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ABSTRACT

A particular nonparametric regression analysis approach is used to forecast the
canola futures contract prices in Canada. We used smoothing spline in a generalized
additive model to estimate the parameters of the forecasting function. Diagnostic
checking tools indicated that the time series underlying forecast followed at most an AR
(11) process. The results showed that the canola futures contract prices, on average,
would decrease by 1.4 percent of the origin futures contract prices in November 2000,
but individually for the last three forecasting points, they will increase by 0.2 percent in
compare to the previous ones.
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Abstract- A particular nonparametric regression analysis approach is used to forecast
the canola futures contract prices in Canada. We used smoothing spline in a
generalized additive model to estimate the parameters of the forecasting
function. Diagnostic checking tools indicated that the time series underlying
forecast followed at most an AR (11) process. The results showed that the
canola futures contract prices, on average, would decrease by 1.4 percent of
the origin futures contract prices in November 2000, but individually for the
last three forecasting points, they will increase by 0.2 percent in compare to
the previous ones.   

Introduction

An old definition about market says: “a market is a place or situation that puts
sellers and buyers in communication with one another where prices are discovered, and
where ownership may be transferred.” This global definition applies to wide variety of
markets from local market as well as to futures markets. Futures markets exist to assist in
the process of price discovery and provide a mechanism that allows producers, holders,
and users of a commodity to transfer and reduce price risk. The transfer is accomplished
by taking equal and opposite positions in the futures and cash markets. There is also no
question that futures markets move quickly, although its motives in the markets and the
accuracy of the prices it generates, is always being debated.

Price analysis is the key to successful use of any futures or options market.
Whether a trader is speculating or hedging, some expectation of prices is required for
development of a trading strategy. These price expectations can be derived in a number
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of ways. As date, two general categories of price analysis have been used in futures and
options markets. First, fundamental analysis  that is a way of looking forward, gathering
data concerning supply and demand conditions expected in the future. Second, technical
analysis, which is a way of looking backward, making forecasts based on historical data.

This study tries to introduce a general framework for forecasting futures market
prices using a non-parametric analysis. Non-parametric analysis, unlike the parametric
one, has the advantage of not having a known priori functional form in advance. In this
type of analysis we let data speak for them to have some particular form of distribution.
There are five main sections in this paper. Section one introduces basic characteristics of
futures markets. In section two, both methods of futures market analyses are discussed in
detail. Section three introduces the principle of forecasting. In section four, non-
parametric regression analysis is introduced by using an empirical analysis of the canola
futures contract prices. Section five concludes some remarkable points.

1. Futures Markets

Markets are places where assets are traded. This definition does not necessarily
mean that in order to have a market, first, we must have a physical place. An asset is
something having or perceived to have value which may be of a financial or nonfinancial
nature. Financial assets represent financial claims, which may be direct or indirect. These
types of assets or instruments trade in financial markets include capital markets, money
markets, and currency markets which are not the case in this paper. Nonfinancial assets
are assets of a more physical nature, such as physical commodities, real estate, and
collectibles (Marshall 1989). Physical commodities can be further divided into
agricultural, industrial material, and precious metal groupings. Agricultural futures
commodity markets are of interest of this paper in the empirical section.

Futures markets have captured the public’s attention since mid of 1970s, because
world economic boom have caused growth activities and expanded markets that led to
attract a wide variety of new traders to those markets. That boom created more volatile in
prices and interest rates which results in greater uncertainty in decision making. Many
markets are now much more international in nature than just few decades ago. Large
capital flows seem to know no boundaries, responding to alternative investment
opportunities around the world. Agricultural contracts helped lead futures trading to large
volumes beginning in the 1970s due to rising commodity and energy prices. Adverse
weather around the world, changing governments policies in agriculture, growing
international trade, formation of regional and international agreement in trade such as the
G8 countries, NAFTA, EU, and WTO dramatically altered traditional markets.

Futures markets perform several functions. Primarily, they (1) facilitate the
management of risk; (2) aid firms in discovering forward prices; (3) provide a means for
firms to request and secure additional operating capital; and (4) provide a source of
information for decision making. Futures markets are effective, because of their close
approximation to the classical concepts of pure competition. We will extend our
discussion in this matter when we explain the principles of market analysis in next
section.

The existence of futures markets has created a flow of information far exceeding
what would otherwise be the case. This allows for much more intelligent decision
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making. Futures markets are a place where information is interpreted and exchanged,
and the information they provide for decision making may well be their most significant
economic role for both participants and nonparticipants. Futures markets can make cash
markets more efficient through its information role, and as a matter of fact, their purpose
is to make cash markets work better. Due to this relationship with cash markets, futures
markets are primary price discovery markets for many commodities, instruments, and
indices. Futures prices are base reference values for producers, processors, and
consumers of many goods and transference of ownership of goods and services, and
increase the information content of spot market prices. Futures markets attract speculators
who search for information and whose trading should improve rational price information.
Speculation is not costless because information is costly, but ultimately these activities
can reduce total marketing costs for everyone.

Firms and business face risks as they buy inputs, perform a service on them, and
then sell products. During this process price relationships may change so much that the
firm cannot cover all its costs. In order to be successful, such firms need skills in
managing risks. Futures markets is one of the firms’ choices for managing risks.
Effective risk management has financial consequences. Firms that can reduce risks
should have a higher probability of making a profit. Such firms should be able to
command additional operating capital. Lenders would be more willing to lend money to
those enterprises that can show lower probabilities of financial loss and bankruptcy while
they can manage these interest rate risks directly on the futures market.

Futures markets are a zero-sum game. It means that for every currency unit we
obtain from the market, some one else must lose a unit of currency. Futures markets have
the image of being fast-moving markets. It is not that their prices necessarily fluctuate
more than other prices, but that futures trading is done on the margin. Small amounts of
money command large contracts. The benefits of  a futures market come from improving
the scope and flexibility of decision making for a firm. Futures trading is a highly
standardized way to enter into fixed-price forward contracts; it is economical in execution
and thereby secure in performance. Ownership responsibilities are shifted to someone
else, and firms can organize production operations more efficiently.

Futures markets have more functions and characteristics than we discussed in this
section, which for the lack of the space we couldn’t explain all of them. For more details
in futures markets functions and characteristics see Leuthold, Junkus and Cordier (1989).

2. The Principles of Price Analysis

Price analysis is the key to successful use of any futures or options market.
Whether a trader is speculating or hedging, some expectation of prices is required for
development of a trading strategy. These price expectations can be derived in a number
of ways. As date, two general categories of price analysis have been used in futures and
options markets. First, fundamental analysis that is a way of looking forward, gathering
data concerning supply and demand conditions expected in the future. Secondly,
technical analysis which is a way of looking backward, making forecasts based on
historical data. Fundamental analysis is usually considered to be more difficult than
technical analysis because there is no so much information to evaluate. It also requires
knowledge of a specific market, whereas the same technical rules can be applied to a
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number of different markets. In general, a fundamentalist tries to determine the intrinsic
value of a product, which is a long-run approach to price analysis. In next subsection we
briefly explain each of those methods followed by comparing them to give readers a
rough idea about the principles of price analysis. Interested readers may find more detail
explanations in Blank, Carter and Schmiesing (1991).

2.1 Fundamental Analysis Approach (FAA)

There are many traders who concentrate their efforts in futures and options
markets based on the fundamental factors of supply and demand because these markets
are thought to be examples of near perfect competition. That idea mainly comes from the
environment that traders are performing under some circumstances that fulfill the
requirements of competition:

• Large number of participants so no one has much influence on market prices.
• Product homogeneity is closely approached by the contract specifications.
• Although free entry and exit cannot be happened however they are closely

approximated through small contract sizes and margin requirements.
• Full information is available which is one of the advantages of futures and options

markets.
• No intervention by the third decision-maker exists and traders have their

independence and impersonality in their operations which are dictated by the
organization and regulation of the markets.

Fundamental traders believe that in such a market, the key point to price analysis
is to interpret of information concerning factors affecting supply or demand as to their
meaning for the long-term trend in prices. They are not as concerned about when prices
will move up and down significantly as they are with the probability of whether prices
will move in a given direction and the possible extent of such a move. For example, if
the direction of price movements can be predicted correctly, speculators can make profits
and hedgers can better identify what the best strategy for them is. One thing that is
important in the viewpoint of the fundamental traders is the randomness of the prices.
Therefore, they try to monitor and correctly evaluate new long-term information
concerning general economic factors and specific market supply and demand variables.

Conventionally, a fundamental approach to price analysis begins when an analyst
determines the general business climate and checks the overall trend of commodity or
financial prices.  This survey is similar to the situation when we want to analyze the
macroeconomic factors aimed at identifying the trend in the nation’s economy. The
second stage of the fundamental approach involves when we want to determine the
answers to a number of questions for a particular product. By answering to those
questions, which are accounted as the microeconomic aspects of our analysis, we obtain
detail information of both qualitative and quantitative analysis of data concerning specific
variables.( For more details on such type of questions see Gold 1975).
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2.2 Technical Analysis Approach (TAA)

Technical analysis is the study of historical prices, usually in chart form, in order
to predict future price behavior. Traditional technical analysts, when forecasting prices,
reject the use of statistical supply and demand data or interpretations of new events. They
study the market by itself rather than external supply and demand factors. The
development of microcomputers has eased the study of quantitative historical price
analysis through technical approach. Technical analysts, some times called chartists,
believe that supply and demand data  are subject to interpretation and are not usually
current. The vast volume of interaction in futures and options markets almost makes
impossible to analyze the market through the fundamental approach. Moreover, in the
long-term the forecasts obtained from such approach are too vulnerable to new
information, hence the focus on recent price.

Technical analysts believe that these problems with fundamental analysis can be
avoided if we “let the market tells us” when to trade long or short. They state that by
merely watching the direction and amplitude of price movements, we are able to tell how
others are thinking and trading. They usually criticize fundamental analysts for ignoring
the major, and unpredictable, price influence: the mood of the trading public. Technical
analysts keep a record of price movements in hopes of finding patterns that indicate that a
recognizable price movement is underway or that the trend is turning.

Technical analysis provides traders with empirical, rather theoretical, guidance in
generating price forecast, and this advantage have made appeal to traders and market
analysts to use this approach in their analyses. Although technical analysts discuss buying
and selling pressures, however, there are significant economic assumptions required to
justify use of technical analysis. This approach assumes that history repeats itself, which
means the future can be predicted from the past. In other words, applying this method
inherently contains the assumption of no random walk exists in day-to-day price changes.
We will explain the theory of random walk in the following sections. This, in turn,
implies that the markets are inefficient in viewpoint of economic definition. Fama (1976)
defined an efficient market is one that accurately and rapidly reflects available supply and
demand information.

There are numerous technical analysis methods used by futures and options
traders. These methods may fall into four broad categories:

• Patterns on price charts
• Trend-following methods
• Character-of-market analysis
• Structural theories

2.3 Fundamental versus Technical Analysis Approach

Futures brokers and managers of futures funds are those agents who support
technical analysis. In comparing fundamental and technical analysis, technical analysts’
argument center on four reasons for using their method over the alternative:
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1. It is almost impossible for any private trader to compete with large commercial
companies in the rapid collection of accurate and costly information. In contrast, with
technical analysis, a private trader can often determine whether the major commercial
companies’ interests are trading short or long.

2. Fundamental analysis may succeed in predicting long-term price moves, but it is not
too helpful in the short term. Since there are high level of financial leverage in futures
trading, private traders cannot afford to be wrong in the short term.

3. Preoccupation with daily news events and rumors makes it very difficult to maintain
the systematic and disciplined approach to trading decisions required for successful
trading.

4. Technical analysis approach has been working for long time. For decades, people
have made money employing primarily technical methods. It is simple to use and the
same techniques can be applied to many different markets.

The first three points all focus on the need of a trader to identify quickly what other
market participants are thinking and doing. The fourth reason is the crucial one. People
may ask whether or not technical analysis is a profitable exercise. Several studies have
addressed this issue. They have tried to make an objective assessment of the performance
of technical trading methods. For example, Irwin and Brorsen (1987) found that inflation
rates affect returns to futures fund, implying that there are structural factors creating
trends in prices which provide opportunities for systems trading profits. They also
concluded that the amount of technical trading in a market does not affect returns to fund.
Concerning specific technical trading methods, Neftci and Policano (1984) found that
moving average systems seem to have some predictive power, while trend-following
systems have mixed results. To explore more differences between fundamental and
technical analysis approach see Blank, Carter and Schmiesing (1991).

3. The Principles of Forecasting

There is a general consensus that forecasting is important because forecasts are
constantly made in business, economics, government, finance, and many other fields.
Obviously, forecasts are made to guide decisions in a variety of fields. Operations
planning and control, marketing, economics, capacity planning, business and government
budgeting, demography, crisis management, financial risk management, and financial
speculation are some applications indicates that how important forecasts are. For
example, speculators in asset markets have an interest in forecasting asset returns such as
stock returns, interest rates, exchange rates, commodity prices, etc and such forecasts are
made routinely. The forecasting of asset return volatility is related to the forecasting of
asset returns. For decades, practical methods for volatility forecasting have been
developed and widely applied. Volatility forecasts are crucial for evaluating and insuring
risks associated with asset portfolios. Volatility forecasts are also crucial for firms and
inventors who need to price assets such as options and other derivatives.
With so many different forecasting applications, we may think that numerous variety of
forecasting techniques exist, however a relatively small number of tools form the
common core of almost all forecasting methods. Although predicting the population of
country A is different with anticipating the stock market of B, the principles underlying
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the forecasts are identical. There are six basic points relevant to all forecasting tasks
that we should pay attention in order to have successful forecasting. Diebold (1998) had
done an excellent and comprehensive review of those points, which are discussed in this
section very briefly:

(a) Decision Environment: The key to generating good and useful forecast is recognizing
that forecasts are made to guide decisions, so recognition and awareness of the decision-
making environment is the important point to effective design, use, and evaluation of
forecasting models.

(b) Nature of Forecast Object: Based on the problem we have, there are many objects to
forecast. Typically, the forecast object in business and economics contains one of these
three choices: event outcome, event timing, and time series . Event outcome forecasts are
relevant to situations in which an event is certain to take place at a given time but the
outcome of that event is uncertain. Event timing forecasts are relevant when an event
outcome is certain to take place and the outcome is known, but the timing is uncertain.
Time series forecasts involve projecting the future value of a time series of interest.
Among those three, the last one has been paid attention by most economists, and also we
use in this paper. There are at least two reasons why time series forecasts are by far the
most frequently encountered in practice. First, most business, economic, and financial
data are in time series format. Second, the technology for making and evaluating time
series forecasts is sufficiently well developed.

(c) Forecast Statement: The way a forecast is stated depends entirely upon the forecast
type. When we make a forecast, we must know if the forecast will be (a) a single number
(point forecast); (b) a range of numbers into which the future value can be expected to
fall a certain percentage of the time (interval forecast); or (c) an entire probability
distribution for the future value (density forecast). A good point forecast provides a
simple guide to the future of a time series, but it is highly sensitive to the random and
unpredictable shocks. As a result of such shock, we may expect some nonzero forecast
error even that point forecast is a very good projection of the future value. Thus, we may
need to know the degree of confidence available in a particular point forecast. The
uncertainty surrounding point forecasts suggests the usefulness of an interval forecast. An
interval forecast is a range of values in which we expect the realized value of the series to
fall with some prespecified probability. Two points are worthy here to be mentioned:
first, the length (size) of the intervals conveys information regarding forecast uncertainty.
Second, interval forecasts convey more information than point forecasts. A density
forecast gives the entire density or probability distribution of the future value of the series
of interest. As with interval forecasts, density forecasts convey more information than
point forecasts. They also contain more information than interval forecasts, because given
a density; interval forecasts at any desired confidence level are readily constructed.

(d) Forecast Horizon: The forecast horizon is defined as the number of periods between
the current time and the date of the forecast we make. At least two things make the
horizon so important: first, it is clear that the forecast changes if the horizon alters.
Second, the     best forecasting model will often change with the forecasting horizon as
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well. In general, we have an h-step-ahead forecast, for which the horizon h is at the
discretion of the user. The choice of horizon depends on the decision that the forecast will
guide. The nature of the decision environment typically dictates whether short-term,
medium-term or long-term forecasts are needed.

(e) Information Set: Certainly, the quality of our forecasts is limited by the quality and
quantity of information available when forecasts are made. The idea of information set is
fundamental to constructing good forecasts. Sometimes in time series forecasting, we use
the historical of one series variable, called univariate information set. Alternatively,
sometimes we use the multivariate information set which contains al least two historical
series of variables related somehow to each other. No matter what type of information set
we have, it is always important to seriously consider what information is available, what
additional information could be collected or made available, the form of the information
such as qualitative or quantitative, and so on.

(f) Choice of Forecasting Method: Conventionally, the specifics of the situation will
indicate the desirability of a specific method or modeling strategy. Although the
complexity of phenomena in the real-world may cause us to think of using complicated
tools and models for forecasting, fortunately this is not the case because decades of
professional experience suggest using simple and parsimonious models tend to be best
models for out-of-sample forecasting business, economics, and finance. Few reasons may
convince us why smaller and simpler models are often more attractive than larger and
more complicated ones. First, we can estimate the parameters of simpler models more
precisely. Second, because simpler models are more easily interpreted, understood and
scrutinized, anomalous behavior is easily spotted. Third, it is easier to communicate an
intuitive feel for the behavior of simple models, which makes them more useful in the
decision-making process. Finally, enforcing simplicity lessens the scope for data mining,
but we should notice that using a simple model is quite different with using a naive one.
In fact, as Diebold (1998) stated “it should be well formalized in the KISS principle: Keep
It Sophisticatedly Simple.”

4. Nonparametric Regression Analysis

A fundamental problem in econometrics is to develop models based on a sample
of observations so that further analyses can be carried out with statistical techniques
applied in econometrics using the model so developed. During the past several years,
econometrists used parametric models widely. A disadvantage of such models is that it
may not be robust in the sense that slight contamination of the data by observations not
following the particular parametric family might lead to erroneous conclusions.
Furthermore, the data might be of such a type that there is no suitable parametric family
that gives a good fit. Under these circumstances, we might take recourse to
nonparametric modeling.

In general, there are three basic problems in statistics and other close majors such
as econometrics: (1) devising scientific and valid statistical techniques for data collection;
(2) developing statistical methods for statistical inference based on collection data; and
(3) improving the statistical models for future used based on these experiences. The
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classical statistical methods are parametric. The assumption underlying every
econometric model is that the sample of observations comes from a population with a
known parametric family. The problem is either to estimate the unknown parameters or to
devise tests and derive confidence region for the unknown parameters based on the
sample. This assumption is rather strong because the assumed parametric model need not
be the actual one if there is one, and the statistical methods developed for a particular
parametric model could lead to erroneous conclusions when applied to a slightly
perturbed model. These problems brought about a recent trend to develop nonparametric
statistical methods for data analysis.

The fundamental problem is the estimation of the distribution function or the
density function, if it exists, of the population from which the sample has been obtained.
For a long time, statisticians and other researchers used histograms, which are a type of
density estimators, as tools in drawing inferences form data. Recently a large class of
nonparametric methods has been developed for the estimation of distribution functions,
density functions, etc., for data of several types. One of these methods is the Generalized
Additive Model (GAM) introduced in the next section.

4.1 Generalized Additive Models (GAM)

Generalized additive models proposed by Hastie and Tibshirani (1984) are the
extension of additive models, which in turn, are the extended form of a family functions
of standard linear models, called generalized linear models. In these models, the mean of
the response is modeled as an additive sum of the predictors. Generalized linear models
are themselves a generalization of linear regression models. Specifically, the predictor’s
effects are assumed to be in linear in the parameters, but the distribution of the responses,
as well as the link between the predictors and this distribution, can be quite general.
Many useful models fall into the class, for example, in a linear logistic model for binary
data, the response Y is assumed to have a Bernoulli distribution with

( )µ = pr Y X Xp| ,..., ,1

And µ is linked to the predictors through { }log .µ µ α β1− = + � X j j
j

 Other familiar

models in this comprehensive class are log-linear models for categorical data and gamma
regression models for responses with constant coefficient of variation. The family of
generalized linear models provides an appealing framework for studying the common
structure of such models. In short, generalized additive models extend generalized linear
models in the same manner as that additive models extend linear ones. It means
generalized additive models replace the linear formα β+ � X j j

j
with the additive

form ( ) ( )η αX f j X j
j

= + � .  The name additive refers to the multivariate assumption

underlying the model, namely that the p-predictor function η has a low-dimensional
additive structure. Such models are attractive if they fit the data, since they are far easier
to interpret than a p-dimensional multivariate surface.
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In this paper we intend to use a flexible method for modeling an individual term
in an additive model. The functions are fitted using scatterplot smoothers, nonparametric
techniques for fitting a regression function in a flexible data-defined manner. Several
smooth terms are fitted simultaneously in an additive model by using the scatterplot
smoothers iteratively. However, this flexible method cannot be applied with any cost.
The cost involved in such method is that for nonparametric techniques to be successful
and remain parsimonious, the underlying functions need to be reasonably smooth.

The additive predictor η can be used in all different situations where  the linear
predictor is used for the generalized linear models. A univariate smoother, a
semiparametric model, or a nonparametric logistic function are some examples that we
can classify them under the family of generalized additive models. There are many
approaches that we can estimate any nonparametric regression coefficients. One approach
is based on penalized likelihood and smoothing splines. Others are based on the idea of
local estimation. In this paper, we used the spline smoothing approach to estimate the
coefficients of the forecasting function.

4.2 Empirical Analysis

In order to test nonparametric regression analysis in forecasting agricultural
commodity futures price, we utilized the database obtained from technical tools, which is
available in the World Wide Web at http://www.techtool.com/. The source of data is the
Winnipeg Commodity Exchange (WCE) and that is in time series (daily) starts from 1981
to 2000. The WCE is a public exchange in which demand and supply, reflected through
buyers and sellers respectively, contribute to price discovery through open auction
trading. It is the centralized nature of the auction and the characteristics of the futures
contracts which make the institution unique compared with other public markets for
agricultural commodities in Canada.

Among all the commodity information available in the WCE database, we chose
canola as of our interest. For every daily canola futures contract (i.e. a type of forward
contract), the data contains date, open, high, low, and settle (close) prices, volume, and
open interest. The price of contract is determined when buyers and sellers, or their agents,
agree on a price on the floor of the Exchange in a specific transaction. The buyer and
seller of the contract publicly agree on a price and date for subsequent delivery of a fixed
amount of a certain grade of a designated commodity, within a given geographical area.
That futures contract commits the buyer and seller to make equal and opposite legally
binding commitments. For example, the seller of one September canola contract is
agreeing to deliver 20 tonnes of No.1 canola to a particular port no later than the last
business day of September. On the other side of the transaction, the buyer of the canola
futures contract agrees to accept delivery in September and, upon delivery, to complete
payment for the contracted account. We may notice that the buyers and sellers are not
actually dealing in canola when they agree on a canola futures price. In contrast, they are
agreeing on a price which completes the terms of the contract for future delivery if that
occurs.

The contract delivery month is different for each commodity. For canola, the
contract delivery months are January, March, May, July, August, September and
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November. Any forecast futures contract prices for canola must be done for only these
seven contract delivery months.

4.2.1 Model Framework

We followed the Box-Jenkins (1970) methodology, which abandoned the
econometric modeling approach of using explanatory variables (predictors) suggested by
economic theory to forecast, choosing instead to rely on the past behavior of the variable
being forecast (Kennedy 1998). Basically, Box-Jenkins method begins by transforming
the response variable from non-stationary to become stationary, namely that its stochastic
properties are invariant with respect to time (i.e., that the mean of response variable, its
variance, and its covariance with other response values associated with lags, do not
depend on time). That transformation is necessary because in the presence of non-
stationary, all the conventional hypothesis-testing procedure based on t, F, chi-square
tests, and the like may be suspect (Gujarati 1995).

Figure (1) shows the sample correlogram of futures contract price of canola in the
level case obtained from EViews version 3.1, that is shown up to 36 lags. The number of
lags came from the fact that in practice, lags up to one-third of the sample size are
generally used. This figure indicates that our sample is not a stationary time series one,
because it starts at a very high value (0.944 at lag 1) and tapers off very gradually. There
are some evidences to confirm this pledge: First, we see two different patterns in the
estimated autocorrelation coefficients through the sample size.  The first pattern, from the
first lag up to the eighth one, all the estimated autocorrelation coefficients are
individually statistically different from zero at the 95% level of significant. A similar
pattern is exactly seen from the twenty-eighth lag up to the end one. However, the
estimated autocorrelation coefficients between these two categories are not individually
statistically different from zero. Second, the Box-Pierce Q statistics, (Q=495.75), tells us
we should reject the null hypothesis that all estimated autocorrelation are zero; at least
some of them must be nonzero. Finally, the Augmented Dickey-Fuller (ADF) unit root
test, which is shown in table (1) indicates that we cannot reject the null hypothesis that
the sample data is stationary. In other words, the response in time series being studied is a
random walk.
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Table (1): Augmented Dickey-Fuller Unit Root Test (Model 1)

ADF Test Statistic -2.048455     1%   Critical Value* -3.4906
    5%   Critical Value -2.8877
    10% Critical Value -2.5805

*MacKinnon critical values for rejection of hypothesis of a unit root.

Augmented Dickey-Fuller Test Equation
Dependent Variable: D(Canola Future Contract, Level Price)
Method: Least Squares
Sample(adjusted): 3 112
Included observations: 110 after adjusting endpoints

Variable Coefficient Std. Error t-Statistic Prob.

P(-1) -0.061187 0.029870 -2.048455 0.0430
D(P(-1)) 0.279520 0.093381 2.993338 0.0034

C 21.08215 10.52917 2.002262 0.0478

R-squared 0.095951     Mean dependent var -0.397198
Adjusted R-squared 0.079053     S.D. dependent var 14.98146
S.E. of regression 14.37710     Akaike info criterion 8.196045
Sum squared resid 22117.02     Schwarz criterion 8.269694
Log likelihood -447.7825     F-statistic 5.678214
Durbin-Watson stat 2.082669     Prob(F-statistic) 0.004532

 

With these evidences, we have no choice but to transform the response variable in order
to remove the unit root problem and change it to stationary. To do this, we took the first
differences of the response variable, and again obtain the correlogram of the new data
series. Figure  (2) shows the sample correlogram of canola futures contract prices where
the prices were taken first differences. In order to facilitate in comparison, the sample
correlogram is computed in the same number of lag points as Figure (1). In Figure (2), we
notice that all of the estimated correlated coefficients, except the first, eighth, and
eleventh lags are not individually statistically different from zero at the 95 % level of
significant. This means the sample that is being studied does not have unit root problem
any more, however further investigation is required. To make sure the error terms in the
new data set are purely random, we again utilized the augmented Dickey-Fuller test
which the results are shown in Table (2).
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           Table (2): Augmented Dickey-Fuller Unit Root Test (Model2)

ADF Test Statistic -5.618282     1%   Critical Value* -3.4911
    5%   Critical Value -2.8879
    10% Critical Value -2.5807

*MacKinnon critical values for rejection of hypothesis of a unit root.

Augmented Dickey-Fuller Test Equation
Dependent Variable: D(Canola Future Contract, First-Difference Price)
Method: Least Squares
Sample(adjusted): 4 112
Included observations: 109 after adjusting endpoints

Variable Coefficient Std. Error t-Statistic Prob.

D(P(-1)) -0.663903 0.118168 -5.618282 0.0000
D(P(-1),2) -0.118150 0.096397 -1.225669 0.2230

C -0.357158 1.397841 -0.255507 0.7988

R-squared 0.385994     Mean dependent var -0.129804
Adjusted R-squared 0.374409     S.D. dependent var 18.43994
S.E. of regression 14.58495     Akaike info criterion 8.224994
Sum squared resid 22548.39     Schwarz criterion 8.299068
Log likelihood -445.2622     F-statistic 33.31836
Durbin-Watson stat 1.970474     Prob(F-statistic) 0.000000

As it is seen in Table (2), the estimated ADF statistical value in absolute term, (5.62), is
greater than the critical values at 1, 5, and 10 percent level of significant, which means
we are now able to state with confidence that the response data set is become stationary.
Therefore, we can proceed our goal to estimate canola futures contract price for the
delivery months. One thing is worthy to point out here and that is the estimated ADF
statistical value is also greater than the MacKinnon critical value test. Since the time
series is being studied becomes stationary after taking first difference, we can say that the
original (random walk) series is integrated of order 1, I (1). It is obvious that the first
difference of response variable is an I (0) process.

4.2.2 Identification Selection

Identification selection is one of the steps of the Box-Jenkins methodology. The
chief tools in identification are the autocorrelation function (ACF), the partial
autocorrelation function (PAFC), and the resulting correlograms. As we pointed out in
the previous section, in Figure (2), all estimated partial autocorrelation coefficients were
statistically non different from zero, except the first, eighth, and eleventh lags. If the
partial correlation coefficient were significant only at lag 1, we could have identified this
as an AR(1) model, but this is not the case. Instead, we can conclude that the process that
generated the first-differenced of response variable is at the most an AR (11) process.
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In sum, the partial autocorrelations with spikes at 1,8, and 11 seem statistically
significant, which lead to put them into the estimation process, i.e. the second step of
Box-Jenkins (1970) methodology.

4.2.3 Process Estimation Using Nonparametric Regression

In the introduction of section five, and in the subsection of 5.1, we discussed the
nonparametric regression functions and particularly how to estimate the parameters of a
model using one of the techniques introduced. In this section we utilized the generalized
additive model (GAM) with spline smoothing approach in order to estimate the
parameters of the model.

Let Pt
∗ denote the first differences of canola futures contract prices. Then our

tentatively identified AR model is

Pt Pt Pt Pt
∗ = + −

∗ + −
∗ + −

∗δ α α α1 1 8 8 11 11  (1)

Using S-Plus version 4.5 by writing proper spline smoothing interface codes in Unix
Operation System (UOS), we obtained the following estimates:

Pt s Pt s Pt s Pt
∗ = + −

∗
��

�
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��
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��
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�
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��
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+ −
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�
↵√

�
��
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��

01706 0 0483 1 0 024 8 0 0734 11. . . . (2)

Deviance Residuals:

       Min               1Q                    Median                   3Q               Max
 -90.87091     -7.910196             0.82399             8.399606       110.5906

Dispersion Parameter for Gaussian family taken to be 820.1527
Null Deviance: 78394.72 on 99 degrees of freedom
Residual Deviance: 71351.17 on 86.99742 degrees of freedom

            Number of Local Scoring Iterations: 1

Table (3) shows the degrees of freedom for terms and F-values for nonparametric
estimated coefficients using general additive model approach by smoothing spline.
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                Table (3): DF for Terms and F-values for Nonparametric Effects

Terms DF Npar. DF Npar. F Pr(F)

Intercept 1
P*

t-1 1    3 0.8234 0.4844
P*

t-8 1    3 1.2930 0.2820
P*

t-11 1    3 0.9520 0.4193

Before we are going to do our last task to forecast canola futures contract prices
for the specific delivery months, we must examine our ARIMA model, in general and AR
model in our case, using diagnostic tests. One simple diagnostic is to get the residuals
from equation (2) and obtain the autocorrelation and partial autocorrelation function of
these residuals for appropriate number of lags, which in our case it is 36. For the lack of
space, we do not report the results of the diagnostic check, but none of the
autocorrelations and partial autocorrelations was individually significant. Nor was the
sum of  the 36 squared autocorrelations, as shown by the Box-Pierce Q statistics,
statistically significant. With these results, we concluded that the correlograms of both
autocorrelation and partial autocorrelation gave the impression that the residuals
estimated from equation (2) were purely random. Therefore, it is not necessary to look for
another ARIMA model.

4.2.4 Forecasting

We reach the point of forecasting canola futures contract prices after using
diagnostic tools for checking the model. To do this, we emphasize again that the forecasts
of canola futures contract must be done in certain time, that is the seven futures contract
months. Following the settle price in November 2000, i.e., the last data available for
canola futures contract, we have forecasted the futures contract prices for the next 12
contract months starting January 2001 till August 2002. We should notice that in equation
(2), the response variable is change in the futures contract price over the previous period
of time. Therefore, to obtain the forecast of the price level rather than its changes, we
must undo the first-difference transformation that we had used to obtain the changes. In
other words, we integrated the first-differenced series. Table (4) shows the results of
forecasting. They indicate that the canola futures contract prices will have a swing
movement around the futures contract prices in November 2000. Although those prices
reduce to 1.4 percent of the ones in November 2000, they increase for the last three
forecasting points by 0.2 percent in compare to the previous ones.
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Table (4): Forecasts of Canola Futures Contract Prices ($CDN/Tonne)

2001 2002

January 295.372 January 291.726
March 293.797 March 291.497
May 291.725 May 292.184
July 292.502 July 292.011
August 291.836 August 292.123
September 291.099
November 291.726

5. Conclusions

Futures markets have captured the public’s attention since mid of 1970s, because
world economic boom have caused growth activities and expanded markets that led to
attract a wide variety of new traders to those markets. In Canada, canola futures contract
prices are traded in exchange markets in certain period of time.  In this paper we utilized
the Winnipeg Commodity Exchange (WCE) database to forecast the canola future
contract prices using a general framework of regression, nonparametric regression
analysis. There are many nonparametric approaches to estimate the parameters of a
function through general additive model (GAM). We may refer to local estimation,
penalized likelihood, and smoothing spline as some examples of nonparametric
approaches.

Price analysis is the key to successful use of any futures or options market. As
date, two general categories of price analysis have been used in futures and options
markets. First, fundamental analysis that is a way of looking forward, gathering data
concerning supply and demand conditions expected in the future. Secondly, technical
analysis which is a way of looking backward, making forecasts based on historical data

There are six basic points relevant to all forecasting tasks that one should pay
attention in order to have successful forecasting. Those are decision environment, nature
of forecast object, forecast statement, forecast horizon, information set, and choice of
forecasting method.

Followed the Box-Jenkins methodology, we forecasted the canola futures contract
prices. Since we had I (1) process in the response variable, taking the first-differenced
made it change to I (0). To recognize the type of time series, we used autocorrelation
function, partial autocorrelation function and the correlograms. The results indicated that
the model followed at most an AR (11) process. By estimating the parameters using
smoothing splines, we forecasted the canola futures contract prices for the 12 contract
months. The results showed that the canola futures contract prices, on average, would
decrease by 1.4 percent of the origin futures contract prices in November 2000, but
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individually for the last three forecasting points, they will increase by 0.2 percent in
compare to the previous ones.
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