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Abstract 
No. We show that managed money traders tend to change positions in the same direction 
as prices, whereas commercial firms change positions in the opposite direction. Using 
insights from difference of opinion theory, we conclude that managed money traders 
have strong beliefs about the markets and trade aggressively. Commercial firms are 
willing to take the other side of these trades, and thus they provide liquidity to managed 
money firms. However, we find no evidence that this trading dynamic results in prices 
that deviate significantly from supply and demand fundamentals. 

Keywords: rational expectations; differences of opinion. JEL 
codes: Q1, G1. 

1 Introduction 

Futures traders enter the market with various motivations. Some have a hedging motive, 
such as a commodity producer who wants to reduce price risk. Others believe they have 
information about the future path of prices and aim to profit from that information. Some 
may seek to collect a liquidity or risk premium by trading with a demanding counterparty. 
Still others may wish to speculate on (or hedge) the spread between prices at different points 
in time, space, or the production chain. Underneath it all, no matter the stated reason for 
entering the market, each trader is trying to gain from their trades. 
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The perspective that futures markets are filled with traders trying to gain from trade is not 
new or controversial. However, it is considered unseemly by many past observers, as 
revealed by the tendency to blame speculators when prices are highly volatile. Economist 
Blair Steward wrote: “Frequently, these speculators know little or nothing about the 
commodity in which they deal, and have little knowledge of the methods or producing, 
grading, shipping, storing, and using the product…it has been held that such traders are a 
disturbing influence in the market, accentuating price swings, and on occasions contributing 
to wild and disastrous price fluctuations (Steward, 1949).” Moreover, seeking gains is at odds 
with the traditional academic perspective of futures markets as venues for commercial firms 
to pass along their price risk in the physical commodity to firms that are willing to take that 
risk in exchange for a positive average return (Keynes, 1930). This traditional view implies 
that hedgers initiate trading volume and open interest, rather than speculators who have an 
opinion about the value of the commodity. 

In this paper, we examine evidence on whether speculative trading causes commodity prices 
to deviate significantly from what is implied by supply and demand fundamentals. Using the 
Commitments of Traders (COT) data from the Commodity Futures Trading Commission 
(CFTC), we show for 21 major commodities that trade between managed money and 
commercial firms best describes the weekly variation in futures market positions. Managed 
money traders, a group that includes commodity trading advisors, commodity pool 
operators, and hedge funds, tend to change positions in the same direction as prices, whereas 
firms involved primarily in the production, processing, packing or handling of a physical 
commodity tend to trade against price paths. 

Our findings on position and price correlations are consistent with a difference of opinion 
equilibrium in which managed money traders have the strongest opinions and tend to move 
prices in the direction they trade (Fishe et al., 2014). In a difference of opinion model, all 
traders seek gains from trade and receive differing signals about the value of the commodity. 
They trade based on those signals and agree to disagree about whose signal is most correct. 
Prices move in the direction of the trader with the strongest opinions, where opinion 
strength reflects confidence in the signal, amount of capital, and/or degree of risk aversion.  

Managed money traders tend to move prices in the direction of their opinions, but this need 
not be an inefficient outcome. If these traders are the best informed about the value of the 
commodity, then they provide a valuable service to the market by moving prices towards the 
fundamental value. On the other hand, if they are moving prices away from the fundamental 
value, then this action is welfare reducing should it cause a change in resource allocation 
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(Brunnermeier et al., 2014). If such speculative trading pushes prices away from 
fundamentals, then we should observe reversals when the price is corrected. That is, futures 
prices should exhibit mean reversion. We find no evidence that prices reverse course more 
frequently than in a random walk or that price changes induced by managed money trading 
tend to reverse, supporting the view that managed money traders trade on erroneous 
information. 

Prices may certainly deviate through time, but commodity markets have a natural self-
correction mechanism that prevents prices from being too wrong for too long. A price too 
high will suppress demand and encourage supply, leading to an inventory buildup. 
Eventually, inventory holders will realize that high prices are unsustainable. They will dump 
their product on the market and prices will drop. A price too low will have the opposite 
effects—inventories will run down until eventually storage firms decide to start storing. In 
addition, futures prices generally converge to cash market prices near expiration. Excessive 
speculative effects would need to interrupt the operation of cash markets to have longer 
term effects. Given this perspective, we focus our examination of speculation on lower 
frequency weekly price changes, which gives rise to price reversals over horizons of a few 
months. 

Using data between 2006 and 2017, we identify a sequence of peaks and valleys for prices 
and positions held by managed money traders, which breaks prices and positions into both 
rising and falling periods, or paths.3 Price turning points (switches from rising to falling 
prices and vice versa) do not occur more frequently in the data than one would expect under 
a random walk. Position reversals often occur around price reversals, but do not seem to 
concentrate in the period just before a price reversal. We conclude that there is little 
evidence that managed money traders move prices significantly away from fundamental 
values. 

We also find that index fund positions show little relationship to prices. These traders hold 
passive positions and trade in a predictable fashion, which makes it relatively easy for other 
traders to offer them liquidity without large price impacts (e.g., Irwin and Sanders, 2011; 
Fattouh et al., 2013). Some researchers have found a connection between index funds and 
prices, but they find only quantitatively small risk premium effects (e.g., Hamilton and Wu, 
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2014). These facts, along with the active trading of managed money shows that the focus on 
index funds in the wake of the 2008-09 commodity boom and bust was misguided. 

The paper proceeds as follows. Section 2 describes the market setting and the data we use. 
Section 3 describes theories of how speculative trading affects the markets and Section 4 
presents empirical evidence. Section 5 concludes. 

2 Anatomy of Futures Markets 

Commodity futures markets allow traders to enter contracts to buy or sell a commodity at a 
particular location(s) and time in the future. For example, light sweet crude oil in Cushing, 
Oklahoma in May 2018. A trader on the long side of the market makes a commitment to buy 
and a trader on the short side makes a commitment to sell. These contracts exist in zero net 
supply, meaning that for every long there is a short. If the trader keeps her position until the 
contract expires, then she is obligated to either take or make delivery of the commodity 
according to the contract specifications. 

The vast majority of futures contracts are not delivered because traders offset their 
obligation by making an equal and opposite commitment before the contract expires. Most 
traders do not want the commodity as it is specified in the futures contract, perhaps because 
they hold or trade a different version of the physical commodity, seek an alternative delivery 
location, or operate at a different stage of processing. Other traders only want exposure to 
the price changes of the physical commodity—they are financial speculators. 

2.1 Data 

Multiple contracts trade simultaneously on a futures exchange. They vary by delivery date, 
commodity characteristics (e.g., hard vs soft winter wheat), and stage of processing (e.g., 
crude oil, gasoline, heating oil). We analyze contracts for 21 commodities spanning five 
categories: 

• Energy: crude oil, heating oil, gasoline, natural gas 
• Metals: gold, silver, copper, palladium, platinum 
• Grains: corn, soft red winter wheat, hard red winter wheat, soybeans, soybean oil, 

soybean meal 
• Livestock: live cattle, feeder cattle 
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• Softs: cotton, cocoa, coffee, sugar 

To construct prices for these commodities, we use the price on the nearby contract and roll 
over to the next contract 21 calendar days before the first day of the delivery month. These 
prices are obtained from quandl.com. This approach implies that the most actively traded 
contract commonly generates the price. The sample period for all analysis is June 13, 2006 
through the end of December 2017. 

The Commodity Futures Trading Commission (CFTC) reports weekly data on positions held 
in commodity futures markets by traders in various categories. These data, known as the 
Commitments of Traders (COT) reports are aggregated from CFTC’s Large Trader Reporting 
System (LTRS). The LTRS collects end-of-day positions for all traders who exceed mandatory 
reporting thresholds. According to the CFTC, the LTRS captures 75-95% of the open interest 
depending on the market (Fishe and Smith, 2012). The CFTC publishes four COT reports: (i) 
Legacy, (ii) Disaggregated, (iii) Supplemental, and (iv) Traders in Financial Futures. 

The Legacy COT report contains reportable positions held by two categories of traders: 
noncommercial and commercial. We focus on the disaggregated COT report, which splits 
each category in the Legacy report into two business groups. The two non-commercial 
groups in the disaggregated COT report are (i) money managers and (ii) other traders with 
reportable positions. A money manager is a registered commodity trading advisor, a 
registered commodity pool operator, a hedge fund, or another unregistered fund. The two 
commercial traders groups are (i) Producer/Merchant/Processor/User, which we shorten 
to “Producer”, and (ii) Swaps Dealers. The producer group includes firms involved primarily 
in the production, processing, packing or handling of a physical commodity. Swaps dealers 
are engaged mainly in commodity or financial swaps with counterparties including 
speculative traders, index funds, hedge funds, or traders of the physical commodity. Thus, 
although traders in the producer category are engaged in trading or processing the physical 
commodity, swaps dealers have widely varying connections to the physical trade.4 

We also use the Supplemental COT report, which covers only agricultural markets. This 
report splits traders into three categories: non-commercial, commercial, and index traders. 
In essence, this is the Legacy report with commodity index traders extracted and reported 

                                                        
4 A commodity swap is a contract in which two counterparties agree to exchange variable for fixed cash flows. 
For example, a producer may enter a swap contract to receive the difference between an agreed-upon fixed 
price and a floating price at pre-specified intervals. This would help the producer hedge against price risk. The 
swaps dealer may offset its risk by taking a futures position (Mixon et al., 2018). 

http://www.quandl.com/
http://www.quandl.com/
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separately. We show below that most index traders are classified as swaps dealers in the 
Disaggregated report, although some enter the Disaggregated report in the other reportable 
traders category. 

The COT data are reported separately for futures positions and for positions in futures and 
options combined. To compute options positions, the CFTC uses a delta adjustment to derive 
the futures equivalent of the number of open option positions. It then adds these futures-
equivalent options positions to the futures positions held in the commodity to get the 
reported value for futures and options combined. For each commodity, the reports aggregate 
over all expiration dates. 

2.2 Commitments of Traders 

Figure 1 shows the normalized average net positions by trader group for each commodity in 
our sample. Specifically, for each trader group j, the normalized net position on date t is 

 
−

= jt jt
jt

jt

L S
NP

N
 , (1) 

where Ljt is the total number of long positions held by traders in group j, Sjt is the total number 
of short positions, and Njt is the normalization factor. In panel (a), we normalize by total open 
interest and in panel (b) we normalize by open interest minus spread positions.5 The figure 
shows the sample average of NPjt. 

Because futures contracts are in zero net supply, the sum of the negative values in Figure 1 
equals the sum of the positive values by construction. The bars do not extend all the way to 
one because netting implies that some longs and shorts within a trader group cancel each 
other out. Longs and shorts within trader groups arise because traders hold spread positions 
or because some members of the group are long and others are short. As the bars in panels 
(a) and (b) are similar sized, we see that the latter explanation is more accurate. This finding 
implies that the traders within a group are not homogeneous; that is, some are outright long 
and others are outright short.  

                                                        
5 A trader with a spread position holds a simultaneous long position for one delivery date and short for another 
delivery date in the same commodity. 
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Table 1 provides insight to the degree of heterogeneity within these categories. This table 
reports the cosine similarity between long and short position changes within a category. 
Specifically, we generate the series 
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for each trader group j. The 2.5% threshold captures the noise from smaller position 
adjustments due to hedging as well as entry and exit of smaller traders. We then compute 

the cosine similarity between δ L
jt   and δ S

jt  for each trader group. 

A similarity measure close to +1 implies that longs and shorts are changing in the same 
direction and in a similar percentage magnitude. This would indicate within-category 
trading. If the measure is close to -1 then there are asymmetric changes between longs and 
shorts, but this indicates consensus of opinion as an increase in a long position is the same 
price view as a decrease in a short position. Similarity close to zero indicates orthogonal 
changes which suggests high degree of independence between the long and short positions. 
The findings in Table 1 show relatively small similarity measures (except for energy and the 
totals) which supports the heterogeneous view of these categories.  Nonetheless, as we show 
later, the average net position in a category still conveys a significant amount of information. 

Figure 1 shows that the short side of the market is dominated by producers. Only in crude 
oil, natural gas, and feeder cattle do producers not hold a dominant proportion of net short 
positions. In the soft commodities as well as heating oil and gasoline, producers are the only 
group that is net short on average. In corn, wheat and soybeans, producers hold a substantial 
majority of net short positions. Non-reportables are the other group that is net short on 
average, suggesting that this group may be small producers—farmers, perhaps. 

On the long side of the market, managed money and swaps dealers hold most of the net long 
positions on average. Swaps dealers are net long on average for all commodities except crude 
oil and four of the five metals. The large net long positions held by swaps dealers in 
agricultural commodities suggest that these swaps are mostly hedging index fund positions, 
a suggestion that we verify soon using the supplemental COT. A large amount of swaps 
activity in energy and precious metals markets is hedging commercial positions, which 
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explains why swaps dealers are net short on average in those markets even though index 
funds are a large participant (Mixon et al., 2018). 

Figure 2 shows net positions (long minus short) over time for six major commodities. We do 
not normalize by open interest so as not to obscure trend in open interest. For all but crude 
oil, the managed money and producer categories exhibit a strong negative correlation. When 
managed money traders increase their net long positions, producers increase their net short 
positions and vice versa. This result implies that understanding market fluctuations requires 
understanding the interaction between managed money and producers. This interaction is a 
major focus of this paper. 

In crude oil, swaps dealer positions vary considerably. Swaps dealers became substantially 
short between 2010 and 2014, before reducing their short positions for two years and then 
increasing them again. Much of this variation in swaps dealer positions was met by changes 
in producer positions. In agricultural commodities, for which we observe the supplemental 
COT, we see that swaps dealer positions align very closely with index trader positions. 
Moreover, these positions show relatively little variation over the sample period, which is 
consistent with the notion that index traders are passive—they are not actively trading on 
changing expectations about the value of the commodity. 

To underscore this point, Figure 3 shows the standard deviation of normalized net positions 
by trader type for agricultural commodities, i.e., those for which we observe the index trader 
category. On average, managed money and producer positions are about twice as volatile as 
index trader positions. Moreover, producer positions are the most volatile group for most 
commodities. The traditional narrative that producers are passive hedgers is undercut here 
by the fact that producers trade a lot (Cheng and Xiong (2014)). The fact that producers are 
on the short side of the market on average implies that they have a hedging motive, but their 
activity level suggests a strong speculative motive as well. 

In sum, for most commodities, producers tend to occupy the short side of the market, which 
is consistent with a hedging motive. However, speculative activity in most commodity 
markets is driven by the interaction between managed money and producers. Index traders 
are passive participants. 
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2.3 Positions and Prices 

As in Fishe et al. (2014), we estimate a regression of position changes on price changes to 
uncover how activity by each trader group related to prices. The regression equation is: 

 ∆POSijt = α + β∆lnFit + εijt, (2) 

where Fit denotes the price of the nearby futures contract on commodity i in week t. We 
define POSijt as the change in net positions (i.e., long minus short) for trader type j in 
commodity i from week t1 to t. To compare coefficient estimates across commodities and 
trader types and to account for trends in the size of the market, we standardize position 
changes by total market open interest; that is, 

 − −

−

− − −
∆ = , 1 , 1
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where Lijt denotes the number of long positions and Sijt denotes the number of short positions 
as in equation (1). We estimate a separate regression for each trader-type/commodity 
combination, using equation-by-equation ordinary least squares. 

Table 2 shows the estimated β coefficients from the regressions in (2). As found in Fishe et 
al. (2014) for agricultural commodities, the estimates are all positive and statistically 
significant for managed money and negative and statistically significant for producers. This 
is not a causal regression—it does not indicate that high returns cause managed money to 
increase its net long positions and producers to increase net short positions. Rather, it 
reveals a robust correlation between prices changes and position changes. In Section 3, we 
suggest that this finding shows that speculative pressure from managed money is an 
important driver of price changes. 

For the non-energy commodities, the managed money and producer coefficient values are 
quite similar. They tend to be smaller in magnitude for the energy commodities, especially 
crude oil and natural gas. This is consistent with the bars in Figure 1 being shorter for those 
commodities, which indicates that the traders in each category are more heterogeneous than 
for other commodities. 

The other three categories in the disaggregated COT—swaps, other reportable, and 
nonreportable—do not display consistent signs across commodities. Swaps dealers have 
significant negative coefficients for gold, silver, palladium, and platinum, which are similar 
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to the coefficients on producers for those commodities. The same is true for crude oil. This 
suggests that swaps dealer activity is dominated by hedging of commercial swaps. In 
contrast, for agricultural commodities, where swaps dealers are mostly index funds, there is 
little relationship between price changes and position changes. 

The supplemental COT data reinforce the contention that the swaps dealers group in 
agricultural commodities consist mostly of index traders. The coefficients for index traders 
are very similar to those for swaps dealers. Moreover, we see that the commercial non-index 
group, which consists of commercial firms in the legacy COT who are not index traders, is 
very similar to the producer group. This is consistent with swaps dealers being mostly index 
traders because the producer group is defined as the Legacy commercial category minus 
swaps dealers. 

3 Effects of Speculative Trading: Theory 

3.1 “Excessive Speculation” and the Rational Storage Model 

The phrase “excessive speculation” has a long history in connection with futures market 
regulation. The phrase appears repeatedly in the formative Grain Futures Act of 1922 and 
was used frequently in the hearings leading to that legislation (Peck, 1980). It also appears 
in the Commodity Exchange Act of 1936, the Commodity Futures Trading Act of 1974, and 
the Dodd-Frank Wall Street Reform and Consumer Protection Act of 2010, which are the 
three major revisions to commodity trading legislation in the US since the Grain Futures Act. 
These pieces of legislation use circular reasoning that allows any activity to be labeled as 
excessive speculation. They assert that excessive speculation causes “an undue and 
unnecessary burden on interstate commerce” and impose “limits on the amounts of trading 
which may be done or positions which may be held by any person” in commodity futures 
markets. This approach is like defining assault as something that causes undue harm and for 
which the perpetrators go to prison, rather than as a harmful physical attack on another 
person. 

The economic definition of excessive speculation is trading that causes a price to differ from 
its fundamental value. The competitive rational storage model offers the standard definition 
of a fundamental price. It is the price sequence that would result from competitive markets 
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populated by equally informed traders with rational expectations (Gustafson, 1958). In 
short, supply and demand plus rational storage.  

Wright (2011) summarizes the rational storage model and its application to food price 
volatility. In this model, rational firms store more of the commodity when prices are low but 
expected to increase. When prices are high but expected to decrease, storage is unprofitable 
and inventory levels are low. Thus, speculation enters the model through the storage 
decisions of inventory holders. Excessive speculation in this model results in storage 
decisions inconsistent with rational inventory management. 

Estimating the fundamental price path implied by a competitive rational expectations model 
is difficult and requires model specification assumptions that can be challenged. How 
persistent are the shocks? What is the functional form of the supply or demand function? Are 
the supply and demand functions stable over time? These difficulties make it hard to quantify 
deviations of observed prices from the fundamental price because the definition of the 
fundamental price depends on modeling assumptions. Did the price jump because excess 
speculative trading pushed it above the fundamental price or because demand became less 
elastic? 

However, even without quantifying the fundamental price, the rational expectations model 
predicts two characteristics of a non-fundamental market price. First, if prices exceed the 
rational storage equilibrium price, then there will be excess net supply. Consumers will 
consume less than the equilibrium amount and producers will produce more. Thus, we 
expect inventories to accumulate. The extent to which inventories are affected depends on 
how long the market price remains high and on the elasticities of supply and demand. If 
demand is elastic, then consumers will cut back when market price increases and inventory 
will accumulate quickly. Inelastic supply and demand means that market prices could remain 
excessive for some time before a noticeable inventory buildup occurs. 

To make this concrete consider the corn market. Hendricks et al. (2014) estimate that the 
annual elasticity of supply of US corn equals about 0.3. On the demand side, Adjemian and 
Smith (2012) estimate that the annual flexibility (inverse elasticity) of total demand equals 
−1.35 on average between 1980 and 2010, which corresponds to an elasticity of about −0.7. 
The net supply elasticity is therefore 0.3 + 0.7 = 1. It follows that, say, a 20% non-fundamental 
price increase would lead to a 20% increase in net supply, i.e., annual inventories would grow 
by an amount equal to 20% of the crop. U.S. corn inventories average 15% of the annual crop, 
so such an inventory accumulation would entail more than doubling typical inventories. It 
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appears likely that such a large inventory accumulation would lead prices to self-correct well 
before the year was up. However, small price distortions could persist for longer periods 
without being apparent in inventory data. 

Sockin and Xiong (2015) show theoretically that informational frictions can break the link 
between market prices and inventory. If firms using the commodity interpret a price 
increase as a demand shock rather than a supply shock, then they may increase production 
rather than decreasing it. This exacerbates the price shock and does not lead to an increase 
in inventory. However, this dynamic appears likely to explain only short deviations from the 
fundamental price. Economic incentives to produce, consume and store the commodity mean 
that the market is self-correcting over longer horizons. Janzen et al. (2018) study the cotton 
market and find little evidence that speculative forces break the link between market price 
and inventory. 

The second characteristic of non-fundamental prices is futures price mean reversion. In the 
rational expectations model the fundamental price Pt is 

 = −
+ ,

,

[ ]
1

t T
t t T

t T

E PP s
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 , (4) 

where rt,T is the interest cost of capital and st,T is the price of storage from t until T. The price 
today is less than the expected price next period by an amount equal to the capital and 
inventory costs of storage. Thus, at high inventory levels we expect to see spot prices 
increase over time to compensate firms for the cost of storage. This is the typical pattern, for 
example, in agricultural markets right after a harvest. In periods when inventory is low, the 
price of storage drops and can become negative. In such settings, firms are prepared to store 
the commodity at a loss because they gain from the convenience of having the product on 
hand (Kaldor, 1939; Brennan, 1958). 

Thus, with some periods of positive storage prices and other periods with positive 
convenience yields, most commodity spot prices exhibit mean reversion. However, futures 
prices should not exhibit mean reversion under the rational storage model. The futures price 
equals the expected spot price in this model (e.g., Routledge et al., 2000), which implies that 
changes in the future price on a particular contract are not predictable. Mathematically, given 
that Ft,T = Et [PT ], the conditional expectation of the change in the futures price is 

 Et [Ft+1,T − Ft,T ] = Et [Et+1 [PT ] − Et [PT ]] = 0, (5) 
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Traders neither pay nor receive storage costs when holding futures contracts because they 
must wait to receive or deliver the commodity until a future date T. Thus, deviations in 
futures prices for a given contract should follow a random walk. If we observe mean 
reversion in futures prices, perhaps because excessive speculative activity pushes the 
futures price above the fundamental price, then we expect to see the futures price revert 
after the market realizes its error. 

3.2 Price Pressure and Risk Premium 

A long literature espouses the hedging pressure theory of futures markets (Hirshleifer, 1990; 
Bessembinder, 1992; Roon et al., 2000). Under this theory, hedgers acquire positions to 
offset some spot price risk. The price adjusts sufficiently to convince another trader to take 
the other side of the contract. For example, a farmer looking to hedge a crop will take a short 
futures position to lock in a sale price. Under the hedging pressure theory, this action pushes 
the futures downward. The speculator taking the other side takes a long position at this 
lowered price and expects to make a positive return as the price drifts upwards over time. 
The farmer makes a negative return, which is the cost of hedging the price risk. 

This market pattern implies “normal backwardation”, which is another way of saying 
“positive risk premium” (Keynes, 1930). This concept is often confused with convenience 
yield, but is completely different. Convenience yield implies Pt > Et[PT ], whereas normal 
backwardation implies Ft,T < Et[PT ].6 These two concepts each relate a currently observed 
price to the expected value of the future spot price. Convenience yield implies that firms pay 
a premium for the commodity today because they want to own it now. Normal 
backwardation implies that firms commit to make a future sale at a discounted price to 
reduce the intervening price risk. In a market with a convenience yield but no risk premium, 
the futures price is still a random walk as noted in Section 3.1. However, in a market with a 
positive risk premium, we expect the futures price to drift upwards.7 

Speculative price pressure is like hedging pressure but for a different trader group. Under 
the speculative pressure theory, speculators enter the market with a view on the direction 
of future price changes. They take a position based on this view and in so doing push prices 

                                                        
6 Based on equation (4), a convenience yield implies Pt > Et[PT]/(1 + rr,T). We omit the interest rate here for 
brevity. 
7 To add to the confusion, “backwardation” is used in futures markets to refer to the case in which Pt > Ft,T. 
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in the direction of their belief. Assuming these beliefs are erroneous, these speculators will 
lose money from their trades. 

These pressure theories imply two patterns in positions and prices. First, there is a positive 
correlation between positions and prices for the group applying the pressure. Second, the 
pressured traders tend to make positive returns. The results in Table 2 show clearly that 
managed money traders are the ones applying pressure. In all markets, prices move in the 
same direction as managed money position changes. In most markets, the managed money 
group is net long, so the price pressure theory implies that producers should be receiving a 
premium for holding short futures positions. 

Main et al. (2018) show that average returns to individual commodity futures markets are 
approximately equal to zero and are statistically insignificant. The statistical insignificance 
is important here as it implies that volatility is so high that, even if a non-zero risk premium 
exists, it is so small relative to volatility that no trader would have a reasonable expectation 
of earning a positive return. In addition, Fishe and Smith (2012) find no evidence from daily 
firm-level data that producers earn risk premiums from the positions they hold. These 
empirical results suggest that risk premium theories are not a good fit to commodity futures. 

3.3 Differences of Opinion 

The models described above rely on a rational expectations equilibrium. This equilibrium 
implies that, even if traders have different opinions about the value of the commodity when 
they come to the market, they agree on the value once the equilibrium price is determined. 
The market aggregates beliefs to find an efficient price. This description seems at odds with 
the way that traders perceive these markets. Traders take positions because they believe the 
price is wrong—either too high or too low. They make a trade with someone who thinks the 
price is wrong in the opposite direction. After the trade, they do not change their opinions 
and decide that the market price is right. Rather, they still believe they are right and the other 
trader is wrong. This scenario describes a difference of opinion (DO) equilibrium model. 

Fishe et al. (2014) show theoretically that the rational expectations equilibrium implies zero 
correlation between price and position changes, but that a DO equilibrium implies that prices 
are positively correlated with the positions of the most aggressive trader, whether that 
trader is aggressive because of strong beliefs about the value of the commodity, a low risk 
aversion coefficient, and/or deep pockets. In that model, which contains two risk-averse 
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traders behaving competitively, the equilibrium price is between the beliefs of the two 
traders. The trader who believes the price is too low goes long and the trader who believes 
the price is too high goes short. The more aggressive a trader, the more that price moves in 
her direction. 

Traders are risk averse in the Fishe et al. (2014) model and one set of traders has a hedging 
motive (producers). Consistent with Figure 1, the hedging motive makes producers hold 
short positions on average, and they would pay a risk premium if there were no differences 
of opinion about the value of the commodity. However, trading profits also depend on the 
quality of the information signals each trader receives. If one trader or trader group 
consistently receives better signals, then it would earn higher returns. If it receives more 
diffuse or lower quality signals, then it would lose money. The former trader is informed, the 
latter exerts unfounded speculative pressure. 

The results in Table 2 are consistent with a DO setting in which managed money traders are 
consistently more aggressive than producers. Managed money traders move prices and 
producers are willing to take the other side. In the next section, we examine whether this 
activity tends to push prices away from fundamental values by testing whether prices tend 
to correct themselves or revert after managed-money-induced price changes. 

4 Effects of Speculative Trading: Evidence 

4.1 What Happens After Managed Money Changes Positions? 

The most aggressive trader in a DO setting improves pricing efficiency if she is trading on 
good information and hurts market efficiency if she has bad information. In the former case, 
her trades push prices in the desired fundamental direction, but not all the way. Thus, over 
time, we expect prices to continue to move in the same direction after her trades. In contrast, 
if the aggressive trader has bad information, then she pushes prices away from the 
fundamental direction and we would expect prices to reverse direction at a later date. 

To ascertain which of these cases fits the data, we estimate impulse response functions for 
each commodity. We use a bivariate vector autoregression using returns on the nearby 
contract ut = ln(Ft,T ) − ln(Ft−1,T ) and net managed money positions normalized by open 



15 

interest. We focus on the response of futures returns to managed money positions, and we 
place positions first in the causal ordering.8 

Figures 4 and 5 plot the impulse responses. To interpret these figures, consider the crude oil 
commodity (panel (a) in Figure 4). A one standard deviation increase in normalized net 
managed money positions is associated with a 2.5% price increase.9 The estimated effect on 
the subsequent week’s return is essentially zero. The point estimate is 0.2% and it is 
statistically insignificant. The estimated effect on the returns in weeks 2 − 20 is also 
negligible and insignificant from zero. Thus, after the price increase in the week that 
coincided with the managed money position increase, there is no tendency for returns to be 
either positive or negative—thus no reversal. 

We find identical results for all 21 commodities. Managed money position increases predict 
a concurrent price increase, but they have no predictability for prices in future weeks. This 
result suggests that managed money traders are sometimes right and sometimes wrong. 
They have strong signals and move prices but do not show a systematic tendency to make or 
lose money. This finding essentially replicates the results in Fishe and Smith (2012) using a 
different modelling method. 

4.2 Price Reversals 

Figures 4 and 5 show that changes in managed money positions do not predict future price 
corrections. However, that analysis used a parametric linear model. In this section, we search 
for directional price paths—that is, price peaks and valleys—and ask whether (i) reversals 
are more frequent than implied by a random walk, and (ii) periods of increasing (decreasing) 
prices are associated with periods of increasing (decreasing) MM positions. 

We create a log weekly futures price by stitching together nearby prices and eliminating the 
roll return. This gives a series of log prices net of longer term storage costs. Specifically, we 

                                                        
8  As shown in Jorda (2005), this approach is asymptotically equivalent to estimating the following 

regression by OLS and reporting β` for each 0,1,2,...,20:=  13

1t t j t jj
u mm uα β θ+

− −= +
= + + +∑ 

 



13

1 j t j tj
mmη ε+

−= +
+∑ 





, where mmt is net managed money positions normalized by open interest. Rather than β`, 
which is the effect of a one unit mmt shock on returns, we report the effect of a one standard deviation shock, 
i.e., we scale the estimates by the standard deviation of mmt shocks, as is customary in the VAR literature. 

9 Because ut is a log price change, 0.025 in the figure corresponds approximately to a 2.5% price increase. 
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compute weekly returns as ut = ln(Ft,T ) − ln(Ft−1,T ), where T is the closest delivery date to t.10 

Then, we create the roll-adjusted price as . A price peak is the highest price in 
the 12 weeks before or after that date. A price valley is the lowest price in the 12 weeks 
before or after that date. If we observe multiple consecutive price peaks or valleys by this 
definition, then we keep only the last one to ensure that valleys always follow peaks and vice 
versa. 

Figure 6 plots the peaks and valley price paths for the same six commodities shown in Figure 
2. For each commodity, we observe some long runs and some quick reversals. If speculative 
trades are generating excess volatility, then we expect to observe more frequent reversals in 
prices than would arise under a simple random walk. To investigate this question, we 
simulated 10,000 random walk time series of 603 observations each (the same length as the 
sample period). We applied the price path algorithm to each of the 10,000 series and counted 
the number of turning points in each series. Figure 7 plots the simulated density of the 
estimated number of turning points per 52-week period in a random walk. For comparison, 
we repeated the same exercise for a simulated AR(1) process with an autoregressive 
coefficient of 0.9. More turning points occur in the mean-reverting AR(1) than in the random 
walk. 

The vertical bars in Figure 7 indicated the number of turning points in each of our 21 
commodities. The average number of turning points in our sample is 2.5 per year and this is 
the rate we would expect from a random walk. Some series had more frequent turning points 
and others had less frequent turning points, but there is no sign that turning points are more 
frequent than implied by a random walk. We find no evidence of excess reversals. 

To connect the price paths in Figure 6 to positions, we generate peaks and valleys of 
normalized managed money net positions using the same algorithm. Table 3 shows statistics 
for price and position paths. Columns (1) and (2) show the average length in weeks of 
rising/falling directional trends. The average trend length across commodities is 23 weeks—
just a little less than six months. There is no tendency for rising trends to be longer than 
falling trends or vice versa. If speculators tended to push prices up and they came gradually 
back to where they were, then we would see falling trends lasting longer than rising trends. 

                                                        
10 We exclude any contract with less than 21 calendar dates until the first day of the delivery month, i.e, we 

roll to the next contract 21 calendar days before the first delivery date. 
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Columns (3) and (4) show the number of turning points in the sample period for prices and 
positions. Some commodities have relatively few turning points (e.g., natural gas, which 
experienced a pronounced downward trend throughout the sample) and others more (e.g., 
sugar and soybeans). The number of turning points in positions is similar, but slightly larger 
on average than the number of price reversals. Columns (5)-(9) show how managed money 
position turning points match up with price turning points. Position turning points tend to 
cluster around price turning points. On average, about 20% of price turning points coincide 
with a position turning point. Another 35% of price turning points occur within 4 weeks of a 
position turning point. Overall, we do not see a systematic tendency for position turning 
points to occur immediately before a price turning point. 

Column (10) shows the coincidence rate of price and position paths, i.e., 

( )1

1

coincidence rate (1 )(1 ) ,
T

pr po pr po
t t t t

t

T r r r r−

=

= + − −∑            (6) 

where pr
tr  equals one if prices are on a rising path in week t and zero otherwise, and po

tr  

equals one if managed money positions are on a rising path in week t and zero otherwise. 
We see that about 70% of weeks have prices and positions on the same trend, i.e., both rising 
or both falling. These proportions are quite similar across commodities. 

 

5 Conclusion 

We show that managed money traders tend to change positions in the same direction as 
prices, whereas commercial firms change positions in the opposite direction to prices. Using 
insights from difference of opinion theory, we conclude that managed money traders have 
strong beliefs about the markets and trade aggressively. Commercial firms are willing to take 
the other side of these trades, and thus they provide liquidity to managed money firms. 
However, we find no evidence that this trading dynamic results in prices that deviate 
significantly from supply and demand fundamentals. 

Are commercial firms hedging? On average, the answer is “yes”. Commercial firms tend to 
hold short futures market positions, which is consistent with hedging a long position in the 
physical commodity. However, we find no evidence that these firms pay a risk premium to 
hedge. Moreover, their willingness to provide liquidity to managed money suggests a 
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speculative motive. If managed money traders want to push up prices, commercials appear 
willing to bet against them.  
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Table 1:  Cosine Similarity within Categories Between Long and Short Position Changes 
 

                                      

  Energy  Metals  Grains 
Categories   CL HO RB NG   GC SI HG PA PL   C W KW S BO SM 

Producers  0.69 0.45 0.50 0.63  0.21 0.16 0.10 0.12 -0.03  0.14 0.12 0.12 0.07 -0.04 0.09 
Managed Money  -0.16 -0.10 -0.08 0.14  -0.32 -0.29 -0.11 -0.01 -0.09  -0.25 -0.20 0.01 -0.30 -0.30 -0.31 

Swap Dealers  0.11 0.12 0.01 0.02  -0.24 -0.05 0.24 -0.09 -0.11  0.19 0.14 0.16 0.12 0.14 -0.02 
Other Reportable  -0.01 0.04 0.02 -0.20  0.12 0.06 0.03 0.09 0.04  0.18 0.12 0.07 0.14 0.03 0.05 

Non-Reportable  0.31 0.26 0.21 0.38  0.29 0.29 0.23 0.13 0.08  0.47 0.41 0.45 0.33 0.15 0.25 
Total Reportable  0.96 0.85 0.90 0.98  0.92 0.86 0.83 0.85 0.82  0.89 0.90 0.87 0.89 0.84 0.84 

                                      
                   
                   
  Softs  Livestock           

Categories   CT CC KC SB   LC FC           

Producers  0.10 0.23 0.09 0.25  0.20 0.15           
Managed Money  -0.31 0.15 -0.23 -0.19  -0.13 -0.13           

Swap Dealers  0.15 0.06 0.31 0.14  0.15 0.13           
Other Reportable  0.01 0.01 0.12 0.05  0.02 0.02           

Non-Reportable  0.08 0.12 0.46 0.19  0.38 0.35           
Total Reportable  0.88 0.88 0.91 0.87  0.84 0.66           

                            
                   

Note: Cosine similarity is defined for the vector of delta long and delta short, where a positive delta is entered as +1 and a negative delta is entered as -1 
if the percentage difference exceeds 2.5%. Otherwise, a zero is entered in the vector. The measure then takes values between -1 and 1, where -1 is 
completely dissimilar, +1 is completely similar and 0 is orthogonal.  This definition gives results that are similar to Pearson's correlation coefficient but 
without the centrality adjustment. Commodities: Crude Oil (CL), Heating Oil (HO), RBOB Gasoline (RB), Natural Gas (NG), Gold (GC), Silver (SI), Copper 
(HG), Palladium (PA), Platinum (PL), Corn (C), SRW Wheat (W), HRW Wheat (KW), Soybeans (S), Soybean Oil (BO), Soybean Meal (SM), Live Cattle (LC), 
Feeder Cattle (FC), Cotton (CT), Cocoa (CC), Coffee (KC), and Sugar (SB). 

 



 

Table 2: Regressions of Position Change on Log Price Change 

 
Note: We estimate a separate regression for each commodity/trader-type combination. Newey-West standard 
errors in parentheses (10 lags). A * indicates significance at 5%. The first 5 columns are for trader types in the 
disaggregated Commitments of Traders report. The last 3 columns are for trader types in the supplemental 
Commitments of Traders report. 
  

Energy Crude Oil 0.09 * -0.01 * -0.03 * -0.02 * -0.03 *
(0.02) (0.01) (0.01) (0.01) (0.00)

Heating Oil 0.21 * -0.25 * -0.03 * -0.03 * 0.1 *
(0.03) (0.04) (0.01) (0.01) (0.01)

Gasoline 0.21 * -0.21 * -0.01 -0.04 * 0.06 *
(0.04) (0.05) (0.01) (0.01) (0.01)

Natural Gas 0.10 * -0.03 * 0.03 -0.11 * 0.01 *
(0.02) (0.00) (0.02) (0.01) (0.00)

Metals Gold 0.72 * -0.49 * -0.45 * 0.09 * 0.12 *
(0.08) (0.05) (0.05) (0.02) (0.02)

Silver 0.34 * -0.2 * -0.18 * -0.04 * 0.07 *
(0.05) (0.03) (0.02) (0.01) (0.01)

Copper 0.6 * -0.39 * -0.07 * -0.17 * 0.04 *
(0.10) (0.06) (0.02) (0.03) (0.01)

Palladium 0.51 * -0.39 * -0.36 * 0.12 * 0.13 *
(0.08) (0.05) (0.06) (0.02) (0.02)

Platinum 0.70 * -0.45 * -0.48 * 0.07 0.15 *
(0.13) (0.11) (0.10) (0.05) (0.04)

Grains Corn 0.24 * -0.31 * 0.01 0 0.05 * 0.01 0.24 * -0.31 *
(0.03) (0.02) (0.01) 0.00 (0.01) (0.01) (0.03) (0.03)

Wheat (SRW) 0.31 * -0.31 * 0.03 * -0.04 * 0.01 0.02 * 0.26 * -0.3 *
(0.03) (0.03) (0.01) (0.01) (0.01) (0.01) (0.03) (0.03)

Wheat (HRW) 0.27 * -0.37 * 0.03 * 0.02 0.05 * 0.05 * 0.28 * -0.37 *
(0.03) (0.03) (0.01) (0.01) (0.01) (0.01) (0.03) (0.03)

Soybeans 0.47 * -0.59 * 0.03 * 0 0.08 * 0.05 * 0.47 * -0.6 *
(0.05) (0.05) (0.01) (0.01) (0.01) (0.01) (0.05) (0.05)

Soybean Oil 0.49 * -0.79 * 0.06 * 0.06 * 0.18 * 0.03 * 0.55 * -0.76 *
(0.07) (0.09) (0.01) (0.01) (0.02) (0.01) (0.08) (0.09)

Soybean Meal 0.45 * -0.65 * -0.02 0.03 * 0.18 * -0.02 0.5 * -0.64 *
(0.03) (0.05) (0.01) (0.01) (0.01) (0.02) (0.05) (0.07)

Livestock Live Cattle 0.34 * -0.37 * 0.05 * 0.02 -0.05 * 0.07 * 0.36 * -0.38 *
(0.05) (0.05) (0.02) (0.01) (0.01) (0.02) (0.05) (0.05)

Feeder Cattle 0.47 * -0.34 * 0.03 * 0.01 -0.17 * 0.03 * 0.47 * -0.34 *
(0.07) (0.05) (0.02) (0.03) (0.04) (0.02) (0.07) (0.05)

Softs Cotton 0.35 * -0.48 * 0 0.03 * 0.11 * 0.02 * 0.37 * -0.5 *
(0.06) (0.08) (0.01) (0.01) (0.02) (0.01) (0.06) (0.08)

Cocoa 0.33 * -0.45 * 0.03 * 0 0.1 * 0.05 * 0.32 * -0.46 *
(0.03) (0.03) (0.01) (0.01) (0.01) (0.01) (0.03) (0.03)

Coffee 0.44 * -0.46 * -0.01 0.02 0.01 * 0.02 * 0.45 * -0.49 *
(0.03) (0.04) (0.01) (0.01) (0.01) (0.01) (0.03) (0.04)

Sugar 0.22 * -0.27 * -0.06 * 0.01 * 0.09 * 0 0.24 * -0.33 *
(0.03) (0.03) (0.01) 0.00 (0.01) (0.01) (0.03) (0.04)

Commercial 
Non-Index

Non-Comm 
Non-Index

Managed 
Money

Producer Swaps Other 
Reportable

Non-
Reportable

Index
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Table 3: Price and Position Paths
 

 (1) (2)  (3) (4) (5) (6) (7) (8) (9) (10) 
Average Price Path 

Length (weeks) 
Number of Turning 

Points 
Number of Position Turning Points Around a  

Price Turning Point Coincidence  
Rate 

 Rising Falling Prices Positions t‐8 → t‐5 t‐4 → t‐1 t t+1 → t+4 t+5 → t+8 
Crude Oil 23 19 28 30 5 4 5 5 1 0.72 
Heating Oil 26 20 26 30 1 2 5 7 4 0.78 
Gasoline 31 16 27 29 2 3 2 4 1 0.61 
Natural Gas 23 40 19 21 1 4 3 2 0 0.70 

Gold 19 17 34 34 3 4 7 9 4 0.76 
Silver 18 24 28 35 1 6 6 6 1 0.73 
Copper 26 22 24 28 2 3 6 6 2 0.77 
Palladium 28 15 26 31 3 1 3 6 1 0.59 
Platinum 22 22 28 34 3 5 3 9 0 0.75 

Corn 22 26 26 33 0 2 4 9 1 0.67 
Wheat (SRW) 15 29 28 31 1 4 10 6 0 0.77 
Wheat (HRW) 17 34 24 35 3 3 5 7 2 0.70 
Soybeans 25 17 30 35 4 4 7 6 3 0.71 
Soybean Oil 22 24 26 31 1 4 9 6 2 0.73 
Soybean Meal 27 19 26 28 2 3 10 3 1 0.74 

Live Cattle 23 20 29 23 1 3 7 6 0 0.67 
Feeder Cattle 32 19 25 33 1 8 4 5 0 0.70 

Cotton 20 22 29 28 0 4 9 5 0 0.75 
Cocoa 29 19 27 25 2 3 7 3 1 0.72 
Coffee 24 39 21 26 2 3 3 5 0 0.76 
Sugar 17 24 30 31 0 9 2 9 2 0.75 

 

Note: Columns (1) and (2) show the average number of weeks between turning points, where turning points 
are defined as in Figure 6. We report the average separately for rising and falling price episodes. Columns (3) 
and (4) show the total number of turning points found in the prices and managed money net positions series. 
Column (5) shows the total number of turning points in managed money net positions in the interval between 
5 and 8 weeks before a price turning point. Similarly, column (6) shows the count of managed money turning 
points between 1 and 4 weeks before a price turning point, column (7) shows the number of managed money 
turning points that coincide with price turning points, and columns (8) and (9) show the count of managed 
money turning points 1–4 and 5–8 weeks after a price turning point, respectively. Column (10) shows the 
proportion of rising price weeks with either rising managed money net positions and rising prices or falling 
managed money net positions and falling prices. 
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Figure 1: Average Net Positions by Trader Type 

 

(a) Normalized by Open Interest 

 

(b) Normalized by Open Interest Net of Spread Positions 

Note: For each trader type in the Disaggregated Commitments of Traders report, we compute the weekly net 
position (long minus short) and divide it by open interest that week. We then average this ratio across all weeks 
from 6/13/06 to 12/26/17. Commodities: Crude Oil (CL), Heating Oil (HO), RBOB Gasoline (RB), Natural Gas 
(NG), Gold (GC), Silver (SI), Copper (HG), Palladium (PA), Platinum (PL), Corn (C), SRW Wheat (W), HRW Wheat 
(KW), Soybeans (S), Soybean Oil (BO), Soybean Meal (SM), Live Cattle (LC), Feeder Cattle (FC), Cotton (CT), 
Cocoa (CC), Coffee (KC), and Sugar (SB). 
  

‐0.6 

‐0.4 

‐0.2 

0.0 

0.2 

0.4 

0.6 

NG GC SI HG PA PL C W KW S LC FC CT CC KC SB BOSM CL HORB 
Managed Money Producers Swaps Dealers Other Reportable Non‐Reportable 

‐0.6 

‐0.4 

‐0.2 

0.0 

0.2 

0.4 

0.6 

NG GC SI HG PA PL C W KW S LC FC CT CC KC SB BOSM CL HORB 
Managed Money Producers Swaps Dealers Other Reportable Non‐Reportable 



3 

Figure 2: Average Net Positions for Selected Commodities 

 
 (a) Crude Oil (b) Gold 

 
 (c) Copper (d) Corn 

 
 (e) Live Cattle (f) Coffee 

Note: Long minus short positions for each trader type (thousands of positions). Producers, managed money, 
and swaps are from the disaggregated Commitments of Traders report. The index traders category is from the 
supplemental Commitments of Traders report and is only available for agricultural commodities. 
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Figure 3: Standard Deviation of Net Positions by Trader Type (Normalized by Open 
Interest) 

 

Note: For each trader type, we compute the weekly net position (long minus short) and divide it by open 
interest that week. We then compute the standard deviation of this ratio across all weeks from 6/13/06 to 
12/26/17. Managed money and producers are from the disaggregated Commitments of Traders report. The 
index traders category is from the supplemental Commitments of Traders report and is only available for 
agricultural commodities. Commodities: Corn (C), SRW Wheat (W), HRW Wheat (KW), Soybeans (S), Soybean 
Oil (BO), Soybean Meal (SM), Live Cattle (LC), Feeder Cattle (FC), Cotton (CT), Cocoa (CC), Coffee (KC), and 
Sugar (SB). 
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Figure 4: Response of Long Price Changes to Managed Money Position Changes (Energy 
and Metals) 

 
 (a) Crude Oil (b) Heating Oil (c) Gasoline 

 
 (d) Natural Gas (e) Gold (f) Silver 

 
 (g) Copper (h) Palladium (i) Platinum 

Note: Long minus short positions for each trader type. Producers, managed money, and swaps are from the 
disaggregated Commitments of Traders report. The index traders category is from the supplemental 
Commitments of Traders report and is only available for agricultural commodities. 
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Figure 5: Response of Long Price Changes to Managed Money Position Changes (Grains, 
Livestock and Softs) 

 
 (a) Corn (b) Wheat (SRW) (c) Wheat (HRW) 

 
 (d) Soybeans (e) Soybean Oil (f) Soybean Meal 

 
 (g) Live Cattle (h) Feeder Cattle (i) Cotton 

 
 (j) Cocoa (k) Coffee (l) Sugar 

Note: Long minus short positions for each trader type. Producers, managed money, and swaps are from the 
disaggregated Commitments of Traders report. The index traders category is from the supplemental 
Commitments of Traders report and is only available for agricultural commodities. 
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Figure 6: Price Peaks and Valleys for Selected Commodities 

 
 (a) Crude Oil (b) Gold 

 
 (c) Copper (d) Corn 

 
 (e) Live Cattle (f) Coffee 

Note: Figures show the roll-adjusted log weekly price along with 6-month peaks and valleys. A price peak is the 
highest price in the 3 months before or after that date. A price valley is the lowest price in the 3 months before 
or after that date. If we observe multiple consecutive price peaks or valleys by this definition, we keep only the 
last one to ensure that valleys always follow peaks and vice versa. 
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Figure 7: Distribution of Price Reversals 
 

 
Turning Points Per Year 

 Observed Random Walk Stationary AR(1) 

Note: Vertical lines represent the annual average number of price reversals in the data. Price reversals are 
defined as in Figure 6. The solid line shows the simulated distribution of turning points per year in a random 
walk series. The dashed line shows the simulated distribution of turning points per year in an AR(1) process 
with coefficient 0.9. 
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