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Abstract: The objective of this paper is to present a parsimonious forecasting model for the fishmeal price. The
focus is on the soybean meal market’s impact on the fish meal price through the soybean meal futures price
together with the stocks-to-use as an indicator of demand and supply conditions. A salient feature of the
fishmeal market is the impact of the ENSO events on fishmeal supply. This possibly leads to two different price
regimes, one where the fish meal price is highly correlated with the soybean meal price, and another, during
ENSO events, where fish meal supply is low and the fish meal price is not strongly correlated with the soybean
meal price. The results from the Markov-switching autoregressions indicate two price regimes where one is
mostly governed by the soybean meal price while the other is governed by the level of stocks-to-use.

Keywords: Fishmeal price forecasting, price regimes, Markov-switching autoregression.

1. INTRODUCTION

By construction commodity markets have a price floor since negative prices are not allowed. Consequently
prices are able to spike upwards, but are limited in their downward movements, thus, creating an asymmetry in
price movements. Storage accentuates this feature by being more effective at eliminating the incidence of
exceedingly high consumption and low prices than vice versa due to the impossibility of carrying negative
inventories (Wright and Williams 1982). In other words, storage stabilizes price movements when supply is
large, but to a lesser degree when there are shortages in the supply and corresponding high prices. The
asymmetry of commodity prices complicates accurate modeling and forecasting since it leaves linear estimation
methods inappropriate in the sense that they do not encompass the underlying mechanism. This paper examines
whether a Markov-switching vector autoregressive (MS-VAR) model improves on this situation with respect to
modeling and forecasting fishmeal prices. A VAR model is used as a benchmark for the MS-VAR since it
represents a natural departure point for the more advanced MS-VAR models. Furthermore, it has been shown
that VAR models tend to perform best compared with traditional forecasting methods like naïve methods
(Allen, 1994; Guttormsen, 1999).

Transitions back and forth between different price regimes give reason for using a MS-VAR model since it
potentially provides more accurate description of the data generating process and possibly improve forecasts. It
is not obvious, however, that asymmetries in commodity prices are pronounced enough to justify such an
approach, or, for that matter, best described as being a result of multiple price regimes. It is therefore important
to consider whether a commodity market is plausibly described as having multiple price regimes. A few studies
of the fishmeal market suggest that there are two regimes for the fishmeal price (Tveterås and Tveterås, 2002;
Asche and Tveterås, 2000); one regime where prices are high and demand is inelastic and another regime where
prices are low and demand is more elastic. This implies a kinked demand curve.

Further, it seems, somewhat oversimplified, that changes in the fishmeal supply is the mechanism that switches
the regimes from one to the other. Deaton and Laroque (1992) pointed out that a convex demand curve
combined with large harvest variability leads to large variability in prices. This description appears to fit the
fishmeal market, even if the demand curve for fishmeal maybe is better described as kinked rather than convex.
Considering that feed costs account for over 50% of the variable costs in salmon aquaculture and that fishmeal
is the largest feed input in terms of costs, reliable forecasts of fishmeal prices are an important tool for risk
management. A study by Guttormsen (2002) indicates that substitutability between feed and other inputs in
salmon aquaculture is close to zero, further emphasizing the vulnerability of feed producers and fish farmers to
changes in raw material prices. Good forecasts are therefore important for making hedging decisions like earlier
studies have suggested (Gjerde, 1989; Vukina and Anderson, 1993).
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2. BACKGROUND

The reason why fishmeal together with fish oil has such an important role in salmon aquaculture is the
nutritional value in terms of essential fatty and amino acids.  In many ways marine proteins mirrors what nature
intended for carnivorous aquaculture species. However, fishmeal was mainly used as an inexpensive protein
source in pig and poultry feeds before the growth of intensive aquaculture. Yet, even at this stage there is
evidence of a kinked demand curve (Hansen, 1980). The growth of intensive aquaculture production has
changed the consumption pattern of fishmeal, and since the end of the 1990s aquaculture has been the largest
consumer of fishmeal. This reflects the aquaculture sector’s higher willingness to pay for fishmeal relative to the
pig and poultry sector.

There are protein substitutes for fishmeal for both aquaculture and animal feeds, and soybean meal is the most
important due to wide availability and similar qualities as fishmeal. Empirical evidence indicates that these two
markets are strongly integrated (Asche and Tveterås, 2000). However, this does not prevent the fishmeal prices
to exhibit large short-term deviations from soybean meal prices and high variability. Further, the degree of
substitutability between fishmeal and other protein sources varies with the particular aquaculture and animal
species, and for most feed producers substitution from one protein source to another are complicated by
logistical and technical reasons. For example most producers have limited storage space available. This limits
how much of one or the other feed input can by bought at any given time, even if relative prices favor
substitution from one to the other feed ingredient. Another problem is that animals and aquatic species needs
time to adapt to new feeds leading to sluggishness in the transition period.

Important characteristics on the supply side include natural variability in pelagic fish stocks, fishery (mis-
)management and the El Niño Southern Oscillation (ENSO) that periodically reduces the abundant fisheries in
the Southeastern Pacific. These are all important factors behind the supply fluctuations, which also translates
into volatile fishmeal prices. In particular, ENSO events have a negative impact on fishmeal supply and thereby
fish meal prices. For feed producers, livestock and aquaculture producers that use fishmeal in their feeds, this
means increased uncertainty and risk.

3. METHODOLOGY

In a competitive market prices are determined by demand and supply. The purpose of this study is not, however,
to develop a supply and demand system. Instead we concentrate on leading indicators. Stocks-to-use, which is
calculated by dividing carryover stocks with total use, is a variable that is often used in agricultural price
modeling as an indicator of demand and supply conditions. A low value indicates that stocks are low relative to
fishmeal consumption, and, thus, one would expect increasing prices.

The usual approach in VAR modeling is to treat parameters as fixed over time. An alternative approach is to let
them vary, which implies a non-linear data generating process. This can be desirable when we believe that a
process that includes regime switching generates data. Evidence suggests that the global fishmeal market has
such characteristics where a kinked demand curve combined with a highly variable supply might entail two
price regimes. A MS-VAR model can unveil whether such a price formation process is a likely description of
the fishmeal market.

Hamilton (1989;1990) has developed a procedure for estimating regime shifts using a Markov chain to represent
the regime generating process, and his approach has been further formalized by Krolzig (1997). Changes in the
Markov chain leads to discrete shifts in the VAR. One can limit the regime change to only apply to the intercept
parameters, but can also include all the VAR parameters. These changes are governed by an explicitly stated
probability law and can be derived using the Expected Maximum likelihood (EM) algorithm. The purpose of
this algorithm is to identify regime shifts, to estimate parameters associated with each regime, and characterize
the probability law for transition between regimes. This is based on the state space form of the Kalman filter,
but, unlike the Kalman filter, the EM algorithm is capable of nonlinear inference. It is also a numerical robust
algorithm for maximizing sample likelihood. Here it is estimated using a MS-VAR package for OX, which use
the EM algorithm.

The general idea behind this kind of Markov switching models is that the parameters of a K-dimensional time
series process depend on an unobservable regime s Mt ∈ { ,..., }1 .
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=−− = 01 }{ jjtt yY  denotes the history of yt and Xt are strongly exogenous variables. The mθ  is the VAR

parameter vector associated with regime m. The regime generating process is an ergodic Markov chain with a
finite number of states defined by the transition probabilities:
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regression model is defined as
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The most general form of a Markov-switching vector autoregressive (MS-VAR) process is given by

y s A s y A s y ut t t t p t t p t= + + + +− −ν( ) ( ) ... ( )1 1 , u s NID st t t| ~ ( , ( ))0 Σ ,  (5)

where all the parameters θ ν= { , ,..., )A Ap1  are dependent on regime st, where st is a random variable that can

assume only an integer value {1,2,…,N}. There are two components of a VAR model: 1) the Gaussian VAR
model as the conditional data generating process, and 2) the Markov process as the regime generating process,

i.e., the density of yt is conditional on pre sample values 1−tY  and the different states st . The conditional density

of yt will be a mixture of normal distributions given that there is more than one state.

4. DATA

We use monthly price data from Europe. The fish meal prices are for fish meal with 64/65% contents of protein
delivered c&f  Hamburg, Germany, while the soybean meal prices are for soybean meal with 44/45% protein
content delivered from Argentina to Rotterdam cif. Fishmeal Exporters Organisation (FEO) provide the stocks-
to-use data. These data consist of inventories and production from the five biggest fish meal producers globally;
Peru, Chile, Norway, Denmark and Iceland. The data span from January 1988 to December 2001, as we see in
Figure 1 with the three variables in levels. Augmented Dickey Fuller tests indicate that the price series are I(1)
process, and are therefore differenced. The purposefulness of such differencing can be discussed in a forecasting
context. Non-stationarity need not be a problem as such since well-behaved residuals implies cointegration.
However, in our case differenced data provide more robust models, and is therefore the preferred approach. All
three variables are transformed to logarithms.
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Figure 1. Probability density of fish meal (FP) and soybean meal prices (SP) from Jan 1988 to Dec 2001.

5. EMPIRICAL RESULTS

The VAR model is first estimated unrestricted with all the 3 variables as endogenous to avoid potential
endogeneity problems. Two dummies included in the VAR model to account for outliers. The model
specification also contains a dummy for El Niño in 1997/98. Next the data are tested for weak exogeneity, and
the results indicate that both soybean meal price and stocks-to-use are weakly exogenous in relation to the
fishmeal price. Thus, the VAR model is reduced to an AR model, and this leads to the two different models
reported in table 1; an AR(1) and a MS-AR(3) model. The AR(1) has two exogenous variables where only
significant lags are included. In addition there are seasonal dummies and dummies for the two outliers. First, we
notice that the both own lagged variable and the exogenous variables DlnSP (soybean meal price) and DlnS/U
(stocks-to-use) have sensible signs; own price lag is positive, soybean meal price, which is a substitute, is
positive, and, finally, stocks-to-use is negative.

Table 1 Parameter estimates of an AR model and a MS-AR model with two regimes

Variable AR(1) MS(2)-AR(3) regime 1 MS(2)-AR(3) regime 2
DlnFP_1   0.3102**  0.4269**  0.3099**
DlnFP_2  0.0956 -0.1604
DlnFP_3  0.3162* -0.0116
DlnSP   0.2032** -0.0880  0.3247**
DlnSP_1  0.0421  0.0010
DlnSP_2  0.0770  0.0386
DlnSP_3  0.0763 -0.0198
DlnS/U  -0.0315** -0.0621** -0.0098
DlnS/U_1  -0.0204 -0.0542** -0.0046
DlnS/U_2  -0.0181 -0.0663**  0.0002
DlnS/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
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Seasonal_8   0.0053
Seasonal_9   0.0168
Seasonal_10   0.0204*

d9511   0.1042**
d9810-9904  -0.0679**
*indicates 5% significance level, while ** indicates 1% significance level

Figure 2. Plot of DlnFP and the probability distributions of regime 1 and 2 occurring from the MS-AR(2)
model.

Next the specification of the MS-AR model is based on Aikake criterion and similar criteria. In the end a model
with two regimes and three lags is chosen, with the estimated parameters as shown in Table 1. The results are
interesting as they provide evidence of the two price regimes. In regime one, which is the least prevailing in the
estimated sample, all the soybean meal price coefficients are insignificant, while all the stocks-to-use variables
are significant. While in regime 2 only soybean meal prices are signinficant except for the own price lag. This
indicate that in regime 1 there is a detachment of the fishmeal market from the soybean meal market where the
price of fishmeal is mainly determined by the supply of fishmeal, while in regime two the soybean meal price is
the price leader.

However, when it comes to forecasting the MS-AR does not convince relative to the AR model based on the
MSPE where the former produce a higher MSPE than the latter. In Figure 3 the forecasts from the AR and MS-
AR model are plotted against the actual values of DlnFP. 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 of
the AR.
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Figure 3. One step ahead within sample forecasts of the differenced fishmeal price based on the AR and MS-
AR model.

6. CONCLUDING REMARKS

The MS-VAR model offers new possibilities in relation to price modeling by allowing for more realistic
approximation of the underlying price formation process for markets that are characterized by regime switching.
The estimated model for the fishmeal market is interesting as the parameters indicate two regimes, although it
has to be stated that this is not a structural model as such. Nevertheless, as a preliminary study it does show
promising results in relation to price modeling. However, as this study indicates one should not take for granted
that the MS-VAR model reveal better forecasts, even if it provides more realistic models. More generally,
commodity prices are notoriously autocorrelated and finding the appropriate variables and specification is
difficult. Price formation processes in commodity markets are complicated and data are not always easily
available. On the other hand the fact that the model give parameters which have an economic interpretation give
and indication that these models can provide more effective tools for forecasting, and thereby provide a better
basis for hedging decisions .
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