast up to five steps ahead.
From these and actual data (data
we saved without using to estimate
the VAR), we compute th€heil’s
U-statistic. Theil's U-statistic is
calculated as the ratio between the

root mean square of the errors of
forecasts using the vector auto
regression model and the root
mean square of the errors of
forecasts using the random walk
model.

By calculating theTheil U
statistic, we compare our VAR
model forecasts against the
forecasts generated assuming a
random walk model (efficient
markets are assumed to have a
random walk type of behavior).
The statistic in excess of one
means our model did not forecast
well compared to the random walk
model (the naive forecast). Tables
5 and 6 explain the forecast
performance of VAR models for
each market.

According to the Theil U
statistic, the VAR  model
developed using the dollar-
converted data forecasts relatively
well for Sri Lankan and Malawi
markets for two steps ahead
forecasts. Forecast errors from the
VAR are larger relative to the
random walk model for rest of the
markets. In the local currency
series, the VAR model forecasts
relatively well for the Malawi
market for one step ahead. For the
rest of the markets, the forecast
errors from the VAR are large
relative to the naive model
forecasts.



21

Table 5: Theil's U-Statisti¢ to Compare the Forecast Performance of
VAR in Different Markets, US Dollar Converted Data

5 . . . Number of
Step SriLanka  Indonesia Kenya Malawi Observation
1 0.995 0.999 1.051 0.994 32
2 1.003 1.027 1.064 1.005 31
3 0.992 1.032 1.071 1.012 30
4 0.993 1.062 1.083 1.017 29
5 0.989 1.063 1.115 1.022 28

Table 6: Theil'sU-Statistic to Compare the Forecast Performance d® (A

Different Markets, Local Currency Data

. . . Number of
Step Sri Lanka Indonesia Kenya Malawi Observations
1 1.016 1.033 1.052 1.003 32
2 1.036 1.053 1.062 0.989 31
3 1.041 1.054 1.064 0.994 30
4 1.051 1.073 1.069 0.995 29
5 1.063 1.069 1.099 0.996 28

Discussion and Conclusions

We have studied weekly black
tea auction prices from eight
auction markets over the period
December 1999 through June
2002. We performed the analysis
in two ways; we used the US
dollar as the common currency
denominator and we used the local
currencies in each country. Our

results show for both sets of
analyses, prices from three Indian
markets (Calcutta, Guwahati and
Cochin) are stationary and prices
from other markets (Sri Lanka,
Indonesia, Kenya and Malawi) are
non-stationary. Therefore, prices
from Indian auction markets are
tied to a particular historical mean
and prices from the other markets
are not tied to any historical mean.

“Theil’'s U-statistic is calculated as the ratio between tloé mean square of the
errors of forecasts using the vector auto regrassiodel and the root mean square of
the errors of forecasts using the random walk model

5Steps: this is the number of steps ahead the niiodadasts.

®Nlumber of Observations: this is the number of olmstimns available for each step

ahead forecast.
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We conclude that the three Indianprices in these other markets. The
markets are not efficient in terms ofmodels developed here can be used
price discovery. That is to say, if ato forecast the tea prices reasonably
market is efficient, any new well. Theil's U-statistic for several
information discovered in the marketmarkets is found to be below 1.0 for
perturbs price from its most recent32 one-step-ahead forecasts. This
level and not as a random draw fronsuggests only small gains relative to
its historical mean. This is thethe most recent observed price.
efficient market hypothesis. SinceBuyers (exporters) at the auctions
Indian market prices are tied to theircan obtain relevant information
historical means, according to thecoming from other tea markets to the
efficient market hypothesis, they arerespective price in the auction that
not efficient in terms of price they intend buying tea. Implications
discovery. This takes us to therelated to diversification in buying
conclusion that the rest of thehave not been explored, but do seem
markets may be efficient, as theirto be non-trivial. Since the tea
prices are not tied to their historicalmarkets are efficient (at least the four
means. We continued the study ofmarkets under study), government
market prices from Sri Lanka, policy maker need not do much here;
Indonesia, Kenya and Malawi. Ourrather they should not intervene in
results, from both dollar terms andthe market and distort the price.
local currency terms, show that these
four markets are not tied together in  Now that we have identified that
any long run co-integration price discovery in all non-Indian
relationship. This means that there isnarkets under study are efficient,
no “long run” predictable further analysis combining price
relationship holding these four discovery and market integration can
markets together. In terms ofbe carried out. Furthermore, the
efficiency, such a finding is variance co-variance matrix of
supportive of pricing efficiency, innovations (error terms) can be
since it would not be possible todeveloped from the VAR model and
generate predictable returns froncan be wused to study the
knowledge of these “public prices”. contemporaneous and long run
behaviour of auction markets.
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