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INTRODUCTION

The analysis and tnodeling of connmodity futures price behavior continues to
be an important issue. Much of this research centers on the following issues

(Kamara, 1982): (1) Forecasting performance —is the futures price an unbiased pre-
dictor of the spot price at maturity, or are there explainable systematic biases?
(2) Stochastic or structural character of futures prices—can they be explained by
some linear or nonlinear model, or some form of random walk? (3) Distribution of
futures prices—do they follow a normal distribution, if not, what other form?
(4) Equilibrium pricing of futures contracts within the capital market—how are
they related to the prices of other risky assets?

This study Is concerned with the second issue; specifically, whether there exists
nonlinear dynamic structure and, in particular, chaotic structure in the behavior of
futures prices.' Chaotic dynamic systems are capable of generating a rich variety of
time series patterns, and such time series are often random-appearing. Yet, if such
structure can be shown to exist, the implication would be that the empirical validity
of simple, early versions of the efficient markets hypothesis [e.g., Fama (1970)]
which imply a random walk for asset prices is called into question.^ This would indi-
cate that future research should be directed toward the difficult task of identifying
the specific form of the underlying price structure. When that is accompli.shed, a
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'Chaos refers to deterministic dynamic behavior which is bounded and neither periodic nor asymp-
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better understanding of the economic behavior underlying the markets, and the po-
tential for improved short-term (though not long-term) predictions will result.^

The search for nonlinear structure in financial and economic time series has be-
come widespread in the past few years. Of particular note in the context of cotn-
modity prices are the works of Frank and Stengos (1989), who find evidence of
nonlinear structure in gold and silver rates of return, and of Blank (1990), who finds
nonlinear structure in soybean futures prices. Other examples include Scheinkman
and LeBaron (1989a) and Hinich and Patterson (1985) on stock returns; Blank
(1990) on stock futures prices; Barnett and Chen (1988) and DeCoster and Mitchell
(1991b) on monetary aggregates and components; Hsieh (1989) on exchange rates;
and Frank and Stengos (1988b), Frank, Gencay, and Stengos (1988), Brock and
Sayers (1988), and Scheinkman and LeBaron (1989b) on macroeconomic data.
These studies collectively suggest that chaotic dynamics may be of considerable
importance in financial and economic data.

A technique commonly used in these articles is the correlation dimension tech-
nique of Grassberger and Procaccia (1983). The purpose of the present article is to
use the correlation dimension technique to search for chaotic structure in daily fu-
tures price data for each of four commodities: sugar, coffee, silver, and copper. This
study finds that, for all four futures price series, there is strong evidence of nonlinear
structure, and possibly, chaos. The results are not explained by the alternative hy-
pothesis of an ARCH model. As pointed out by Barnett and Hinich (forthcoming),
this evidence can be interpreted as a failure to reject the null hypothesis of chaos in
the data. It should be noted that all the data series contain in excess of 4000 observa-
tions (far more than in most previous correlation dimension studies in economics).
Thus, while there is some question as to the effectiveness of this technique in very
small samples [Ramsey, Sayers, and Rothman (1988)], the use of the technique is
strongly justified by the sizes of this study's data sets. The concern in DeCoster and
Mitchell (1991a) about possible insufficient ability to detect chaos in samples of the
present size is not important in the present context.

MODELING FUTURES PRICES
The idea that futures prices might follow a random walk is initially found in Working
(1958), who postulates that the continuous flow of many different kinds of informa-
tion into the market causes frequent price changes which might be nearly random.
Still this model allows for some gradualness of price changes, and thus, for some de-
gree of a very short-term predictability. Samuelson (1965) further developed this
model by postulating that futures prices follow a Martingale process. That is, futures
prices, insofar as they constitute unbiased estimates of future spot prices, can be de-
scribed by a stochastic process in which the expected price in the next period equals
the current price.

Most of the empirical tests of the random walk and Martingale processes search
for the existence of serial correlation and trends, since both processes require price
changes to be independent. In practice, even when systematic dependencies in price
changes are detected, it is very difficult to determine whether their magnitude and

Long-term prediction of a chaotic system is impossible even if the form and parameterization of
the system are perfectly known. This is because chaotic systems have sensitive dependence on initial
conditions, meaning that minute errors in the observation of the state of the system when predictions
are made get translated into increasingly large errors in the predicted state of the system as the pre-
dictions go farther into the future. However, short-term prediction remains feasible.
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frequency are sufficient to violate the random walk model. Previous findings in this
regard are well known and need not be mentioned except briefly. Trend deviations
from random walk were first discovered for wheat and corn by Houthakker (1961),
and for soybeans by Smidt (1965). Their results based on filter or trading rules are
questioned by Cargill and Rausser (1975). Rocca (1969), Labys and Granger (1970),
and Cargill and Rausser (1972) in performing spectral analysis of more than 20 fu-
tures price series find some evidence for a modified random walk process, mostly
resembling the Martingale process. Such studies test for the existence of a linear
model; yet it is possible that some form of nonlinear model might underlie the price
fluctuations in question. Stevenson and Bear (1970) and Leuthold (1972) employing
filter rules confirm positive and negative price dependence to cast doubt on the
validity of the random walk model.

Another approach of interest deals with the testing of the weak form and semi-
strong form efficient market models. Even though the Martingale model may be re-
jected in empirical tests of futures price behavior, this does not constitute a rejection
of the efficient market model underlying that behavior. A market can be said to use
information efficiently if no way exists to use available information to increase ex-
pected wealth by frequent trading. This implies that trading rules are worthless and
price information cannot indicate the best opportunities to buy and sell. Regarding
the efficient market hypothesis, it can be said to be true if the risk-adjusted return
net of all costs from the best trading rule is not more than the comparable figure,
when assets are traded infrequently [Jensen (1978); Taylor (1986)]. The interpretation
of this hypothesis in a commodity futures price context is sometimes confusing:
(1) trading rules do not replicate real trading possibilities; (2) it is difficult to find
benchmarks for return comparisons; (3) insufficient information is available about
the distribution of filter returns to confirm the significance of a distribution; and
(4) retrospective optimization of the parameters or structure of a filter is dubious
[see Taylor (1986)]. Danthine (1977) finds confusion in linking Martingale processes
and efficiency in commodity markets for other reasons. In particular, the possibility
of shortages may lead to above normal expected profits, and a diminishing marginal
rate of transformation over time may cause a severe correlation of price changes,
even in an efficient market.

Guimaraes, Kingsman, and Taylor (1989) attempt to reappraise the efficiency hy-
pothesis. Taylor's (1980) approach evaluates a futures price mode! which resembles a
random walk yet includes a price-trend term for which formal stochastic processes
are conjectural. This model, used on tests often commodity futures contract.s traded
in London, identifies a "price drift," which can be associated with the weak form of
the efficient market model. Gross (1988) is concerned also about whether futures
prices fully incorporate ail publicly available information at the time of contracting.
Based on a study of LME futures prices for copper and aluminum, he finds that the
efficiency hypothesis cannot be rejected for these metals. Gupta and Mayer (1981),
in performing efficiency tests for sugar, cocoa, and coffee prices as well as tin prices,
also confirm the efficiency hypothesis. Both tests involve the more rigorous semi-
strong form of the hypothesis. Among studies which have difficulty in confirming
the hypothesis, MacDonald and Taylor (1988), also employing LME futures prices,
confirm the hypothesis for copper and lead but not for zinc. They employ a more
rigorous vector autoregressive methodology using appropriate stationarity-inducing
transformations. Brorsen et al (1984) can not confirm the hypothesis for cotton fu-
tures prices representing contract funding in New York.
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While most of the above studies are based on linear models, a more recent ap-
proach to futures price modeling considers the possibility that other deviations from
random processes may exist. That approach involves the use of nonlinear equations
generating chaotic behavior. Interestingly, the application of the concept of chaos to
commodity futures price behavior can be found in an earlier work by Mandelbrot.

Drawing upon Houthakker's (1961) analysis of cotton prices, Mandelbrot (1963a
and b) developed a model of price behavior by replacing Gaussian probability laws
with those termed "stable Paretian." His approach represented an attempt to dis-
cover orderly behavior within what appeared to be a random series of price fluctua-
tions. It is in this context that Frank and Stengos (1989) investigated the Martingale
hypothesis using an approach of Sims (1984) as well as a chaos-based approach. Al-
though Frank and Stengos were not able to reject the Martingale hypothesis in a se-
ries of standard econometric tests involving daily and weekly silver and gold prices,
they did provide correlation dimension-based evidence of the presence of nonlinear
structure. Note that such structure can be consistent with efficient markets. This ar-
ticle follows Frank and Stengos in investigating whether nonlinear structure exists in
futures price data for four commodities.

THE CORRELATION DIMENSION TECHNIQUE

The correlation dimension technique was originally developed by the physicists
Grassberger and Procaccia (1983).'' The technique is intended to detect the presence
of chaotic structure in data by embedding overlapping subsequences of the data in
m-space for various embedding dimensions, m. Purely random data are infinite-
dimensional, and thus will "fill" a region of m-space for any finite m. On the other
hand, data generated by a deterministic system will have a finite dimension, which
will be no greater than the number of independent state variables in the system and
which may be a noninteger. Thus, for sufficiently large m, one will be able to detect
structure in deterministic data.

Specifically, suppose a deterministic system ><, = fiy,-]) where >' is an «-dimen-
sional vector of (possibly unobserved) state variables. Suppose further a time series
of a scalar variable, J:, generated by j : , = g(y,) for some observer function,^. Then
Takens' (1980) embedding theorem states that m > 2rt + 1 is a sufficiently large
embedding dimension to detect the structure. Since n is not known, an increasing
sequence of m values must be tried.

For any value of m, one computes the correlation dimension of a stationary series
{x,} by first computing the correlation integral C(^, m) for various values of a critical
distance, e. C{E,ni) is defined to be the fraction of pairs of m-dimensional points
{x,Xi-n.. .x,i^^-i), {xjXj.n.. .Xj-^rn-]) whose distance from each other is no greater
than e. The distance is measured according to the commonly used sup norm, de-
fined as:

One computes the correlation integral for a variety of e equally spaced on a log scale,
so that C{B,m) ranges from near zero to unity.

The correlation dimension for given m is the elasticity of C(e, m) with respect to
e. Thus, one needs to run a linear regression of log C{e, m) on log e with an inter-
cept. To prepare for this regression, one first plots log C(e,m) against log e, and

' See also Brock (1986) and Barnet t and Chen (1988) for descr ip t ions of th i s t echn ique .
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visually inspects the plot. While, in principle, the plot should be linear throughout,
in practice, the presence of noise in the data is likely to result in a separate and rela-
tively steep region at low values of e; and finiteness of the data set may cause a
choppy appearance in the plot as well as curvature at high values of e. Therefore,
one must judgmentally determine the linear range over which to run the regression.
The slope estimate from this regression is the correlation dimension estimate for
this value of m.

This procedure is repeated for a sequence of increasing values of m. If the data are
purely random, then in infinite samples, the correlation dimension will equal m for
all m. In practice, with a finite data set, the correlation dimension estimate may be
substantially below m and may rise with m at less than a one-for-one rate [Frank and
Stengos (1988b, 1989); Ramsey and Yuan (1987)]. If the data are deterministic, the
slope estimates should "saturate" at some m, not rising any more as m is further
increased; this saturation value of the slope is the correlation dimension estimate for
the unobserved structure which generates the data. In practice, the slope estimates
may never completely stop rising. Thus, the process of determining whether satura-
tion has occurred, and structure has been detected, can, in general, be rather judg-
mental.̂  However, in all the cases reported in this study, the evidence that structure
is detected is strong. The slope estimates are usually well under one-third of the
respective m values used to generate them, and they rise only slowly with m.

The data for which this procedure is conducted must be stationary. Since the raw
data, as described below, are futures prices, the data are rendered stationary by tak-
ing the first difference of the logs of the price data. Thus, the transformed data are
rates of return.

To make sure that the detected structure is nonlinear rather than linear. Brock's
(1986) residual test is employed. The stationary data are delinearized by replacing
the data with residuals from an autoregression of the data. If nonlinear structure is
present, this procedure should, in principle, make no difference for the estimated
correlation dimensions. However, in practice [Brock and Sayers (1988, p. 84)] the
correlation dimension estimates rise with the number of terms in the autoregression.
Therefore, this procedure should be used cautiously. The following procedure is uti-
lized. Simple autocorrelations of rates of return are computed for lags 1-24. Then,
an autoregression is run for the rate of return including any lags for which the simple
autocorrelation is significant at the 1% level. The residuals from this autoregression
serve as the AR-transformed data. Thus, the correlation dimension technique is per-
formed for each commodity price series on both the rate of return data and on the
AR-transformed data.

The shuffle test is also appropriate, given the tendency of finite sets of both noise
and structured data to depart from idealized behavior in their correlation dimension
estimates. The shuffle test of Scheinkman and LeBaron (1989a) tests the hypothesis
that a given correlation dimension estimate can come from a data series of noise
with the same data distribution as that exhibited by the actual data. For the AR
residuals of each of the four rate of return series, 20 artificial noise series with the
same length and distribution as the AR residuals are created by sampling with re-
placement from those residuals. Then the correlation dimension is estimated for

that the slope estimate for given m can be quite sensitive to the choice of the linear range
over which to run the regression. Thus numerical estimates of the correlation dimension must be
regarded with caution. However, the judgment of whether saturation has occurred tends to be insen-
sitive to the choice of linear range. , • ,
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each artificial series, at the previously determined saturation embedding dimension
and also at the highest embedding dimension (40). If at least 95% of these correla-
tion dimension estimates for noise are above the corresponding estimates for the
unshuffled data, the hypothesis that the unshuffled data are noise is rejected and
the alternative hypothesis of nonlinear structure is accepted.

Finally, financial market data frequently appear to have a time-varying variance,
which could produce correlation dimension estimates suggestive of deterministic
nonlinear structure even if there are no deterministic components in the data. A
time-varying variance could be generated by either a (stochastic) ARCH process or
a deterministic process. Therefore, an ARCH filter is used to see if it is possible to
rule out an ARCH process as an alternative explanation of the data. The same AR
structure is used as before, and an ARCH(IO) test is employed. Correlation dimen-
sion estimates are calculated for the standardized ARCH residuals and shuffle tests
are conducted for each series at the saturation embedding dimension and at the
highest embedding dimension.

DATA AND RESULTS

Daily data series of near futures prices for sugar, silver, copper, and coffee are used.
These series have, respectively, 4462, 5297, 5308, and 4087 observations beginning
between January 1968 and October 1972 and ending in March 1989. Further details
appear in the Appendix.

As previously indicated, the data are transformed into first differences of logs of
futures prices. The AR-transformed data, derived as described above, involve AR
regressions with lags at 1 and 21 for sugar; at 3 and 15 for silver; at 2, 3, and 6 for
copper; and at 1, 16, and 17 for coffee.

The correlation integral graphs, computed for embedding dimension values 4-40
by increments of 4, all look very similar to each other. For the non-AR-transformed
data, a typical correlation integral graph, that of copper, is shown in Figure 1 for
embedding dimensions 28-40 by increments of 4. Figure 2 shows a blow-up of the
nearly linear region for e values 0.020258 through 0.027296. The curves appear close
to parallel, suggesting saturation.

Table 1 shows the correlation dimension estimates for the four rate of return series
for embedding dimensions 4-40 by increments of 4. The correlation dimensions are
always far below the corresponding embedding dimensions, and never rise above 11.
The most striking results are for coffee. The correlation dimension is always below 6,
strongly suggesting nonlinear structure with a relatively low state dimension. The
other three series show strong evidence of structure as well.

The information provided by the level of the correlation dimension estimates is
confirmed by the data in Table II, which shows how fast these estimates rise with the
embedding dimension. This rate of rise is mea.sured by H = A (correlation dimen-
sion)/Am, where the increment Am is always 4. By the time an embedding dimension
of 20 is reached, the H values for the four series are 0.16, 0.25, 0.21, and 0.13, and
for higher embedding dimensions they drop even lower. In each case, these are much
closer to the theoretical value of zero for pure structured, noiseless data than to the
theoretical value of unity for structureless noise; thus, these results effectively ap-
proximate saturation, implying the presence of noisy structure. So the results for
both the level and the saturation of the correlation dimension support a hypothesis
of structure in the data. Note again that any inference of the specific saturation em-
bedding dimension would necessarily be very imprecise; the point is simply that there
is strong evidence for saturation and thus for the presence of structure.
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Figure 1
Correlation integral, copper.

m=28 m=32 m=36 m=40

Figure 2
Linear region, correlation Integral, copper.

To make sure that this structure is not linear, the residual test as described above
is performed. Correlation dimension estimates computed for the autoregressive
residuals are reported in Table III. The results in Table III are very close to those in
Table I for the non-AR-transformed data, thereby supporting the notion that the
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Table I
CORRELATION DIMENSION ESTIMATES FOR DAILY RATE OF RETURN DATA

m "

4
8

12
16
20
24
28
32
36
40

Silver
(;V = 5297)

1.65
2.73
3.58

: 4.28
4.90
5.46
6.03
6.61

7.18
7.76

Correlation

Copper
(N = 5308)

2.16
3.84
5.23
6.39
7.37
8.26
8.96
9.64

10.33
10.99

Dimension

Sugar
(iV = 4462)

1.80
3.14
4.18
5.06
5.89
6.71
7.52
8.39
9.36

10.29

Coffee
(/V = 4087)

1.51
2.46
3.23
3.84
4.34
4.75
5.06
5.35
5.62
5.88

Table II
H VALUES FOR DAILY RATE OF RETURN DATA:

IH = (CORRELATION DIMENSION FOR THIS EMBEDDING DIMENSION MINUS
THAT FOR THE NEXT LOWER EMBEDDING DIMENSION) DIVIDED BY 41

m

4
8

12
16
20
24
28
32
36
40

Silver

0.27
0.21
0.18
0.16
0.14
0.14
0.15
0.14
0.15

Copper

0.42
0.35
0.29
025
022
0.18
ai7
M7
ml

y,

Sngar

0.34
0.26
0.22
0.21
0.21
0.20
0.22
0.24
0.23

Coffee

_

0.24
0.19
0.15
0.13
0.10
0.08
0.07
0.07
0.07

structure detected is nonlinear rather than linear. H values for Table III estimates
are presented in Table IV.

While these results strongly suggest the presence of nonlinear structure, it is pru-
dent to check further the possibility that pure noise data could have generated these
results in samples of these sizes. As discussed above, the shuffle test for the AR-
transformed data for each commodity is performed using 20 shuffles at each of
m = 40 and the ni value for which H (taken out to three decimal places) is mini-
mized (thus showing the strongest saturation). For each set of 20 shuffles, Table V
gives the mean, the high, and the low values of the estimated correlation dimension,
and compares them to that of the corresponding unshuffled series.

Table V shows that, out of a total of 160 shuffle correlation dimension estimates
computed, not a single one is as low as the corresponding nonshuffle estimate. Thus
one can reject, with high confidence, the possibility that the data reflect simply
structureless noise masquerading as structured data.
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Table III
CORRELATION DIMENSION ESTIMATES FOR AR RESIDUALS

m

4
8

12
16
20
24
28
32
36
40

Silver
(N = 5282)

1.75
2.90
3.80
4.55
5.22
5.83
6.46
7.10
7.73
8.36

Correlation

Copper
[N = 5302)

2.18
3.89
5.31
6.50
7.51
8.41
9.12
9.80

10.48
11.16

DimensitHi

Sugar
(N = 4441)

1.9Q
33©
4J8
530
6M
7M
785
8.81
9.94

11.07

Coffee
(N = 4070)

1.77
2.92
3.80
4.50

. 5.06
5.51
5.92
6.33
6.75
7.16

Table IV
H VALUES FOR AR RESIDUALS:

[H ^ (CORRELATION DIMENSION FOR THIS EMBEDDING DIMENSION MINUS
THAT FOR THE NEXT LOWER EMBEDDING DIMENSION) DIVIDED BY 41

m

4
8

12
16 .
20
24
28
32
36
40

Silver

0.29
0.23
0.19
0.17
0.15
0.16
0.16
0.16
0.16

Copper

—

0.43
0.36
0.30
0.25
0.23
0.18
0.17
0.17
0.17

Sugar

—

0.35
0.27
0.23
0.22
0.21
0.21
0.24
0.28
0.28

Coffee

—

0.29
0.22
0.18
0.14
0.11
0.10
0.10
0.11
0.10

Finally, to test for an ARCH explanation of the data, an ARCH(IO) test is run
on the above AR specifications, standardizing the ARCH residuals to remove the
time-varying aspect of their variance, estimating the correlation dimensions of the
standardized residuals, and conducting shuffle tests. The correlation dimension esti-
mates, H values, and shuffle results appear in Tables VI, VII, and VIII, respectively
(note that for three commodities the lowest H value occurs at the highest embedding
dimension—40—so for those commodities only one shuffle test is needed).

A comparison of Table VI with Table III shows that the ARCH filtering process
increases the estimated correlation dimensions, as would be expected of any filtering
process with finite data. However, the increases are not very large. The H values are
also increased, as shown by Table VII in comparison with Table IV, but they still
reach minima much closer to the theoretical deterministic value of zero than to the
theoretical noise value of one. The shuffle tests on the ARCH residuals uniformly
confirm the earlier shuffle results. All 100 correlation dimension estimates for shuf-
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Table V
SHUFFLE RESULTS, AR RESIDUALS: MEAN, HIGH, AND LOW

VALUES OF CORRELATION DIMENSION ESTIMATES OVER 20 SHUFFLES

Silver

m = 24 Mean - 7.42
Low = 5.97

High = 10.43
Unshuffled = 5.83

m = 40 Mean = 12.42
Low = 10.02

High = 17.54
Unshuffled = 8.36

Copper

m = 32 Mean = 12.74
Low = 11.75

High = 14.75
Unshuffled = 9.80

m = 40 Mean = 16.01
Low = 14.77
High = 18.36

Unshuffled = 11.16

Sugar

m = 28 Mean = 9.27
Low = 8.08

High = 10.69
Unshuffled = 7.85

m = 40 Mean = 13.32
Low - 11.72

High = 15.72
Unshuffled = 11.07

Coffee

m = 28 Mean = 8.42
Low = 7.46

High = 10.62
Unshuffled = 5.92

m = 40 Mean = 12.20
, , Low = 10.78

High = 15.83
Unshuffled = 7.16

Table VI
CORRELATION DIMENSION ESTIMATES FOR STANDARDIZED ARCH RESIDUALS

m

4
8

12
16
26
24
28
32
36
40

Silver
(Â  = 5262)

1.57
3.15
4.64
5.99
7.22
8.36
9.46

10.54
10.55
12.55

Correlation

Copper
(N = 5282)

1.59
3.23
4.93
6.55
8.08
9.53

10.84
12.04
13.23
14.40

Dimension

Sugar
(A' = 4421)

1.56
3.10
4.61
6.00
IM •
8 ^
9m

10.85
1107
13.34

Coffee
^^ ~ 4050)

1.57
3.01
4.45
5.83
7.07
8.09
9.00
9.87

10.63
11.32

fled series of ARCH residuals are higher than the corresponding unshuffled correla-
tion dimension estimate. This result is striking in light of the substantial filtering the
data undergo, and it provides strong evidence for the proposition that there is some
nonlinear process with a deterministic component underlying these data series.
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Table VII
H VALUES FOR STANDARDIZED ARCH RESIDUALS

m

4
8

12
16
20
24
28
32
36
40

MEAN,

m = 4 0

m - 40

Silver

—

0.40
0.37
0.34
0.31
0.29
0.28
0.27
0.26
0.24

Copper

_

Mi

0 ^

030

Table VIH

Sugar

_

0.39
0.38
0.35
0.32
0.32
0.29
0.29
0.31
0.32

Coffee

0.36
0.36
0.35
0.31
0.26
0.23
0.22
0.19
0.17

SHUFFLE RESULTS, STANDARDIZED ARCH RESIDUALS:
HIGH, AND LOW VALUES OF CORRELATION

OVER 20 SHUFFLES

Silver

Mean = 16.04
Low = 13.10

High = 19.95
Unshuffled = 12.55

Copper

Mean = 16.32
Low = 14.64

High = 19.31
Unshuffled = 14.40

m =

m =

m =

DIMENSION ESTIMATES

28

40

40

Sugar

Mean = 10.79
Low = 9.85
High = 13.84

Unshuffled = 9.70

Mean = 15.28
Low = 14.09

High = 18.99
Unshuffled = 13.34

Coffee

Mean = 13.97
Low = 12.46

High = 17.05
Unshuffled - 11.32

CONCLUSIONS

This study applies the correlation dimension technique, along with the associated
AR and ARCH residual tests and shuffle test, to rate of return series for the futures
prices of four commodities. The results for the rate of return data and for their
autoregressive and ARCH residuals, both in regard to the level and saturation of the
correlation dimension estimates, strongly suggest the presence of structure in the
data. The fact that the results are relatively unchanged by the use of AR residuals
implies that this structure is nonlinear in nature, and the fact that the results hold
up under ARCH filtering shows that the apparent structure does not simply reflect
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heteroskedasticity. Further, the fact that the shuffle tests are passed with "flying
colors" implies that the results are not a fluke which could have been achieved mis-
Ieadingly, with unstructured data. It is worth noting that, since the data series had
in excess of 4000 observations, the procedures employed are stronger than they
would be with the much smaller data series commonly used with these procedures
by economists.

A noise explanation of the data as well as a linear-structure-plus-noise explanation
are rejected. Thus, the hypothesis of nonlinear structure is accepted. As Barnett and
Hinich (1989) point out, this acceptance is necessary but not sufficient for the pres-
ence of chaos in the data. If chaos is viewed as the null hypothesis, this study fails to
reject it. Evidence for the presence of chaos is provided, but, as Barnett and Hinich
say "further research is needed before we can confirm or reject the discovery of
chaos." In any event, if chaos is present, it is probably accompanied by noise, so even
if the chaos is exactly identified, an incentive for risk-averse agents to engage in
hedging behavior still exists.

The evidence of structure in futures prices raises further questions about the effi-
cient markets hypothesis, since it creates the possibility that profitable, nonlinearity-
based trading rules may exist. Clearly then, an important area for future research is
to identify more precisely the nature of the nonlinearity in the data. Only then can it
be established what, if any, profitable trading rules exist. Moreover, identification of
the structure would establish whether prediction beyond some horizon is precluded,
due to the sensitive dependence on initial conditions inherent in chaotic systems.
Another important area for future research is to further develop equilibrium models
of financial markets which can give rise to dynamic structure in rates of return. Pre-
vious work in this vein includes van der Ploeg (1986) and Lucas (1978). Perhaps this
substrand of literature could further clarify the relation between market efficiency
and nonlinear dynamics.

APPENDIX
Daily futures price data are gathered for four major commodities traded on ex-
changes in New York: (1) The Coffee "C" contract at the Cocoa, Sugar, and Coffee
Exchange, Inc., in c/100 lbs.; (2) The Sugar No. 11 contract at the Cocoa, Sugar, and
Coffee Exchange, Inc., in c/100 lbs.; (3) The Silver .999 Fine contract at the Com-
modity Exchange, Inc. in c/10 troy oz.; and (4) The Refined copper contract, at the
Commodity Exchange, Inc., in c/IOO lbs. The data are in the form of settlement
prices and are from the Center for the Study of Futures Markets, Graduate Business
School, Columbia University, New York.

The typical structure of commodity futures price series is that they are quoted for
selected months of the year for which contracts are traded. The terms of these con-
tracts are spaced from the near months to the more distant months. The accepted
practice [Labys and Granger (1970); Taylor (1986)] is followed to compile the near
future prices series. These series adopt prices from the contract nearest to the pre-
sent or spot data; a jump is made to the prices of the successive contract at the begin-
ning of the month in which the near contract comes to maturity. The series for silver
and copper begin in January 1968; the series for sugar begins in January 1971; and
the series for coffee begins October 1972. All series end in March 1989.
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