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Abstract

This article studies the effects of speculation in a thinly-traded commod-
ity futures market paying particular attention to periods characterized by
high speculative activity of long-short speculators. Using the speculation
ratio as a daily measure for long-short speculation, we employ GARCH-
regressions to study its impact on return dynamics. Our results for the
CME feeder cattle futures market suggest that future returns are predomi-
nantly explained by fundamentals, but their volatility is significantly driven
by the speculation ratio. This relationship holds for periods of high and

low speculative activity alike.
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1 Introduction

The surge of commodity prices throughout the 2000s has been subject to de-
bate both in the scientific literature and the general public. A number of pub-
lic commentators have identified increasing investments in commodity futures
by various financial institutions as the cause of the price hikes. Most promi-
nently, the so-called Masters (2008) hypothesis asserts that in particular long-
only positions by commodity index funds are to blame for driving up com-
modity prices throughout this period of time. The debate on the validity of the
Masters hypothesis, however, seems mostly settled with numerous studies e.g.
by Sanders, Irwin, and Merrin (2010), Irwin and Sanders (2012), Biiytiksahin
and Harris (2011) or Brunetti, Biiyiiksahin, and Harris (2016) rejecting the hy-
pothesis’ central claim.

Yet, comparatively little attention has been paid to the role of traditional
long-short speculators. Biiyiiksahin and Harris (2011) and Alquist and Gervais
(2013) use data from the Commodity Futures Trading Commission (CFTC) on
trader positions and conduct Granger-tests to examine whether changes in the
net long positions of non-commercial traders lead prices in the crude oil market.
Neither of the two studies find evidence for such a relationship. Manera, Nicol-
ini, and Vignati (2013a) also use CFTC data on trader positions, but consider
various energy and agricultural commodity markets and measure speculation
using Working’s (1960) T index. The authors study the effects of speculation on
returns in a DCC-GARCH framework and find speculation to either have an
insignificant or significantly negative effect on returns across different markets.
Similar findings are obtained by Manera, Nicolini, and Vignati (2016). Based
on CFTC data and different GARCH approaches, the authors find that if signif-
icant, speculation has stabilizing, i.e. volatility-reducing, effects in four energy

markets.



Some early evidence in favor of the notion that long-short speculators sig-
nificantly impact the return dynamics of commodity markets is obtained by
Streeter and Tomek (1992). Using the speculation ratio, which relates trading
volume to open interest, the authors study the return dynamics of the soybean
futures market. They find a positive relationship between the speculation ratio
and volatility. Also more recent studies using the speculation ratio among other
measures of speculative activity based on weekly CFTC data, e.g. Working’s T
or the net long position of speculative traders, conclude that speculation can ex-
ert destabilizing effects on the return dynamics of commodity markets. Robles,
Torero, and von Braun (2009) demonstrate how various speculation measures
can help forecast prices in the 2000s in the markets for wheat, corn, soybeans
and rice. Du, Yu, and Hayes (2011) use a stochastic volatility model to study
how speculation as measured by Working’s T influences volatility in the crude
oil market and how this market is connected to the markets for corn and wheat.
The authors find that speculation significantly increases the volatility of the
crude oil price and that volatility spillovers to the markets for corn and wheat
have increased as of 2006.

Manera, Nicolini, and Vignati (2013b) use a variety of GARCH regressions
to study the effects and interplay of various measures of speculative activity.
They find a positive relationship for a number of these speculation measures
and the volatility of returns in numerous agricultural and energy commodity
futures markets. Lastly, Etienne, Irwin, and Garcia (2015) study how specula-
tion explains the occurrence of periods characterized by explosive prices. They
tind that increases in the positions of non-commercial traders significantly in-
crease the probability for the occurrence of positive price bubbles and signifi-
cantly decrease the probability for negative price bubbles events.

Our investigation extends earlier work in three ways: First, unlike most

studies, the effects of long-short speculation are analyzed using daily data. As



neither scalpers nor day-traders hold positions for more than a few hours, daily
observations promise to capture the effects of long-short speculation more ac-
curately than lower frequency data. When measuring speculation we rely on
the speculation ratio which has formally been proposed by Garcia, Leuthold,
and Zapata (1986). The speculation ratio links trading volume to the amount of
open positions in the market, an idea dating at least back to Peck (1981). The
reasoning for using the speculation ratio as a measure for speculative activity
is that long-short speculators, as opposed to hedgers, will prefer to hold their
positions for relatively short periods of time. Long-short speculators such as
day-traders take intraday positions based on expectations of how prices will
move over the next minutes or hours, while scalpers open and close positions
even almost instantaneously. Naturally, the profit margins of such trades are
very small, which is why these traders must trade relatively large volumes to
be profitable. In the process they provide liquidity and immediacy to the mar-
ket, which is why such traders are said to make markets (e.g. Biiytiksahin and
Harris 2011; Du, Yu, and Hayes 2011).

Second, this article identifies time periods characterized by high levels of
long-short speculation in order to particularly study market conditions under
which one would expect to observe the most powerful effects of long-short
speculation. The reason for this is that hedgers typically react more strongly
to changes in fundamentals than speculators do. Consequently, increases in the
relative market dominance of speculators will add to the risk of prices moving
away from their fundamental level and fuel bubbles instead. To single out such
time periods a Markov-switching approach (Hamilton 1989) is adopted.

Third, we focus on a rather illiquid market. Again, the idea is that specu-
lators” impact should be greater if the number of hedgers is small and if the
underlying commodity is non-storable. In this case commercial traders cannot

adjust inventories to cushion against undesirable price movements. While the



majority of research is focused on relatively large commodity futures markets
with several hundred thousand open positions at the end of each trading day,
this article considers the effects of speculation in the market for CME feeder
cattle. This market is arguably the least liquid agricultural commodity market
included in the CFTC’s Supplemental Commitment of Traders (SCOT) reports.
Moreover, livestock can unlike other commodities generally not be stored.

If despite these conditions classical long-short speculation does not signifi-
cantly drive returns or volatility in this market, speculators are unlikely to in-
fluence return dynamics in more favorable market environments. In difference,
if speculation is found to positively affect the market’s return dynamics, regu-
lators should be alert for allowing such unfavorable market conditions to de-
velop. Lastly, should speculation exhibit negative, i.e. stabilizing, effects on re-
turns and volatility, regulators should refrain from reining in speculative trad-
ing. Our results show that returns are predominantly driven by fundamentals,
while the speculation ratio does exert economically and statistically significant
effects on volatility. This effect is independent from the overall level of long-
short speculation in the market.

The remainder of this article is structured as follows: First, we explain the
econometric methodology, then the data of our analysis. Thereafter, the subse-
quent sections present the key results of this article and discuss several robust-

ness exercises, after which we conclude.

2 Econometric Methodology

Our methodology comprises a two-step approach. First, weekly CFTC data is
used to employ a Markov-switching model (Hamilton 1989) in order to deter-
mine periods of increased activity of long-short speculators. Second, daily data

is used to assess the effects of long-short speculation on returns and volatility



by employing a generalized autoregressive heteroscedasticity (GARCH) model
(Bollerslev 1986) while incorporating the results of the first step in the form of
a time dummy. This allows studying the impact of increased long-short specu-
lation on future return dynamics.

Regimes of high long-short speculation are determined based on a constant-
only Markov-switching regression model. A measure S; of speculation in week
t can therefore be in either of two states, namely high or low. The two states are
unobservable and follow a Markov process. Hence, S; can be described by the
model:

St = s, T Et , (1)

where 11, resembles the state-dependent intercept term and ¢, denotes ran-
dom disturbances. If week t is characterized by high speculative activity, then
s, = t,. Conversely, if week t is a period of low speculation, then 15, = 1.
The dynamic regression model (1) allows in opposition to autoregressive
models for quick changes in the level of S;. Equation (1) is estimated using a
quasi-Newton algorithm within a standard maximume-likelihood routine. Based
on the estimation results we compute for each week the one-step ahead predic-
tion for the probability of being in the state of increased speculative activity.
After that, a daily regime dummy D is defined equal to one if in that week the
predicted probability of being in the high speculation state exceeds the sample
mean probability of being in this state. Otherwise the dummy is set to zero.
Given the regime dummy, the effects of long-short speculation on returns
and volatility are examined using daily data and the following GARCH(1,1)

model:
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where r; denotes returns and o7 their conditional variance. Returns are ex-
plained by previous period returns 7;_;, and a number of explanatory regres-
sors. These consist of a set of macroeconomic controls contained in X;;, the
lagged speculation ratio R;_; to proxy for speculative activity, the lagged regime
dummy D;_, and an interaction term [;_; = R;_; - D;_;. Lagged terms are used
to avoid an endogeneity problem due to simultaneity. Lastly, ¢; denotes ran-
dom disturbances.

Our analysis includes as macroeconomic controls the oil price, the risk-less
interest rate, the exchange rate and a stock return index. Rising oil prices will
typically increase the production and transportation costs of a large variety of
physical goods including agricultural commodities and thus curb their supply.
Similarly, increases in a broad variety of stock returns will generally be reflec-
tive of economic booms which in turn are likely to boost the demand for com-
modities. Therefore, we expect the existence of a positive relationship between
these two determinants and the future return of feeder cattle. Increases in the
risk-less rate will increase producers’ opportunity costs of holding inventories
and thus likely be inversely related to the return of the commodity. This effect
is, however, presumably lower for feeder cattle than for other commodities, as
feeder cattle cannot be stored in the same way as other commodities. The ex-
change rate is also likely to have an inverse relationship with the concerned
future contract, as an appreciation of the dollar exchange rate will cause a de-
preciation of the dollar denominated contract price. Empirical evidence for the
inverse relationship between exchange and interest rates and the prices of food

and other commodities is e.g. given by Akram (2009) and Chen et al. (2014).



The variance equation of the model consists of the ARCH term &7 ,, the
GARCH term o7 ; and the same explanatory regressors incorporated in the
mean equation. The parameter v, resembles the ARCH-effect, i.e. how strongly
the conditional variance reacts to new information arriving in the market, while
the GARCH-effect is described by 7,, which measures how persistent shocks to
the conditional variance are over time. For the returns process to be stationary
in variance it must hold that v; + 75 < 1.

As this article seeks to study the effects of long-short speculators on returns
and volatility, we are particularly interested in the six parameters associated
with the speculation ratio R;_;, the speculation regime dummy D, ; and the
interaction term /;_;. The interpretation of 3; and J; is straightforward. If pos-
itive, speculation exerts destabilizing effects by increasing returns respectively
volatility. If negative, it decreases the two and acts stabilizing.

In opposition to the Masters hypothesis, the latter has been the main find-
ing for the role of commodity index funds. This is in line with classical theory
concerning the impact of speculation. The key argument for why speculators
will exert stabilizing effects is that they are seen as arbitrageurs who buy when
prices are below their fundamental value and sell if prices are above it. Other-
wise, if speculators bought when prices are high or sold when prices are low,
they would on average lose money and eventually exit the market (Friedman
1953). Even if noise traders (Kyle 1985; Black 1986), i.e. traders who respond
to signals other than fundamentals, are present in the market, their impacts
would always be offset by aggressive arbitrage trading from rational specula-
tors (Fama 1965). However, as demonstrated by De Long et al. (1990a) and De
Long et al. (1990b), the actions of noise traders need not always be perfectly
balanced by opposing trades from sophisticated arbitrageurs, either because

the latter are risk-averse or because they intend to profit from the actions of



positive feedback traders. In theses cases, speculation bears the potential for
considerably destabilizing prices and fueling bubbles.

Parameters s and ¢ respectively 3; and d; capture non-linear effects of
speculation on the stability of prices. In the spirit of De Long et al. (1990a)
and De Long et al. (1990b), significant estimates for these parameters would
entail that sophisticated investors’ risk-aversion and trading strategy depends
on the level of noise-traders in the market. Parameters (35 and d¢ shift the con-
stants in the two equations of the model. A positive value of s suggests that
returns are generally higher in periods of high speculative activity, while a pos-
itive value of ds would suggest that the volatility is elevated in these periods.
Parameters ; and ¢ alter the slope of the mean and variance equation with
respect to the speculation ratio. Positive values of §; and d; indicate that the
effects of an increase in the speculation ratio are amplified by the activities of
long-short speculators, while negative values of 8; and J; suggest that price or
volatility increasing effects of long-short speculation are reduced during peri-

ods of increased speculative activity.

3 Data

The CFTC issues a series of reports on trading positions of different trader
types.! Among these are the Supplemental Commitments of Traders (SCOT)
reports, which are publicly available and provide weekly data as of January
2006 on market open interest, the number and aggregate positions of different
trader types for thirteen agricultural commodity future markets.? The SCOT
reports distinguish between commercial traders, non-commercial traders, com-
modity index traders and traders that do no report the nature of their futures
transactions. Traders classified as commercials are typically seen as hedgers,

whereas non-commercial traders are typically seen as speculators.



The case of non-reporting traders is, however, less clear. On the one hand,
non-reported positions typically comprise those of traders that are too small
to exceed the CFTC’s reporting levels. These traders are presumably mainly
hedgers. On the other hand, Irwin and Sanders (2012) note that traders have
incentives not to be classified as speculative traders which is why a substantial
fraction of non-reported positions could also stem from speculators.

Table 1 summarizes the position data for the different markets included in
the SCOT reports. The market for feeder cattle stands out for three reasons.
First, it is the smallest both in terms of open interest and the amount of traders,
suggesting that it is the least liquid market. Second, the market for feeder cattle
features very high open interest shares of non-commercial and non-reporting
traders. Note that the share of non-reported positions is almost three times
higher than in the other markets.> Therefore, the presence of speculators is
presumably rather high in this market. Third, feeder cattle is non-storable,
which reduces the ability of commercial traders to cushion adverse price devel-
opments with inventory adjustments. Given this set of market characteristics,
the effects of speculation should be particularly strong in the market for feeder
cattle futures. Thus, we select the market for CME feeder cattle futures for our

analysis.
[Table 1 about here.]

As explained above, in order to determine high speculation regimes, one
must first compute an observable measure S; for the level speculative activity in
week t. Obviously, this calculation hinges on the question of which trader type
actually engages in speculative activity as opposed to who engages in hedging.
While the case is fairly straightforward for the positions of commercial and
non-commercial traders, the literature has proposed several ways of how to

allocate non-reported positions to the speculative and hedging kind. Rutledge



(1977) and Sanders, Irwin, and Merrin (2010) allocate non-reported positions to
hedging and speculative positions in the same proportions that they observe for
reported positions. Alquist and Gervais (2013) assume that all non-reporting
traders are speculators, while Manera, Nicolini, and Vignati (2013a) assume a
30/70 split among hedging and speculative positions.

These high values for the share of speculators among non-reporting traders
are, however, presumably too high for the feeder cattle market. As noted by
the CME Group (2017) the US cattle farming and feedlot industry is character-
ized by a large number of small and often family-owned operations. Conse-
quently, the overwhelming majority of producers in this market will fall below
the CFTC’s reporting levels resulting in a large number of hedgers among non-
reporting traders. Therefore, we assume that only 20 percent of non-reported
positions stem from speculative activity, while the remaining 80 percent is as-

sumed to stem from hedging. Hence, S; is defined as:

St 2. MOI,

©)

Long and short positions of non-commercial speculators are denoted NC'S; and
NCL,, respectively. Analogously, the positions of non-reporting traders are
denoted NRL; and N RS,. Lastly, M OI, resembles market open interest in week
t, while a = 1/5 for the baseline regressions.

Given S;, we follow the procedure outlined in the methodology section to
obtain the daily regime dummy D,. This yields a total of 19 different high spec-
ulation regimes, which last eleven weeks on average. The shortest of these
regimes last only a single week, while the longest of them last half a year. Fig-
ure 1 displays the time series of the speculation measure S; and the resulting

high speculation regimes, which are indicated by shaded backgrounds.

[Figure 1 about here.]
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We use daily data from Thomson Reuters Datastream on prices, trading vol-
ume and open interest in the market for CME feeder cattle futures as well as the
macroeconomic controls, which comprise the West Texas Intermediate crude oil
price, the three-month US T-bill middle rate, the US broad exchange rate index
and the MSCI-USA index. Based on the availability of data for all variables,
the sample consists of a total of 2523 observations ranging from 16 November
2007 to 28 December 2017. Given the data on open interest and trading volume
VOL,, the speculation ratio R, is calculated as the quotient of trading volume

to open interest:
_VOL,
' MOI

4)

The speculation ratio has been proposed by Garcia, Leuthold, and Zapata (1986)
as a measure for speculative activity. The idea behind measuring speculative ac-
tivity using market open interest and trading volume is that hedgers generally
hold their positions over a longer period of time, while speculators prefer in-
traday trade and avoid holding positions overnight. Consequently, the trading
activities of the former will increase end-of-day market open interest, while the
activities of speculators will increase trade volume (Rutledge 1977; Leuthold
1983; Bessembinder and Seguin 1993). The ratio of trading volume to market
open interest can therefore be interpreted as a measure for the relative dom-
inance of speculators to hedgers. Empirical evidence for the hypothesis that
hedgers in futures markets prefer to hold their positions relatively longer then
speculators is provided Wiley and Daigler (1998) for financial futures markets
and Ederington and Lee (2002) for commodity futures markets.

Descriptive statistics for the variables included in the analysis are provided

in table 2 along with the results of augmented Dickey-Fuller (ADF) (1979) tests.

[Table 2 about here.]

11



The test results reveal that the logarithms of prices and the macroeconomic con-
trol variables are generally not stationary. To induce stationarity this article
considers the log-returns (in percent) of these variables, e.g. futures returns are

defined as r; = (In(F};) — In(F;—1)) - 100, where F; denotes the level futures price.

4 Results

Columns (1) and (2) of table 3 report the results for two variants of the main
regression. First, we exclude the regime dummy D,_; and the interaction term
I;_, from the regressors contained in equations (2a) and (2b). Second, all of the
regressors in equations (2a) and (2b) are included in the regression. Concern-
ing the macroeconomic controls, the results show that crude oil and the MSCI
returns have significantly positive effects on feeder cattle futures returns. Both
estimated parameters are significant at the 1 % level. Conversely, the coefficient
estimates for the T-bill and the exchange rate in the mean equation are close to

zero and both not statistically significant.
[Table 3 about here.]

Regarding the effects on volatility, we find that neither crude oil nor the
MSCI returns have a statistically significant effect. Instead, the T-bill and the ex-
change rate both have a significantly negative impact on volatility. Concerning
the ARCH and GARCH termes, significantly positive estimates are obtained for
both coefficients v; and ~,. While the former is in both specifications small and
close to zero, the latter is rather high and close to unity suggesting that shocks
to volatility die out relatively slowly. The variance stationarity constraint is met
in both specifications.

Turning to the regressors pertaining to speculation, we observe that none

of them is statistically significant on conventional levels in the mean equation.
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Nonetheless, it is worth noting that the negative coefficient estimate for the
speculation ratio becomes less negative with the introduction of the interaction
term. The coefficient estimate for the speculation ratio in the variance equation
is strongly positive and highly significant. This suggests that increases in the
speculation ratio are the main driver of daily volatility in the market for feeder
cattle futures. This finding persists when also the regime dummy and the in-
teraction term are included in the regression, of which neither is statistically
significant.

Our results imply that speculation does contribute to greater uncertainty in
the market regarding short term return developments in the form of volatility
clusters. This is in line with earlier findings of Streeter and Tomek (1992), Rob-
les, Torero, and von Braun (2009) and Manera, Nicolini, and Vignati (2013b)
who also find that the speculation ratio is a driver of volatility. However, as im-
plied by the insignificant estimates for the speculation parameters in the mean
equation, these effects are confined to the short term beyond which speculators
do not appear to alter return dynamics. This key result is closely related to the
findings of earlier studies treating the Masters hypothesis, e.g. Sanders, Irwin,
and Merrin (2010), Brunetti, Biiyiiksahin, and Harris (2016) or Etienne, Irwin,
and Garcia (2015). As with commodity index traders, long-short speculators do
not appear to fuel price bubbles and permanently drive prices away from their
fundamental value, lending support to the concept of stabilizing speculation
developed by Friedman (1953) and Fama (1965).

It should nonetheless be noted that the speculation ratio is not a direct mea-
sure of speculation but relates trading volume to open interest as an indication
for the presence of speculators in the market. Hence, increases in the specu-
lation ratio need not be reflective of more speculative activity, but could also
resemble increases in the trading volume due to increased information flows

in the market. In that case of our results would fall in line with the mixture of
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distributions hypothesis as put forward by Clark (1973), Epps and Epps (1976)
and Tauchen and Pitts (1983).

5 Robustness analysis

In this section, the robustness of the previous results is examined in three di-
mensions. In particular, this section discusses several alternatives for construct-
ing the regime dummy for periods of high or low speculative activity by long-
short speculators. First, the robustness of our results is explored with respect
to the minimum length of any high or low level speculation regime. Second,
as mentioned in the methodology section, determining the speculative activity
by long-short speculators or any other trader type hinges on the question of
how to deal with the positions of non-reporting traders. Therefore, this section
experiments with different assumptions regarding such positions. Third, we
explore how our results change depending on the use of alternative measures
of speculative activity by long-short speculators.

As explained above, the way in which the regime dummy was constructed
implied a number of very short regimes, some lasting only for a single week.
Now, the construction of the dummy is changed by imposing a minimum length
restriction on both types of regimes. In particular, we require that any regime,
regardless of high or low speculative activity, lasts for at least five weeks. Hence,
regimes shorter than one month are ruled out. Figure 2 demonstrates the results
of this restriction graphically. If regimes are required to last at least five weeks,
a total of 13 high-speculation regimes is obtained in contrast to the initial 19.

Instead of eleven weeks, these regimes now last 16 weeks on average.

[Figure 2 about here. ]
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Column (3) of table 3 reports the results in comparison to the baseline results
in column (2). The results in the mean and the variance equation are highly
similar, in particular concerning those parameter estimates that are statistically
significant. The most notable deviation from the baseline model occurs for the
coefficient of the speculation ratio in the variance equation. This estimate is,
unsurprisingly, roughly 5 percent lower in the restricted case when only longer-
term regimes are considered.

Concerning the treatment of non-reported positions, three alternative ways
of how to allocate these positions across hedging and speculative positions are
considered in this article. While we initially assumed that o = 0.2 of non re-
ported positions were speculative, the regression is now repeated for a = 0,
a = 0.6 and o = 0.8, i.e.non-reported positions are either assumed to be all
hedging, or to be mildly respectively strongly dominated by speculators. The
latter values are reflective of the idea that a larger number of speculators might
choose not to classify themselves as speculators (Irwin and Sanders 2012).

The results concerning the alternative speculator proportions are reported in
columns (4), (5) and (6) of table 3. The results for the mean equation are again
highly alike for all assumptions underlying the dummy construction. Similar
results are also obtained for the variance equation.

Lastly, we consider alternatives in constructing the regime dummy with re-
spect to the underlying measure of speculative activity. As explained in the
methodology section, the baseline regression built upon a dummy that had
been constructed from the total open interest share that speculators take in the
market. The literature has, however, employed a number of alternative mea-
sures when assessing speculative activity using the trader positions data from

the CFTC. The most common of these is Working’s T index of speculative ac-
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tivity. Let S}¥7 denote Working’s T, then using the same notation as above, the

index is defined as

S5y :
14+ ——— if HS; > HL
o T ES L, B
St - ) (5)
SLy :
1+ ——+—+ f H HL
+HSt—|—HLt7 1 S < t

where SL;, SS;, HL; and H S, represent the long and short positions of specu-

lators and hedgers, respectively. These are given by

SLt:NCLt+C(NRLt, (6)
SS, = NCS; + o - NRS; | @)
and

The logic underlying this index is that any trade by a hedger requires a trade
in the opposite direction by a speculator. If hedgers would on average like to
take a short position, i.e. HS; > HL,, then there must be a sufficient amount of
speculators taking a long position to clear the market. If, however, a large num-
ber of speculators takes a short position, S5;, this might be seen as indication
for “excessive speculation”. Depending on the size of this speculative pressure,
Working’s T moves further and further away from its lower bound of unity.
Other measures of speculative activity, which have e.g. been used in Man-

era, Nicolini, and Vignati (2013b, 2016) are the long-only, the short-only, and the
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net-long share of speculators. We denote these three shares by S!, S, S and

define them as

SL
l t
St - MOIt Y (10)
s 95
and
SL;—SS
o= MOI, (12)

For each of these alternative speculation measures the regime dummy series
of high speculation regimes is computed as above and the main regression is

repeated accordingly. The results of these regressions are displayed in table 4.
[Table 4 about here.]

Comparing the results for these alternative speculation measures with those
of the baseline regression, we again find that the results are highly consistent
across the different measures in both their economic and statistical interpreta-
tion.

To sum up, this article has explored how the speculation ratio affects the re-
turn dynamics in a market environment that is particularly prone to suffer from
detrimental effects due to speculation, i.e.a thinly-traded commodity market
with a non-storable underlying commodity during periods of increased specu-
lative activity. To check the robustness of our results, we have explored a num-
ber of different ways as to how to construct the regime dummy for periods of
high speculation. These comprised different regime lengths, different assump-
tions regarding non-reported positions and a variety of alternative speculation

measures. Our key finding that the speculation ratio is an important driver
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of volatility but does not affect the level of returns and is independent from the

speculation regime has proven robust across all of these different specifications.

6 Conclusion

This article has examined how long short-speculation affects the return dynam-
ics in a market environment where one would expect these effects to be par-
ticularly strong, i.e. when trading volume is low, the amount of speculators is
high and inventories are expensive to hold. The analysis focused on the mar-
ket for CME feeder cattle futures market. This market is one of the most illig-
uid markets included in the CFTC SCOT reports. It features by far the highest
amount of non-reporting traders and is in addition to that characterized by a
non-storable underlying. Within this market setting, a Markov-switching ap-
proach is used to single out periods characterized by high by high speculative
activity of long-short speculators.

The results of the mean equation in the GARCH analysis reveal that specula-
tion as measured by the speculation ratio does not significantly impact returns,
while the variance equation suggests that speculation does influence volatil-
ity. The parameters of the dummy variable for periods characterized by high
speculative activity are generally not significant, neither is the interaction term
between the regime dummy and the speculation ratio. This implies that spec-
ulation does not arbitrarily drive returns away from levels implied by funda-
mentals, not even during high speculation regimes. In particular, the results
do no support the idea of speculation inflating prices permanently in the form
of price bubbles. Only with respect to the short term, the results support the
notion that speculation impacts returns by increasing their volatility. But as

the activity of long-short speculators was measured using the speculation ratio,

18



these results can also be interpreted as a sign for increased volatility due to in-
creased information flows that manifest themselves in higher trading volume.
While previous research largely rebutted the Masters hypothesis and found
no evidence as to why commodity index traders are to blame for price hikes
in commodity markets, this article reaches a similar conclusion for the case of
classical long-short speculators. Most notably, this article does so for a mar-
ket environment where one would expect the strongest effects of speculation.
Consequently, it seems unlikely that long-short speculation would destabilize
prices in more liquid markets with lower levels of speculation. Even though
the evidence strongly points toward fundamentals, the question what caused
the price hikes observed in numerous commodity markets during 2007-2008
remains unanswered and open for future research. The policy implications of
this article are, however, rather clear. As futures speculation is not found to
drive prices away from fundamental values, regulators should be wary of rein-
ing in speculation in futures markets and thereby depriving commercial traders

of their ability to hedge against undesirable price movements.
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Notes

!See Irwin and Sanders (2012) for a description and comparison of the different CFTC re-
ports.

ZNote that CBOT Soybean Meal futures were originally not part of the SCOT reports, but
were added to them in April 2013.

3The analysis by Sanders, Irwin, and Merrin (2010) shows that the market for feeder cattle

futures has also featured such high levels of speculative positions in earlier periods.
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Figure 1. Open interest share of speculators and high speculation regimes
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Figure 2. High speculation regimes with minimum length restriction
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Table 1. Open Interest, Number of Traders and Open Interest Shares of Different Trader Types in
the CFTC SCOT Reports

Future Contract Contract Size MOI No. Traders C (%) NC (%) 1(%) NR (%)

CBOT Corn 5,000 bu 1750031 774 66 81 27 26
ICE Sugar 112,000 Ib 957932 231 85 66 32 16
CBOT Soybeans 5,000 bu 767441 550 68 84 25 23
CBOT Wheat 5,000 bu 521595 404 50 90 42 18
CBOT Soybean Meal 100 tons 405534 278 83 71 25 21
CBOT Soybean Oil 60,000 Ib 369395 259 81 74 27 17
CME Live Cattle 40,000 1b 358571 395 60 83 32 25
ICE Cotton 50,000 Ib 271573 277 79 77 31 12
CME Hogs 40,000 1b 257189 273 53 86 36 26
ICE Cocoa 10 mtr. t 203182 193 100 73 17 10
ICE Coffee 37,500 1b 198109 383 79 86 26 10
KCBOT Wheat 5,000 bu 173443 193 75 68 27 31
CME Feeder Cattle 50,000 Ib 43885 177 37 82 22 59

Note: MOI refers to average market open interest, while C, NC, I and NR refer to the average open
interest shares (in percent) of commercial, non-commercial, index and non-reporting traders, respec-
tively. All series range from January 2006 until December 2017, except that of soybean meal futures,
which starts on 2 April 2013. As these shares include both long and short positions, they add up to
200. Slight deviations result from rounding.
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Table 2. Descriptive Statistics of the Variables (in Levels) Used in the Analysis and ADF
Test Statistics for the Variables in Logs and Log First Differences

Descriptive Statistics ADF test
Mean St.Dev. Skew Kurt. Min Max Log LogFD
Volume 7610.67 3915.20 1.22 5.01 29.00 28848.00 -19.57 -74.91

Open Interest 38677.27 959693 021 2.82 17981.00 65612.00 -1.71  -40.48

Price 143.29 36.69 073 294 86.55 24293 -1.29 4573
3 Month T-bill 0.35 059 264 10.37 0.01 332 -474 -63.89
Crude Oil 76.78 2466 -0.03 2.00 26.19 14531 -1.86 -51.94
Exchange Rate 107.08 965 071 2.05 93.95 129.08 -0.77  -49.07
MSCI 144988 29943 -0.12 226 688.64 2106.89 -042 -51.72
Speculation Ratio 0.19 0.08 094 451 0.00 0.70 -2555  -74.92

Note: The critical values of the ADF test are -2.570, -2.860 and -3.430 for the 10 %, 5% and 1 %
level of statistical significance.
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Table 3. Results of GARCH Regressions

@ (@)

3

4)

©)

©)

Mean Equation

ri—1 0.108*** 0.109*** 0.109*** 0.109*** 0.110*** 0.109***
(0.020) (0.020) (0.020) (0.020) (0.020) (0.020)
Oily 0.058*** 0.058*** 0.059*** 0.058*** 0.059*** 0.058***
(0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Tbilly 0.001 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Exratey 0.010 0.011 0.009 0.012 0.014 0.012
(0.058) (0.059) (0.059) (0.059) (0.061) (0.061)
MSCI 0.035*** 0.035*** 0.035*** 0.035*** 0.035*** 0.035***
(0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
Ry 1 —0.332 —0.262 —0.280 —0.378 —0.074 —0.185
(0.262) (0.314) (0.307) (0.296) (0.324) (0.331)
Dy 0.024 0.005 —0.050 0.100 0.058
(0.105) (0.107) (0.117) (0.102) (0.102)
I —0.329 —0.328 0.074 —0.604 —0.331
(0.567) (0.573) (0.623) (0.548) (0.545)
Constant 0.092* 0.092 0.101* 0.110* 0.045 0.063
(0.050) (0.063) (0.060) (0.058) (0.066) (0.068)
Variance Equation
Oily 0.034 0.024 0.037 0.032 0.037 0.047
(0.110) (0.104) (0.105) (0.107) (0.110) (0.108)
Tbilly —0.009*** —0.008** —0.008** —0.008** —0.010*** —0.009**
(0.003) (0.003) (0.003) (0.004) (0.004) (0.004)
Exratet —1.205** —1.216*** —1.141** —1.165** —1.203** —1.150**
(0.488) (0.445) (0.452) (0.459) (0.504) (0.508)
MSCI —0.080 —0.080 —0.080* —0.078 —0.082 —0.080
(0.049) (0.050) (0.047) (0.050) (0.053) (0.052)
Ry 7.175%* 7.933*** 7.382%** 7.207*** 9.462%** 8.256***
(0.818) (1.158) (1.060) (0.920) (1.448) (1.372)
Dy 0.394 0.112 0.099 0.818* 0.385
(0.466) (0.461) (0.533) (0.459) (0.424)
Iy 1 —0.513 1.103 0.430 —2.523 —1.674
(2.151) (2.047) (2.490) (1.912) (1.826)
Constant —5.347** —5.594*** —5.395%** —5.297*** —6.117*** —5.631%**
(0.257) (0.340) (0.330) (0.291) (0.491) (0.448)
GARCH Terms
o? 0.028*** 0.027*** 0.027*** 0.027*** 0.027*** 0.027***
(0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
e? 0.947*** 0.947*** 0.945%** 0.945*** 0.950*** 0.948***
(0.008) (0.008) (0.009) (0.009) (0.007) (0.008)

Standard errors in parentheses
*p<0.1," p<0.05 " p<0.01



Table 4. Regression Results for Different Speculation Measures

Long Short Net Long W.sT
Mean Equation
Ti_1 0.108*** 0.108*** 0.108*** 0.109***
(0.020) (0.020) (0.020) (0.020)
Oily 0.058*** 0.058*** 0.058*** 0.059***
(0.009) (0.009) (0.009) (0.009)
Thill, 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001)
FExrate; 0.014 0.011 0.011 0.013
(0.058) (0.060) (0.059) (0.060)
MSCI, 0.034*** 0.035%** 0.034*** 0.035%**
(0.008) (0.008) (0.008) (0.008)
Ri 4 —0.091 —0.380 -0.133 —0.407
(0.372) (0.292) (0.401) (0.282)
D;_4 0.071 —0.046 0.064 —-0.113
(0.104) (0.132) (0.103) (0.153)
I 4 —0.488 0.206 —0.305 0.491
(0.531) (0.664) (0.526) (0.789)
Constant 0.056 0.102* 0.050 0.108**
(0.079) (0.055) (0.082) (0.054)
Variance Equation
Oily 0.050 0.021 0.053 0.015
(0.107) (0.113) (0.111) (0.103)
Thilly —0.010*** —0.009*** —0.009*** —0.008**
(0.003) (0.003) (0.003) (0.003)
Ezxrate; —1.308*** —1.233*** —1.229** —1.166***
(0.502) (0.475) (0.503) (0.416)
MSCI, —0.086* —0.078 —0.085* —0.075
(0.050) (0.052) (0.051) (0.051)
Ri_1q 9.100*** 7471 9.581*** 7.190%**
(1.791) (0.996) (1.902) (0.887)
D;_4 0.633 0.340 0.829 0.541
(0.527) (0.687) (0.546) (0.620)
I+ —1.494 —1.437 —2.841 —0.591
(2.225) (3.012) (2.265) (2.839)
Constant —6.162%** —b5.412%** —6.151*** —5.189***
(0.580) (0.292) (0.599) (0.284)
GARCH Terms
o 0.024*** 0.028*** 0.025*** 0.028***
(0.005) (0.005) (0.005) (0.005)
g2, 0.954*** 0.947*** 0.952%** 0.9471***
(0.007) (0.008) (0.008) (0.009)

Standard errors in parentheses
*p< 0.1, p<0.05 " p<0.01
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