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Abstract

This paper tests the hypothesis that long-short speculators are able to generate short-term

investment returns based on their sentiment for twelve agricultural commodity futures. For this purpose,

we dynamically model the equidirectional trading of long and short commodity futures of long-short

speculators as a proxy for their market sentiment. We find evidence that the sentiment period returns

are considerably positive and differ significantly from neutral sentiment periods for all commodities

which underlines the sentiment’s relevance. In line with the empirical literature, we can reject the

argument of price manipulation as the price continues to develop into the direction of the sentiment

period although long-short speculators trade non-directionally in the following. We rather indicate the

existence of a short-term time-series momentum effect, which can be robustly identified without the

requirement to define an external model parameter. From the superior sentiment-based momentum

returns, we conclude that long-short speculators have valuable, exclusive information, which cannot

be replicated by observing their trading activity with a time lag of eight trading days. We also find

that a sentiment-based momentum strategy generates significantly higher returns than the long-short

speculators have realized in the fifteen-year sample period which we attribute to the complexity of the

long-short speculators’ investment strategies.
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1 Introduction

For thousands of years, people have been consuming and trading natural resources, in particu-

lar agricultural products, as a prerequisite for human and economic development. However, in the

recent decades commodity markets have changed fundamentally. Initially developed for producers

and processors of the physical assets, the early agricultural commodity markets can be characterized

by a lack of liquidity and transparency as investors were not able to efficiently invest in them. In the

early days of commodity investing, the academic literature shares the view that investors who were

speculating on the price development of commodities follow the trading activity of hedgers (see (Working,

1953), Working (1954), Working (1960) and Working (1962)). With the advent of the financialization

of commodity markets in the last decades, the enabling of direct investments into commodities goes

hand in hand with an increasing number of complex and innovative financial products with the primary

intention of portfolio diversification and inflation hedging (Domanski and Heath, 2007). In particular, the

introduction of commodity indices was a significant catalyst for change in the commodity markets. As a

consequence of rising volumes into passive commodity products and accompanying increasing agricul-

tural commodity prices, the G20 announced food security as one of the world’s priorities, suspecting

newer speculative-oriented market participants such as commodity index traders (i.e. long-only money

managers who track the performance of a commodity index) and long-short speculators (i.e. investors

who speculate on increasing or decreasing commodity prices with commodity derivatives) to negatively

influence commodity prices.

The empirical literature on speculation in commodity markets was initiated by the political and regula-

tory discussion of the Master’s hypothesis (Masters and White, 2008) which accused the significantly

increased inflows of commodity index funds for the increase in commodity prices. Concentrated on

the commodity index trader’s influence, the empirical literature unambiguously rejects the Master’s

hypothesis and shows that they do not have a significant impact on commodity prices, but provide

liquidity to the financial commodity markets (see Sanders et al. (2010), Irwin and Sanders (2011), Irwin

and Sanders (2012), Brunetti and Reiffen (2014), Palazzi et al. (2020) and Maria et al. (2020)). The

majority of the empirical literature on speculation in the commodity markets discusses the impact of

financialization as well as the role of speculators without considering a specific trader group. As a

result, the largest part of the empirical literature also comes to the same conclusion (see Often and

Wisen (2013), Manera et al. (2013), Kim (2015), Mayer et al. (2017), Boyd et al. (2018), Fishe and

Smith (2019), Wimmer et al. (2021)). In the context of the increasing world population, this political and

ethical discussion about the world’s most essential resources remains vivid and primarily concentrates on

index-tracking market players to our suprise. On the contrary, only a minor part of the empirical literature
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examines the role of classical speculators like hedge funds which opportunistically exploit investment

opportunities with long or short directional trades based on their information. The empirical literature

predominantly confirms the prevailing view on the role of speculators also for long-short traders (see

Miffre and Brooks (2013), Buyuksahin and Robe (2014), Brunetti et al. (2016), Bohl and Sulewski (2019),

Bohl et al. (2021)). Since the investment motive of long-short traders differs considerably from that of

commodity index traders, the question on the role of their information-based sentiment in this legitimate

discussion about price influence remains. This motivates us to provide a comprehensive analysis of

the long-short speculator’s sentiment which is the key driver in their investment process. To the best of

our knowledge, this is the first study which uses the long-short speculators’ open interest as a proxy for

their market sentiment to examine price dynamics as well as price influence. From the perspective of

an investor, our results are highly relevant. On the one hand, they show the validity of their information

and the resulting price dynamics. On the other hand, they extend the empirical literature’s view on price

manipulation by providing valuable insights whether their information-driven investment style has an

effect on agricultural commodity prices. Hence, our motivation is to analyze if long-short speculators as

the smallest trader group in the commodity markets besides producers, processors and passive investors

have a measurable impact on agricultural commodity prices.

In order to asses the relevance of the long-short speculator’s information, we use periods of equidi-

rectional trading defined as buying long and selling short futures contracts (long sentiment) and vice

versa (short sentiment) as a proxy for their sentiment on twelve agricultural commodity futures. The

open interest of futures is particularly suitable for the development of a sentiment indicator as it can

be regarded as the commodity futures market’s cash flow. Increasing or decreasing open interest can

be a signal when certain market participants are entering or leaving the market and may give clues

to market direction. In addition, our open interest based sentiment proxy also offers the benefit that

we are able to rely on data on a higher frequency compared to survey based indicators, which would

at best be available at a monthly frequency. Initially, we compare the commodity’s log returns in long

or short sentiment periods with those of neutral sentiment periods. Since equidirectional trading can

impact the price itself, we also consider how the commodity price evolves subsequent to long or short

sentiment periods. We can reject the argument of price manipulation, if the commodity price immediately

halts or reverts back directly after the long or short sentiment period. We also test the exclusiveness of

the long-short speculators information by replicating a sentiment-modeled momentum strategy based

on publicly available open interest data of long-short speculators. Finally, we compare the risk-return

characteristics of an exclusive and a publicly available, modeled sentiment-based trading strategy with

the realized ex-post returns of the long-short speculators over a fifteen-year sample period.

We contribute to the empirical literature by studying short-term price dynamics on the basis of the
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long-short speculators’ sentiment in agricultural commodity markets. In contrast, the vast majority of the

existing literature studies the speculative behavior of commodity index traders, in particular if they have

a negative impact on the agricultural commodity prices as one of the earth’s most essential resources.

We instead concentrate on long-short speculators representing a group of investment managers who

have probably the clearest investment intentions as they predominantly enter directional trades to follow

their opportunistic investment strategies (Etienne et al., 2014). We also contribute by modeling investor

sentiment dynamically as a period of equidirectional trading without the requirement to define external

parameters. Since it is not reasonable to quantify investor sentiment as a proxy of the long-short

speculators’ future price expectations with external parameters, the corresponding findings might be

biased when relying on such an approach. To the best of our knowledge, this is the first study that also

tests the time-series momentum effect on commodity markets by dynamically considering the long-short

speculator’s sentiment as the initializing formation period. Consequently, our work extends the empirical

literature by illustrating price dynamics during and after varying periods of consistent trading activity for a

broad range of agricultural commodities over more than a decade.

We find evidence that the sentiment of long-short speculators is highly relevant in agricultural

commodity markets. Defining long (short) sentiment dynamically as a period in which long-short

speculators consistently buy (sell) long futures contracts and sell (buy) short futures contracts, we find

that the log returns in long (short) sentiment periods are positive (negative) and significantly different

from zero for all commodities. On the contrary, the log returns in neutral sentiment periods do not differ

significantly from zero. Since we are able to regularly confirm these results over the entire sample period,

our findings underline the directional sentiment’s importance. Furthermore, since the commodity prices

predominantly move further into the direction of the sentiment period, we are able to reject the argument

of price manipulation because long-short speculators do not trade consistently anymore. When applying

our results to the concept of time-series momentum, a long or short sentiment period would represent a

formation period which is followed by a corresponding momentum period. Therefore, our results strongly

support the time-series momentum effect as the momentum periods returns are significantly different

from zero for most of the commodities.

As a conclusion, we suppose that long-short speculators rather own valuable information in form

of their investment strategies which they use to exploit short-term price movements. Our results also

clearly show that the commodity price initially remains persistent at the beginning of a momentum period

but then decays. We therefore conclude that a sentiment period can be understood as a kind of price

impulse based on the valuable information of the long-short speculators. The price impulse in the

form of equidirectional trading then initiates a time-series momentum effect which weakens the more

the price moves away from the original equilibrium price. Moreover, we find that the replication of a
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sentiment-based trading strategy by observing the open interest of the long-short speculators with a time

lag of 8 trading days leads to considerably lower returns which are not significantly different from zero or

even negative. As the time-lag represents the beginning of a directional sentiment period, our results

let us to conclude that in particular the beginning of a sentiment period is a substantial but exclusive

stimulus that can have a sustainable impact on the subsequent price development. Finally, we show that

the returns of an exclusive sentiment-based momentum strategy considerably outperform the realized

ex-post returns of the long-short speculators over the entire sample period. Although surprising at first

glance, the difference can be explained with the higher complexity of a long-short speculator’s investment

strategy. The complexity involves hedging requirements, information asymmetries, different investment

horizons and negative market impact effects which are not considered in our modeled sentiment strategy.

Nevertheless, our findings provide valuable information for the risk management of individual investment

managers to better asses commodity price dynamics. As we clearly provide evidence that long-short

speculators do not manipulate commodity prices in line with the existing literature, our findings are

an important signal that investment managers who predominantly act opportunistically, follow ethically

correct investment practices.

The remainder of the paper is structured as follows. Section 2 reviews the existing literature on

speculation in the commodity markets. Section 3 outlines the data and the methodology used in this study.

In Section 4, we present and discuss the results of our empirical findings. Section 5 offers concluding

remarks.

2 Review of the literature

The structural change of the agricultural commodity markets in the early 2000s, also changed

the academic discussion fundamentally. Previously, the commodity markets were primarily hedgers-

driven, in which market participants who were actively engaged in the physical commodity markets

(i.e. producers and processors) were hedging the prices of their commodities with futures contracts

(hereinafter hedgers). In the traditional view, investors who were speculating on the price development

of commodities (hereinafter speculators) follow the trading activity of hedgers (see Working (1953),

Working (1954), Working (1960) and Working (1962)). In the course of the financialization of commodity

markets in the first decade of the new millennium, investors and individuals could now invest in a broad

range of commodities with over-the-counter (OTC) swaps, exchange-traded funds (ETF) and exchange-

traded notes (ETN) without having to own the commodities themselves (Domanski and Heath, 2007).

This resulted in a sharp increase in trading volume on commodity futures exchanges and established

new speculative-oriented market participants such as commodity index traders (i.e. long-only money
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managers who track the performance of a commodity index) and long-short speculators (i.e. investors

who speculate on increasing or decreasing commodity prices with commodity derivatives). Therefore,

the more recent empirical literature examines whether Working’s hypothesis is still valid and whether the

financial commodity markets are now speculators-driven.

The emergence of the empirical literature on speculation in the commodity markets was initiated by

the political and regulatory discussion of the Master’s hypothesis. The Master’s hypothesis is based on

the hedge fund manager Michael W. Masters, who harshly supposed that the significantly increased

inflows of commodity index funds are the reason for the sharp increase in commodity prices between

2007 and 2008 and their divergence from fundamental values (Masters and White, 2008). The empirical

literature was enabled to examine the Master’s hypothesis by the extension of the Commodity Futures

Trading Commission’s (CFTC) Supplemental Commitment of Traders (SCOT) report to the traditional

Commitment of Traders (COT) reports.1 It further splits the speculators’ open interest for 12 agricultural

commodity markets into commodity index traders and long-short traders starting in 2006. This now

allowed for a closer examination of long-only commodity index traders and their impact on commodity

prices. Sanders et al. (2010) show that the relative share of commodity index traders in open interest

is stable between 2006 and 2008, concluding that the increased inflows are the response to a rising

hedging demand.

Irwin and Sanders (2011) criticize the underlying data as well as the methodological approaches of

previous empirical studies that find a significant impact of commodity index trader’s futures positions

on commodity future prices. Irwin and Sanders (2012) examine the Master’s hypothesis using Fama-

MacBeth cross-sectional regression tests as well as Granger causality tests. In both studies, they are

unable to find a direct impact of commodity index traders’ futures positions on returns as well as on

volatility so that they reject the Master’s hypothesis as one of the first. Brunetti and Reiffen (2014) use a

theoretical equilibrium model of trader behavior to show that commodity index traders reduce hedging

costs. After empirically validating their model with the commodity index trader’s futures positions, they

conclude that commodity index traders provide an important counterparty for hedgers by providing

liquidity and do not influence commodity prices directly. Palazzi et al. (2020) use linear and non-linear

regressions to find out whether speculators in general and commodity index traders in particular influence

1The COT report provides a breakdown of each Tuesday’s open interest for futures markets in which 20 or more traders

hold positions equal to or above the reporting levels established by the CFTC. The legacy COT report differentiates between

commercials (i.e. producers and processors of the commodities, hedgers), non-commercials (i.e. money managers, speculators)

and non-reporting traders (small investors, residuals of the open interest). The disaggregated COT report further splits up

commercials into the group of processors/producers and swap dealers as well as non-commercials into managed money and

other reportables. See Irwin and Sanders (2012) for a detailed description of the trader groups in the legacy, disaggregated und

supplemental COT reports of the CFTC.
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commodity futures prices or whether they follow the price movement. As a result, they find no cause

and effect relationship, so that the Master’s hypothesis can be rejected ultimately. Maria et al. (2020)

investigate the influence of commodity index trading activity on commodity futures prices using Granger

causality tests during the period 2006 to 2017. They confirm the previous empirical studies that the

spike in commodity prices in 2007 to 2008 and the period thereafter is not due to speculative behavior

of commodity index traders. In summary, the empirical literature unambiguously rejects the Master’s

hypothesis and shows that commodity index traders do not have a significant impact on commodity

prices, but provide liquidity to the financial commodity markets.

The vast majority of the empirical literature on speculation in the commodity markets discusses the

impact of financialization as well as the role of speculators without considering a specific trader group

from the SCOT report. Instead, they predominantly model the activity of hedgers and speculators with

open interest from the traditional legacy and disaggregated COT reports. Sanders et al. (2010) note

that the group of speculators (i.e. money managers and other reportables) that can be modeled from

both reports cannot be assigned to a clear trader group, so that the different intentions (i.e. directional

trading, hedging, index-tracking) partially overlap. However, the majority of that part of the empirical

literature also comes to the same conclusion as the studies on the Master’s hypothesis. Boyd et al.

(2018) examine the findings of a large number of empirical studies on the role of commodity speculators

and their price impact during the financialization period. They clearly conclude that speculators provide

liquidity to hedgers while finding no evidence of destabilization as well as price distortion in commodity

markets initiated by speculators. Wimmer et al. (2021) analyze more than 50 research articles that

study the relationship between commodity prices and speculative behavior using Granger causality tests.

They point out that either speculative behavior in the agricultural, energy, and metal markets cannot be

detected or Granger causality tests are not able to quantify the relationship well enough.

Often and Wisen (2013) also investigate this relationship using Granger causality tests and show

that hedgers in particular have a greater impact on prices in certain commodity markets (e.g. live

cattle) than swap dealers or producers. As well as Often and Wisen (2013), Manera et al. (2013)

model speculative behavior by Working’s Speculative Index (Working, 1960), which measures the

excessiveness of speculation as a ratio calculated by measuring the amount by which speculation

exceeds commercial hedging needs, divided by commercial open interest. Using dynamic conditional

correlation (DCC) multivariate GARCH models, they show that financial speculation cannot explain the

returns of 5 agricultural commodities. Kim (2015) examines the impact of financialization on commodity

prices as well as on their volatility as a proxy for market stability. As a result, speculators do not

destabilize commodity spot prices, but tend to contribute to lower volatility and increased price efficiency

associated with greater liquidity. Mayer et al. (2017) investigate the same intention with bi-directional
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Granger causality tests and an EGARCH volatility analysis for metal commodity markets and show

that non-commercials in particular do not influence commodity prices and volatility. On the other hand,

an influence in sub-samples such as booms and crises can be observed for both commercials and

non-commercials, while the effect is greater for long futures positions. Fishe and Smith (2019) show that

money managers including speculators tend to follow commodity prices according to their assessment of

the future price development having no price-influencing impact.

To our surprise, only a minor part of the empirical literature examines the role of classical speculators

based on the open interest of long-short traders from the CFTC’s SCOT report. Long-short speculators

(i.e., hedge fund managers) use their information in the form of selection and timing strategies to enter

directional long or short trades, which means that their intentions differ considerably from those of the

commodity index traders (Etienne et al., 2014). By replicating various hedge fund strategies with price

data of 27 commodity futures in the period from 1992 to 2011, Miffre and Brooks (2013) demonstrate that

long-short speculators tend to have no significant impact on volatility as well as on the diversifiability of

their commodity investments. Buyuksahin and Robe (2014) use daily open interest data of 17 commodity

futures from the CFTC’s non-public large trader reporting system. They show that the correlation of

commodity and equity index returns increases with increasing trading activity of long-short speculators. In

the context of the commodity financialization, these traders therefore have an impact on the diversifiability

of commodities, which cannot be observed for swap dealers and commodity index traders. Brunetti

et al. (2016) use the same non-public data set and confirm the prevailing view of the empirical literature

on the role of speculators also for long-short speculators. Showing a negative correlation between the

futures positions and the volatility of crude oil, natural gas and corn, they provide evidence that long-short

speculators stabilize commodity futures markets and inject liquidity into them. Bohl and Sulewski (2019)

study long-short speculators of corn, soybeans, sugar, coffee, and wheat futures for the period from 2006

to 2017 to determine whether their trading activity has an impact on volatility and thus on price stability.

Using GARCH models, they estimate conditional volatility and conclude that long-short speculators either

have no impact on volatility or even reduce it. Bohl et al. (2021) examine how speculative activity affects

informational efficiency of commodity futures markets and find evidence for a significant negative relation

between speculative activity and the degree of informational efficiency. A subsequent analysis shows

that the results are mainly driven by traditional long-short speculators while the influence of index trader

is insignificant.

In summary, the empirical literature largely agrees that speculators, either as a specific (i.e. commodity

index traders and long-short speculators) or as a non-specific group of money managers, do not

destabilize commodity markets and provide liquidity to them as the main counterparty of hedgers. To

the best of our knowledge, this is the first study which uses the long-short speculators’ open interest as
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a proxy for their market sentiment to examine price dynamics as well as price influence and also tests

the time-series momentum effect on the commodity markets by dynamically considering the long-short

speculator’s sentiment as the initializing formation period.

3 Data and methodology

3.1 Data

We source the open interest data on the basis of the Commodity Futures Trading Commission’s

(CFTC, https://www.cftc.gov) Supplement Commodity Index Trader (SCOT) report. It contains the

long and short futures positions of three trader groups (non-commercials, index traders and long-short

speculators) for 12 agricultural commodities during the sample period from 01/03/2006 to 12/29/2020,

recorded as of Tuesday of each week. The commodity futures are wheat, corn, soybeans, soybean

oil, soybean meal, cotton, cocoa, sugar, coffee, lean hogs, live cattle and feeder cattle. In addition,

we use the daily close prices of the futures contract with the shortest maturity (front contract) for the

same dates as the weekly open interest data in order to be able to observe futures positioning and

prices at identical times. The price data was obtained from the Chicago Mercantile Exchange (CME,

https://www.cmegroup.com) and the Intercontinental Exchange (ICE, https://www.theice.com).

Table 1 shows the descriptive statistics of the weekly close price log returns as well as the average open

interest proportion of the long-short speculator’s futures positioning. It shows that the log returns of most

of the commodities are mildly skewed to the left, which indicates that downturns are steeper than upturns.

Excess kurtosis can only be observed for a few commodities. With an average open interest proportion

between 10% and 21%, the long-short speculators are the smallest of the three trader groups.

*** Insert Table 1 about here ***

3.2 Methodology

We model the speculator’s sentiment based on long and short futures contracts held by long-short

speculators from the Commodity Futures Trading Commission’s SCOT report. Long-short speculators use

their information primarily to enter into directional, speculative trades, while commercials (i.e. producers

and processors) predominantly hedge the price of their agricultural commodities and commodity index
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traders track the price performance of the underlying commodity index2. We therefore assume that

the returns achieved by long-short speculators reflect the quality of the information incorporated in

the investment strategies. We further assume that long-short speculators have particularly valuable

information if they simultaneously buy long futures contracts clong (i.e. clong
t > clong

t−1) and sell short futures

contracts cshort (i.e. cshort
t < cshort

t−1 ) in a period t, which we hereafter refer to as long sentiment and

conversely as short sentiment. On the other hand, if they buy or sell long and short futures contracts

at the same time, the investment manager sentiment is not uniform (hereafter referred to as neutral

sentiment).

*** Insert Figure 1 about here ***

Figure 1 exemplary shows the price time series of the corn futures front contract and the long and

short sentiment periods projected onto it at the respective price levels plong
t and pshort

t . A blue (red)

outlined point marks the time t when the long-short speculators bought long (short) futures contracts

clong (cshort) and sold short (long) futures contracts compared to the previous week t− 1. To evaluate the

quality of investment manager sentiment, we consider the log returns ∆plong sentiment
t and ∆pshort sentiment

t

of the corn futures’ front contract prices p for the same weekly periods t. We also define the log returns

of the neutral sentiment periods ∆pneutral sentiment
t , which are shown as non-outlined points in Figure 1:

∆plong sentiment
t = log(plong

t ) − log(p{neutral, short}
t−l−1 ) if plong

t−l and p{neutral, short}
t+1 , (1)

∆pshort sentiment
t = log(pshort

t ) − log(p{neutral, long}
t−l−1 ) if pshort

t−l and p{neutral, long}
t+1 , (2)

∆pneutral sentiment
t = log(pneutral

t ) − log(p{long, short}
t−l−1 ) if pneutral

t−l and p{long, short}
t+1 , (3)

where the parameter l represents the length of the consecutive sentiment periods and

plong
t = clong

t > clong
t−1 and cshort

t < cshort
t−1 , (4)

pshort
t = clong

t < clong
t−1 and cshort

t > cshort
t−1 , (5)

2For a more detailed description of the different trader groups and their differences, please see Irwin and Sanders (2012) and

Robe and Roberts (2019) in particular for agricultural markets.
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pneutral
t =

{
clong
t > clong

t−1 and cshort
t > cshort

t−1

}
or

{
clong
t < clong

t−1 and cshort
t < cshort

t−1

}
. (6)

If investment managers have valuable information about the short-term price development of the

respective commodities, we expect the log returns ∆plong sentiment
t (∆pshort sentiment

t ) to develop positively

(negatively) in long (short) sentiment periods and to differ significantly from zero. We also expect that

in neutral sentiment periods the log returns ∆pneutral sentiment
t do not differ significantly from zero. If

these observations hold, this may have two implications. On the one hand, long-short speculators may

have valuable information to predict the short-term price development. Second, they may influence

the price itself (price manipulation) by trading futures contracts in the same direction. The argument of

price manipulation is invalidated if the price continues to increase (decrease) after one (l=1) or more

consecutive (l>1) long (short) sentiment periods.

We therefore define long (short) sentiment-momentum as a long (short) sentiment period that is

extended to the next short (long) sentiment period. In Figure 1, the long (short) sentiment-momentum

periods are each projected as blue (red) points on the price time series of the corn futures front

contract. Again, we calculate the log returns of the corresponding sentiment-momentum periods

∆plong sentiment-momentum
t,i as well as ∆pshort sentiment-momentum

t,i and compare them with the log returns of the

long and short sentiment periods. The respective sentiment-momentum periods are defined as

∆plong sentiment-momentum
t,i = log(p{long, neutral}

t+i ) − log(p{short}
t−l−1+i) if p{long, neutral}

t−l and pshort
t+1 , (7)

∆pshort sentiment-momentum
t,i = log(p{short, neutral}

t+i ) − log(p{long}
t−l−1+i) if p{short, neutral}

t−l and plong
t+1, (8)

where i is a lag parameter defined as i=0 for the original, non-lagged sentiment-momentum peri-

ods. We expect that the log returns of the sentiment-momentum periods ∆plong sentiment-momentum
t,0 and

∆pshort sentiment-momentum
t,0 differ significantly from the sentiment periods ∆plong sentiment

t and ∆pshort sentiment
t ,

so that we can conclude that long-short speculators have valuable information to be able to predict the

short-term price development in a sustainable way.

If the log returns of the sentiment-momentum periods actually differ significantly from the ones of

the sentiment periods, it is interesting from the perspective of an external trader whether he can also

achieve a positive return by trading the long and short sentiment-momentum periods one week later

after observing this trading behavior. It should be noted that the open interest data of the SCOT report

refers to a Tuesday, while the report is released on the subsequent Friday at 3:30 p.m. Eastern standard

10



time. This means that an external trader can only open a position on Friday at the close price, so that

his replicated sentiment momentum strategy has a time lag of 8 trading days in total (i=8). Accordingly,

we calculate the log returns of the lagged sentiment momentum periods ∆plong sentiment-momentum
t,8 and

∆pshort sentiment-momentum
t,8 with the close prices of Friday or the subsequent Monday, respectively, if Friday is

an U.S. exchange holiday. An external trader would not only be able to enter a position 8 trading days

later, but also to close a position 8 trading days later, so that we expect their log returns to be at least

partially different from those of the sentiment and sentiment-momentum periods. If the lagged sentiment-

momentum log returns are absolutely lower and significantly different from those in the sentiment and

sentiment-momentum periods, it indicates that during the time lag a significant part of the exclusive

information is priced into the commodities by the long-short speculators. Accordingly, the beginning of a

sentiment period would represent a meaningful price impulse, which would have a noticeable impact on

the short-term price development.

4 Empirical findings

The results of our analysis are discussed in three steps. In the first step, we investigate whether long

and short sentiment periods differ from neutral sentiment periods to show whether the equidirectional

trading of long-short speculators can be attributed to valuable information. Since equidirectional trading

can impact the price itself, we further examine in the second step how the prices of the commodity futures

evolve subsequent to the long and short sentiment periods (sentiment-momentum). In the third step, we

show whether the possibly valuable information of long-short speculators can be profitably exploited by a

time-lagged replication of the sentiment-momentum strategy (sentiment-momentum-lagged). Table 2

presents the mean log returns as well as the standard deviations of the individual sentiment, sentiment-

momentum and sentiment-momentum-lagged periods, while Table 3 shows them cumulatively over

the entire sample period. Figure 2 compares the log return development of the three time-normalized

sentiment periods graphically for each commodity.

*** Insert Table 2 about here ***

*** Insert Table 3 about here ***
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*** Insert Figure 2 about here ***

First, long and short sentiment periods differ significantly from neutral sentiment periods in which

long-short speculators do not trade in equivalent directions. Table 2 shows that for all commodities the

mean log returns of the long (short) sentiment periods are positive (negative) and significantly different

from zero at the 1% significance level. In contrast, for almost all commodities the log returns of the

neutral sentiment periods are not significantly different from zero. Since the standard deviations are

comparable for long, short and neutral sentiment periods, we can conclude that the larger log returns of

the long and short sentiment periods are not caused by abrupt price jumps. Furthermore, long-short

speculators regularly initiate directional sentiment periods, as those are equally distributed over the entire

sample period and occur on average every 6 weeks per commodity (calculated as the total number of

observations divided by the number of observed sentiment periods per commodity). Table 3 shows that

the maximum drawdowns of the cumulated neutral sentiment returns are considerably higher (in negative

terms) which is a consequence of the lower log returns that are more sensitive to price fluctuations.

We assume that the more favorable risk profile of the directional sentiment periods leads to a higher

confidence that the underlying information of their trades is valuable. Our findings can therefore be

attributed to two possible explanations. On the one hand, long-short speculators can form an opinion (or

sentiment) about the commodity’s short-term price development on the basis of their information, which

they implement as directional trades. Provided that the price of the commodity develops according to

their sentiment, they are reinforced in the value of their information and repeat this process. On the other

hand, their random, equidirectional trading can impact the price itself. Therefore, in case the commodity

price does not continue to move in the same direction directly after a sentiment period, it is plausible

that the price was randomly impacted by the long-short speculator’s trading activity during the sentiment

period. Conversely, we can reject the argument of active influencing the commodity price in case it

continues to develop in the direction of the sentiment period (sentiment-momentum). We would instead

conclude that long-short speculators have valuable information on the future price development.

Second, commodity futures which are held beyond the long and short sentiment periods always have

higher returns than when they are closed out at the end of the sentiment period. Table 2 shows that

the sentiment-momentum log returns for almost all commodities (the only exception is cocoa short) are

higher than those of the sentiment periods. The log returns even differ considerably from the log returns

of the sentiment periods for the majority of commodities for both long and short sentiment-momentum

periods which is shown by the statistical significance of the S-SM differences in Table 2. As a conclusion,

we rule out the possibility that the equidirectional trading of the long-short speculators is a random act.
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Since the price continues to increase (decrease) after the end of a long (short) sentiment period, even

though the long-short speculators no longer trade in the same direction, we conclude that they do not

influence the price notably. Our findings are consistent with the empirical literature on speculation in

commodity markets presented in Section 2. The empirical literature broadly agrees that speculators in

general and long-short speculators in particular do not influence the commodity price but stabilize it by

injecting liquidity and being the hedger’s counterparty. Furthermore, the low percentage of long and

short open interest in relation to the total open interest in Table 1 suggests that long-short speculators,

as the smallest trader group in the SCOT report, do not have the necessary impact to influence the

price sustainably. As a more plausible alternative, we hypothesize that long-short speculators confidently

make use of their valuable information as a result on their extensive research efforts.

Third, the higher log returns of the sentiment-momentum periods indicate a short-term time-series

momentum effect for almost all agricultural commodities. The momentum effect is one of the most

extensively documented financial anomalies (see De Long et al. (1990), De Long et al. (1990), Jegadeesh

and Titman (1993), Barberis et al. (1998), Daniel et al. (1998), Hong and Stein (1999)) and can be

explained by the psychological behavior of investors (see Tversky and Kahneman (1974), De Long et al.

(1990), Barberis et al. (1998), Daniel et al. (1998), Hong and Stein (1999) and Grinblatt and Han (2005)).

Time-series momentum means that the past performance of an asset price tends to continue in the

future (Moskowitz et al., 2012). According to Moskowitz et al. (2012), time series momentum is a defined

period of time (holding or momentum period) in which the price of an asset moves in the same direction

as in an immediately preceding, defined period of time (lookback or formation period). If we consider a

sentiment period as a formation period, the difference to the sentiment-momentum period represents the

momentum period. While the majority of the empirical literature examines the concept of time-series

momentum on the basis of a set of parameters, our approach does not require a parameter as a sentiment

period is defined as the equidirectional trading of long-short speculators. We therefore conclude that our

findings are robust to external market changes which requires parameter-based methods to vary their

external parameters in order to consistently confirm the results. In addition to the significantly higher

log returns discussed above, Table 2 also shows that the standard deviations in sentiment-momentum

periods are higher compared to those in the sentiment periods for all commodities and directions. These

can be explained by an initially persistent but then decaying price development after the sentiment period,

which can be more intuitively obtained from Figure 2. Figure 2 shows that the coarse-dotted lines of

the long (short) sentiment-momentum periods (with the exception of cocoa short) are always above

(below) the solid lines of the sentiment periods. Here, the lines’ differences represent the time-series

momentum effect. In addition, for all commodities and directions the slope of the sentiment-momentum

line decreases over time or, as in the case of cocoa and the meat markets, even tends to the sentiment
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period line again. From the decaying price dynamics during a sentiment-momentum period, we conclude

that a sentiment period can be understood as a kind of price impulse based on the valuable information

of a long-short speculator. The price impulse in the form of equidirectional trading then initiates a

time-series momentum effect. As the commodity price continues to increase or decrease beyond the

sentiment period, the time-series momentum effect weakens as the price might have already moved

away from the original equilibrium price.

Fourth, trading the sentiment-momentum period with a time lag (sentiment-momentum-lagged) by

externally observing the open interest of the long-short speculators leads to considerably lower log

returns than in the sentiment and sentiment-momentum periods. Table 2 shows that the mean log

returns in sentiment-momentum-lagged periods are not significantly different from zero or even negative

for all commodities and directions. Table 3 shows that only for 8 (7) commodities the cumulative log

returns are positive in long (short) sentiment-momentum-lagged periods, while the maximum drawdown

as a measurement of the loss risk is significantly higher for all commodities than in sentiment and

sentiment-momentum periods. Replicating the sentiment-momentum strategy implies that a trader needs

to derive the open interest data of the long-short speculators from the SCOT report. As the data of

the publicly available SCOT report refers to the previous Tuesday, but is published on Friday of the

following week, a trader receives a signal to enter and exit a commodity futures position only 8 trading

days later than the reference date of the open interest. The time lag of 8 trading days always represents

the initial period of a new sentiment period. As discussed in the section above, their log returns are

significantly different to zero which means that a trader generally misses both a favorable entry into and

a favorable exit from a commodity futures position. Our results let us to conclude that the beginning of a

sentiment period is a substantial stimulus that can have a sustainable impact on the subsequent price

development. We extend our findings in the way that long-short speculators have valuable, exclusive

information that cannot be exploited by the time delayed observation of their open futures positions. For

this reason, forecasting the price stimulus (i.e. the first period of a sentiment period after a contrary

sentiment-momentum period) seems to be particularly worthwhile in perspective.

*** Insert Table 4 about here ***

Finally, we further investigate how the time-lagged, publicly available sentiment-momentum-lagged

trading strategy and the non-lagged, exclusive sentiment-momentum trading strategy perform in com-

parison to the realized ex-post returns of the long-short speculators. Table 4 shows the cumulative and
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weekly mean returns in USD as well as the risk figures for all three strategies under the assumption that

only one futures contract is bought or sold per trade. For example, in case a trader observes from the

publicly available SCOT report that the long-short speculators were buying (selling) coffee futures long

contracts and selling (buying) coffee futures short contracts in aggregate, he would buy (sell) one coffee

futures long (short) contract. If he would have processed this strategy over the entire fifteen-year sample

period, he then would have realized a gross loss of 104,625.00 USD. In contrast, long-short speculators

who have the information at least for themselves more than a week earlier, can trade instantly and

would have made a gross profit of 657,787.50 USD in the same period. Surprisingly at first, however,

long-short speculators have achieved an ex-post return of 19,322.45 USD which is significantly lower

than the sentiment-momentum strategy. Table 4 confirms our previously discussed findings that the

returns of our sentiment-momentum trading strategy are positive and significantly different from zero

for all commodities. Furthermore, the time-lagged sentiment-momentum strategy generates a positive

return for only 41% of the commodities which are largely not significantly different from zero.

On the contrary, the realized ex-post returns of the long-short speculators are predominantly positive,

but only for soybeans and soybean oil they differ significantly from zero. At this point we meet up with

the complexity of long-short investment strategies in reality. While long-short speculators mostly enter

directional trades based on their information, they also partially hedge their directional positions with

futures contracts (see Bohl and Sulewski (2019)).3 Hedging strategies incorporate the opposite trading

of futures contracts which results in a lowered impact of the strategy since the net futures position is

lower than in the case of absence of hedging the position. This argument cannot be examined directly

because the CFTC’s SCOT report makes no distinction between hedging positions and directional trades.

However, the consistent lower standard deviations and maximum drawdowns for almost all commodities

in Table 4 show that the lowered net position as a consequence of the fund’s risk management and

hedging activities clearly reduces the risk of an investment strategy. We further hypothesize that the

ex-post net position of the long-short speculators is considerably less responsive than the net positions

of our modeled investment strategies, which change its directional bias within one week. Figure 1 in

Section 3.2 illustrates the dynamics of the ex-post net futures position exemplary for the corn futures

price. At the beginning of the longer long sentiment-momentum period from June to November 2020,

the long-short speculator’s net position is negative and only becomes positive as from October 2020,

when the price of corn futures has already developed significantly into a positive direction. This means

that a long-short speculator incurred a loss during the longest part of the sentiment-momentum period,

3Mellios et al. (2016) also argue that the convenience yield has an important impact on speculation and hedging positions in

commodity futures markets and the interaction among time-varying risk premia determines the magnitude and the sign of these

positions.
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although he has correctly forecasted the price development of the corn futures and has subsequently

reduced his negative net position by buying more long contracts than short contracts.

We therefore assume that some long-short speculators have informational advantages and change

their directional bias earlier than others. This hypothesis can only be presumed because the SCOT report

only allows us to obtain the aggregated open futures positions of all long-short speculators. Consequently,

we are not able to derive conclusions about any individual long-short asset manager’s trading activity.

We also consider that their investment strategies have a longer-term investment horizon, so that the

net futures positions are simply maintained for longer. Commodity investment strategies are commonly

based on fundamental, commodity-specific factors which have an effect on the commodities’ shorter-

and longer-term supply and demand like crop results, weather conditions or consumer price trends like

an increased demand of plant-based proteins (see also Keenan (2020)). In contrast to our algorithmic,

technically-oriented sentiment-momentum strategies, the majority of the commodity investment managers

follow an opportunistic approach which commonly has a longer-term investment horizon. Furthermore,

as most of the commodity investment funds are highly capitalized, a rapid directional change of the

fund’s net position is often associated with a disadvantageous market impact. An immediate buy or

sell of a significant volume of futures positions would therefore lead to market distortions, which would

have a potentially negative impact on the sustainable price development. However, the significant

differences between the non-lagged and lagged sentiment-momentum periods show that both trading

strategies require a timely trade execution which is usually technically not feasible for a largely capitalized

commodity investment fund. In summary, hedging requirements, information asymmetries, longer

investment horizons and negative market impact effects may explain the lower ex-post returns of the

long-short speculators compared to our modeled sentiment-momentum strategy.

5 Conclusion

Our paper tests the hypothesis that long-short speculators are able to generate short-term investment

returns based on their sentiment. We use the equidirectional trading activity of long-short speculators as

a proxy for their sentiment on twelve agricultural commodity futures. In the first step, we compare the

commodity futures returns in periods with a long or short sentiment with those of a neutral sentiment

to derive the sentiment’s relevance. As equidirectional trading can impact the commodity price itself,

we measure how the commodity price evolves directly after a long or short sentiment period. In case

the commodity price continues to develop in the direction of the sentiment period, we can reject the

argument of price manipulation and hypothesize that long-short speculators of agricultural commodities

have valuable information. Finally, we investigate whether the replication of a sentiment-based trading
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strategy can be profitably applied for a trader who is only able to retroactively derive the investment

manager’s sentiment.

We find that the log returns in long (short) sentiment periods are positive (negative) and significantly

different from zero for all commodities which is not the case for each neutral sentiment period. The

regular occurrence over the entire sample period shows the sentiment periods’ relevance. We also

find for all commodities and directions that the future prices continue to develop into the direction of

the sentiment period. As a consequence we can reject the argument of price manipulation as the

price moves further in the direction of the sentiment period although the long-short speculators have

partially oppositely directed open futures positions. We therefore suppose that long-short speculators

have valuable information which they use to exploit shorter-term price movements. Our results indicate

the existence of a short-term time-series momentum effect. Transferring the definition of time-series

momentum to our application, a sentiment period represents the formation period which is directly

followed by the momentum period (Moskowitz et al., 2012). As both the sentiment and momentum

periods are modeled dynamically on the basis of the long-short speculator’s futures positions, our results

do not require an external parameter which makes them robust to external market changes during

the sample period. Furthermore, we provide evidence that the valuable information of the long-short

speculators is exclusive which means that an external trader is not able to replicate the log returns of the

sentiment-momentum periods from the long-short speculators. Finally, we conclude that our modeled,

sentiment-based momentum strategy generates a significantly higher return in comparison to the realized

ex-post returns of the long-short speculators. The differences can be explained with the complexity of

the investment managers’ strategies such as hedging requirements, information asymmetries, longer

investment horizons and negative market impact effects.

We contribute to the empirical literature on speculation on commodity markets by studying speculative

price dynamics on the basis of investor sentiment. Contrary to numerous empirical studies which

concentrate on the speculative behavior of commodity index traders (in particular on the Master’s

hypothesis), we examine the equidirectional trading effects of long-short speculators. Since long-short

speculators aim to enter directional trades based on their information, their sentiment serves as an

observable proxy for the value of their information. Although our modeled sentiment strategy can only be

derived from the aggregated group of long-short speculators, our findings provide valuable information

for the risk management of individual investment managers to better asses commodity price dynamics.

Moreover, since we clearly reject the argument of manipulating commodity prices, we conclude that

long-short speculators ethical correctly invest in agricultural commodities, representing the most essential

food resources of our planet. As our modeled sentiment forms a valuable but not observable proxy for

the long-short speculators’ information, future research might also analyze its inner dynamics. Finally,
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we would suggest to concentrate more on the behavior of long-short speculators as they represent the

trader group of the CFTC reports that probably have the clearest investment intentions.
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Figures

Figure 1: Sentiment periods of long-short speculators

Note: The blue (red) outlined points mark the end of weekly long (short) sentiment periods in which long-short speculators increase their long

(short) corn futures positions and decrease their short (long) corn futures positions. The non-outlined points mark the end of weekly neutral

sentiment periods in which long-short speculators increase or decrease their long and short corn futures positions simultaneously. A blue (red)

non-outlined point means that the weekly period follows a recent long (short) sentiment period (sentiment momentum). All sentiment and

sentiment momentum periods are projected to the price time series of the corn’s front contract futures for the period from December 31, 2019 to

December 29, 2020. The dark grey line marks the long-short speculator’s net futures position in percent of its open interest. A net position of 1.0

(-1.0) means that the long-short speculator’s open interest is made up of long (short) positions only.
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Figure 2: Mean log returns of the various sentiment periods

Note: The solid lines mark the mean log return development for long (mid blue), short (dark blue) and neutral (light blue) sentiment periods while

the dotted lines represent the sentiment-momentum (coarse-dotted) as well as the lagged sentiment-momentum (fine-dotted) periods. All

sentiment periods are normalized to the length of 100 weeks.
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Tables

Table 1: Descriptive statistics

Commodity Mean Median SD Minimum Maximum Skewness Kurtosis No. obs. Long OI % Short OI % Sample Period

Wheat 0.00074 -0.00178 0.04492 -0.17625 0.16909 0.23481 0.82690 782 0.2132 0.1724 01/03/2006 - 12/29/2020

Corn 0.00096 0.00206 0.04228 -0.25553 0.23255 -0.19068 4.04113 782 0.1317 0.1113 01/03/2006 - 12/29/2020

Soybeans 0.00095 0.00196 0.03416 -0.20049 0.12031 -0.52429 2.54083 782 0.1423 0.1005 01/03/2006 - 12/29/2020

Soybean oil 0.00079 0.00054 0.03207 -0.11597 0.14310 0.03212 1.12830 782 0.1602 0.1433 01/03/2006 - 12/29/2020

Soybean meal 0.00015 -0.00100 0.03944 -0.29350 0.14666 -0.93769 8.46808 404 0.1607 0.1293 04/02/2013 - 12/29/2020

Cotton 0.00042 0.00044 0.04253 -0.28964 0.16153 -0.71166 5.63051 782 0.1923 0.1030 01/03/2006 - 12/29/2020

Cocoa 0.00062 0.00094 0.04017 -0.16719 0.16840 0.04935 1.25533 782 0.2144 0.1450 01/03/2006 - 12/29/2020

Sugar 0.00008 -0.00077 0.04774 -0.22989 0.15835 -0.08654 1.66787 782 0.1333 0.1091 01/03/2006 - 12/29/2020

Coffee 0.00018 -0.00043 0.04432 -0.14489 0.19934 0.23585 0.90913 782 0.1458 0.1575 01/03/2006 - 12/29/2020

Lean hogs 0.00005 0.00166 0.05437 -0.24099 0.23114 -0.22991 3.24713 782 0.1794 0.1260 01/03/2006 - 12/29/2020

Live cattle 0.00019 0.00158 0.02626 -0.14223 0.11666 -0.56224 3.27677 782 0.2043 0.1023 01/03/2006 - 12/29/2020

Feeder cattle 0.00026 0.00154 0.02418 -0.11783 0.13702 -0.06550 3.23120 782 0.2122 0.1660 01/03/2006 - 12/29/2020

Note: The table reports the mean, median, standard deviation (SD), minimum value, maximum value, skewness, kurtosis and the number of

observations (No. obs.) for the 1 week close price log changes of the 12 commodities. Long and short open interest (OI) % represent the

long-short speculator’s mean proportion of the total open interest, respectively.
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Table 2: Return, standard deviation and return difference of the individual sentiment periods

Mean return, statistical significance, no. observations Standard deviation Delta, statistical significance

Commodity Direction S SM SML S SM SML S-SM S-SML SM-SML

Wheat Long 0.03735 *** (111) 0.05647 *** (77) 0.01285 ns (77) 0.05727 0.0815 0.08213 -0.01912 * 0.03346 *** 0.05258 ***

Short -0.02607 *** (145) -0.04916 *** (78) -0.00527 ns (78) 0.04949 0.10983 0.10755 0.02309 ** -0.02604 *** -0.04913 ***

Neutral 0.00103 ns (179) - - 0.05724 - - - - -

Corn Long 0.04927 *** (132) 0.07262 *** (92) 0.00525 ns (92) 0.05774 0.10121 0.09493 -0.02335 ** 0.04667 *** 0.07002 ***

Short -0.03786 *** (152) -0.06547 *** (92) 0.00214 ns (91) 0.0585 0.09626 0.09625 0.02761 *** -0.04039 *** -0.068 ***

Neutral -0.00051 ns (178) - - 0.04701 - - - - -

Soybeans Long 0.0376 *** (146) 0.05868 *** (101) 0.00593 ns (101) 0.03587 0.06209 0.06783 -0.02108 *** 0.03639 *** 0.05747 ***

Short -0.03537 *** (149) -0.05197 *** (101) 0.00117 ns (101) 0.0413 0.0653 0.06142 0.0166 ** -0.03726 *** -0.05386 ***

Neutral 0.0024 ns (172) - - 0.0356 - - - - -

Soybean oil Long 0.03527 *** (145) 0.04543 *** (103) -0.00027 ns (103) 0.03735 0.04968 0.05502 -0.01015 * 0.03298 *** 0.04313 ***

Short -0.0301 *** (144) -0.04046 *** (103) 0.00584 ns (103) 0.04802 0.06714 0.06301 0.01036 ns -0.03145 *** -0.04181 ***

Neutral -0.00137 ns (179) - - 0.03278 - - - - -

Soybean meal Long 0.04659 *** (66) 0.05348 *** (50) 0.00723 ns (50) 0.07279 0.07962 0.06513 -0.0069 ns 0.03987 *** 0.04676 ***

Short -0.03494 *** (83) -0.05345 *** (51) -0.00742 ns (51) 0.04553 0.07737 0.09116 0.01852 * -0.03253 *** -0.05104 ***

Neutral -0.00264 ns (86) - - 0.02949 - - - - -

Cotton Long 0.04455 *** (136) 0.05438 *** (99) -0.00332 ns (99) 0.0501 0.09659 0.08389 -0.00983 ns 0.04866 *** 0.05849 ***

Short -0.03508 *** (143) -0.0517 *** (99) 0.00643 ns (99) 0.0425 0.0803 0.07876 0.01663 ** -0.03952 *** -0.05614 ***

Neutral -0.00444 ns (175) - - 0.05219 - - - - -

Cocoa Long 0.02814 *** (120) 0.03569 *** (68) -0.01309 ns (68) 0.04222 0.08235 0.06729 -0.00756 ns 0.03445 *** 0.04201 ***

Short -0.02974 *** (98) -0.02653 *** (67) 0.02187 *** (67) 0.04667 0.06258 0.05698 -0.00321 ns -0.03584 *** -0.03263 ***

Neutral 0.00059 ns (163) - - 0.06402 - - - - -

Sugar Long 0.04316 *** (151) 0.0634 *** (102) 0.00098 ns (102) 0.05662 0.10037 0.09275 -0.02024 ** 0.04775 *** 0.06799 ***

Short -0.04195 *** (150) -0.0636 *** (101) -0.00114 ns (101) 0.0573 0.08884 0.08637 0.02165 ** -0.03848 *** -0.06013 ***

Neutral -0.00114 ns (196) - - 0.04928 - - - - -

Coffee Long 0.05247 *** (133) 0.06451 *** (91) -0.01304 * (91) 0.05522 0.07642 0.07002 -0.01204 ns 0.05753 *** 0.06957 ***

Short -0.04601 *** (133) -0.06464 *** (91) 0.01276 * (91) 0.0455 0.07421 0.07193 0.01863 ** -0.04951 *** -0.06814 ***

Neutral -0.00415 ns (189) - - 0.04894 - - - - -

Lean hogs Long 0.03159 *** (119) 0.05428 *** (71) 0.01043 ns (71) 0.06298 0.12474 0.12089 -0.02268 * 0.02373 *** 0.04642 ***

Short -0.02578 *** (115) -0.0543 *** (71) -0.00961 ns (71) 0.06559 0.12615 0.11914 0.02852 ** -0.02477 *** -0.05329 ***

Neutral -0.0041 ns (187) - - 0.08075 - - - - -

Live cattle Long 0.01756 *** (125) 0.02323 *** (73) 0.00062 ns (73) 0.03424 0.05601 0.05509 -0.00567 ns 0.01815 *** 0.02382 ***

Short -0.00989 *** (123) -0.0209 *** (74) 0.00131 ns (74) 0.02707 0.06297 0.06858 0.01101 * -0.01188 *** -0.02288 ***

Neutral -0.00462 * (186) - - 0.03714 - - - - -

Feeder cattle Long 0.01618 *** (120) 0.02689 *** (72) 0.00313 ns (72) 0.02781 0.05267 0.05357 -0.0107 * 0.0148 *** 0.02551 ***

Short -0.01617 *** (119) -0.02426 *** (73) -0.00044 ns (73) 0.03007 0.05967 0.05407 0.00809 ns -0.01526 *** -0.02335 ***

Neutral 0.00093 ns (180) - - 0.03214 - - - - -

Note: The table shows the mean return, number of observations (in parentheses), standard deviation and the delta of the respective mean returns

for the individual long and short sentiment periods (S), sentiment-momentum periods (SM) and sentiment-momentum-lagged periods (SML) as

well as for the neutral sentiment periods. The statistical significance of the mean return indicates whether the sample mean return is equal to zero.

The delta statistical significance shows the result of a t-test that calculates whether two given sentiment periods have identical mean returns. The

asterisks represent the level of significance, where ***, **, * indicates that the test statistic is significant at the 1%, 5% and 10% level, respectively,

while ns means that the test statistic is not significant.
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Table 3: Return, standard deviation and maximum drawdown of the total sentiment periods

Cumulated return Standard deviation Maximum drawdown

Commodity Direction S SM SML S SM SML S SM SML

Wheat Long 4.14605 4.34817 0.98931 1.08888 1.1052 0.26553 -0.12501 -0.2672 -0.52407

Short -3.78035 -3.83446 -0.41118 1.14407 1.18922 0.31231 0.25093 0.42978 0.6463

Neutral 0.18437 - - 0.15342 - - -0.66118 - -

Corn Long 6.50356 6.68114 0.48324 1.80895 1.9552 0.28177 -0.08228 -0.17419 -0.89617

Short -5.75503 -6.02326 0.19515 1.71683 1.86748 0.18842 0.09757 0.21324 0.7575

Neutral -0.09065 - - 0.1641 - - -0.81193 - -

Soybeans Long 5.48935 5.92633 0.59872 1.57866 1.70084 0.15791 -0.06138 -0.18671 -0.40045

Short -5.27016 -5.24908 0.118 1.65658 1.70042 0.16645 0.11337 0.20105 0.64316

Neutral 0.41303 - - 0.19216 - - -0.34355 - -

Soybean oil Long 5.11477 4.67892 -0.02759 1.3529 1.35252 0.23246 -0.10235 -0.19175 -0.92002

Short -4.33451 -4.16775 0.60134 1.41046 1.3312 0.14099 0.19556 0.24418 0.62346

Neutral -0.2456 - - 0.15365 - - -0.75641 - -

Soybean meal Long 3.07471 2.67409 0.3617 0.90892 0.78212 0.18751 -0.15087 -0.14988 -0.44124

Short -2.89971 -2.72616 -0.37855 0.85307 0.83081 0.28573 0.11903 0.18613 0.49384

Neutral -0.22707 - - 0.1313 - - -0.4313 - -

Cotton Long 6.05841 5.38333 -0.32908 1.77716 1.58308 0.23222 -0.17411 -0.46065 -1.01479

Short -5.01603 -5.11863 0.6364 1.46042 1.49142 0.29507 0.12592 0.19562 1.14167

Neutral -0.77768 - - 0.2742 - - -0.94745 - -

Cocoa Long 3.37648 2.42718 -0.89002 0.87412 0.59266 0.37661 -0.08937 -0.32309 -1.33611

Short -2.91472 -1.77766 1.46522 0.79808 0.53297 0.4662 0.14675 0.61146 1.64155

Neutral 0.09582 - - 0.25224 - - -0.97099 - -

Sugar Long 6.51688 6.46687 0.09983 2.00891 1.93346 0.30096 -0.10799 -0.29143 -1.26826

Short -6.29209 -6.42348 -0.11501 1.93515 1.88949 0.13232 0.23946 0.28097 0.60831

Neutral -0.22267 - - 0.13393 - - -0.58291 - -

Coffee Long 6.97868 5.87025 -1.18621 2.05153 1.79562 0.46372 -0.08503 -0.21633 -1.6672

Short -6.11942 -5.88229 1.16156 1.89315 1.80452 0.37058 0.11445 0.19825 1.3729

Neutral -0.78391 - - 0.1649 - - -0.87943 - -

Lean hogs Long 3.7598 3.85371 0.74056 0.96091 1.15707 0.29398 -0.29 -0.57632 -0.54697

Short -2.96518 -3.85526 -0.682 0.93611 1.17029 0.36888 0.26666 0.42946 0.62184

Neutral -0.76716 - - 0.28306 - - -1.30691 - -

Live cattle Long 2.19504 1.6956 0.0455 0.63837 0.52323 0.09318 -0.17445 -0.19036 -0.45361

Short -1.21638 -1.54641 0.09689 0.30357 0.46413 0.21404 0.12859 0.21224 0.85283

Neutral -0.85919 - - 0.34847 - - -1.04077 - -

Feeder cattle Long 1.94201 1.93593 0.22515 0.57368 0.56944 0.15102 -0.13523 -0.20439 -0.3933

Short -1.92441 -1.77117 -0.03248 0.55075 0.48405 0.11451 0.10456 0.33222 0.55562

Neutral 0.168 - - 0.11099 - - -0.37405 - -

Note: The table shows the cumulated return, standard deviation and maximum drawdown for the total long and short sentiment periods (S),

sentiment-momentum periods (SM) and sentiment-momentum-lagged periods (SML) as well as for the neutral sentiment periods.
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Table 4: Ex-post long-short speculator and sentiment strategy returns

Commodity Strategy Cumulated return Mean return, statistical significance Standard deviation Maximum drawdown

Cocoa ex-post -1,250.60 -1.43387 ns 355.97 -9,282.55

Coffee ex-post 19,322.45 23.4142 ns 1,080.04 -26,431.10

Corn ex-post 14,649.42 18.76304 ns 406.58 -8,419.71

Cotton ex-post 39,934.16 51.14501 ns 1,197.49 -32,967.00

Soybean meal ex-post 2,790.48 6.99488 ns 444.37 -8,889.60

Soybean oil ex-post 22,802.47 28.98189 *** 271.82 -2,572.84

Soybeans ex-post 51,518.11 66.26471 ** 942.20 -15,574.81

Sugar ex-post 12,195.53 15.1218 ns 645.50 -12,035.98

Wheat ex-post 15,532.32 20.82319 ns 730.33 -17,367.30

Feeder cattle ex-post 24,409.29 31.45627 ns 610.22 -6,796.18

Lean hogs ex-post -11,260.64 -14.2137 ns 604.83 -20,469.20

Live cattle ex-post 18,938.92 24.19006 ns 520.24 -9,465.57

Cocoa sentiment-momentum 108,630.00 138.91304 *** 1,003.84 -16,420.00

Coffee sentiment-momentum 657,787.50 841.16049 *** 2,370.14 -29,437.50

Corn sentiment-momentum 283,200.00 362.14834 *** 934.66 -4,275.00

Cotton sentiment-momentum 388,835.00 497.23146 *** 1,872.20 -20,160.00

Soybean meal sentiment-momentum 191,260.00 473.41584 *** 1,417.97 -14,400.00

Soybean oil sentiment-momentum 205,860.00 263.24808 *** 752.40 -5,586.00

Soybeans sentiment-momentum 592,362.50 757.4968 *** 1,797.58 -16,975.00

Sugar sentiment-momentum 246,915.20 315.74834 *** 943.23 -5,958.40

Wheat sentiment-momentum 251,987.50 322.23465 *** 1,377.37 -11,550.00

Feeder cattle sentiment-momentum 243,592.50 311.49936 *** 1,679.89 -46,775.00

Lean hogs sentiment-momentum 239,030.00 305.66496 *** 1,516.52 -15,210.00

Live cattle sentiment-momentum 143,352.00 183.31458 *** 1,168.43 -14,260.00

Cocoa sentiment-momentum-lagged -59,120.00 -75.60102 ** 1,010.55 -66,040.00

Coffee sentiment-momentum-lagged -104,625.00 -133.79156 ns 2,507.68 -128,756.25

Corn sentiment-momentum-lagged 14,837.50 18.97379 ns 1,002.20 -23,425.00

Cotton sentiment-momentum-lagged -28,580.00 -36.54731 ns 1,936.83 -63,650.00

Soybean meal sentiment-momentum-lagged 32,300.00 79.9505 ns 1,494.31 -21,980.00

Soybean oil sentiment-momentum-lagged -7,740.00 -9.8977 ns 796.89 -28,890.00

Soybeans sentiment-momentum-lagged 25,287.50 32.33696 ns 1,950.55 -51,300.00

Sugar sentiment-momentum-lagged 9,396.80 12.01637 ns 994.37 -29,489.60

Wheat sentiment-momentum-lagged 57,275.00 73.24169 ns 1,412.69 -21,487.50

Feeder cattle sentiment-momentum-lagged 13,812.50 17.66304 ns 1,708.32 -48,047.50

Lean hogs sentiment-momentum-lagged 43,872.00 56.1023 ns 1,545.89 -27,382.00

Live cattle sentiment-momentum-lagged -4,348.00 -5.5601 ns 1,182.91 -52,848.00

Note: The table shows the cumulated return, mean return, standard deviation and maximum drawdown of the ex-post long-short speculator’s

futures trading as well as the sentiment-momentum and sentiment-momentum-lagged strategy in US-dollar for the period from January 3, 2006 to

December 29, 2020. The ex-post long-short speculator return is calculated as the futures return of all long-short speculator’s long and short

futures positions divided by the open interest in order to approximate the total investment result on the basis of one futures contract. In the same

way, the strategies’ return time series are also simulated with the trading of one long or short futures contract. The statistical significance of the

mean return indicates whether the sample mean return is equal to zero. The asterisks represent the level of significance, where ***, **, * indicates

that the test statistic is significant at the 1%, 5% and 10% level, respectively, while ns means that the test statistic is not significant.
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