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Abstract

The objective of this paper is to present a parsimonious forecasting model of the fishmeal price. The focus is on the impact
of the soybean meal market on the fishmeal price together with the stocks-to-use as an indicator of demand and supply
conditions. Volatile fishmeal supply due to El Nifio events appears to lead to temporal changes in demand conditions and
thereby multiple price regimes. In particular, there seem to be two different price regimes: one where the fishmeal price
is highly correlated with the soybean meal price and another where fishmeal supply is scarce and the fishmeal price is
weakly correlated with the soybean meal price, especially during El Nifio events. The results from the Markov-switching
autoregression (MS-AR) provide empirical evidence of two such price regimes for fishmeal. In terms of forecasting
performance, it is unclear whether the MS-AR model improves over linear models.
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Introduction The main objective of this paper is to examine wheth-
er a Markov-switching vector autoregressive (MS-VAR)
Reliable forecasts of commodity prices are an impor- model improves modeling and forecasting of historical

tant tool for risk management. In the industrial production ~ fishmeal prices. Autoregressive integrated moving aver-
of poultry, pork, and farmed fish, feed ingredients such as age (ARIMA) and restricted vector autoregressive (VAR)
proteins, cereals, and oils constitute the largest cost compo- models have shown good forecasting performance of ag-
nents. One such feed ingredient, fishmeal, is used asaprotein ~ ricultural and aquaculture commodity prices compared
source for several kinds of animal and fish production. For ~ with more basic forecasting methods like naive models,

example, in salmon aquaculture, the average level of fish- extrapolation, and other univariate models (Allen, 1994;
meal used in feed is usually around 35%, which makes it Guttormsen, 1999). Commodity prices, however, have
the largest feed input (Tacon, 2005). This is important be- certain nonlinear characteristics in their movements due
cause feed accounts for over 50% of the variable costs for to the workings of commodity markets, which might call
producing a farmed salmon. A study by Guttormsen (2002) for a nonlinear modeling approach.

indicates that substitutability between feed and other inputs By construction, commodity prices have afloor because
in salmon aquaculture is close to zero, which highlights the ~ producers do not charge prices below zero. Consequently,
vulnerability of feed producers and salmon farmers to chang- prices may spike upwards, but they are limited in their
ing raw material prices. Good price forecasts are therefore downward movements, creating an asymmetry in their

important for making hedging decisions like those suggested behavior. Storage accentuates the asymmetric price pattern
in earlier studies (Gjerde, 1989; Vukina & Anderson, 1993). because it is more effective at eliminating exceedingly
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low prices by pulling stocks out of the market than vice
versa, since it is not possible to carry negative inventories
(Wright & Williams, 1982). In other words, in periods
with supply shortages, stocks are usually depleted and
thereby create higher and more volatile prices while in
periods with normal supply, producers can stabilize prices
by withholding stocks from the market when prices, for
example, are undesirably low.

An asymmetry of price movements as described
above will often imply a log-normal distribution and can
therefore be dealt with in forecasting models using loga-
rithms of prices. In some markets, however, price move-
ments are best described as being the result of multiple
price regimes. For example, studies support the presence
of multiple price regimes in the fishmeal market (Asche
& Tveteras, 2004; Kristofersson & Anderson, 2005; Tvet-
eras & Tveteras, 2004).! More specifically, these studies
indicate that there are two price regimes, one with high
price levels and inelastic demand and another with low
price levels and more elastic demand, implying a kinked
demand curve for fishmeal.

Deaton and Laroque (1992) have pointed out that a
convex demand curve combined with large harvest vari-
ability leads to high volatility in prices. This observation
appears to be a fitting description of the fishmeal market,
given the large year-to-year variation in fish catches tar-
geted for fishmeal production. Even if the demand curve
for fishmeal is more appropriately described as kinked
rather than smoothly convex, the effect of volatile supply
on prices remains the same. The asymmetry of commodity
price movements caused by multiple price regimes com-
plicates accurate modeling and forecasting since it makes
linear estimation methods inappropriate in the sense that
the underlying price mechanism is not linear.

Several modeling techniques are available to deal with
commodity prices characterized by nonlinear relation-
ships caused by multiple price regimes such as threshold
autoregressive (TAR) models, artificial neural network
(ANN) models, or Markov-switching (MS) models.
Switching models can be useful in commodity markets
with multiple price regimes since they potentially provide
a more accurate description of the price formation process
and better forecasts. It is not obvious, however, that asym-
metries in commodity prices are pronounced enough to
justify such an approach or accurately described as being
the result of multiple price regimes. It is therefore impor-
tant to consider whether a commodity market is plausibly
described as having more than one price regime.

To investigate whether temporal decoupling with the
soybean meal price is a fair description of the fishmeal
market, I will apply a Markov-switching vector autore-
gressive (MS-VAR) model. Usually, Markov-switching
models are reserved for financial and macroeconomic
data dealing with issues as business cycles, core inflation,
and interest rate volatility, but they can be equally useful
when modeling commodity prices.> However, the main

objective of introducing a Markov-switching model in
this study is not to model price movements as such but to
improve fishmeal price forecasts.

This paper is organized as follows. The next section
gives the background of the fishmeal market, highlighting
its demand and supply characteristics. The following sec-
tions present the MS-VAR modeling approach, the data,
the empirical results, and a summary and conclusions.

Background

Variation due to changing biological conditions is
the main source of the large fluctuations in the indus-
trial fisheries used for fishmeal. The El Nifio weather
phenomenon that takes place approximately every
3 to 7 years can cause downfalls in fishmeal supply
that are unfamiliar even in agricultural production, as
the Anchoveta, the world’s largest fisheries situated in
the Southeast Pacific, are nearly depleted due to the
lack of nutritious surface water.® The industrial fisher-
ies are characterized by natural variability in pelagic
fish stocks and, like many other fisheries, they have
struggled with adequate fisheries management systems.
These are important factors behind the supply fluctua-
tions which translate into volatile fishmeal prices. In
particular, E1 Nifio events have a negative impact on
fishmeal supply and thereby inflate fishmeal prices. For
end users like salmon producers, the variable fishmeal
supply translates into uncertainty and risk.

The demand side of the fishmeal market is character-
ized by buyer segments with distinct demand schedules
for marine proteins. For instance, salmon feed producers
prefer fishmeal as the main protein source because of the
high nutritional value of marine proteins in terms of es-
sential fatty and amino acids. Substitutability between
fishmeal and alternative protein sources is low for salmon
feed in the short run (Drakeford & Pascoe, 2008). This is
important since the salmon industry is one of the largest
consumers of fishmeal in aquaculture. However, marine
proteins are also used in livestock feeds such as pig and
poultry. Fishmeal has been used in pig and poultry feeds
for several decades, and there is evidence of a kinked de-
mand curve for fishmeal prior to aquaculture’s entrance
into this market (Hansen, 1980). The so-called uniden-
tified growth factor can be an explanatory factor in this
respect. The term refers to the increased growth rate of
pigs associated with using fishmeal instead of alterna-
tive protein sources in feeds for young animals. Poultry
producers, by contrast, seem to treat fishmeal just as one
of several alternative protein sources for feed so that the
relative price of fishmeal compared to soybean meal, for
example, is the main determinant of demand.

The rapid expansion of industrialized aquaculture pro-
duction has changed the consumption pattern of fishmeal.
Because of its high willingness to pay for marine proteins,
aquaculture has displaced the poultry sector as the largest
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consumer of fishmeal. Figure 1 shows that aquaculture’s
share of fishmeal consumption increased from 10% to
45% from 1988 to 2002 while poultry’s share decreased
from 60% to 22%. These changes clearly reflect that the
poultry sector is more price sensitive than either the pig or
the aquaculture sectors.
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Figure 1. Consumption share of fishmeal by sector.
(Source: Tveteras & Tveteras, 2004)

Of the various alternative protein sources, soybean
meal is the most widely available and, in some aspects,
has a similar nutritional profile as fishmeal. Empirical
findings indicate that these two protein markets have
been strongly integrated since prior to the emergence of
aquaculture their prices tended to move proportionally
over time (Asche & Tveteras, 2004). However, the link
between the fishmeal and the soybean meal market has
become weaker with the growth of the aquaculture sec-
tor (Kristofersson & Anderson, 2005). Consequently, we
can hypothesize that there is a kinked demand curve for
fishmeal. The vertical part of the demand curve, which
is prevalent at higher price levels, is dominated by the
aquaculture and the pig sectors because of their more
inclastic demand for marine proteins. However, when
the fishmeal price becomes sufficiently low, the poultry
sector enters the market. This makes aggregated fish-
meal demand more elastic due to the substitution with
soybean meal, and, accordingly, demand at low prices
is characterized by a more horizontal demand curve. If
such a description were appropriate, we would expect
there to be one price regime at higher price levels that
is primarily determined by the supply of fishmeal and
another price regime at lower price levels that is primar-
ily determined by the soybean meal price. In this study,
these are the underlying assumptions that provide the
rationale for introducing a Markov-switching model to
forecast fishmeal prices.

Methodology

In a competitive market, prices are determined simul-
taneously by supply and demand. The purpose of this
study is not to develop a supply and demand system since

it is too costly to obtain data for such structural models
other than on an annual basis. Instead, the study focused
on leading indicators, which are commonly used in short-
term financial and agricultural forecasting (Allen, 1994).
A leading indicator refers to a variable whose movements
tend to precede those of another variable. As discussed in
the preceding section, the variable of interest in this study
is the fishmeal price, and the hypothesized leading indica-
tors are the soybean meal price and the stocks-to-use ratio
of fishmeal.

Time-series forecasting methods are constantly
evolving with an array of modeling approaches to choose
from, some more sophisticated than others. Unfortunate-
ly, the forecasting performance is not improving at the
same pace. What can be perceived as somewhat disap-
pointing forecasts has to be evaluated in view of an in-
herently uncertain future. Singer (1997, p. 39) expressed
this uncertainty in the following manner: “Because of
the things we don’t know [that] we don’t know, the fu-
ture is largely unpredictable. But some developments
can be anticipated, or at least imagined, on the basis of
existing knowledge.”

Modelling these developments, wich according to
Singer can be anticipated is crucial for forecasting per-
formance. As Clements and Hendry (1996) note, shifts in
deterministic components are one of the major reasons
why forecasts break down. This can explain why naive
forecasts often win over more sophisticated forecasting
models: naive models do not contain any deterministic
components so they avoid forecast breakdowns associ-
ated with deterministic shifts. Nevertheless, there have
been improvements in forecasting performance over the
years. In particular, ARIMA and restricted VAR models
have shown comparatively good performance. In addi-
tion to these two models, which are currently used wide-
ly, there exist an array of other models like switching
models, autoregressive fractionally integrated moving
average (ARFIMA) models and other linear and nonlin-
ear forecasting techniques that have yet to prove their
superiority in forecasting performance.

The usual approach in VAR modeling is to treat
parameters as fixed over time. In an MS-VAR mod-
el, parameters are allowed to vary over time, imply-
ing a nonlinear data-generating process. Hamilton
(1989, 1990) developed a procedure for estimating
regime shifts using a Markov chain to represent the
regime-generating process, which was further formal-
ized with the MS-VAR framework by Krolzig (1997).
There are a number of ways available to restrict the
regime changes and parameters in an MS-VAR model,
including restricting the number of regimes and the
parameters to be constant over regimes, either autore-
gressive or intercept parameters, like parameters in a
regular VAR model.

The unrestricted parameters will change in accordance
with regime changes. These changes are governed by an
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explicitly stated probability law and can be derived us-
ing the expected maximum likelihood (EM) algorithm.
The purpose of this algorithm is to identify regime shifts,
to estimate parameters associated with each regime, and
to characterize the probability law for transition between
regimes. The algorithm is based on the state space form
of the Kalman filter, but, unlike the linear Kalman filter,
the EM algorithm is capable of nonlinear inference. It is
also a numerical robust algorithm for maximizing sample
likelihood. It must be noted that these estimated probabili-
ties of regime changes imply that the MS-VAR model is
characterized by exogenous regime shifting in contrast to
comparative models such as the threshold autoregressive
(TAR) model.

The general idea behind such Markov-switching mod-
els is that the parameters of a K-dimensional time series
process depend on an unobservable regime s, E{1,...,M }

.f(};x |YJ—I1X:’HI ifStzl
p(yf|Yr—t.X:=Sr)= M 2)
SO Y., X,.8, s =M

where ¥, | ={y,_, } . denotes the history ofy, while X are
exogenous variables. The 6 is the VAR parameter vector
associated with regime m that describes the relationship
between y, its past values, and X. The regime-generating
process is an ergodic Markov chain with a finite number
of states defined by the transition probabilities:

Thus, the conditional distribution of any future regime
given the past regimes s,,s ,...s, and present regime
s,., does not depend on past regimes. It depends only on
the present regime. The Markov-switching regression
model is defined as

St+l

X,B, +u, u,|s, ~NIDOZ) if s =1
X M
X, B, +u, u,|s, ~NIDOZ, ) if s, =M
“)

The most general form of a Markov-switching vector
autoregressive (MS-VAR) process is given by

Y=V ) A (s )y, T+ Ap (s) y, Fu s, ~NID(0.X(s ), (5)

where all the parameters 0 = {v, 4,..., Ap) are
dependent on regime s, where s, is a random variable
that can assume only an integer value {1,2,...,N}.
There are two components of a VAR model: first, the
Gaussian VAR model as the conditional data-generating
process and second, the Markov process as the regime-
generating process, that is, the density of y, is conditional
on pre-sample values Y  and the different states s,

The conditional density of y, will be a mixture of normal
distributions given that there is more than one state.

Data

Price data originate from continental Europe, which
is one of the biggest markets for fishmeal. More pre-
cisely, they are monthly averages of quoted prices for
fair and average quality (FAQ) fishmeal with 64/65%
protein contents delivered cost and freight to Hamburg,
Germany while the soybean meal has 44/45% protein
content delivered from Argentina to Rotterdam cost, in-
surance and freight. The Fishmeal Exporters Organiza-
tion (FEO) provided the data that are used for construct-
ing the stocks-to-use indicator.* Stocks-to-use, which is
calculated by dividing carryover stocks with total use, is
often used in agricultural price modeling as an indica-
tor of demand and supply conditions. A low value in-
dicates limited availability of stocks, which one would
normally associate with scarcity and higher prices. In
this case, stocks-to-use is constructed with production
and inventory data from FEO, which represents some of
the largest fishmeal producing countries, namely Peru,
Chile, Norway, Denmark, and Iceland. These countries
account for a large part of the global fishmeal exports
with approximately 82% of the fishmeal exports in 2000
(United Nations Food and Agricultural Organization
[FAO], 2000).

The data are on a monthly basis and span from Janu-
ary 1988 to December 2001, as seen in Figure 2. In the
figure, the soybean meal price has been normalized to
the fishmeal price for January 1988, making it easier to
observe comovements. The actual soybean meal price
for that month was 225 USD/ton. These are the three
variables used in the VAR and MS-VAR models.’ Aug-
mented Dickey Fuller tests indicate that the price series
are a I(1) process, as shown in Table 1, and are there-
fore differenced. The sense of purpose of such differ-
encing can be discussed in a forecasting context since
it implies a loss of information. Nonstationarity need
not be a problem as such, since well-behaved residuals
imply cointegration. However, in our case, differenced
data provide more robust models, and it is therefore the
preferred approach. All three variables are transformed
to logarithms.

Table 1
Augmented Dickey-Fuller Tests

Test statistic, first

Data series Test statistic, levels

differences
Fishmeal price -2.5427 -4.6513%%*
Soybean meal price -1.9102 -5.9989%*%*
Stocks-to-use -3.2089 -7.6364%*
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Figure 2. Monthly fishmeal and soybean meal prices from
Hamburg and Rotterdam together with a stocks-to-use in-
dicator for fishmeal.

(Source: Fishmeal Exporters Organization)

Empirical Results

The VAR model is first estimated unrestricted with
all three variables as endogenous to avoid potential en-
dogeneity problems. The three variables are the fishmeal
price (FP), the soybean meal price (SP), and stocks-to-
use ratio (S:U). Two dummies are included in the VAR
model in order to account for outliers. The model speci-
fication also contains a dummy for El Nifio in 1997/98,
which has been chosen based on Chow tests for struc-
tural breaks. Granger Causality tests indicate that both
soybean meal price and stocks-to-use are exogenous in
the VAR system, which implies that it can be reduced to
an AR model.

This analysis leads to the two different models re-
ported in Table 2: an AR(1) and a MS-AR(3) model.
The AR(1) has two exogenous variables where only sig-
nificant lags are included. In addition, there are seasonal
dummies and dummies for the two outliers. Lag length is
based on specification tests. First, we notice that both the
own lagged variable and the exogenous variables DInSP
(soybean meal price) and DInS:U (stocks-to-use) have
the expected signs: own price lag is positive, soybean
meal price, which is a substitute, is positive, and, finally,
stocks-to-use is negative.

Before applying the MS-VAR, it makes sense to pre-
test for nonlinearity. One such test, RESET, tests the null
of linearity against a general alternative hypothesis of
nonlinearity. This test is applied to the estimated AR(1)
model reported in the first column in Table 2. With a
p-value of 0.0516, the reported test statistic implies
that we barely keep the null hypothesis at a 5% level.
This suggests that the model is only borderline linear.
Another way to check for linearity is by examining for
parameter constancy. Figure 3 shows how key parameter
estimates (i.e., of the two leading indicator variables)
evolve through recursive estimation of the model, in

which the model is reestimated by adding observations
iteratively until all observations are used. In the first runs
of the model, the magnitude of the estimated parameters
usually changes significantly since relatively few obser-
vations are used. Provided that the model is correctly
specified, the parameter values should converge as more
observations are added.

Table 2
Parameter Estimates of an AR Model and a MS-AR Model
with Two Regimes

Variable AR(D) MS(Z).—AR(3) MS(Z).—AR(.?)
regime | regime 2

DInFP_1 0.3102%%* 0.4269%* 0.3099%*

DInFP_2 0.0956 -0.1604

DInFP_3 0.3162% -0.0116

DInSP 0.2032%%* -0.0880 0.3247%*

DInSP_1 0.0421 0.0010

DInSP_2 0.0770 0.0386

DInSP_3 0.0763 -0.0198

DInS:U -0.0315%* -0.0621** -0.0098

DInS:U_1 -0.0204 -0.0542%** -0.0046

DInS:U 2 -0.0181 -0.0663** 0.0002

DInS:U_3 -0.0510** 0.0228

Seasonal -0.0032

Seasonal 1 -0.0090

Seasonal 2 -0.0240*

Seasonal 3 -0.0042

Seasonal 4 0.0048

Seasonal 5 0.0158

Seasonal 6 0.0137

Seasonal 7 -0.0094

Seasonal 8 0.0053

Seasonal 9 0.0168

Seasonal 10 0.0204*

dosil 0.1042%*

d9810-9904 -0.0679**

*indicates 5% significance level, while ** indicates 1%
significance level

The graph in the upper-left hand of Figure 3 shows the
recursive parameter estimates along with the +2 standard
deviation of the first differenced logarithm of the soy-
bean meal price (DInSP). The graph does not show rapid
convergence as one would expect of a correctly specified
model. In fact, if we compare two periods, from Janu-
ary 1994 to December 1996 and from January 1999 to
December 2001, which represent pre- and post- El Nifio
periods, the average parameter estimate drops from 0.37
to 0.20. This corresponds to a fall in the parameter value
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Figure 3. Recursive estimations for evaluation of parameter constancy.

of over 40%. The smaller coefficient magnitude supports
our hypothesis that the role of the soybean meal price has
diminished during the period where the aquaculture sector
has become the largest buyer of fishmeal (see Figure 1).

 MSIA(2)-ARX(3), 1988 (5) - 2001 (12)

The parameter estimate for the simultaneous peri-
od value of stocks-to-use in the upper right-hand cor-
ner seems relatively stable and statistically significant.
However, the two lagged values of stocks-to-use,
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Figure 4. Plot of DInFP and the probability distributions of Regimes 1 and 2 occurring from the MS-AR(2) model.
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DInSU 1 and DInSU 2, both show a tendency to be-
come statistically significant during the period from
January 1999 to December 2000 if we allow for a 10%
significance level. This suggests that, as the soybean
meal price has become a less important determinant of
the fishmeal price, the role of stocks-to-use as a predic-
tor of price has increased.

With empirical evidence supporting the presence
of regime shifts in the fishmeal market, we proceed
to estimate the Markov-switching model for the fish-
meal price. The lag-length specification of the MS-AR
model is based on Aikake and Bayes information cri-
teria. In the end, a model with two regimes and three
lags is chosen, with the estimated parameters reported
in the two right-hand columns in Table 1. The results
are interesting as the estimates provide further evi-
dence of two price regimes. In Regime 1, which is the
least prevailing in the estimated sample, all the soy-
bean meal price coefficients are insignificant while all
the stocks-to-use variables are significant. In Regime 2,
only soybean meal prices are significant, except for the
own-price lag. This indicates that in Regime 1, there is
a detachment of the fishmeal market from the soybean
meal market where the price of fishmeal is mainly de-
termined by the supply of fishmeal while in Regime 2,
the soybean meal price is the price leader.

There are several measurements of forecasting per-
formance, but mean squared predicted error (MSPE) is
frequently used because it strikes a balance between ac-
curacy and precision of a forecast. This is the measure-
ment used in this study for forecast comparison. Accord-
ing to the MSPE, the AR model performs better than the
MS-AR model. In Table 3, we see that the AR model has
lower MSPE, with 0.0077 against 0.0128 of the MS-AR
model. However, both the AR and MS-AR perform bet-
ter than a naive model, which has an MSPE of 0.0209. In
Figure 5, the forecasts from the naive, AR, and MS-AR
models are plotted against the actual values of DInFP.
The fact that the own-price lag is just as significant in
the MS-AR model as in the AR model is probably an
indicator that the forecasting abilities are not superior to
that of the AR.

Table 3

Mean Squared Predicted Error
Data series MSPE
MS-AR 0.0128
AR 0.0077
NAIVE 0.0209

meipus Naive
AR forecast
=== M5-AR forecast

s DInFP

Figure 5. One step ahead within sample forecasts of the
differenced fishmeal price based on Naive, AR, and MS-
AR model.

Summary and Conclusions

This paper has examined the modeling and forecast-
ing of historical fishmeal prices, comparing the AR and
MS-AR models with a naive model. The purpose of intro-
ducing a Markov-switching model for the fishmeal price
is to achieve higher accuracy in the price modeling and
to produce better forecasts. Empirical evidence supports
the belief that there is more than one price regime in the
fishmeal market, not least because of volatile supply and
structural changes in the makeup of buyer segments. In
particular, the increased presence of the aquaculture sec-
tor has probably induced a more kinked demand curve
for fishmeal. Furthermore, the economic theory suggests
that storage accentuates asymmetries in commodity price
movements, which is highly relevant for the fishmeal mar-
ket. The severe impact of El Niflo on fishmeal production
makes the fishmeal market somewhat unique by inducing
shortfalls in the supply that are not often observed in other
markets. In these periods, fishmeal stocks run low, mak-
ing the fishmeal price sensitive to supply changes.

Two leading indicators were chosen for explaining the
fishmeal price: the soybean meal price and stocks-to-use.
Initially, an unrestricted VAR model is estimated, that is, as
a system with three endogenous variables. As both the soy-
bean meal price and stocks-to-use are found to be strong-
ly exogenous in relation to the fishmeal price, the VAR
and MS-VAR models are reduced to single equation
AR and MS-AR models with the fishmeal price as the left-
hand side variable. In terms of modeling, the results of the
MS-AR model are encouraging in the sense that they give
a plausible account of the underlying price mechanism. The
results indicate that the fishmeal market decouples periodi-
cally from the soybean market, likely because of tighter
supply, and subsequently the stocks-to-use ratio becomes
more important for predicting the fishmeal price. This is
in accordance with what we should expect with a kinked
demand curve for fishmeal combined with volatile supply.

While the MS-AR model seems to offer a plausible
explanation of fishmeal price regimes, its forecasting
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performance is less convincing, at least when compared
to the AR model. In fact, the AR model outperforms the
Markov-switching model when comparing MSPE. As a
result, the study does not provide any evidence that the
MS-AR model improves the quality of forecasts of the
fishmeal price.

It is well known that in-sample fit is no guarantee for
good forecasting performance. A general problem is that
in-sample estimation error usually increases with the size
of the model, which again translates into larger forecast er-
rors. Another important point is that we are not able to fully
exploit the regime switching of the MS-AR model in a fore-
casting context. The reason is that the future regime is not
forecasted. Instead, the forecast produced by the MS-AR
model is based on a weighted average of the two regimes.
In other words, the forecast is calculated using a weighted
average of both sets of parameter estimates corresponding
to the two regimes. This system is not necessarily the most
desirable when there are two distinct regimes.

Another criticism of the models in terms of forecasting
relates to the leading indicators. We can question whether
the two leading indicators in the estimated AR and MS-
AR models in fact are leading, since the contemporary
values of the soybean meal price and stocks-to-use are
the strongest predictors of the fishmeal price. This implies
that forecasts of both the soybean meal price and stocks-
to-use are required to produce a true forecast of the fish-
meal price. This is an obvious weakness as it introduces
additional sources of forecast errors. For these variables
to act as pure leading indicators, higher frequency data
such as weekly or daily data would probably be required.

The structural changes on the demand side have con-
tinued after the data period covered in this study, with the
aquaculture sector moving away even more from the fish-
meal consumption of the poultry sector. Unfortunately, I
have not been able to obtain data on fishmeal stocks for
the period after December 2001. Thus, it would be ideal
for future research to expand the model in this paper to in-
clude prices of aquaculture products since high prices for
farmed fish could lead to higher demand for fishmeal. To
my knowledge, there are only available aggregate price
indices for seafood, but not for farmed fish specifically
(Tveteras, 2005). The FAO has a project to develop an
aquaculture price index that could prove useful to model
fishmeal prices in the future.

Another potential extension of this study relates to
how regimes are estimated. If we believe that there are
two distinct regimes, it would be desirable to make fore-
casts based on either of the two regimes instead of using a
weighted average. However, this requires that we be able
to forecast the regimes. Thus, a suggestion is to estimate a
model with endogenous regime switching. In the fishmeal
market, the price level should be a promising predictor of
the state of the regime for the same reasons that have been
discussed earlier in this paper (i.c., related to the kinked
demand curve).
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Endnotes

1 Another example is the soybean meal market (e.g. Goodwin,
Schnepf, & Dohlman, 2005)

Footnotes

2 The following references are only a small sample from the
large literature on regime switching in financial and macro-
economic literature: Clements and Krolzig (2002); Hamilton
(1989, 1991); Krolzig (2001); Morana and Beltratti (2002);
Perez-Quiros and Timmermann (2001); Smith (2002).

3 The small pelagic species used for fishmeal production are
free migrating schooling fish that inhabit the surface waters,
as opposed to demersal fish species.

4 FEO is now a part of the International Fishmeal and Fishoil
Organization (IFFO) after merging with the International
Fish Meal and Oil Manufacturers Associations (IFOMA) in
2003.

5 Unit root tests and VAR model estimation is done in PcGive,
while MS-VAR model is estimated using MSVAR package
for OX created by Krolzig (1998).

* Correspondence concerning this article should be directed to
Sigbjorn Tveteras at: stveteras@pucp.edu.pe



