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Abstract

We analyze data from 2005 through 2009 that uniquely identify categories of traders to
assess how speculators such as hedge funds and swap dealers relate to volatility and price
changes. Examining various subperiods where price trends are strong, we find little
evidence that speculators destabilize financial markets. To the contrary, hedge funds
facilitate price discovery by trading with contemporaneous returns while serving to
reduce volatility. Swap dealer activity, however, is largely unrelated to both
contemporaneous returns and volatility. Our evidence is consistent with the hypothesis
that hedge funds provide valuable liquidity and largely serve to stabilize futures markets.

JEL classification: C3, G1
Bank classification: International topics; Recent economic and financial developments

Résumé

Les auteurs analysent des données de la période 2005-2009, qui distinguent de facon
unique les catégories d’opérateurs, afin d’étudier les relations qui existent entre les
activités des spéculateurs (tels les fonds spéculatifs et les opérateurs sur contrats de swap)
et la volatilité et mouvements des prix. En examinant diverses sous-périodes ou les prix
suivaient des tendances marquées, ils constatent qu’a peu pres rien n’indique que les
spéculateurs déstabilisent les marchés financiers. Au contraire, les fonds spéculatifs —
dont les opérations reposent sur des rendements contemporains — favoriseraient la
découverte des prix et contribueraient a réduire la volatilité. Les activités des opérateurs
sur contrats de swap, en revanche, ne semblent présenter aucun lien avec les rendements
contemporains et la volatilité. Ces résultats cadrent avec I’hypothese selon laquelle les
fonds spéculatifs sont d’importants fournisseurs de liquidités et jouent un grand rdle dans
la stabilisation des marchés de contrats a terme.

Classification JEL : C3, G1

Classification de la Banque : Questions internationales; Evolution économique et
financiére récente



Non-Technical Summary

As the recent financial crisis demonstrates, failures within the financial system can have
devastating effects on the real economy. The crisis has elevated concerns about the trading
behavior of financial market participants, particularly those operating outside the public eye.
The burgeoning hedge fund industry, for instance, operates largely outside the jurisdiction of
the U.S. Securities and Exchange Commission, with few public reporting requirements. Likewise,
swap dealers operate in relatively opaque over-the-counter markets, fueling anxiety about their
influence as well.

In this paper, we analyze the trading of both hedge funds and swap dealers in futures markets
from 2005 through 2009 to assess how these traders affect market volatility and prices. We use
daily long and short positions of these traders with data from the U.S. Commodity Futures
Trading Commission to analyze trading in crude oil, natural gas and corn markets—each of
which experienced significant price volatility during the recent crisis. While this volatility was
accompanied by increased hedge fund and swap dealer participation, we specifically test for
lead-lag and contemporaneous relations between trader positions and both market volatility
and prices during various subperiods when prices and volatility were inflated.

We find that contemporaneous hedge fund positions were positively correlated with prices but
negatively correlated with volatility. These results suggest that hedge funds provide liquidity to
the market and facilitate price efficiency. Swap dealer positions, however, are largely unrelated
to market returns and volatility. In contrast to the stabilizing influence of hedge funds, merchant
positions (in crude oil and natural gas) are significantly positively related to market volatility.
These results are consistent with Hirshleifer (1989, 1990), where speculators are drawn to
futures markets and the risk premiums are generated by hedging demand from other traders.

We also examine whether the “financialization” of futures markets (as represented by the
changing mix of participant positions) has affected the functioning of the futures markets. In
every instance, we find that speculative position changes do not amplify volatility during the
crisis and so do not impede the functioning of futures markets. Conversely, in each market we
find that macroeconomic conditions are significantly related to futures market volatility, with
the strongest link from 2006 through July 2008. In fact, during the heart of the financial crisis
after July 2008, volatility is strongly related to macroeconomic uncertainty (rather than market
conditions or financialization).

Although our tests do not examine positions, prices or volatility over short intervals (such as a
few hours or days), we find no systematic, deleterious link between the trades of hedge funds or
swap dealers and either returns or volatility. To the contrary, hedge fund trading, although
positively correlated with price changes, is negatively related to volatility both
contemporaneously and with a one-day lead. Hedge funds commonly provided liquidity in
futures markets and improved price efficiency during the recent financial crisis. We conclude
that speculators such as hedge funds and swap dealers should not be viewed as adversarial
agents in financial markets, but rather as important liquidity providers to hedgers that enhance
the proper functioning of financial markets.



1. Introduction

The role of speculators in financial markets has been a source of considerable
interest and controversy in recent years. Concern about speculative trading also finds
support in theory where noise traders, speculative bubbles and herding can drive prices
away from fundamental values and destabilize markets.® Conversely, traditional
speculative stabilizing theory (Keynes (1923) and Friedman (1953)) suggests that
profitable speculation must involve buying when the price is low and selling when the
price is high so that irrational speculators or noise traders trading on irrelevant
information will not survive in the marketplace. Likewise, Hirshleifer’s (1989, 1990)
speculators are drawn to futures markets by the risk premiums that are generated by
hedging demands.?

The recent financial crisis has elevated concerns about speculators, particularly
those operating outside the public eye, such as hedge funds and swap dealers.
Unregulated hedge funds, for instance, trade a variety of financial products with few
public reporting requirements. Similarly, swap dealers operate in opaque over-the-counter
(OTC) markets but hedge an uncertain fraction of these OTC positions in organized
futures markets. The relative lack of transparency regarding these traders’ activities fuels
anxiety about their influence in regulated financial markets.

Ultimately, the effects of speculative trading in regulated financial markets
become an empirical issue. In this paper, we analyze the trading of both hedge funds and
swap dealers in futures markets from 2005 through 2009 to assess how speculative
trading affects market prices and volatility. The liquid U.S. futures markets offer us a
unique view on this question, having experienced significant price changes with both the
long and short positions of speculative traders easily identified in the data. Indeed, the
U.S. Commodity Futures Trading Commission (CFTC) collects daily position data from

all large market participants, including hedgers (manufacturers, producers and

! See, for instance, Shleifer and Summers (1990), DeLong et al. (1990), Lux (1995) and Shiller (2003).
Legal efforts to constrain futures speculation focus on traders without direct price risk in the spot asset
(such as hedge funds and swap dealers). The 2010 Dodd-Frank legislation, for example, prescribes specific
oversight for swap dealers and hedge funds.

2 Deuskar and Johnson (2011) demonstrate significant gains to supplying liquidity in the S&P 500 index
futures markets.



commercial dealers) and speculators (hedge funds, floor brokers and swap dealers).® We
analyze three active markets—crude oil, natural gas and corn futures—that have recently
experienced significant volatility and price changes, to assess the impact of speculative
trading.

Both hedge funds and swap dealers have increased exposures to futures markets
during the past decade. Hedge fund market share, for instance, grew more than threefold
in the crude oil markets from 2000 to 2006. Likewise, swap dealers increasingly hedge
their OTC exposure with exchange-traded futures (Biiyiiksahin et al. (2011)) and also
service most of the burgeoning commaodity index fund business. While the market share
of these traders is most important, for illustrative purposes we plot the increase in
speculative open interest (from both swap dealers and hedge funds) in these markets from
2005 through 2009 in Figure 1. Notably, the growth in hedge fund market share from
earlier in the decade levels off during our sample period, but hedge fund and swap dealer
market shares remain high relative to historical levels.

This increased participation has fueled claims that these traders destabilize
markets.* Indeed, some indirect evidence suggests that trading strategies may have had
some effect on futures prices. For example, Tang and Xiong (2012) show that agricultural
commodities that are part of major commodity indices (the GSCI and DJ-AIG) became
more responsive to macroeconomic shocks post-2004 when index investment rose
dramatically. Commodity index traders (which largely compose our swap dealer
category) announce their trading strategy well in advance and, once they take positions,
these traders typically roll positions forward on pre-announced days. Given this passive
objective, we expect swap dealer position changes to be largely insulated from market

conditions.’

% We use daily data taken from the CFTC’s Large Trader Reporting System (LTRS), the source of the
CFTC’s weekly Commitment of Traders report (which reports Tuesday closing positions each Friday on
www.cftc.gov).

* For instance, the Economist (18 June 2008) noted that “The oil market ... is behaving like a bucking
bronco again..., politicians are ... blaming speculators.” Responding to concerns about speculators, the
CFTC failed to increase position limits for many agricultural futures from 2006 to 2012.

> Bessembinder, Carrion, Tuttle and Venkataraman (2014), Brunetti and Reiffen (2013) and Mou (2010)
each have evidence related to front-running this roll, with the first paper concluding that other traders
effectively provide liquidity rather than follow predatory strategies, as implied by sunshine trading theories.



However, investor flows into commodity index funds may respond to changing
market conditions. Indeed, using extrapolated weekly swap dealer positions from the
CFTC’s Commitments of Traders supplemental reports, Singleton (2014) links investor
flows to futures prices during this time period.® On the other hand, Irwin and Sanders
(2011) show that Singleton’s inferred data correlate poorly with actual index fund data
reported in the CFTC’s Index Investment Data. Sanders and Irwin (2010, 2011) find little
connection between weekly index investment flows and either prices or volatility.
Likewise, Hamilton and Wu (2014) find no evidence that index trader positions in
agricultural contracts predict returns on nearby futures contracts, and while index trader
positions might help predict changes in oil futures prices from 2007-09, this
predictability appears to be driven by the global financial crisis and breaks down out of
sample.

Capitalizing on the richness of our data, we directly examine daily net swap
dealer and hedge fund positions. We investigate contemporaneous causal links between
trader activity and volatility/returns by adopting an instrumental variable approach. We
find the change in number of accounts reporting to the market to be a valid instrument for
this analysis. To thoroughly empirically assess the effects of speculators and ensure that
our results are robust, we employ several techniques and measures of speculative activity.

Importantly, we isolate three different subperiods for study: the first (covering
2005-07) is characterized by low volatility and stable prices; the second (from 2007
through mid-2008) is characterized by low volatility but rapidly increasing prices; the
third (from mid-2008 through 2009) reflects high volatility with rapidly declining prices.
We examine the run-up and collapse of futures markets to ascertain whether speculative
traders contribute to excessive volatility or to prices overshooting during these periods.

We find that hedge fund position changes are consistently linked to lower
volatility and do not destabilize futures markets. Hedge fund activity is positively related
to contemporaneous returns as well, suggesting that hedge fund participation improves

price discovery.” Swap dealer position changes, on the other hand, are not consistently

® Cheng, Kirilenko and Xiong (2014) link macroeconomic risk to futures market investment flows.

" In the spirit of Hasbrouck (1991), we link concurrent positive return/negative volatility to more efficient
price discovery and surmise (as suggested by an anonymous referee) that if high-speed traders make
markets during the trading day, but avoid overnight positions, hedge funds and other speculators may serve



linked contemporaneously to either market volatility or returns.® Both hedge funds and
swap dealers provide liquidity and enhance price discovery in futures markets during
recent years. These results hold consistently over various subperiods whether prices spike
or bottom out, the very subperiods where excessive volatility and price overshooting have
been alleged.

Importantly, we also find that commercial activity related to the underlying spot
market is strongly connected to volatility and prices. Merchant positions (in crude oil and
natural gas) are significantly positively related to market volatility, a result that stands in
stark contrast to the stabilizing influence of hedge funds.

We also explore whether the “financialization” of futures markets (as represented
by the changing mix of participant positions) has affected the functioning of the futures
markets, as suggested in Singleton (2014) and Cheng, Kirilenko and Xiong (2014).° In
every instance we find that speculative position changes do not amplify volatility during
the crisis and so do not impede the functioning of futures markets. Conversely, in each
market we find that macroeconomic conditions are significantly related to futures market
volatility, with the strongest link from 2006 through July 2008. In fact, during the depths
of the financial crisis after July 2008, volatility is strongly related to macroeconomic
uncertainty (rather than market conditions or financialization).

Our tests highlight the complexity of trader interactions in futures markets. For
instance, hedge fund, merchant, manufacturer, producer and floor broker positions are all
significantly related to contemporaneous returns. Merchants (in crude oil and natural gas)
bring volatility to these markets, while swap dealers and hedge funds consistently
stabilize these markets, results consistent with Hirshleifer (1989, 1990). Given the fact
that futures contracts exhibit zero sum net positions, these trader interactions are

important. When one group attains a large net position, some other group(s) must take on

as longer-term market makers (see also Brunetti and Reiffen (2013)). Following Lux (1995) and
Lakonishok, Shleifer and Vishny (1992), we find the same results with net speculative position changes and
herding as alternative speculative metrics.

® Biiyiiksahin and Harris (2011) find similar lead-lag relations in the crude oil market. Stoll and Whaley
(2010) caution against classifying index investment as speculation and find that index investment has little
price impact on a variety of commodity markets.

? Barsky and Kilian (2004), Kilian (2007) and Kilian and Vega (2011) examine links between economic
activity, news and shocks, respectively, with commodity prices.



the opposite position. It is not evident which trader group drives the overall pattern in any
given market.

Hedge fund trading has been examined during several crisis events, including the
1992 European Exchange Rate Mechanism crisis and the 1994 Mexican peso crisis (Fung
and Hsieh (2000)), the 1997 Asian financial crisis (Brown et al. (2000)), the Long Term
Capital Management financial bailout (Edwards (1999)), and the technology bubble
(Brunnermeier and Nagel (2004) and Griffin et al. (2011)). In some episodes, hedge
funds were deemed to have significant exposures that probably exerted market impact,
while in others they were unlikely to be destabilizing. In contrast, our analysis of detailed
data yields the result that hedge funds consistently stabilize futures markets.*°

The remainder of the paper proceeds as follows. In section 2 we describe our data.
In section 3 we analyze the links between trader positions and volatility using an
instrumental variable approach, examine the links between economic activity and
volatility in commodity markets, and concentrate on the links between trader positions
and returns. We conclude in section 4.
2. Data

Our analysis draws upon three different data sets sampled from 3 January 2005
through 19 March 2009: 1) daily futures returns; 2) high-frequency transaction data for
computing realized volatility measures; and 3) daily futures positions of the most
important categories of market participants in these markets.™

The variety across contracts allows us to analyze the role of speculators in
markets that have each experienced dramatic price changes during our sample period. As
Figure 1, Panel A shows, during our sample, crude oil futures rise from about $42 to a
staggering $146 in July 2008 before dropping back to $42 at the end of our sample.
Natural gas futures change dramatically, more than doubling from $6 to $15 at the end of
2005, returning to $6 in 2006, and doubling again to $13 in 2008 before settling below $4
in March 2009. Similarly, corn futures more than double from under $4 to over $8 in

2008 before dropping back near $4 by the end of our sample. For each market, we

19\We provide evidence below in Table I that hedge funds do not simply disappear when volatility
increases, but rather maintain positions on both sides of these markets throughout each subperiod.

1 The New York Mercantile Exchange (NYMEX) crude oil and natural gas contracts represent the largest
energy markets and the Chicago Board of Trade (CBOT) corn futures the largest agriculture market. High-
frequency data for corn begin on 1 August 2006.



concentrate on the nearby contract (closest to delivery).”> We present our analysis for
three distinct subperiods, chosen to isolate the effects of trading activity when markets
peak or bottom out. The first subperiod runs from January 2005 (January 2006 for natural
gas and August 2006 for corn) through October 2007 and reflects low volatility with
stable prices. The second subperiod continues through July 2008, a period when
commodity markets experienced moderate volatility with substantial price increases. The
third subperiod continues from July 2008 through 2009, and is characterized by high
volatility with decreasing prices (see Figure 2).

We compute daily returns for each contract using settlement prices set daily by
the exchange at the market close. In particular, we construct daily returns as r; = p(t) —
p(t — 1), where p(t) is the natural logarithm of the settlement price on day t. On the
days where we switch contracts from the nearby to the next-to-nearby, both p(t) and
p(t — 1) refer to the next-to-nearby contract. In this regard, our smoothed return series
does not include the jumps that commonly occur at contract expiration when contango or
normal backwardation returns can be large (Gorton, Hayashi and Rouwenhorst’s (2014)
“roll yield”). Since the settlement of futures positions is determined by price changes for
individual contracts, and not by differences in prices across contracts, we calculate the
return earned by the long position by omitting contract rollover days. Importantly, the
settlement of futures positions is determined by price changes for individual contracts—
not by differences in prices across contracts. Given the large contango in the energy
markets during our sample period, our average daily returns are smaller than the raw
price series might suggest. For instance, while crude oil prices have risen during our
sample, our mean daily returns are negative, since large “returns” on rollover days are not
included.™ By excluding rollover days, we correctly calculate the return earned by a long
position, and omit “returns” that are not actually earned.

The three markets we examine represent a diverse set of returns over this sample

period. Table I, column 1, reports summary statistics for returns. As noted, mean crude

12 Before expiration, long-term investors roll over positions from the nearby contract to the next-to-nearby
contract, generating seasonality in the data. We consider the nearby contract until its open interest falls
below that of the next-to-nearby contract and explicitly account for seasonality in our tests. Since this
procedure excludes delivery periods, our results are not driven by physical delivery.

13 Bessembinder, Carrion, Tuttle and Venkataraman (2014) discuss various methods for calculating futures
returns with various roll dates, detailing how and why correctly computed futures returns can be negative,
even as spot prices rise, in a contango market.



oil returns are negative but have a positive median (the negative mean is due to the sharp
oil price decline in the last subperiod), high standard deviation and mean revert. Natural
gas exhibits significant negative mean daily returns as well, with a very large standard
deviation. Corn displays the highest average daily returns over the sample (6.3 percent
annually).

From intraday CFTC transaction data we construct daily realized volatility
measures. For crude oil and natural gas, we consider transactions from both the electronic
platform and the pit (pit trading declined from 100 to less than 30 percent of volume
during our sample period). In the corn market we utilize only electronic transactions,
since pit trades are commonly reported late, with inaccurate prices, or canceled ex post
throughout our sample period. Each of these futures markets is very liquid—the median
intertrade duration for each is less than one second.

We construct realized volatility measures as follows. Let {p()},.; be the natural
logarithm of the price process over the time interval t, and let [a,b]=t be a compact
interval (we use one trading day) partitioned into s subintervals. The ith intraday
subinterval within s is given by [7;.7’], where a=7; <7 <..z; =b, and the length of

each intraday interval is given by A; =77 —77,. The intraday returns are defined as

L= p(ﬁ)—p(ff,l) where i=1,2,...,b. Realized volatility on day t is the sum of

squared intraday returns sampled at frequency s:

b 2

RV ="(r) . (L)

i=1
For each month, we compute RV,® with s ranging from 1 to 300, in transaction

and calendar time (in seconds). We then examine volatility signature plots each month to
determine optimal sampling frequencies, which range between 30 and 240 trades, in
transaction time, and between 49 and 226 seconds, in calendar time.

Figure 3 reports volatility signature plots in transaction time by averaging the

annualized daily (RV{)Y2 in each subperiod.* Panel A shows that crude oil volatility

% We compute realized volatility measures only when pit trading is open (9:00 a.m. to 2:30 p.m. EST for
crude oil and natural gas, and 9:30 a.m. to 2:15 p.m. EST for corn). Note that the results in Figure 3 differ



stabilizes at 23, 26 and 53 percent in each subperiod, respectively, with the corresponding
sampling frequencies s = 120, 30 and 40 transactions. For natural gas (Panel B), volatility
stabilizes 35, 28 and 45 percent with optimal sampling frequencies s = 120, 30 and 40
transactions during our three subperiods, respectively. While natural gas is more volatile
than crude oil in the first subperiod, crude oil volatility is higher in the third subperiod.
For corn (Panel C), realized volatility stabilizes at 25, 23 and 35 percent with optimal
sampling frequencies of s = 120, 50 and 60 transactions during the three subperiods,
respectively. Overall, we find that these markets are very liquid, with realized volatility
converging to an unbiased level very quickly. We also find that volatility is much higher
for each of these markets during the third subperiod, when commodity prices fell

dramatically.

We adopt four measures of realized volatility: 1) RV,® with s constant at 120; 2)

RV,® with s selected optimally each month; 3) the two-scale realized volatility estimator

of Zhang, Mykland, and Ait-Sahalia (2005) with s selected optimally each month; 4) the
kernel estimator of Barndorff-Nielsen, Hansen, Lunde, and Shephard, (2008). The

correlation coefficients between these estimators range from 81% to 95%. We report
results only for RV,® computed in transaction time with s selected optimally each month

and note that we obtain consistent results using the other realized volatility estimators as

well.
Table I, column 2, provides descriptive statistics for RV,*. All markets show a

very high average volatility and a high variation in volatility levels. This is perhaps not
surprising, given that our sample is constructed to include markets experiencing dramatic
price changes. Notably, all realized volatility measures are stationary and highly
persistent.

Figure 2 depicts prices and realized volatility for our three markets over time.
Generally speaking, we see marked increases in volatility during periods of market
decline. Our empirical design specifically examines these particular subperiods when the

connection between speculative trading and volatility might be most relevant.

slightly from those reported above because we average realized volatility over each entire subperiod in
Figure 3 but compute optimal sampling frequencies each month in results here.



For each market, we obtain individual trader positions from the CFTC’s Large
Trader Reporting System (LTRS), which identifies daily positions of individual traders
classified by line of business.’> LTRS data represent approximately 70 to 90 percent of
total open interest in each market, with the remainder consisting of small traders. The
LTRS data identify growth in speculative positions concurrent with the dramatic swings
in prices for these commodities during our sample period. For example, hedge fund and
swap dealer positions in crude oil markets grew 100 and 50 percent, respectively, during
our sample period.

For each market, we concentrate on the five largest categories of market
participants, with hedge funds and swap dealers common to all three markets. In these
markets we also analyze dealers/merchants (which include wholesalers, exporters-
importers, shippers, etc.) and manufacturers (for crude oil and corn, including fabricators,
refiners, etc.) or producers (for natural gas).

Given our focus on the effects of speculation, we specifically analyze the
positions of commodity swap dealers and hedge funds. Hedge fund complexes are
registered with the CFTC as Commodity Pool Operators, Commodity Trading Advisors,
and/or Associated Persons who may control customer accounts. CFTC market
surveillance staff also identify other hedge funds that are known to be managing money
for customers.'® Swap dealers use derivative markets to manage price exposure from
OTC swaps and transactions with commodity index funds.'’

Table Il shows that our five trader categories comprise between 52 and 100
percent of the total open interest in each market, on the average trading day. Merchants,
producers and manufacturers are primarily short, consistent with the hedging objectives
of these participants in futures markets. Swap dealers hold an average of approximately
40 percent of long positions, consistent with large long positions taken on behalf of
commodity index funds. Interestingly, hedge fund positions are more heterogeneous than

other traders, holding large positions on both the long and short sides of all three markets.

1> CFTC reporting thresholds (350 contracts for crude oil, 200 contracts for natural gas and 250 contracts
for corn) balance between effective surveillance and reporting costs.

1% For completeness, we corroborate our hedge fund sample with fund characterizations in the press.

7 Index funds are increasingly used by large institutions to diversify portfolios with commodities—in June
2008, the notional value of commodity index investments tied to U.S. futures exchanges exceeded

$160 billion.



In Panel A of Table Il, comparing the first subperiod (stable prices and low
volatility) to the second subperiod (rising prices and low volatility), hedge funds move to
sell more than they buy (short positions increase from 21% to 25%, while long positions
move from 23% to 24%). In other words, while prices are increasing, hedge funds sell
more and stabilize prices. Hedge funds maintain a significant presence in the crude oil
market, and swap dealer positions remain stable at 42% of long open interest throughout
these periods.

In Panel B for natural gas, hedge funds increase their short positions from
subperiod 1 (57%) to subperiod 2 (64%) when prices are rising, again stabilizing market
prices. While hedge fund short positions increase from 64% to 68% from subperiod 2 to 3
(when prices are falling), the concurrent increase in long hedge fund positions is larger
(increasing from 28% to 37%), again stabilizing market prices. Interestingly, swap
dealers decreased their long position from 45% to 34% of long open interest from
subperiod 1 to subperiod 2, precisely when swap dealers were blamed for driving up the
prices.

Figure 1 displays the time-series plot of the 44-day moving average of total open
interest (long plus short positions) held by each of our trader categories, along with
market prices, noting that this metric captures increased participation, but not necessarily
larger net positions. Both swap dealers and hedge funds increase positions over our
sample period (although not monotonically through time) in the crude oil and natural gas
markets. In the corn market, however, both swap dealers and hedge funds reduce
aggregate positions during our sample period.

For our empirical tests, we consider the daily change in the number of contracts
held in long (or short) positions, the change in net futures positions (futures long minus
futures short), and the change in net total positions (the sum of net futures positions and
the net delta-adjusted option positions) of each trader category in each market. Since
results based on these three variables are similar, we present results for the daily change
in net futures positions.

Columns 3 through 7 in Table | show descriptive statistics for daily changes in the
net futures positions by market participant and market. In crude oil and natural gas

markets, both mean and median swap dealer position changes are positive, indicating an

10



overall increase in their net long positions. Hedge fund net position changes in crude oil
and natural gas are negative. For corn, the net positions of both swap dealers and hedge
fund positions decrease over time. All position changes are stationary.

Table 111 reports correlation coefficients among trader positions. Note that both
the sign and significance of these correlations are similar during each subperiod,
reflecting the stable role these participants play in futures markets. Merchant positions are
positively correlated to manufacturer (producer for natural gas) positions, consistent with
these commercial traders having common trading interests. Conversely, hedge fund and
swap dealer positions are negatively correlated to merchant and manufacturer positions,
consistent with risk transfer among these participants.

Table IV reports the correlations between position changes and both volatility and
returns, by subperiod. Very few subperiods display any significant correlations between
trader positions and volatility (except that merchant position changes are significantly
positively correlated with volatility in four of nine subperiods). Importantly, speculative
position changes are rarely correlated with volatility, and when significant, this
correlation is negative.

Hedger position changes (merchants, producers and manufacturers) are negatively
correlated with market returns. Similarly, floor broker position changes, when significant,
are negatively correlated with natural gas and crude oil returns, indicating that floor
brokers provide liquidity and trade against price trends. The correlations between
speculative trader positions and returns are distinctly different. Consistent with the
passive nature of commodity index investing, swap dealer positions are largely
uncorrelated with returns. Hedge fund position changes, however, are significantly
positively correlated with market returns, suggesting that hedge funds, in the aggregate,
are momentum traders.

The last column of Table IV reports the correlation coefficient between returns
and volatility in each subperiod. When significant, this correlation is always negative,
consistent with documented evidence from other markets.”® Interestingly, in the last
subperiod, when volatility is high as prices are dropping, the correlation between

volatility and returns is not statistically significant.

'8 Andersen, Bollerslev, Diebold, and Ebens (2001) review the literature on this negative relation.

11



3. Trader Position Changes and Volatility
We first explore whether various traders are related to contemporaneous volatility

with an instrumental variable approach.
3.1 The Instrument: The Change in the Number of Reporting Accounts

While the contemporaneous correlations between position changes and both
returns and volatility are suggestive, these relations may not be causal. To explore
causality we adopt an instrumental variable approach. The choice of the instrument is
obviously important—a valid instrument must be correlated to trader positions, but not
correlated to volatility (or returns). We examine a number of potential instruments,
ultimately using the change in the total number of accounts reporting positions in each
market each day.

The change in the total number of accounts reporting to the market each day has
the desired correlation with trader positions (supported by tests reported in Table V
below). Traders with large positions, denominated by the number of long or short
contracts held, are required to report to the CFTC each day. The cost of reporting
positions to the CFTC is not trivial and requires registration, compliance systems and
staff, etc. Importantly, traders near the reporting threshold almost always report daily
positions on a routine basis, rather than starting and stopping the reporting process when
they cross the reporting thresholds at the margin. Over longer horizons, however, traders
falling below reporting thresholds more often stop reporting. This dynamic keeps the
number of reporting accounts correlated with trader positions, but keeps the number of
reporting accounts largely exogenous with respect to market volatility (and returns).

We find consistent evidence that large traders routinely report positions to the
CFTC even during the most volatile market conditions, and therefore sporadic position
reporting based on market volatility does not influence our instrument. We argue that the
daily change in the number of reporting accounts is thus largely predetermined and
unrelated to daily volatility, making it a valid instrument.

Importantly, position reporting thresholds are set as a number of contracts, so that
market prices do not play a direct role in whether an account is required to report, and

thus prices are unrelated to our instrument as well. In this regard, there is no systematic
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link between the number of reporting accounts and returns. We provide formal tests of
the instrument’s validity for each market and subperiod.

The last column of Table | displays descriptive statistics of our instrument. As
noted above, despite the considerable changes in these markets over our sample period,
the average number of reporting accounts is stable over time—the time series of the
instrument is stationary. In fact, the mean daily change in reporting accounts is zero, with
median changes of -1 for crude oil and natural gas, and zero for corn.

Figure 4 presents time-series plots of the instrument for each market over the full
sample period. Note that while the three subperiods are chosen to represent significant
differences in the levels and volatility of prices, our instrument remains relatively stable
across the full sample period. The change in the number of reporting accounts is not
significantly linked with either volatility or returns.

The correlation between our instrument and trader positions is not very high. The
first-stage regressions of the instrument on trader positions yield an average R2 around
2%. Hence, the change in trader positions is a weak instrument, which may bias our
estimated parameters and produce unreliable standard errors. To overcome this potential
problem, we adopt the Stock and Yogo (2005) procedure (described in detail in Appendix
B) to test the validity of the instrument.

Note that Figure 4 reveals some large daily movements in the instrument that may
affect the correlation between the instrument and trader positions.*® To check for this
possibility, we examine whether these large movements affect these correlations. In fact,
the correlation between the instrument and the endogenous variables increases if we trim

the large values of the instrument and our results are robust to those large movements.
3.2 Volatility — Trading Activity Causality

We test for a contemporaneous causal relation between realized volatility and
trader positions using the heterogeneous autoregressive model of realized volatility
(HAR-RV) developed by Corsi (2009). The model captures both short-term and long-

term dynamics of the volatility process by accounting for realized volatility at different

19 We thank an anonymous referee for pointing this out.
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frequencies.”® This feature is very important, since the volatility process exhibits both
clustering (i.e., short-term dependence) and long memory (long-term dependence). The
HAR-RV model can be written as

1 1 1 1 , ,
(RVA)? = a; + va(RVE_1)? + v (RVY_1)2 + ¥ (RVI)2 + B/ |ATPL.{t| +é&e, (2)

where RVi‘flt is the daily realized volatility in market i on day t computed by optimally
sampling over s observations; RV;'{_; is the weekly realized volatility computed as the
simple arithmetic average of the daily RVft over the past five days; similarly, RV} is the

monthly realized volatility computed as the average daily realized volatility in the past
month (22 days); |ATPi,jt| is the absolute value of position changes of trader group j in
market i on day t; ; . is an error term assumed to be uncorrelated with realized volatility
but not necessarily with |ATPi’jt|. We are particularly interested in 8/, which measures the

contemporaneous impact of the trading activity of trader group j on volatility in market i.

We estimate equation (2) with the two-stage weak instrumental variable approach
of Stock and Yogo (2005). The first stage consists in testing the validity of the
instrument. In the case of a single instrument, Stock and Yogo (2005) (following Staiger
and Stock (1997)) show that this test is simply the F-test of the regression of the variable
of interest (absolute value of position changes) on the instrument (the change in the
number of reporting accounts).? The second stage consists in estimating equation (2)
using limited information maximum likelihood (LIML).

Table V displays the results of the LIML instrumental variable along with the F-
test of the first-stage regression.?? The first-stage results support our contention that the
change in the number of reporting accounts is a valid instrument, with 50 of the 60
regressions resulting in an F-test exceeding the critical value of 8.96. The change in the
number of reporting accounts is a valid instrument in 19 crude oil regressions, 18 natural

gas regressions and 13 corn regressions.

20 For further details about the HAR-RV model, see Appendix A.

2! stock and Yogo (2005) derive more accurate critical values for the F-test under weak instruments, which
differ from the standard F-test critical values.

22 LIML is less sensitive to weak instruments than two-stage least squares estimation. In order for the actual
size of the F-test to be no greater than 10% (15%), the F-statistics should exceed 16.38 (8.96).
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Table V also shows the relation between various position changes and volatility.
Merchant position changes are always significantly related to volatility in both the crude
oil and natural gas markets across the full sample and in all subperiods. In these energy
markets the largest coefficient on merchant position changes occurs during the last
subperiod when volatility was very high. To put our estimates in perspective, in the last
subperiod, for every 1,000 contracts traded by merchants, volatility increased by 0.11%
and 1.1% in crude oil and natural gas, respectively. Merchants are not as important to
corn volatility, with merchants significant only in the first and second subperiods with
relatively small coefficients.

Manufacturers and producers are never important to volatility in the crude oil and
natural gas markets. In corn, manufacturer position changes are significant only during
the last subperiod when volatility is high, increasing volatility by 0.3% for every 1,000
contracts traded.

Floor brokers are significantly related to volatility in both crude oil and natural
gas, but have little impact on corn volatility (except during the first subperiod). Similar to
the effects of commercial traders described above, the trading activity of floor brokers,
when significant, always increases contemporaneous volatility.

Conversely, we find that the effects of speculator activities are distinctly
different—hedge fund position changes significantly reduce contemporaneous volatility
in crude oil and natural gas markets and in corn during the last, high-volatility subperiod.
Over the full sample, hedge funds reduce volatility by 0.06% and 0.04% for every 1,000
contracts traded in crude oil and natural gas, respectively. Hedge funds are important
liquidity providers in these markets, taking positions that mitigate contemporaneous
market volatility.

Consistent with the fact that swap dealer positions proxy for relatively passive
index fund traders, swap dealer position changes are generally unrelated to
contemporaneous volatility. Interestingly, swap dealer trading significantly reduces
volatility in the natural gas market during the third, high-volatility subperiod. In general,
hedgers, and not speculators, are more consistently linked to futures market volatility.

These tests highlight the distinct lack of connection between speculative positions

and inflated market volatility—no specification links speculative trader activity to higher
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volatility in any subperiod. To the contrary, hedge fund activity significantly reduces
volatility in all subperiods for crude oil and during the 2008 run-up in natural gas prices.
Notably, swap dealer activity is unrelated to volatility, consistent with the passive nature
of commodity index fund investment. When significant during the 2008 corn market run-

up, swap dealer activity also reduced volatility levels.
3.3 Volatility and Economic Activity

Historically, commodity futures markets allow buyers (i.e., manufacturers) and
sellers (i.e., producers of the commodity) to hedge their natural spot exposures, linking
real economic activity with financial markets. Recent work, however, posits that the post-
2006 “financialization” of commodity markets helps explain increases in commodity
price volatility (Tang and Xiong (2012)) and price changes (Henderson, Pearson and
Wang (2012)). Cheng, Kirilenko and Xiong (2014), Singleton (2014), and Tang and
Xiong (2012) suggest that the link between economic activity and financial markets has
evolved over time, so we examine this link over each of our subperiods.

To account for the current state of the economy, we use the Arouba, Diebold and
Scotti (2009) (ADS) index, which tracks real business conditions. Updated weekly by the
Federal Reserve Bank of Philadelphia, the ADS index is based on six macroeconomic
indicators including weekly initial jobless claims, monthly payroll employment, industrial
production, personal income less transfer payments, manufacturing and trade sales, and
quarterly real GDP. The index accounts for high- and low-frequency information with
both stock and flow data. By construction, the average ADS index is zero, with
progressively larger values indicating better-than-average economic conditions, and
greater negative values indicating progressively worse-than-average conditions.

Of course, the recent financial crisis has had demonstrable impact on financial
markets worldwide. Indeed, the economic uncertainty that characterized financial markets
during the crisis is likely to feed directly into the commodity markets we study. Bloom
(2009), for instance, shows that higher uncertainty causes firms to reduce investment and
hire fewer workers. Leduc and Liu (2012) show that uncertainty in the recent crisis has
reduced economic activity more than in previous recessions. Therefore, we also consider

the Scotti (2013) uncertainty index as a straightforward and intuitive measure of
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uncertainty in the economy. Higher (lower) index levels indicate that agents are more
(less) uncertain about the state of the economy.

Figure 5 depicts the ADS business conditions index along with the Scotti
uncertainty index. As shown, the ADS index fluctuates around zero in the first subperiod,
becomes negative in the second subperiod at the onset of the recession and drops further
in the last subperiod during the financial crisis. The uncertainty index, on the other hand,
remains stable through the first two subperiods, but spikes at the onset of the last
subperiod and remains high, reflecting the extreme uncertainty during the recent
recession.

We estimate the effect of economic activity and uncertainty on commodity market

volatility using the same approach as in equation (2):

In [(Rvﬁ)é] =a; + gqln [(RVifi_l)%] + gwln [(Rvgg_l)%] + gmln [(Rvg? %] + bEA; + €;,(3)
where EA; refers to the ADS and uncertainty indices, respectively. We use the log-
realized standard deviation, since the ADS index takes positive and negative values.

We estimate equation (3) during each subperiod, exploring the link between
economic activity and the volatility of major commodity markets, and whether this link
has changed over time. We report the results for each market in Table VI. For the full
sample, commodity market volatility is significant and negatively linked to the ADS
index, indicating that worsening U.S. business conditions increase volatility in
commodity markets. Notably, the parameter estimates are similar across the crude oil,
natural gas and corn markets. As expected, this result reinforces the strong link between
economic activity and commodity markets.

In the first subperiod (with low volatility and stable economic conditions), the link
between business conditions and volatility is negative, but significant only for crude oil
and natural gas. During the second subperiod, when commaodity prices are rising but
volatility is stable, the link is negative and highly significant. Note that during this second
subperiod, U.S. business conditions deteriorate but commodity prices rise, reflecting
world demand (Bodenstein and Guerrieri (2011)).

During our third subperiod, when the economic crisis becomes very severe,

commodity prices fall dramatically and volatility is very high. Perhaps surprisingly,
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during this subperiod, the ADS index becomes statistically unimportant. However, the
reduced real economic activity associated with higher uncertainty translates into higher
futures market volatility during the crisis. Overall, we find a strong link between
economic activity and commaodity price volatility. While during the recent crisis the link
shifts from business conditions (measured by the ADS index) to economic uncertainty,
we find no evidence that the “financialization” of commodity markets breaks the link

between the real economy and these markets.
3.4 Trader Position Changes and Returns

The correlations in Table VII suggest a link between market prices and
speculative activity (noted also in popular press articles). We explore the possible link
between trader position changes and returns with tests for a contemporaneous causal

relation with the following equation:

Rit =0 + Yoy GixRie—k + K/ ATP,, + vy, (4)

where R;; is the daily futures return in market i on day t, ATPL.,jt is the position changes of
trader group j in market i on day t, and v;, is an error term assumed to be uncorrelated
with the return process but not necessarily with ATPl.'jt. The five lagged returns (R;;) cover

the trading days of the past week. As above, we estimate equation (4) using LIML.%

As Table VII shows, merchant and manufacturer position changes, when
significant, are negatively related to contemporaneous returns in the crude oil and corn
markets. These trading patterns suggest that merchants and manufacturers are contrarian
traders. Recall from Table V, however, that these traders are also linked to higher
contemporaneous Vvolatility, so they do not act as effective liquidity providers in their
contrarian role.

The relation between prices, volatility and merchant/manufacturer position
changes merits further discussion. Recall from Table Il that merchants and manufacturers
are primarily short (particularly in crude oil). One possibility is that these commercial
traders act as price takers, actively adjusting hedged positions based on contemporaneous

returns by increasing short positions to lock in future prices when prices rise and

% Note that in equation (2) we consider the absolute value of position changes, while in equation (4) we use
position changes. Hence, we repeat the Stock and Yogo test for the validity of the instrument.
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liquidating short positions when prices fall. A second possibility is that hedge funds and
swap dealers abandon the market when volatility increases. However, we find relatively
little change in the positions held by hedge funds and swap dealers from subperiod to
subperiod, suggesting that the dynamic is driven more by commercial traders reacting to
price changes.

In natural gas, the relation between merchant position changes and
contemporaneous returns is not as stable, with both significantly positive and negative
relations across our various subperiods. Merchant position changes are positively related
to price changes during the run-up of natural gas prices, but negatively related to price
changes when natural gas prices fall during 2008-09. Producer position changes are less
significantly related to contemporaneous returns, and significantly negative only in our
first subsample, when prices are relatively stable.

Notably, swap dealers are rarely significantly related to contemporaneous returns,
except during our third subperiod, when prices for all three commodities are falling.
During this subperiod, swap dealer position changes are positively related to
contemporaneous returns, albeit with marginal significance. This is in line with a
reduction in swap dealer positions in the last subperiod, documented in Figure 1. The lack
of connection between swap dealer positions and contemporaneous price changes,
especially during the run-up of commaodity prices, is consistent with the relatively passive
role that swap dealers play in these markets—they bring long-only index fund money to
these markets, flows that do not appear to be sensitive to daily price changes.

Hedge fund position changes, however, are significantly related to returns in all
markets. In both crude oil and corn markets, hedge funds appear to consistently move in
the same direction as prices, but do so in a manner that reduces volatility (as shown
above), suggesting that hedge fund participation improves price discovery. In the natural
gas market, the relation (again) is more complex—hedge funds trade with the trend
during the first and third subperiods, but against the trend when natural gas prices are
rising during the second subperiod. Over the full sample, hedge funds trade against
contemporaneous natural gas returns. These results highlight the diversity of hedge fund

trading strategies across these different futures markets, so that conclusions drawn about
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hedge funds from one commodity market should not be considered robust to all other
markets.
4. Conclusion

We first explore whether various traders are related to contemporaneous volatility
with an instrumental variable approach.

We employ a unique data set that allows us to precisely identify positions of
market participants in three actively traded and recently volatile futures markets to
investigate whether speculation increases market volatility or moves prices. Examining
correlations and contemporaneous effects with instrumental variables, we find that hedge
fund position changes are consistently linked to reduced volatility and do not destabilize
futures markets. Hedge fund activity is positively related to contemporaneous returns as
well, suggesting that hedge fund participation improves price discovery in these markets.
Swap dealer position changes, on the other hand, are not consistently linked
contemporaneously to either market volatility or returns.

We also provide evidence that the links between real economic activity and
commodity prices remain intact during the recent financial crisis. While economic
conditions are significantly linked to commodity price volatility prior to the financial
crisis, economic uncertainty drives commodity price volatility after July 2008. These
robust connections cast doubt on conjectures that increased “financialization” of
commodity markets has altered the dynamics of commodity markets during the recent
financial crisis. Rather, during the crisis, position changes and volatility are both driven
by macroeconomic uncertainty, and position changes per se do not cause volatility.

Consistent with hedging pressure theories, we find that commercial activity
related to the underlying futures market is commonly connected to volatility and prices.
Merchant positions are significantly positively related to market volatility, a result that
stands in stark contrast to the stabilizing influence of hedge funds and swap dealers.

Importantly, these results hold consistently across various commodity futures
products during the recent financial crisis that generated historically high volatility levels.
Indeed, our results hold for various subperiods when prices trend upward, downward or
reverse sharply. While we present results for net position changes for various trader

groups, our results are also robust to alternative volatility metrics and speculative
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measures, such as the daily change in the number of contracts held in long (or short)
positions and the change in net total positions (the sum of net futures positions and the
net delta-adjusted option positions).

Our results are consistent with Deuskar and Johnson’s (2011) conjecture that
investors with constant risk tolerance (hedge funds, perhaps) can trade profitably against
flow-driven shocks. In this light, the increasing positions taken by hedge funds and swap
dealers in futures markets during recent years may simply reflect a rational profit motive,
with their positions enhancing price discovery during the recent financial crisis.

These results are important for both researchers and policy-makers alike. For
researchers, we demonstrate that the trades of relatively unconstrained traders who
primarily process fundamental information can reduce market volatility by taking
positions opposite to commercial entities with hedging needs. For policy-makers, these
results show that hedge fund participation can benefit financial markets, and they
highlight the benign influence of the growing commodity index positions in futures
markets. Our results should give pause to those who seek to limit speculative trading
based on the observation that positions have been growing.

Of course, the prospect that speculators destabilize markets is real (see models by
Shleifer and Summers (1990), DeLong et al. (1990), Lux (1995) and Shiller (2003),
among others), and effective regulation of these entities is certainly merited. Although we
do not rule out the possibility that traders might attempt (or actually succeed) to move
prices and magnify volatility over short time intervals (such as minutes or hours), we find
no evidence of this phenomenon during various months-long run-ups or declines that
characterize recent commaodity prices. Our tests show that there has been no systematic,
deleterious link between the trades of hedge funds or swap dealers and either returns or
volatility during recent years. Hedge fund trading, in fact, can be linked to returns, but in
a beneficial sense—hedge funds trade in the same direction as price changes, but reduce

volatility, a pattern consistent with improving price discovery in financial markets.
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Table I: Descriptive Statistics

This table presents mean, median, standard deviations and the DF-GLS stationary test of Elliott, Rothenberg, and Stock (1996) for
daily returns, volatility (realized standard deviation), and daily net (long minus short futures) trader position changes for the full sample. For
the crude oil and natural gas markets, the sample extends from January 2005 through March 2009. For the corn market, the sample extends
from August 2006 through March 2009. ANRA refers to the change in the number of reporting accounts, our instrument applied in equations

(2) and (4). AC(2) refers to the autocorrelation coefficient of order 1. The DF-GLS tests the null of non-stationarity with critical values

-1.941 and -1.616 at the 5% and 10% levels, respectively (see MacKinnon, 1996).

Panel A: Crude Qil — Full Sample — 1047 obs.

Returns (%) Volatility (%) Merchant Manufacturer Floor Broker Swap Dealer Hedge Fund ANRA

Mean -0.046 28.76 -64.21 512.7 146.6 159.7 -1,285 0.000

Median 0.059 24.71 306.0 272.0 18.00 492.0 -1,295 -1.000

Std. Dev. 2.514 13.84 6,783 3,162 2,229 8,208 6,644 7.794

AC(1) -0.088 0.840 0.344 0.285 -0.050 0.470 0.006 0.014

DF-GLS -2.410 -1.543 -21.32 -2.748 -33.11 -19.37 -2.572 -2.089
Panel B: Natural Gas — Full Sample — 1053 obs.

Returns (%) Volatility (%) Merchant Producer Floor Broker Swap Dealer Hedge Fund ANRA

Mean -0.188 35.58 89.89 6.549 64.73 381.8 -70.39 0.000

Median -0.157 33.28 26.00 0.000 39.00 51.00 -246.0 -1.000

Std. Dev. 3.056 14.94 1,429 428.4 1,442 2,867 3,423 7.100

AC(1) 0.024 0.386 0.250 0.263 -0.129 0.531 0.156 -0.004

DF-GLS -2.433 -6.350 -3.299 -12.95 -5.863 -17.07 -27.48 31.90

Panel C: Corn — Full Sample — 646 obs.

Returns (%) Volatility (%) Merchant Manufacturer Floor Broker Swap Dealer Hedge Fund ANRA

Mean 0.025 27.24 868.2 -116.6 -208.0 -328.7 -362.8 0.000

Median 0.000 25.80 830.5 -152.5 -151.5 -620.0 -423.3 0.000

Std. Dev. 2.303 9.236 6,669 1,400 4,191 7,937 6,918 12.09

AC(1) 0.015 0.595 0.385 0.097 0.237 0.623 0.183 0.089

DF-GLS -24.51 -1.978 -5.213 -6.282 -4.476 -7.202 -21.05 -22.99
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Table I1: Long and Short Positions as Fraction of Total Open Interest

This table presents daily average long and short positions expressed as a fraction
of total open interest, by trader, with the daily Total Mean, Maximum, and Minimum
referring to the sum of daily fractions across the five trader categories in each market. For
the crude oil and natural gas markets, the sample extends from January 2005 through
March 2009. For the corn market, the sample extends from August 2006 through March
2009.

Panel A: Crude Oil

Full sample
Total
Merchant Manufacturer Floor Swap Hedge Mean Max Min
Broker Dealer Funds
Long 0.07 0.01 0.02 0.42 0.23 0.75 0.88 0.52
Short 0.30 0.10 0.05 0.06 0.22 0.73 0.85 0.58
Subperiod 1: Stable prices, low volatility 01/03/2005 — 10/31/2007
Long 0.09 0.01 0.02 0.42 0.23 0.77 0.88 0.61
Short 0.31 0.12 0.05 0.05 0.21 0.74 0.85 0.58
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Long 0.05 0.01 0.02 0.42 0.24 0.74 0.81 0.78
Short 0.26 0.07 0.04 0.08 0.25 0.70 0.75 0.67
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Long 0.05 0.01 0.02 0.42 0.22 0.71 0.76 0.74
Short 0.26 0.06 0.05 0.10 0.25 0.73 0.68 0.65
Panel B: Natural Gas
Full sample
Total
Merchant Producer Floor Swap Hedge Mean Max Min
Broker Dealer Funds
Long 0.07 0.01 0.02 0.39 0.29 0.78 0.91 0.62
Short 0.16 0.03 0.05 0.07 0.57 0.87 1.00 0.69
Subperiod 1: Stable prices, low volatility 03/01/2006 — 10/31/2007
Long 0.07 0.01 0.01 0.45 0.24 0.78 0.70 0.65
Short 0.13 0.02 0.05 0.09 0.57 0.86 0.88 0.83
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Long 0.05 0.00 0.02 0.34 0.28 0.81 0.80 0.68
Short 0.11 0.03 0.05 0.04 0.64 0.87 0.86 0.77
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Long 0.06 0.01 0.04 0.30 0.37 0.79 0.71 0.69
Short 0.09 0.01 0.05 0.04 0.68 0.87 0.88 0.85
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Panel C: Corn

Full sample
Total
Merchant Manufacturer Floor Swap Hedge Mean Max Min
Broker Dealer Funds
Long 0.05 0.03 0.06 0.41 0.20 0.76 0.85 0.61
Short 0.44 0.05 0.09 0.02 0.16 0.75 0.85 0.63
Subperiod 1: Stable prices, low volatility 08/01/2006 — 10/31/2007
Long 0.05 0.03 0.05 0.45 0.19 0.77 0.85 0.71
Short 0.44 0.05 0.09 0.01 0.17 0.76 0.84 0.69
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Long 0.05 0.04 0.06 0.43 0.22 0.80 0.84 0.71
Short 0.51 0.04 0.07 0.01 0.13 0.77 0.81 0.72
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Long 0.07 0.03 0.07 0.32 0.19 0.69 0.79 0.61
Short 0.36 0.04 0.09 0.03 0.18 0.71 0.77 0.63
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Table I11: Correlations between Trader Position Changes

This table presents Pearson correlations between net (long minus short) futures
position changes across traders. One correlation is presented for each subperiod: the first
subperiod starts in January 2005 for crude oil, in January 2006 for natural gas and in
August 2006 for corn, and it ends in October 2007, and is characterized by stable prices
and low volatility; the second subperiod starts in November 2007 and ends at the
beginning of July 2008, and is characterized by increasing prices and moderate volatility;
the last subperiod covers the period July 2008 until March 2009 and is characterized by
decreasing prices and high volatility. * and ** denote significance at the 10 and 5 percent
levels, respectively.

Panel A: Crude Qil

Merchant Manufacturer Floor Broker Swap Dealer
0.27**
Manufacturer 0.18**
0.30**
0.05 0.04
Floor Broker -0.05 -0.04
-0.01 0.11
-0.66** -0.42** -0.22**
Swap Dealer -0.62** -0.44** -0.00
-0.62** -0.31** -0.13*
-0.25** -0.25** -0.15** -0.20**
Hedge Fund -0.13* -0.11 -0.11 -0.38**
-0.27** -0.32** -0.08 -0.27**
Panel B: Natural Gas
Merchant Producer Floor Broker Swap Dealer
0.12**
Producer 0.15*
-0.37**
0.12** 0.08
Floor Broker 0.19** 0.16**
0.23** 0.02
-0.42** -0.16** -0.23**
Swap Dealer -0.33** -0.46** -0.19**
-0.13* 0.06 -0.20**
0.09* -0.07 -0.18** -0.71**
Hedge Fund -0.14* 0.12 -0.31** -0.61**
-0.17** -0.19** -0.53** -0.44**
Panel C: Corn
Merchant Manufacturer Floor Broker Swap Dealer
0.44**
Manufacturer 0.30**
0.22**
0.07 0.05
Floor Broker 0.07 0.00
-0.12 -0.02
-0.563** -0.27** -0.52**
Swap Dealer -0.64** -0.15%* -0.38**
-0.33** -0.31** -0.38**
-0.51** -0.33** -0.07 -0.18**
Hedge Fund -0.53** -0.36** -0.18** -0.03
-0.47** -0.24** -0.04 -0.14*
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Table IV: Correlations between Volatility, Returns and Position Changes

This table presents Pearson correlations between daily volatility (realized standard

deviations), returns and net (long minus short) futures position changes. One correlation

is presented for each subperiod: the first subperiod starts in January 2005 for crude oil, in

January 2006 for natural gas and in August 2006 for corn, and it ends in October 2007,

and is characterized by stable prices and low volatility; the second subperiod starts in

November 2007 and ends at the beginning of July 2008, and is characterized by

increasing prices and moderate volatility; the last subperiod covers the period July 2008

until March 2009 and is characterized by decreasing prices and high volatility. * and **

denote significance at the 10 and 5 percent levels, respectively.

Panel A: Crude Oil

Merchant ~ Manufacturer Floor Broker  Swap Dealer Hedge Volatility
Fund
0.06 0.02 0.04 -0.04 -0.02
Volatility 0.13* 0.09 -0.06 -0.07 -0.09
-0.03 0.01 0.11 0.03 0.01
-0.09** -0.20** -0.19** -0.01 0.40** -0.12**
Returns -0.25** -0.28** 0.12 0.05 0.38** -0.13*
0.03 -0.14* -0.04 0.18** 0.22** -0.02
Panel B: Natural Gas
Hedge -
Merchant Producer Floor Broker ~ Swap Dealer Eund Volatility
-0.11* -0.01 -0.01 -0.09* 0.05
Volatility -0.08 -0.01 0.10 0.02 -0.03
-0.10 0.01 0.01 -0.09 0.01
-0.09* -0.18** -0.17** -0.05 0.13** 0.06
Returns -0.13* -0.15** -0.37** -0.03 0.24** -0.27**
-0.30** 0.01 -0.51** 0.10 0.29** -0.06
Panel C: Corn
M Hedge -
erchant Manufacturer Floor Broker  Swap Dealer Eund Volatility
-0.09* -0.04 0.17** -0.03 0.03
Volatility — 0.25** 0.10 -0.03 -0.31** -0.05
0.01 -0.11 0.02 -0.06 0.13*
-0.44** -0.35** 0.06 -0.03 0.51** 0.08
Returns -0.21** -0.34** -0.01 -0.07 0.45** -0.06
0.52** -0.24** 0.11 0.13* 0.42** 0.11
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Table V: Contemporaneous Relations between Trader Position Changes and Volatility

This table presents instrumental variable estimates of the contemporaneous effect
of trader position changes (in absolute value) on volatility (realized standard deviation)
over the full sample and the three subperiods. Estimates refer to Corsi’s (2009) HAR-
RV/(3) model. Coefficient and standard error values (in parentheses) are presented as x10-
5. * and ** denote significance at the 10 and 5 percent significance levels, respectively. T
indicates an F-statistic in excess of 8.96 that the change in the number of reporting

accounts is a valid instrument.

Panel A: Crude Qil

Merchant Manufacturer Floor Broker Swap Dealer Hedge Fund
Full sample
Coeff 0.86** -0.36 0.17** -0.48* -0.60**
' (0.29) (0.61) (0.08) (0.26) (0.28)
R? (%) 81.5 81.3 815 81.4 815
F-Stat 27.9% 12.2% 23.61 46.51 13.17
Subperiod 1: Stable prices, low volatility 01/03/2005 — 10/31/2007
Coeff 0.78** 0.28 0.18** -0.53* -0.60*
' (0.36) (0.69) (0.09) (0.32) (0.35)
R? (%) 315 31.1 315 31.4 31.4
F-Stat 19.3F 43.01 14.5¢ 27.5% 12.7%
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Coeff 0.49* 0.65 0.05 -0.21 -1.08*
' (0.28) (1.23) (0.19) (0.53) (0.63)
R? (%) 22.5 22.4 223 22.3 236
F-Stat 22.5% 11.0F 5.03 10.17 10.6F
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Coeff 1.14* -2.56 0.47* -0.61 -0.11*
) (0.66) (2.17) (0.25) (0.78) (0.06)
R? (%) 74.9 74.8 748 74.7 74.7
F-Stat 15.5F 12.17 15.3} 10.3F 10.0%
Panel B: Natural Gas
Merchant Producer Floor Broker Swap Dealer Hedge Fund
Full Sample
Coeff 2.36%* -2.60 0.17** 0.21 -0.43**
: (0.75) (9.07) (0.07) (1.46) (0.12)
R? (%) 31.8 30.9 311 30.9 31.9
F-Stat 29.5¢ 13.1% 13.1% 54.01 17.0%
Subperiod 1: Stable prices, low volatility 03/01/2006 — 10/31/2007
Coeff 4.24* -9.46 -0.11 0.11 0.14
: (2.43) (13.1) (0.54) (1.90) 0.17)
R? (%) 30.5 304 30.3 304 304
F-Stat 12.67 10.3% 10.3F 23.2% 17.5%
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Coeff 4.97* -5.73 0.43* 1.36 -0.89**
: (3.03) vy (0.26) (1.91) 0.17)
R? (%) 6.92 6.10 6.80 6.11 6.12
F-Stat 14.71 16.01 18.6F 11.3F 13.7%
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Coeff 10.6* 8.87 0.52 -3.43* -0.27
: (6.18) (22.8) (0.39) (2.01) (0.23)
R? (%) 27.8 27.3 273 31.4 275
F-Stat 10.17 7.34 0.18 9.77t 16.0t
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Panel C: Corn

Merchant Manufacturer Floor Broker Swap Dealer Hedge Fund
Full sample
Coeff 0.03 -0.09 0.02 -0.03 0.09
' (0.12) (0.06) (0.02) (0.10) (0.12)
R? (%) 36.2 36.5 36.3 36.2 36.2
F-Stat 31.0% 19.01 17.0% 29.6t1 15.41
Subperiod 1: Stable prices, low volatility 08/01/2006 — 10/31/2007
Coeff 0.03** -0.06 0.06** 0.01 -0.06
' (0.01) (0.08) (0.03) (0.01) (0.15)
R? (%) 12.1 115 12.9 12.2 11.4
F-Stat 25.0t 8.37 25.7% 9.17% 3.32
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Coeff 0.02** 0.09 -0.02 -0.03* -0.08
' (0.01) (0.07) (0.02) (0.02) (0.16)
R? (%) 274 264 26.0 26.5 236
F-Stat 14.1¢ 0.92 12.6F 19.1F 0.07
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Coeff 0.04 0.30** 0.03 -0.01 -0.08**
' (0.05) (0.13) (0.06) (0.04) (0.04)
R? (%) 20.3 22.7 19.2 19.2 222
F-Stat 14.81 1.26 0.02 14.41 0.81
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Table VI: Volatility and Economic Activity

This table presents estimates of Corsi’s (2009) HAR-RV(3) model with the
addition of macroeconomic variables that represent i) the current state of the U.S.
economy (ADS — see Aruoba, Diebold and Scotti (2009)); ii) the uncertainty in the U.S.
economy (Uncertainty — see Scotti (2013)). The table presents estimates for the full
sample and for each subperiod: the first subperiod starts in January 2005 for crude oil, in
January 2006 for natural gas and in August 2006 for corn, and it ends in October 2007,
and is characterized by stable prices and low volatility; the second subperiod starts in
November 2007 and ends at the beginning of July 2008, and is characterized by
increasing prices and moderate volatility; the last subperiod covers the period July 2008
until March 2009 and is characterized by decreasing prices and high volatility. * and **

denote significance at the 10 and 5 percent significance levels, respectively.

Subperiod 1 Subperiod 2 Subperiod 3 Subperiod 3
Full Sample  Stable prices, low  Rising prices, Falling prices, Falling prices,
volatility low volatility high volatility high volatility
Variable ADS ADS ADS ADS Uncertainty
Panel A: Crude Oil
Coeff -0.049** -0.041* -0.056* -0.013 0.084**
' (0.001) (0.022) (0.034) (0.026) (0.028)
R? (%) 71.86 30.22 26.06 78.92 79.98
Panel B: Natural Gas
Coeff -0.036** -0.087* -0.136** -0.023 0.029**
' (0.011) (0.067) (0.045) (0.051) (0.007)
R? (%) 25.42 24.07 7.881 7.137 8.482
Panel C: Corn
Coeff -0.051** -0.116 -0.800** 0.055 0.093*
' (0.020) (0.123) (0.215) (0.055) (0.061)
R? (%) 44.97 25.08 34.92 25.06 25.28
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Table VII: Contemporaneous Relations between Trader Position Changes and Returns

This table presents instrumental variable estimates of the contemporaneous effect
of trader position changes on returns over the full sample and the three subperiods.
Standard values are in parentheses. * and ** denote significance at the 10 and 5 percent
significance levels, respectively. { indicates an F-statistic in excess of 8.96 that the

change in the number of reporting accounts is a valid instrument.

Panel A: Crude Qil

Merchant Manufacturer Floor Broker Swap Dealer Hedge Fund
Full sample
Coeff -1.45 -1.22** -71.76** 0.70 1.21**
' (1.32) 0.22) (3.43) (1.03) (0.15)
R? (%) 1.59 3.69 1.93 1.50 11.3
F-Stat 113+ 46.1% 9.95% 322+ 15.41
Subperiod 1: Stable prices, low volatility 01/03/2005 — 10/31/2007
Coeff -2.93** -1.17** -15.0** -0.32 1.21**
' (1.29) (0.20) (3.44) (1.14) 0.12)
R? (%) 1.81 4.88 451 0.92 17.2
F-Stat 81.3F 36.2+F 9.92% 233 16.0%
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Coeff -7.55 -1.54** 11.0 -0.27 1.27**
' (2.40) (0.49) (7.38) (1.80) (0.20)
R? (%) 9.97 10.8 6.03 4.69 19.2
F-Stat 22.61 9.57+ 8.37 75.8% 14.57
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Coeff. -6.37** -1.95* -10.9 6.35* 1.08**
(3.01) (1.05) (20.4) (3.70) (0.45)
R? (%) 7.49 7.68 6.22 7.45 10.1
F-Stat 17.7F 10.61 10.7% 32.61 9.16%
Panel B: Natural Gas
Merchant Producer Floor Broker Swap Dealer Hedge Fund
Full sample
Coeff 2.36%* -2.60 1.71%* 0.21 -0.43**
: (0.75) (9.07) (0.67) (1.46) (0.12)
R? (%) 31.8 30.9 311 30.9 31.9
F-Stat 34.47 17.7% 26.71 118+ 43.1%
Subperiod 1: Stable prices, low volatility 03/01/2006 — 10/31/2007
Coeff -1.79 -7.45%* -5.13** -0.43 1.70**
) (1.17) (3.74) (1.05) (0.63) (0.61)
R? (%) 3.85 4.87 15.0 2.65 8.65
F-Stat 27.2% 15.0% 9.17% 24.61 29471
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Coeff 4.97* -5.73 4.32* 1.36 -0.89**
: (3.03) 1wy (2.57) (1.91) 0.17)
R? (%) 6.92 6.10 6.80 6.11 6.12
F-Stat 32.7% 16.01 18.4% 32.8% 9.33%
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Coeff -7.07%* 0.35 -6.68** 1.59* 2.06%*
: (1.85) (5.47) (0.94) (0.84) 0.82)
R? (%) 11.1 251 26.3 3.85 9.63
F-Stat 9.86+ 7.10 0.14 8.961 17.6t
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Panel C: Corn

Merchant Manufacturer Floor Broker Swap Dealer Hedge Fund
Full sample
Coeff -1.32** -4.23** 0.26 -0.02 1.60**
' (0.18) (0.75) (0.23) (0.11) (0.14)
R? (%) 14.3 9.24 0.86 0.65 20.8
F-Stat 33.4% 228t 14.1% 70.7% 10.1%
Subperiod 1: Stable prices, low volatility 08/01/2006 — 10/31/2007
Coeff -1.37** -5.52** 0.16 -0.06 1.52**
' (0.20) (1.22) (0.33) (0.14) (0.14)
R? (%) 22.2 13.8 1.62 1.55 28.9
F-Stat 9.017 6.17 8.967 24.1% 7.86
Subperiod 2: Rising prices, low volatility 11/01/2007 — 07/03/2008
Coeff -0.54** -3.88** -0.04 -0.25 1.22**
' 0.27) (1.37) (0.33) (0.15) (0.25)
R? (%) 9.57 147 5.04 5.95 236
F-Stat 40.01 3.17 3.14 61.9% 2.08
Subperiod 3: Falling prices, high volatility 07/08/2008 — 03/19/2009
Coeff -3.79** -4.90** 1.02 0.82* 2.57**
' (0.40) (1.44) (0.68) (0.43) (0.46)
R? (%) 29.5 7.21 2.69 3.18 20.0
F-Stat 34.3% 0.06 2.08 2.66 2.72
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Figure 1: Price and Open Interest of Swap Dealers and Hedge Funds

The figure plots prices and the 2-month rolling average of total open interest (sum of long

and short positions) for swap dealers and hedge funds.
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Figure 2: Price and Realized Volatility

The figure plots prices and volatility (annualized realized standard deviation) over the

sample period January 2005—-March 2009.
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Figure 3: Volatility Signature Plots

The figure plots the average volatility (annualized realized standard deviation) for different sampling frequencies for each subsample. The first
subperiod starts in January 2005 for crude oil, in January 2006 for natural gas and in August 2006 for corn, and it ends in October 2007, and is
characterized by stable prices and low volatility; the second subperiod starts in November 2007 and ends at the beginning of July 2008, and is

characterized by increasing prices and moderate volatility; the last subperiod covers the period July 2008 until March 2009 and is characterized by

decreasing prices and high volatility.
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Figure 4: Change in Number of Accounts Reporting

The figure plots the daily first difference in accounts reporting to the CFTC (LTRS).
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Figure 5: Economic Activity Indices

The figure plots the ADS index of Aruoba, Diebold and Scotti (2009), which tracks the
U.S. business conditions, and the Scotti (2013) uncertainty index, which measures the

uncertainty related to the state of the U.S. economy.
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Appendix A: Heterogeneous Autoregressive Model of Realized Volatility (HAR-RV)

— Corsi (2009)

Let us denote the daily returns process as
1. = ole,,
where o is the integrated volatility on day t and e,~NID(0,1). Volatility can be
measured at different frequencies and the model assumes a cascade effect in which
volatility at a given frequency is a function of the past volatility at the same frequency
(the so-called AR(1) component) and the expectation of the longer-term volatility (the so-
called hierarchical component). Obviously, for the lowest frequency, only the AR(1)
component is available. The model can be written as follows:
o> =c™+ MRV, + "

oV =c” +S6YRVE, + VE,_[0]"] + wl

ol = c% + 89RVE, + 6%E,_1[0}] + w,
where RVZ is the standard realized volatility in equation (1), RVY¥ =§-Zf’=1 RVZ;;

RV™ = % - Y22 RV2 ;. By recursive substitution, the model becomes

ol = a +y*RVE, +yYRVY, + y™RV™, + wi.

This equation describes the daily volatility as a three-factor model where the
factors are the past volatilities at different frequencies.
Finally, noting that & = RVZ + &2, the model can be written as

RVE = a + y%RVE, + yWRVY, + y™RV™, + €&,

where & subsumes volatility measurement errors and estimation errors.
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Appendix B: Instrumental Variable Approach — Stock and Yogo (2005)

The correlation between our instrument (change in reporting accounts) and the
endogenous regressors (change in trader positions) is not very high and the first-stage
regressions of the instrument on the endogenous variables are characterized by very low
R2. Hence, our instrument is weak.?* Weak instruments can lead to coefficient bias, as
well as test statistics whose distributions deviate from their asymptotic distributions. To
overcome these issues, we adopt the procedure in Stock and Yogo (2005), who develop a
diagnostic based on the F-statistic: if the F-statistic is low, the instruments are only
weakly correlated with the endogenous regressors. Several of the F-statistics of our first-
stage regression (see Table VII) are low and in line with the null developed in Stock and
Yogo (2005) that the instrument is weak.

We describe the Stock and Yogo (2005) procedure below. The instrumental
variable model can be written as

y=YB+Xy+u

Y=ZI1+ XO +V,
where Y is a T x n matrix of endogenous variables, X is a T x K1 matrix of exogenous
variables, and Z is a T x K2 matrix of exogenous variables to be used as instruments.

Let the superscript - denote the residuals from the projection of any variable on X
sothat Y+ = MY where My =1 — X(X'X)"1X'.
Then the k-class estimators of g are defined by
,ék—class = [Yll(l - kMZJ-)Yl]_lyl,(I - kle)yl,
where k-class denotes the type of estimator. In fact, Stock and Yogo (2005) consider four

specific types of estimators: two-stage least square (TSLS), LIML, modified LIML and
bias-adjusted TSLS.

% For a review of endogeneity in empirical finance, see Roberts and Whited (2012).
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The Wald statistics to test the null that 8 = S, is given by

W, _ (Bk—class - .BO)I[YJJ(I - kMZJ-)YJ-] (.ék—class — Bo)
k—class — )

NOyu k-class
Where Gy k—ciass = @it ciass Wic—ctass)/ (T — Ki = 1), and Dg_ciss = ¥* = Y* Pr—ciass-

More precisely, when accounting for the four estimators, we have

TSLS: k-class = 1;

LIML: k-class = k5, Which is equal to the smallest root of det(Y'Mxy —
[k — class]Y'M,Y) = 0;

Modified LIML: k-class = k. — ¢/(T —K; — K,), where ¢ is a positive
constant;

Bias-adjusted TSLS: k-class =T /(T — K; — 2).

The proposed test is a function of

Gr = (5,07 Y*P,uY L5, 0% /K,

where £y, = (YAM,Y) /(T — K, — K;) and P,. = Z+(Z+'Z1)71Z*. In particular, the
test is the minimum eigenvalue of Gr: gmin = mineval(Gy). In the special case of only
one endogenous variable (which is our case), g,in IS sSimply the F-test of the first-stage
regression. Staiger and Stock (1997) claim that an instrument is valid if the F-test is
greater than or equal to 10. However, this is just a rule of thumb. Stock and Yogo (2005),
to better characterize the critical value of the F-test, or more generally of g,,i,, introduce
two definitions of instrumental variables. The first definition refers to the relative bias of
the 1V estimates versus the bias of the OLS estimate, measured by the parameter b, where
0 < b < 1. The second defines a set of instruments as being “weak” if the conventional
Wald test of size A (e.g., A=0.05) based on IV statistics has an actual size that exceeds
some given threshold r. Using the two definitions of instrumental variables, Stock and
Yogo, via simulations, tabulate the critical value of the g,,», which allows us to test the
validity of the instrument.

In our empirical application, we have only one instrument. Hence, the gmin
corresponds to a simple F-test of the first regression. To confirm the validity of the

instrument, we adopt the critical values in Table 5.2 of Stock and Yogo (2005).
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