
 

 

 

 

Momentum Investing in Commodity Futures 

 

 

 

John Hua Fan 

BFin (Honours), BCom. Griff 

 

 

Department of Accounting, Finance and Economics 

Griffith Business School 

Griffith University 

 

 

 

Submitted in fulfilment of the requirements of the degree of  

Doctor of Philosophy 

In the field of Finance 

 

 

 

January 2014 



i 

 

Abstract 

Momentum, the tendency of recent winner stocks to continue to rise and recent 

loser stocks to continue to fall, is one of the most puzzling asset pricing anomalies in 

modern finance. The recent boom in commodity futures investments has sparked 

renewed interest from both academia and industry in momentum investment strategies. 

This thesis proposes and examines the performance of three novel momentum-based 

active investment strategies in commodity futures. Conventional momentum strategies 

rely on 12 months of past returns for the formation of investment portfolios. First, this 

thesis proposes a more granular strategy termed ‗microscopic momentum‘, which 

decomposes conventional momentum into single-month momentum components. The 

novel decomposition reveals that a microscopic momentum strategy generates 

persistent economic profits even after controlling for sector-specific or month-of-year 

commodity seasonality effects. Furthermore, we find that all 12 months of past returns 

play an important role in determining the conventional momentum profits. 

Second, for the first time in the literature, we document a consistent reversal 

pattern in commodity momentum profits. Combining the observed reversal pattern 

with the momentum signal, the strategy in the second study significantly outperforms 

conventional strategies. The profitability of the proposed strategy cannot be explained 

by standard asset pricing risk factors, market volatility, investors‘ sentiment, data-

mining or transaction costs, but appears to be related to global funding liquidity. 

Furthermore, the proposed investment strategy in commodity futures may be employed 

as a portfolio diversification tool. 

Third and finally, we examine the performance of the 52-week high momentum 

strategy, constructed using the nearness to the 52-week high. The findings suggest that 

the 52-week high momentum is a better predictor of returns than conventional 

momentum in commodity futures. Unlike the stock market, we show that 52-week 

high momentum profits do reverse in post-formation. The findings suggest that 

conventional momentum profits can be largely explained by investors‘ anchoring 

behaviour around the 52-week high and low price levels. Furthermore, we show that 

global funding liquidity plays a significant role in understanding the 52-week high 

momentum profits in commodity futures.  
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Chapter 1   Introduction 

1.1    Overview and Rationale 

Momentum, the tendency of recent winner stocks to continue to rise and recent loser 

stocks to continue to fall, is one of the most puzzling asset pricing anomalies in 

modern finance. Momentum investment strategies that buy recent winning stocks and 

short sell recent losing stocks generate statistically and economically significant profits 

even after controlling for systematic risks. Since the seminal work of Jegadeesh and 

Titman (1993), the momentum literature has grown tremendously.
1
 An extensive body 

of literature has attempted to explain the source of momentum. Theoretical and 

empirical, studies provide two separate explanations for momentum: rational and 

behavioural. Rational explanations attempt to relate momentum to different forms of 

risks whereas behavioural studies attribute momentum to investors‘ psychological bias 

and cognitive factors. However, the failure of risk-based factors to explain momentum 

has led the literature to lean towards several behavioural-based theories. Despite a 

large number of studies, the literature has not yet settled on a universally accepted 

rationale for momentum. 

In addition to the stock market, studies have also found that momentum exists in 

other asset classes such as bonds, currencies, commodities and real estate. The vast 

majority of momentum studies in the literature focus exclusively on the stock market, 

with limited attention devoted towards other asset classes. This is not surprising given 

that the momentum literature originated from the U.S. stock market. However, the 

paucity of research presents a major limitation in our understanding of momentum in 

these other markets. This thesis seeks to contribute to this literature by examining 

momentum extensively in commodity futures. There are three compelling reasons 

which motivate the selection of commodity futures as the investment universe for 

momentum strategies in this thesis. 

                                                 
1
 As at the time of writing this thesis, Google scholar returned 240,000 search results for the key words 

―markets momentum‖. 
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First, the transaction costs in futures markets are advantageous for the 

implementation of momentum strategies. As shown in Locke and Venkatesh (1997), 

transaction costs in futures markets ranges from 0.0004% to 0.033% per trade, which 

are significantly lower than the 2.3% per trade estimated in Lesmond Schil and Zhou 

(2004) and Korajczyk and Sadka (2004) in the equities market. Furthermore, as 

momentum strategies involve both buying and short selling of stocks, short-selling 

restrictions in the equities market are likely to cause problems when implementing 

momentum trades. However, this is unlikely to be an issue in commodity futures 

because constructing a short position in the futures market is as simple as taking a long 

position. Last but not least, momentum strategies in the equities market often involves 

transactions of a large number of stocks across the entire market (or a segment of the 

market) which puts pressure on the profitability of momentum trades. Compared to 

stocks, the cross-sectional size of commodity markets is miniscule (typically 25-35 

commodities), thus the trading intensity necessary for commodity momentum 

strategies is significantly reduced. 

Second, the recent boom in commodity-related investments has seen the renewed 

interest from academia and practitioners in commodity futures. According to a 

Barclays Capital survey of 250 institutional investors, commodity related institutional 

investments have grown from less than $20 billion to more than $250 billion from 

2003 to 2010 (www.barcap.com/about-barclays-capital/press-office). Investors not 

only allocate capital to commodities for the long term; studies by Fung and Hsieh 

(2001) and Spurgin (1999) show that alternative investment managers employ 

momentum and trend-following strategies. As a result, actively managed commodity 

funds have also experienced large capital inflows. For instance, AUM (assets under 

management) for managed futures has grown from $45 billion to $334 billion in the 

period of 2002 to 2012 (www.barclayhedge.com). Nevertheless, the commodities 

momentum literature is relatively recent as the first rigorous examination of 

momentum strategies did not appear until Erb and Harvey (2006). The lack of 

empirical research presents a major limitation in our understanding of momentum 

effects in commodity futures. 
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Third, although commodity investments have become increasingly important due 

to their portfolio diversification benefits, recent studies have shown that this 

diversification benefit has weakened. Following the ‗technology bubble‘ in 2000 and 

the ‗subprime crisis‘ in 2008-2009, the stock market has experienced extreme volatility, 

creating enormous losses for investors during these periods (Jensen and Mercer, 2011). 

Consequently, investors are forced to seek portfolio diversification from alternative 

asset classes (Conover, Jensen, Johnson and Mercer, 2010). Commodities are thought 

to be one of the most promising investment candidates due to its unique return 

dynamics compared to stocks (Bodie and Rosansky, 1980; Gorton and Rouwenhorst, 

2006). However, recent studies have found that commodity diversification benefits 

have weakened. Silvennoinen and Thorp (2013) find increasing integration between 

commodities and financial markets due to the increase in commodity index investment 

during the 2008 Global Financial Crisis (GFC). Tang and Xiong (2012) find that the 

correlations between different commodities have increased significantly since 2004. 

These findings suggest that the diversification benefits of passive long-only 

commodity investments have become increasingly less-effective. However, this 

provides convincing motivation to study long-short active investment strategies (such 

as momentum), which promise to offer unique commodity exposures, that may deliver 

much needed protection during extreme market events. The research in this thesis 

seeks to examine the risk and return characteristics of long-short commodity futures 

using the concept of momentum (and its various forms). 

1.2    Key Research Questions 

To better understand the dynamics of commodities momentum, this thesis proposes to 

investigate the performance of several novel momentum strategies in commodity 

futures. The key research questions posed in this thesis are outlined as follows: 

Research Question 1: Do past returns from any particular month play a more 

important role than other months (in a 12-month ranking period) in determining 

commodity momentum profits? 
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The conventional momentum strategy of Jegadeesh and Titman (1993) relies on 

the entire 12 months of past returns for portfolio construction.
2
 Recently, Novy-Marx 

(2012) reveals that, intermediate returns (12 to 7 months prior to portfolio formation) 

are a more superior future performance indicator compared to recent returns (6 to 2 

months prior to formation).
3
 As a result, Novy-Marx (2012) argues that momentum is 

not a tendency of continuation, but instead, it behaves more like an echo effect.
4
 In this 

thesis, we propose a third group of momentum termed ‗microscopic momentum‘, 

which further decomposes the recent (6 to 2 months) and intermediate (12 to 7 months) 

momentum into 12 individual single-month components. As a consequence of the 

decomposition, we are able to examine commodity momentum profits on a month-by-

month, microscopic scale. For the first time, this novel approach not only reveals a 

striking new discovery of a momentum based anomaly, but also allows us to pinpoint 

whether specific months in the past play a more significant role in determining 

conventional and echo momentum profits. Microscopic momentum analysis offers 

fresh insights into the understanding of momentum in the commodity futures markets.  

Research Question 2: Do commodity momentum profits reverse over the long 

term? Can this reversal signal improve conventional momentum investment strategies? 

Jegadeesh and Titman (2001) conclude that stock momentum profits reverse 

over the long term (3 to 5 years) after portfolio formation. Shen, Szakmary and Sharma 

(2007) also show similar findings despite their analysis focusing only on one ranking 

period (2-month) and the first 30 months of the standard 60-month post-formation 

period. This thesis extensively examines the reversal pattern of momentum in 

commodity futures. For the first time in the commodities literature, we document a 

consistent reversal pattern of momentum profits from 12 to 30 months after portfolio 

formation. Furthermore, the thesis shows that by jointly combining the observed 

                                                 
2
 Conventional momentum strategy sorts stocks into decile portfolios based on their 12-month past 

returns. A momentum portfolio is formed by taking positions in winner stocks and short positions in 

loser stocks. 
3
 Novy-Marx (2012) defines intermediate return as the return from the past 12 to seven months, denoted 

as the 12,7 strategy. The term recent return represents returns six to two months prior, denoted as the 6,2 

strategy. 
4
 Novy-Marx (2012) reports that this finding holds not only in equities but also for commodities, 

currencies and other alternative investments. 
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reversal effects and the momentum signal, the novel momentum/reversal trading 

strategy significantly outperforms conventional momentum strategies. The profitability 

of the double-sort strategy cannot be explained by standard asset pricing factors, 

market volatility, investors‘ sentiment, data-mining, transaction costs or commodities 

seasonality, but appears to be related to global funding liquidity. 

Research Question 3: Do commodity investors exhibit behavioural bias around 

the 52-week high and 52-week low price levels? 

George and Hwang (2004) believe that U.S. stock investors use the 52-week 

high as a reference/anchoring point against which they evaluate the potential impact of 

news. George and Hwang (2004) find that momentum strategies constructed using the 

52-week high (but not the 52-week low) stock prices generate higher abnormal profits 

than conventional momentum strategies and conclude that the 52-week high is a better 

predictor of future performance. This thesis examines the performance of the 52-week 

high and the 52-week low momentum strategy in commodity futures. In addition to the 

52-week high, we find that commodity investors also exhibit anchoring bias around the 

52-week low levels since both strategies generate statistically significant profits. 

Furthermore, consistent with the predictions of the recently proposed Adaptive Market 

Hypothesis of Lo (2004, 2012), we document a significant declining trend in the 

momentum profits of the 52-week high strategy. 

1.3    Research Contribution and Thesis Structure 

The three empirical studies in this thesis make several contributions to the momentum 

and commodity futures literature. The key contributions are discussed separately. 

The first empirical study proposes the use of the microscopic momentum 

strategy. This study makes three major contributions to the literature. First, the ‗11,10 

microscopic momentum strategy‘ in commodity futures (constructed using the 11 to 

10-month return prior to formation), produces an annualised average return of 14.74% 

with strong statistical significance. The superiority of the 11,10 strategy is not driven 

by sector-specific nor month-of-year commodity seasonality effects and is robust 

across sub-periods and out-of-sample analysis. The second contribution of the 
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microscopic momentum analysis shows that, the superior performance of intermediate 

momentum claimed by Novy-Marx (2012) may be an illusion created by the 11,10 

microscopic momentum. This implies that for tactical asset allocation decisions, CTAs 

and commodity fund managers must not consider intermediate momentum as a viable 

substitute for conventional momentum strategies. Instead, the 11,10 microscopic 

strategy may be a feasible alternative as it offers similar magnitude but unique 

dynamics of returns to the conventional momentum strategy. The third and final 

contribution of the microscopic momentum analysis shows that around 77% of the 

variation of returns in the JT conventional momentum strategy can be explained by its 

microscopic decomposition. However, since no dominance is found on any individual 

month (in terms of explanatory power), the findings reveal that all past months are 

important in determining conventional commodity momentum profits.  

The second empirical study examines investment reversal effects and its 

usefulness in improving conventional momentum strategies. This study makes three 

major contributions to the literature. First, the extensive post-holding analysis reveals 

that commodity momentum profits consistently reverse after portfolio formation. The 

findings imply that commodity momentum may be better explained in behavioural 

terms, but the market correction for overreaction (reversal) in commodity futures is 

more rapid than in the equities market. Second, we document that systematically and 

tactically allocating wealth towards medium-term winner but long-term loser 

commodities and medium-term loser but long-term winner commodities generates 

economically and statistically significant profits, substantially outperforming the 

conventional momentum strategies on a risk-adjusted basis. Furthermore, the low 

correlations between returns from the double-sort strategies and those of traditional 

investments (stocks, bonds and currencies) suggest that the proposed strategy can be 

employed to enhance returns and reduce overall risks of traditional investments. Last 

but not least, we demonstrate that global funding liquidity risk plays a vital role when 

momentum and reversal are being considered in a unified framework. A 

decomposition of returns reveals that the interactions between momentum and reversal 

may be driven by a link in global liquidity. 
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The third empirical study examines the performance of the 52-week high and 

low momentum strategies. This study makes four major contributions to the literature. 

First, consistent with the prediction of Grinblatt and Han (2002), we find that 

commodity investors exhibit anchoring biases around both the 52-week high and the 

52-week low price levels.
5
 Since George and Hwang (2004) do not find anchoring 

behaviour around the 52-week low in U.S. stocks, our findings suggest that the 

investors‘ behaviour around the 52-week low may be different between stocks and 

commodity futures.
6
 Second, a series of comparative analyses suggest that the 52-week 

high momentum is a better predictor of future performance than the conventional and 

the 52-week low momentum in commodity futures. Furthermore, we argue that 

conventional momentum can be largely explained by the anchoring behaviour of 

investors around the 52-week high and the 52-week low of commodity prices. Third, 

in an attempt to link the probability of the 52-week high and 52-low momentum 

strategies to common risk factors, we find that global funding liquidity again plays a 

significant role in the process. Despite a low R
2
, the profits of the 52-week high 

momentum strategy can be subsumed by the TED spread. This finding implies that 

global funding liquidity is an important component of the term structure of the 52-

week high momentum. Fourth, consistent with the predictions of the adaptive market 

hypothesis (AMH), the sub-period analysis reveals a significant declining trend in the 

52-week high momentum profits. Proposed by Lo (2004), the AMH argues that the 

irrational behaviour of market agents (anchoring, heuristics, underreaction and etc.) 

continue to exist, because agents must adjust their behaviours in order to ‗survive‘ in a 

market environment that is rapidly evolving. 

All three empirical studies in this thesis are related to another strand of literature. 

The apparent profitability of the proposed investment strategies presents challenges to 

                                                 
5
 Grinblatt and Han (2002) argue that investors are subject to a disposition effect which causes the 

aversion to sell shares that result in the recognition of losses. They predict that the anchoring behaviour 

(whereby the acquisition price acts as an anchor) leads to momentum effects for stocks whose prices are 

at or near not only long-run highs but long-run lows. 
6
 George and Hwang (2004) attribute the absence of 52-week low momentum to a tax distortion effect. 

They state that locked-in capital gains decrease investors‘ willingness to sell a stock. Thus, prices of 

stocks that are winners relative to the 52-week low tend to be above their fundamental values. When the 

mispricing is corrected, the reversal may offset any momentum generated by the 52-week low. Another 

reason that may be used to explain the different results for the 52-week low is the fact that short-selling 

is difficult in the U.S. stocks market, whereas it is relatively easy to short-sell commodity futures. 
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the random walk hypothesis, which asserts that past price movements do not predict 

any future directions in price. Stevenson and Bear (1970), Cargill and Rausser (1975), 

Leuthold (1972) and Cochrane (1999) demonstrate that commodity futures prices do 

not follow random walks, and that profitable trading rules may be applied to exploit 

predictable patterns in prices. Our findings complement this literature by showing that 

profitable trading strategies can be developed using past commodity prices. While the 

random walk hypothesis is clearly rejected, the findings do not suggest the rejection of 

the more complex efficient market hypothesis (Fama, 1970). Since the profitability of 

the proposed strategy is unrelated to standard asset pricing factors, market volatility 

and sentiment, one may rush to conclude that commodities momentum profits are 

purely a behavioural phenomenon. However, an immediate rejection of a rational, risk-

based explanation of commodities momentum is rather premature, given that we 

cannot rule out the existence of an alternative risk-based framework that can be used to 

explain the findings. For example, in the third empirical study (Chapter 5), even 

though momentum portfolios are constructed using proxies of investors‘ behavioural 

bias, the seemingly unexplainable profits are shown to be (at least partially) related to 

the global funding liquidity risk, a well-established risk factor. Thus, reinforcing the 

literature on rational asset pricing, the search for a rational-based explanation of 

commodities momentum is expected to continue. 

The reminder of the thesis is structured as follows. Chapter 2 presents an 

extensive literature review. Chapter 3 details the first empirical study on microscopic 

momentum. Chapter 4 is the second empirical study which focuses on the double-sort 

momentum strategy that combines the momentum and the reversal signal. Chapter 5 

presents the third and the final empirical Chapter, in which 52-week high and low 

momentum strategies are investigated. Chapter 6 concludes the thesis along with 

discussions on avenues for future research. 
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Chapter 2   Literature Review 

2.1    Introduction 

To answer the research questions posed in this thesis, a thorough review of the relevant 

literature is essential. This Chapter is divided into four main sections. Section 2 

reviews the rational asset pricing literature. Sections 3 and 4 discuss the evolution of 

the momentum and reversal literature, respectively. Section 5 focuses on the 

commodity futures literature. 

It is important to review the asset pricing literature first because asset pricing 

theory offers a framework whereby assets should behave according to their expected 

level of risks. Under a rational, efficient capital market, momentum profits to investors 

ought to be explained by bearing systematic risks. However, the search for such a risk 

premia in momentum profits remains an ongoing task in the literature. Furthermore, 

commodity futures are different from stock markets in a number of ways. It is crucial 

to gain an understanding of the behaviour of these two markets in order to understand 

momentum investment strategies in commodity futures. 

2.2    Asset Pricing 

This thesis employs a number of asset pricing risk factors to investigate the risk and 

return of active investment strategies in commodity futures. The mainstream asset 

pricing literature rests on the belief that markets are informationally efficient. If assets 

do not obey the behaviour of an asset pricing model, one may decide that the model 

needs improvement since it does not accurately represent empirical returns. 

Alternatively, one may take the view that the model is correct and hence, that the asset 

assets are mis-priced, which therefore represents profit generating opportunities for 

investors. Since the asset pricing literature originated from the stock market, a review 

of this literature provides important insights in understanding the behaviour of 

commodity futures returns. This section reviews the evolution of the asset pricing 

literature starting with the Efficient Market Hypothesis. 
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2.2.1    Efficient Market Hypothesis 

The Fama (1970) Efficient Market Hypothesis (EMH) has long become a cornerstone 

in the finance literature, and has transformed the view of capital markets in general. 

The EMH provides the theoretical construct against which the ideas in this thesis can 

be tested. EMH suggests that security prices adjust rapidly to the arrival of new 

information. Therefore, current prices reflect all available information about a security. 

If markets are informationally efficient, the equilibrium value of securities should be 

consistent with available information on these securities, thus no participants can profit 

from currently available information. Moreover, stock prices adjust to the anticipation 

of future events. When new information arrives, it forces the market to revise its 

expectations of future outcomes. Furthermore, price changes should be random and no 

trends can be observed by studying price and return information.  

By relating the security prices and available information, Fama (1970) formalises 

the Efficient Market Hypothesis.
7
 The EMH rests on the following key assumptions. 

First, there needs to be a large number of competing profit-maximising market 

participants who analyse and value securities independently from one another. Second, 

new information arrives randomly in the market. Third, investors adjust prices rapidly 

and rationally to reflect information due to competitive markets. Based on different 

categories of information, EMH classifies efficiency into three categories: the weak 

form, semi-strong form and the strong form of market efficiency. The weak form EMH 

states that information contained in the historical prices of a security is reflected in the 

current market price. The semi-strong form states that the current market price of a 

security reflects all publicly available information which includes past information. 

According to the strong form of the EMH, the market price should reflect all available 

public and private information. 

As the information is already reflected in the price, the EMH implies that no 

individual or institution can consistently generate abnormal returns from technical and 

fundamental analysis unless there is private information (i.e. insider information or 

                                                 
7
 Professor Eugene Fama was awarded the Nobel Memorial Prize in Economic Sciences in 2013 (jointly 

with Robert Shiller and Lars Peter Hansen) for his work on efficient markets. 



11 

 

superior analytical knowledge) uncovered. Nevertheless, Jegadeesh and Titman (1993) 

document statistically and economically significant profits generated by buying recent 

winner and short selling recent loser stocks. According to the EMH, the abnormal 

return documented in Jegadeesh and Titman (1993) should not be obtained unless the 

strategy is bearing systematic risks.
 
 

Since EMH restricts the possibility of abnormal risk-adjusted returns on a 

consistent basis, Fama (1970) points out that studies of market efficiency must be 

tested in the context of a model of expected returns. The rationale is straightforward. 

The EMH leaves little room for ‗abnormal risk-adjusted profits‘, yet by no means 

restricts ‗normal risk-adjusted profits‘ to be made. In an efficient capital market, asset 

pricing theories establish the inherent link between risk and return. Thus, to achieve a 

higher level of return, one must expect to take on a higher level of risk accordingly. 

Hence, the momentum profits documented by Jegadeesh and Titman (1993) can be 

achieved in an efficient capital market by also taking on ‗abnormally high‘ levels of 

risk. Therefore, to test whether prices are rational, one must understand the 

relationship between expected risk and return of the security, or how an asset price is 

related to its level of risk.
8
  

The EMH is influential in many ways. It has transformed our view of capital 

markets, and has brought enormous changes to the investment management industry. 

The EMH has led to the development and popularisation of low-cost, diversified and 

passively managed investment products. The contribution of the EMH to the finance 

discipline is unquestionably important.  

The EMH also serves as a foundation for which this thesis is built upon. 

Although the EMH predicts that no investors can consistently beat the market using a 

common investment strategy, it does not imply that prices cannot deviate from true 

value, and no investor will beat the market in any time period. More importantly, as 

this thesis seeks to develop long-short active investment strategies in commodity 

futures, excess returns can be obtained in an efficient market given that returns of these 

                                                 
8
 The research conducted in this thesis shows that profitable commodity trading strategies can be 

formulated using historical commodity prices. These trading profits can be partially explained by 

bearing systematic risks. 
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strategies are consistent with their risks over the long term. Therefore, the following 

section continues the literature review with a brief survey of asset pricing theories, 

which formally links risks and returns of investments. 

2.2.2    The Capital Asset Pricing Model 

Based on the Nobel Prize winning work of modern portfolio theory (MPT) by 

Markowitz (1952), the seminal contributions of Sharpe (1964), Lintner (1965) and 

Mossin (1966) officially developed the Capital Asset Pricing Model (CAPM). By 

allowing investors to evaluate the risk and return trade-off for both diversified 

portfolios and individual securities, the CAPM re-defines risk from total volatility to 

the nondiversifiable portion of the total volatility which is referred to as systematic risk 

which is captured by the beta coefficient. The beta coefficient measures the systematic 

risk level of a security compared to the market portfolio. At equilibrium, each asset 

will lie on the Security Market Line (SML) due to arbitrage conditions, since the only 

risk that is priced in the market is the systematic risk or beta. Therefore, the portfolio 

betas are simply the sum of the individual asset betas in the portfolios. Any security 

with an estimated return that plots above the SML is considered undervalued as it 

implies that the return estimated by the investor is above the return required based on 

its systematic risk beta. In contrast, an expected return of a security below the SML is 

considered overvalued as it implies that the return estimated by the investor is below 

the expected return suggested by its systematic risk.
9
  

The CAPM has been tested extensively in the empirical context. A number of 

studies have examined the stability of beta and concluded that the risk measure was not 

stable for individual stocks but quite stable for portfolios and stocks (Alexander and 

Chervany, 1980, Levy, 1971 and Blume, 1975). Furthermore, since the ultimate 

function of the CAPM is to explain the return on risky assets, studies including Sharpe 

                                                 
9
 This contention has direct implications for this thesis. If markets are perfectly efficient, all assets will 

provide returns that equate to their levels of systematic risk. Alternatively, a market that is fairly 

efficient but not perfectly efficient may be mispriced, because not every investor will be aware of all the 

relevant information of an asset. This important implication has left room for the study of momentum 

investment strategies in commodity futures. Subsequent sections of this Chapter will show that asset 

pricing models such as the CAPM and the Fama and French (1993) three-factor model are used 

extensively in the commodities literature in an attempt ot explain the variation of commodity futures 

returns. 
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and Cooper (1972) and Fama and MacBeth (1973) have tested the relationship 

between systematic risk and asset returns. These studies have found a positive linear 

relationship between return and risk. Black, Jensen and Scholes (1972) also studied the 

risk and return of stock portfolios and found a positive linear relationship between 

excess return and portfolio beta based on monthly observations but the intercept was 

higher than the expected zero value. The evidence of the intercept not being the risk-

free rate implies that the assumption of the risk-free asset and the ability to borrow or 

lend freely at this rate may not be practical. Furthermore, Miller (1977) found that low 

beta securities earn more than is predicted by the CAPM while high beta securities 

earn lower returns than predicted by the CAPM. 

Beyond the test of the original model, there are a number of studies that have 

included other variables (betas) in addition to the market beta. Basu (1977) found low 

P/E stocks have higher rates of return than predicted by the CAPM. Banz (1981) and 

Reinganum (1981) show that smaller firms have higher abnormal returns. These results 

imply that investors also require higher returns from relatively small firms and for 

stocks with relatively low P/E ratios. In addition to market beta and the size effect, 

Bhandari (1988) found that financial leverage also helps to explain the cross-sections 

of average returns. While many earlier studies confirmed the positive relationship 

between returns and beta, Fama and French (1992) finds the relationship disappears for 

NYSE, AMEX and NASDAQ stocks during the study period from 1963-1990 by 

jointly studying the effects of market beta, size, P/E, financial leverage and the book-

to-market ratio.  

Although the Capital Asset Pricing Model (CAPM) is imperfect and heavily 

criticised for its limitations, its contribution in linking risk and expected return of 

securities is broadly appreciated. Despite numerous flaws in its practical 

implementations, the CAPM has long been a vital element in return benchmarking and 

has served as a foundation that led to subsequent empirical extensions and modified 

applications in economics and finance. The literature on the CAPM motivates this 

thesis to take a rational and risk-based approach to explain momentum profits in 

commodity futures. 
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2.2.3    The Arbitrage Pricing Theory 

Empirical studies have found many imperfections that challenge the original CAPM. 

These imperfections have led to the development of the Arbitrage Pricing Theory 

(APT). In contrast to the CAPM, the APT suggests the inclusion of risk factors other 

than systematic risk (i.e. beta) to explain the variation of asset returns. A review of this 

literature is important because this thesis employs a number of risk factors in addition 

to systematic risk to explain momentum profits in commodity futures. 

Originally developed by Ross (1976), the APT predicts that the expected return 

of a risky asset is influenced by a number of macroeconomic factors. For example, 

inflation, growth in GDP, changes in interest rates and major political shifts. Even 

though all assets may be affected by a certain number of factors, the reaction from 

each asset to the factors are expected to be different. Arbitrageurs use the APT to 

identify any mispriced securities to make a risk-less profit by going long in the 

undervalued assets while shorting the overvalued assets. 

Roll and Ross (1980) were one of the first researchers to test the APT under a 

large scale factor analysis. The study employed a sample of 1,260 stocks in the U.S. 

from 1962-1972 and found at least three meaningful factors. They conclude that 

evidence generally supports the APT but their tests are inconclusive. Cho‘s (1984) 

results support the APT, and they also estimate at least two factors are required to 

explain returns. Chen, Roll and Ross (1986) selected a set of pre-specified economic 

variables such as industrial production, changes in the risk premia, bond yield, changes 

in expected inflation to explain the variation of stock returns. They find a significant 

portion of the variability can be attributed to these pre-specified variables. 

Fama and French (1993) propose a three-factor model by including two 

additional factors to the market return in the CAPM. The two additional factors are the 

firm size (return to a portfolio of small capitalisation stocks less the return to a 

portfolio of large capitalisation stocks, known as SMB) and the book-to-market value 

ratio (return to a portfolio of stocks with high ratios of book-to-market value less the 

return to a portfolio of low book-to-market value stocks, known as HML). According 

to Fama and French (1993, 1996), the three-factor model can be used to explain the 
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pattern in returns that is observed when portfolios are formed on size, earnings/price, 

cash flow/price, sales growth, long-term past returns and short-term past returns. 

However, the problem with the three-factor model, as admitted by Fama and French 

(2004), is its empirical motivation. The SMB and HML risk factors are developed to 

reflect the size and book-to-market patterns uncovered by previous research. 

Furthermore, Carhart (1997) extends the Fama-French (1993) three-factor model by 

introducing a fourth risk factor that accounts for price momentum. The momentum 

factor is estimated by taking the average return of a set of stocks with the best 

performance in the previous year less the average return of stocks with the worst 

returns. Carhart (1997) concludes that the additional momentum variable improves the 

Fama-French model by 15 per cent. However, this approach is again an attempt to 

capture an already uncovered empirical pattern of returns.
 10

  

Rather than including additional risk factors, Liu (2006) reduces the number of 

independent variables by proposing a two-factor (classic CAPM beta and liquidity) 

model. By measuring liquidity as the standardised turnover-adjusted number of zero 

daily trading volumes over the prior 12 months, Liu (2006) concludes the proposed 

two-factor model fits the NYSE, AMEX and NASDAQ pool of data well and claims 

the model not only captures the liquidity risk premia but also offers a liquidity risk-

based explanation for the size, B/M (book-to-market), C/P (cashflow-to-price), E/P 

(earnings-to-price), D/P (dividend-to-price) and long-term contrarian premia. Led by 

Liu (2006), a new string of literature has emerged which suggests that the liquidity risk 

premia plays a more significant role in explaining asset returns. While the search for 

new asset pricing model/factors continues, the Fama and French (1993) three-factor 

model and the Carhart (1997) four-factor model have become the standard asset-

pricing models used in the literature for modelling expected returns in stock markets. 

Upon reviewing the literature on the Capital Asset Pricing Model and the 

Arbitrage Pricing Theory, a number of common risk factors have been shown to 

                                                 
10

 The flexibility of the independent variables of the APT may seem to be an advantage over the CAPM, 

but it proves to be too general in application. When the APT is applied, the factors are not readily 

identified. Therefore when studies claim that they have found three or four factors that explain the 

expected return, they often will not provide any indication of what these factors truly represent. Also, 

the APT is silent on the appropriate number of factors to be included in the model. 
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influence stock returns (market, size, value, liquidity and macroeconomic risks). A 

review of this literature is important for this thesis, because it provides this research in 

commodity futures with a fundamental starting point. As will be shown later in the 

empirical Chapters, this thesis employs a number of common risk factors originated 

from the CAPM, the APT and their various extensions. However, not all security 

returns can be explained by asset pricing factors. For instance, the effect of momentum 

cannot be easily explained by asset pricing factors. The following section provides a 

summary of these asset pricing anomalies. 

2.2.4    The Rise of Market Anomalies 

As will be discussed shortly in this section, momentum is one of the many asset 

pricing anomalies discovered in the literature. Some of these anomalies can be 

explained in a rational setting, however, many other anomalies are driven by investors‘ 

behavioural biases. It is important to review the literature on stock market anomalies, 

because an understanding of the behaviour of these anomalies may help us understand 

the excess returns of momentum investment strategies in commodity futures. 

In the 1970s, asset pricing under the EMH was generally accepted in the 

literature, however, evidence against the EMH began to surface in the 1980s. These 

contrary findings were deemed to be anomalies (i.e. findings that are inconsistent with 

theory). In the short-term, research discovered that the reaction of prices to available 

information is not instantaneous but rather gradual, thus leading to the rejection of the 

random walk model. Also in the long-term, studies found that markets tend to deviate 

from their fundamental value, but eventually revert back to their long-term average 

(DeBondt and Thaler, 1985). 

In the 1990s, an increasing amount of anomalies were found. For example, 

seasonal patterns such as the day-of-the-week effect, the January effect and the turn of 

month effect. French (1980) and Lakonishok and Smidt (1988) found that security 

prices are up on Fridays and down on Mondays in the U.S., UK and Canada. Rozeff 

and Kinney (1976) report that the mean returns in January are higher than any other 

month in a year. The turn of the month effect is when share prices are higher around 

the beginning of a new month. This has been found in Australia, the U.S., Canada, UK, 
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Switzerland and West Germany but not in Japan, Hong Kong, Italy or France (Thaler, 

1987).  

Furthermore, there are a number of firm anomalies. The size effect documented 

by Banz (1981) implies that the returns of small market capitalisation firms tend to 

exhibit higher risk-adjusted returns than large firms. Brauer (1984) report the closed-

end mutual funds effect in which the returns of closed-end mutual funds that trade at a 

discount tend to be higher. Beyond size and closed-end funds, Arbel and Strebel (1983) 

considered the neglect effect, which contends that firms that are not followed by many 

analysts tend to exhibit higher returns. Several studies beginning with Basu (1977) 

examine the relationship between price-earnings (P/E) ratios and stock returns for 

NYSE common stocks. Some of researchers suggest stocks with low P/E ratios tend to 

exhibit higher returns than higher P/E ratio stocks. This was referred to as the P/E 

effect. Fama and French (1992) show that stocks with low book-to-market ratios tend 

to earn lower returns compared to higher book-to-market ratio stocks. 

As discussed above, studies have found a large number of anomalies that cannot 

be explained by the Capital Asset Pricing Model. Although many of these anomalies 

uncovered earlier have been explained by the three-factor model in Fama and French 

(1996), the three-factor model cannot explain the momentum effect (the short-term 

return continuation) first documented in Jegadeesh and Titman (1993). The momentum 

effect is a tendency for stocks with recent positive (negative) returns to exhibit positive 

(negative) future returns in the short to medium term. Since the EMH still serves as the 

foundation for asset pricing in mainstream finance, the search for rational, risk-based 

explanations of these anomalies (including momentum) is expected to continue. A 

review of this literature reveals that momentum is one of many anomalies that cannot 

be explained by standard asset pricing theories. This thesis examines momentum 

extensively in commodity futures. A detailed review of the commodities momentum 

literature will be conducted in later sections. 

2.2.5    Behavioural Finance and Adaptive Markets Hypothesis 

The assumption of absolute rationality of market agents is central to asset pricing 

under the EMH. However, the discovery of systematic error-making by investors has 
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led to the development of a new strand of literature which focuses on investors‘ 

irrational behaviours and its implications on asset pricing. In sharp contrast to the 

EMH, behavioural theorists take the other extreme and argue that investors are 

irrational. The irrational behaviours should affect prices and returns systematically, 

thereby creating market inefficiencies. A review of this literature is important because 

this thesis also attributes momentum profits in commodity futures to a number of 

behavioural based explanations.  

For example, ‗anchoring bias‘ describes investors as having the tendency to rely 

too excessively, or anchor on one trait or piece of information when making 

investment decisions (Barberis, Shleifer and Vishny, 1998). Another bias is known as 

‗overconfidence‘, which causes market agents to overestimate growth rates for growth 

companies and overemphasise good news while ignoring negative news for these firms 

(Daniel, Hirshleifer and Subrahmanyam, 1998). The existence of overconfidence leads 

to ‗representativeness‘ and ‗confirmation bias‘. Representativeness causes analysts and 

investors to believe that growth stocks will be good stocks (Shiller, 2002). When 

agents are overconfident, investors only look for information that supports prior 

opinions and decision they have made, which is referred to as confirmation bias 

(McMillan and White, 1993). Overconfidence is also related to self-attribution bias, 

where investors exhibit the tendency to attribute any success to their own talents while 

blaming any failure on ‗bad luck‘, which in turn causes them to overestimate their 

talent (Daniel et. al., 1998).
11

 

The EMH and behavioural finance present two completely opposing views in the 

finance literature. The former assumes market rationality and the latter argues for 

irrationality. Recently, Lo (2004, 2012) propose a revolutionary theory known as 

Adaptive Markets Hypothesis (AMH), in an attempt to join these two seemingly 

contradictory ideas together. Lo (2004) contends that the EMH is not incorrect but just 

incomplete, and the markets are actually adaptive. Lo (2004, 2012) argue that in an 

adaptive market, irrational behaviours such as loss aversion, overconfidence and 

overreaction can exist in a market that is informationally efficient. Built upon a model 
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 More details on these behavioural biases and their implications on momentum will be discussed in 

Section 2.3. 
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of evolutionary biology, the AMH contends that behavioural biases will continue to 

exist due to competition, adaption and natural selection. Under the AMH, prices reflect 

as much information as dictated by the combination of environmental conditions and 

the number and nature of ‗species‘ in the economy. Lo (2012) refers ‗species‘ to 

pension fund managers, retail investors, and hedge fund managers. Thus, the degree of 

market efficiency is not constant, but instead varies over time according to the 

changing market environment (i.e. number of competitors, adaptability of market 

participants).  

Although in its early stages of development, the AMH has received intense 

interest from both academia and industry. Kim, Shamsuddin and Lim (2011) present 

supporting evidence of the AMH in the stock market. Based on the Dow Jones 

Industrial Average index (DJIA) from 1900 through 2009, Kim et. al., (2011) report 

strong evidence of time-varying return predictability. They show that the time-varying 

return is driven by changing market conditions. While no predictability is found during 

market crashes, stock returns are highly predictable during economic or political crises. 

They also find that the return predictability is lower during economic bubbles than in 

normal conditions. Furthermore, Neely, Weller and Ulrich (2009) and Charles, Darne 

and Kim (2012) show that the foreign exchange markets are also adaptive. Based on a 

sample of eleven currencies, Neely et. al., (2009) find that technical trading rules in the 

foreign exchange market were successful in 1970s and 1980s, but the profit 

opportunities had disappeared by the early 1990s for filter and moving average rules. 

They also find that returns to less-studied trading rules also declined but not 

completely disappeared. For examples, Charles et. al., (2012) find supporting evidence 

based on five major currencies. 

The AMH presents several important implications that motivate this thesis. First, 

investment strategies (quantitative, fundamental and technical) can be profitable, but 

the risk and return relationship is not constant over time. Investment strategies will 

perform well in certain environments but not others. Second, markets agents are 

survival-driven which means that they are utility maximisers only when survival is 

ensured. Third, the key to survival is to adapt to changing market conditions through 
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innovation. In Chapter 5 of this thesis, the empirical findings from the 52-week high 

momentum also appear to be consistent with the adaptive market hypothesis. 

2.3    Momentum Anomaly 

Among all the market anomalies uncovered, the momentum effect is one of the most 

puzzling asset pricing anomalies in modern finance. Despite a large number of 

attempts, the literature has not yet settled on a universally accepted rationale for 

momentum profits. This section aims to extensively review this body of literature. 

Although this thesis studies momentum effects in commodity futures, since the 

momentum literature originated from the U.S. stock market, a thorough review on the 

emergence, development and explanations of momentum is crucial to this thesis. 

Consequently, this section of the literature review plays a significant role in the 

motivation of this research.  

2.3.1    The Evidence 

The expression ‗momentum‘, originally appeared in Isaac Newton‘s Second Law, is a 

product of mass and velocity of an object. The idea of momentum emerged in the 

financial economics literature when Jegadeesh and Titman (1993, JT thereafter) 

reported the existence of significant abnormal returns from buying recent 3-12 months 

winner stocks and short selling recent 3-12 month loser stocks with holding periods of 

3-12 months in the U.S. stock market. By using NYSE and AMEX stocks from 1965 

to 1989, JT conclude that a 6/6 strategy (i.e. six month ranking and six month holding 

the winner and loser portfolio) is the most profitable strategy with a compounded 

excess return of 12.01% per annum, on average. They also find the winner-loser 

portfolio generates positive returns in the first 2-12 months, but half of their excess 

returns disappear within the following two years.  

Following JT, a number of studies have confirmed the existence of momentum in 

U.S. stocks. Chan, Jegadeesh and Lakonishok (1996) extend the sample used by 

Jegadeesh and Titman (1993). In addition to NYSE and AMEX stocks, they include 

NASDAQ stocks while excluding closed-end funds, REITs, trusts, ADRs and foreign 

stocks during the 1977-1993 period. They rank stocks on the basis of either past 6-
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month returns or a measure of earnings news and assigned them into deciles to form 

winner-loser portfolios. They find recent returns and earnings surprises predict large 

drifts in future returns after controlling for the other. The most profitable 6/6 strategy 

as suggested by Jegadeesh and Titman (1993) yields 8.8% return per annum while 

ranking stocks by earnings news produces 7.7% return over the next 6 months. Thus, 

they confirm the findings of Jegadeesh and Titman (1993) and conclude that price 

momentum is stronger and longer lasting than earnings momentum. These findings 

generated enormous interest from academia and the investment profession. Conrad and 

Kaul (1998) further confirm the existence of momentum by backward extending the 

sample in Jegadeesh and Titman (1993) to 1926. They implement the JT strategy based 

on ranking and holding periods ranging from one week to 3, 6, 9, 12, 18, 24, 36 

months. Confirming the original findings, they conclude that the momentum strategy 

generates statistically significant profits. More specifically, the momentum strategy 

usually performs better over the medium term except in the 1926-1947 sub-periods. 

Despite a growing number of studies in the literature, a group of researchers 

challenged the evidence by claiming momentum is a U.S. market specific phenomenon. 

They raised concerns that the momentum effect may purely be due to data mining if 

similar evidence cannot be found in other markets around the world. Rouwenhorst 

(1998) was the first study to examine momentum overseas in non-U.S. markets. Based 

on a pool of 2,190 stocks from 12 European countries in 1978-1995, Rouwenhorst 

(1998) found momentum returns in all 12 markets and an international version of the 

JT strategy produces approximately 1% per month over the medium-term. Furthermore, 

Rouwenhorst (1998) shows that firm size does matter in a momentum strategy. As the 

observed momentum is stronger for smaller firms, profitability is improved by 

controlling for market risk and the firm size factor. 

Following Rouwenhorst (1998), studies have found that momentum exists in 

other stock markets. Chan, Hameed and Tong (2000) employ 23 stock market indexes 

worldwide with returns converted to U.S. dollars from 1980-1995. The JT strategy is 

implemented on a country index level based on ranking and holding periods of 1, 2, 4, 

12 and 26 weeks. The winner-loser portfolio weights are determined by past 

performance of the index relative to the average performance of all indexes and 
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exchange rate movements. Contrary to other studies, which often find a momentum 

strategy to be profitable over the medium term, they find statistically and economically 

significant momentum profits over short horizons of less than 4 weeks. They also point 

out that the profitability of momentum strategies can be increased by exploiting 

exchange rate information. Griffin, Ji and Martin (2003) include an additional sixteen 

markets which further mitigate the allegation of data mining in the stock market 

momentum literature. In their sample of 39 countries from 1926 to 2000, momentum 

profits are still found to be significant. In the Australian setting, studies including, 

Demir, Muthuswamy and Walter (2004), Galariotis (2007) and Vanstone, Hah and 

Finnie (2012) demonstrate evidence of momentum profits in stocks 

Upon reviewing this literature, the evidence on stock market momentum is 

extensive and persuasive. Studies have shown that momentum is not a U.S. specific 

phenomenon, but it exists in a vast number of international stock markets. As a result, 

a large number of empirical studies have been developed to explain this persistent 

anomaly. The following section of this Chapter extensively reviews the sources of 

momentum profits. The literature on the sources of momentum profits is extremely 

important for the design of commodity momentum strategies in this thesis.  

2.3.2    Sources of Momentum Profits 

As will be discussed in this section, the literature on the sources of stock market 

momentum provide two separate explanations, rational and behavioural. Although 

these studies exclusively focus on stock momentum, this thesis aims to develop novel 

momentum strategies in commodity futures, therefore a thorough review of these 

sources of momentum profits informs the research in this thesis in the context of 

commodities momentum profits. Furthermore, the sources of momentum profits must 

be understood to ensure the sustainability of these positive and abnormal returns. The 

failure to explain the sources of momentum profits may lead to the conclusion of 

market inefficiency. 

Early studies have attempted to attribute momentum profits to cross-sectional 

differences in stock returns. By assuming that the mean returns of individual securities 

are constant during the periods in which the trading strategies are implemented, 
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Conrad and Kaul (1998) employed bootstrap sampling and Monte Carlo simulations, 

and suggested that cross-sectional differences in mean returns play a key role in 

determining the profitability of momentum strategies. However, this statement is later 

rejected in Jegadeesh and Titman (2001). In their original study, Jegadeesh and Titman 

(1993) conclude that neither systematic risk nor lead-lag effects resulting from delayed 

stock price reactions to information can explain momentum profits. Chan et. al., (1996) 

conclude that size and book-to-market effects cannot explain momentum profits. 

Studies also find that conditional asset pricing factors cannot explain momentum 

profits. Lewellen and Nagel (2006) conclude that the conditional CAPM does not 

explain momentum as the covariances are simply too small to explain large 

unconditional pricing errors. They use short-window regressions to directly estimate 

conditional alphas and betas for size, book-to-market (BM) and momentum portfolios 

from 1964-2001, and show that there is little evidence that betas co-vary with the 

market risk premia in a way that might explain the alphas of BM and momentum 

portfolios. Karolyi and Kho (2004) propose an estimation-based bootstrap simulation 

procedure to examine the ability of different asset pricing models that allow for time-

varying expected returns, factor risks and cross-sectional/time-series error structures to 

generate momentum profits. They conclude that no models employed in the study can 

generate simulated momentum profits that are the same in magnitude as the actual 

profits over the 1964-2000 period. 

Furthermore, intra-industry effect cannot explain the observed momentum profits. 

Based on NYSE and AMEX stocks from 1926-1995, Grundy and Martin (2001) show 

that although returns to an industry-based momentum strategy are consistent with an 

intra-industry lead-lag effect, industry momentum itself does not explain the 

profitability of the momentum strategy. They first implement the JT strategy but rank 

stocks based on their cumulative monthly excess returns over the past six months. 

Second, they propose a factor-related return momentum strategy by ranking stocks on 

the basis of the factor component of the formation period returns. Finally, they employ 

a stock-specific strategy which ranks stocks on the basis of an estimate of the 

component of their formation period returns which are not related to Fama-French 

factors. 
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The failure to explain momentum profits using classic asset pricing models has 

led the literature to turn its attention to macroeconomic risk factors. Chordia and 

Shivakumar (2002) employ the JT strategy and divide the sample into expansionary 

and recessionary periods to examine the payoffs. They examine whether predicted 

returns in the holding period are different across momentum portfolios and whether the 

difference can explain payoffs. Using NYSE and AMEX data from CRSP during the 

1926-1994 period, Chordia and Shivakumar (2002) conclude that although 

macroeconomic variables may be used to predict stock returns which is consistent with 

variables capturing time-varying expected returns, this could also be interpreted as 

indicating commonality in investors' behaviour across markets and with the overall 

economy. Thus, the actual source of predictability is unknown. Furthermore, Antoniou, 

Lam and Paudyal (2007) confirm that the Chordia and Shivakumar (2002) model 

cannot capture momentum profits based on stocks from France, Germany and the U.K. 

during the 1977-2002 period. They also apply the conditional asset pricing model of 

Avramov and Chordia (2006) to test the business cycle patterns within momentum 

profits in European markets. In addition to the original model, they incorporate 

behavioural variables such as dispersion in analysts‘ earnings per share forecasts, the 

mean forecast error and analyst coverage. They first report the existence of momentum 

profits in all markets studied. They show that when the conditional asset pricing model 

of Avramov and Chordia (2006) is applied, momentum profits tend to be related to 

model mispricing that varies with business cycle variables. The results are robust after 

incorporating behavioural variables. However, behaviour variables employed in the 

study are not correlated with business cycle variables, thus they cannot explain 

momentum profits. 

Subsequent studies provide supporting evidence that classic macroeconomic 

factors cannot explain momentum profits. By extending the sample internationally, 

Griffin et. al., (2003) show that macroeconomic factors in Chen et. al., (1986) have no 

significant explanatory power when applied to momentum profits in the U.S. and 

abroad. Even after controlling for variability, winner stocks earn economically and 

statistically larger future returns than loser stocks internationally. They conclude that 

classified by GDP growth and aggregate stock market movements, international 

momentum profits are generally positive in all macroeconomic states. Momentum 
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profits decrease quickly subsequent to the investment period, and eventually reverse 

back to fundamental value over longer horizons. However, Liu and Zhang (2008) draw 

a different conclusion on the pricing power of macroeconomic variables. From 1960 to 

2004, they first estimate the risk premia for the industrial production (MP) factor and 

use these risk premia estimates to calculate expected momentum profits and test 

whether they differ significantly from observed momentum profits in the data. 

Subsequently, they directly employ short-term prior returns as a regressor using the 

Fama-Macbeth (1973) cross-sectional regressions and then quantify the explanatory 

power of the MP factor by comparing the slopes of prior returns with and without 

controlling for MP loadings. Liu and Zhang (2008) conclude that winners have 

temporarily higher growth rates of MP loadings than losers, and the MP loadings are 

also asymmetric as most of the high MP loadings occur in high-momentum deciles. 

Contrary to previous macroeconomic explanation studies, they argue that MP is a 

priced risk factor, and a combined effect of MP loadings and risk premia accounts for 

more than half of momentum profits. Consequently, to examine commodity 

momentum profits, this thesis employs a number macroeconomic factors including 

inflation and industrial production in an attempt to explain the dynamics of momentum 

profits in commodity futures. 

While the findings on systematic risk and macroeconomic risk factors in 

explaining momentum profits are mixed, studies have developed alternative risk-based 

explanations. As shown by the asset pricing literature, the role of liquidity risk is more 

significant than previously thought. Sadka (2006) decomposes the market liquidity risk 

into fixed and variable components using tick data from 1983 to 2001. The result 

suggests that a substantial part of momentum returns can be viewed as compensation 

for unexpected variations in the aggregate ratio of informed traders to noise traders 

(reactions to news about the stock) and the quality of information possessed by the 

informed traders. Sadka (2006) concludes that liquidity risk can explain between 40%-

80% of the cross-sectional variation of expected momentum returns. As will be shown 

in this thesis, liquidity risk indeed plays a significant role in understanding momentum 

profits in commodity futures. 
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Studies have proposed several other explanations for momentum profits in stocks. 

Avramov, Chordia, Jostova and Philipov (2007) attempt to shed light on momentum 

by investigating a link to credit ratings. They first sort on credit ratings and then on the 

cumulative six month formation period returns.
12

 Avramov et. al., (2007) conclude that 

loser stocks are the dominant source of continuation, with the return differential 

between Low and High credit risk loser firms averaging 1.6% per month, however, 

only 0.37% per month for winner firms. Avramov et. al., (2007) show that momentum 

payoffs exist among large-cap firms that exhibit low credit ratings, but not in highly 

rated small cap firms. Thus momentum profits are not exclusively observable in small 

stocks, however they arise exclusively among low rated stocks. Furthermore, Cooper, 

Gutierrez and Hameed (2004) investigate the relationship between market states and 

momentum return. Based on NYSE and AMEX stocks, they show that short-run 

momentum profits exclusively follow UP periods, hence the state of the market is 

important to the profitability of momentum strategies.
13

 They conclude there is a 

nonlinear relationship between lagged market states and momentum profits. Cooper et. 

al., (2004) assert that the lagged return predictor is robust to microstructure bias and 

the Chordia and Shivakumar (2002) multi-factor macroeconomic model is not robust.  

Studies also investigate the explanatory power of idiosyncratic volatility on 

momentum profits. Arena, Haggard and Yan (2008) establish the link between 

momentum profits and idiosyncratic volatility. From 1965-2002, they first divide the 

sample into 3 portfolios by idiosyncratic volatility (IVol) and then calculate 

momentum returns within each portfolio using past returns. The idiosyncratic volatility 

is measured using the market model residuals. They show that High IVol stocks 

exhibit larger momentum returns than low IVol stocks and that High IVol stocks also 

display quicker and larger reversals. More importantly, they show that there is a 

                                                 
12

 They transform the S&P ratings into conventional numerical scores where 1=AAA and 22=D rating, 

thus higher scores represent higher credit risk. Based on NYSE, AMEX and NASDAQ stocks, they 

show that a trading strategy that conditions on three credit ratings and ten prior 6-month return groups 

yield momentum profits that increase monotonically with credit risk- from 0.27% per month (highest 

quality debt) and 2.53% for the worst. If strategies condition on 10 credit ratings and 3 past return 

portfolios, momentum payoffs increase from an insignificant 0.07% for the highest credit quality decile 

to a significant 2.04% for the worst. 
13

 Cooper et. al., (2004) also find significant long-run reversal following DOWN states as well, despite 

the absence of DOWN-state momentum in the short-run. 
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positive relationship between aggregate IVol and momentum returns. They conclude 

that idiosyncratic volatility is an important factor in limiting the successful arbitrage of 

the momentum effect. They also hypothesise that investors must be limited in their 

ability to arbitrage the momentum effect. Contrary to Arena et. al., (2008), McLean 

(2010) asserts that the momentum effect is not related to idiosyncratic risk. He uses 

monthly returns, price, and shares outstanding of the S&P 500 from 1965 to 2004. 

Based on the JT strategy, returns to the momentum portfolio are computed using equal 

weights, value weights, idiosyncratic risk weights, and weightings based on the inverse 

of idiosyncratic risk. Idiosyncratic risk is first measured by the portfolio variance 

orthogonal to the S&P 500 and then to the Fama and French (1993) three-factor model. 

They conclude that momentum is strong among low idiosyncratic risk firms, and the 

difference in three-factor alphas between high and low idiosyncratic risk momentum 

portfolios is insignificant, which does not suggest idiosyncratic risk is limiting 

arbitrage among momentum stocks. 

In another study, momentum profits are attributed to asymmetric volatilities of 

stocks. Li, Miffre, Brooks and O‘Sullivan (2008) employ a GJR-GARCH (1,1)-M 

model, which allow for a possible asymmetry in the relationship between the returns to 

the momentum portfolio and volatility. The conditional standard deviation in the mean 

equation captures the time-varying relationship between total risk and momentum 

profits. They employ the model on 6,155 UK stocks adjusted for dividends from 1975-

2001 and conclude that momentum profit is a compensation for bearing time-varying 

unsystematic risk. Furthermore, the volatility of the winners is found to be more 

sensitive to recent news than that of the losers, while volatility of the losers is found to 

be more sensitive to distant news than that of the winners. Furthermore, volatility of 

the losers shows a higher level of persistence than that of the winners. They also find a 

strong impact of old news on the loser stocks and explained that when firms with no or 

low analyst coverage receives bad news, its managers are likely to withhold that news 

because disclosing it would have a negative impact on the stock price. In Chapter 5 of 

the thesis, we show that commodities momentum profits respond symmetrically to 

volatility shocks. 
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Alternatively, studies have proposed that firm characteristic may be the potential 

source of momentum profits (i.e. revenues, costs, growth and shut down options). Sagi 

and Seasholes (2007) find firms with high Market-to-Book (M/B) ratios produce 

enhanced momentum profits, firms with valuable growth options exhibit higher return 

autocorrelation than firms without such growth options (i.e. firms that perform well in 

the recent past are better poised to exploit their growth options). Sagi and Seasholes 

(2007) assert that firms with valuable growth options are riskier because these risky 

assets account for a larger fraction of firm value. Thus, in turn they are associated with 

higher expected returns, and eventually this growth option will be lost.  

Other firm-characteristic based studies show that dividend and sales order 

backlogs cannot fully explain momentum profits. Motivated by the asymmetry in 

dividend information conveyed by winners and losers, Asem (2009) examine whether 

the asymmetry in winners‘ and losers‘ dividend payout news and the news of dividend 

changes affect momentum profits. Using a sample of NYSE and AMEX stocks from 

1927 to 2005, at the beginning of each month, stocks are sorted into deciles based on 

formation period returns calculated from the past one to five month. Subsequently, 

stocks are classified into payers and non-payers within each decile. Based on the 

findings, Asem (2009) conclude that risk premia do not capture the high profitability 

of momentum strategies. Furthermore, Gu and Huang (2010) attempt to use 

innovations in the demand in the economy to explain momentum profits. The 

innovation in the demand is measured by returns on portfolios based on changes in 

sales order backlogs (DOB), which is the portion of the demand that is not fulfilled 

with the supply. Therefore, at a given level of supply, if demand increases, the order 

backlogs increase.
14

 Gu and Huang (2010) conclude that the return on DOB cannot 

fully explain momentum profits. However, they show that production side variable 

provides at least a partial explanation to momentum profits. 

Overall, studies have found that momentum profits in stocks cannot be fully 

accounted for by rational and risk-based explanations. As this thesis examine 

                                                 
14

 Using data from 1972 to 2006, they form decile portfolios based on a 6/6 ranking and holding period. 

They also form six portfolios using market cap and changes in sales order backlogs (DOB) where the 

return on order backlog factor is computed as the difference on the average return of the two high DOB 

portfolios and the average return of the two low DOB portfolios. 
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momentum in commodity futures, this section of the literature review contains 

important knowledge that informs the understanding of commodity momentum profits. 

Through an extensive review of this literature, a number of risk factors discussed 

above (such as credit ratings, dividend and firm specific attributes) are specific to 

stocks. Therefore, they cannot be employed in momentum studies using commodity 

futures. However, researchers have also discovered alternative explanations for 

momentum profits. The following section reviews several alternative explanations 

which can be applied or related in the commodity futures momentum studies in this 

thesis. 

2.3.3    Alternative Explanations 

The failure of rational asset pricing models to explain momentum has led to the 

increased popularity of behavioural based theories. According to behavioural theorists, 

rather than bearing risks, investors over time exhibit a number of biases that adversely 

affect their investment performance. A review of this literature is important, as will be 

shown in the empirical Chapters, this thesis employs a number of behavioural biases to 

explain the observed momentum profits in commodity futures. 

In contrast to rational risk factors, behavioural-based explanations rest on the 

belief that markets respond gradually (as opposed to instantaneously) to new 

information, because investors discount new information with their mind and they 

change perceptions gradually. Chan et. al., (1996) contend that if the market is 

surprised by good or bad earnings news, then on average, the market continues to be 

surprised in the same direction at least until the next subsequent announcements. In an 

extension of their original study, Jegadeesh and Titman (2001) show that positive 

momentum returns are sometimes associated with post holding period reversals and 

sometimes they are not, suggesting behavioural models provide at best a partial 

explanation for the momentum anomaly. Zhang (2006) also conjecture that momentum 

effects are more likely to reflect slow absorption of ambiguous information into stock 

prices than reflect missing risk factors. 

As a result, behavioural explanations of momentum profits have emerged in the 

literature. Daniel et. al., (1998) assume investors are overconfident about their private 
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information and overreact to it. The rationale behind this concept is that if investors 

have a ‗self-attribution bias‘, then when subsequent information arrives, they will react 

asymmetrically to confirming versus disconfirming pieces of news. Alternatively 

speaking, investors attribute successes to their own skill or talent more than they are 

supposed to, and blame external factors for failures more than they are supposed to. 

Consequently, this behaviour of investor overconfidence increases following the 

arrival of confirming news. Therefore, return momentum is generated when the 

increase in overconfidence furthers the initial overreaction. However, in the long run, 

the overreaction in prices is eventually corrected as investors observe future news and 

realise their prior errors. Hence, increased overconfidence leads to short-run 

momentum and long run reversal. The findings in this thesis suggest that investors‘ 

overreaction indeed can be used to explain conventional momentum profits in 

commodity futures. 

Following Chan et. al., (1996) and Daniel et. al., (1998), the work of Zhang 

(2006) hypothesises that if the slow market reaction to information is due to 

psychological biases such as overconfidence, these psychological biases will be larger 

so that the price reaction will be slower when there is more uncertainty about the 

implications of the information of firm value. Zhang (2006) confirms a negative 

(positive) relationship between information uncertainty and future stocks returns 

following bad (good) news across all proxies in NYSE, AMEX and NASDAQ stocks. 

Therefore, a momentum strategy that buys good-news stocks with high information 

uncertainty and short sells bad-news stocks with high information uncertainty 

generates profits as large as 2.63% per month in the 1983-2001 sample. Zhang (2006) 

also show that the empirical results reflect patterns suggested by another behavioural 

model known as ‗conservatism bias‘, in which investors overweight new information 

when there is greater information uncertainty. 

A similar approach in explaining momentum effects is based on the idea of 

conservatism. Barberis et. al., (1998) construct a model in which investors use the past 

trend and reversals as an indicator of the likelihood of future trend and reversals. They 

assume that earnings of the asset follow a random walk. However, investors believe 

that the firm‘s earnings switch between two regimes, that is, the mean reverting and 
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the momentum regime. The possibility of switching is fixed in their mind and in a 

given period, the firm‘s earnings are expected to stay within a regime. As investors 

observe and use earnings information to update the beliefs of a regime, when a positive 

earnings surprise arrives followed by another positive surprise, investors will raise the 

likelihood that they are in the reversal regime. 

Another alternative explanation of momentum comes from the Hong and Stein 

(1999) model (hereafter HS), which is based on initial underreaction to information 

and subsequent overreaction, which eventually leads to reversals in the long run. The 

HS model assumes two types of investors: news watchers and momentum traders. The 

news watchers rely exclusively on their private information while momentum traders 

rely on the past price changes. Furthermore, they assume that private information 

diffuses only gradually through the market, which leads to an initial underreaction to 

news. The underreaction and subsequent positive serial correlation in returns attracts 

the attention of the momentum traders, who are seeking to exploit the low price 

movements. The trading activity of these traders results in an eventual overreaction to 

news, which therefore, causes subsequent reversals over the long-term. This initial 

underreaction and subsequent overreaction hypothesis is confirmed in Hong, Lim and 

Stein (2000). They show that the profitability of momentum strategies declines 

substantially when investors invest beyond the smallest cap stocks. Furthermore, as 

stocks with lower analyst coverage should be the stocks where its firm-specific 

information moves more slowly, they show that by holding size constant, momentum 

indeed is strongest among stocks with low analyst coverage. The reader will find that 

the findings in this thesis are consistent with predictions of the HS model that 

conventional momentum profits in commodity futures reflect initial-underreaction and 

subsequent overreaction. 

In an effort to search for a behavioural explanation for momentum profits, there 

are researchers who employ the overconfidence hypothesis in an ‗individualism‘ 

framework. Chui, Titman and Wei (2010) propose the use of ‗individualism‘ in 

explaining momentum profits. Individualism refers to the degree to which people focus 

on their internal attributes, such as their own abilities, to differentiate themselves from 

others (Hofstede, 2001). They argue that individualism is correlated with 
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overconfidence and self-attribution bias. They show that countries that exhibit the 

highest momentum in the first half of their sample also exhibit the highest momentum 

in the second half of the sample. They find the difference can be explained by cross-

country differences in the Hofstede individualism measure. Furthermore, they find that 

country-specific variables that proxy for information uncertainty and institutional 

variables that may be related to the development and integrity of the countries‘ 

financial markets are related to momentum. Chui et. al., (2010) conclude that there is a 

positive relationship between momentum profits and individualism. Moreover, they 

find the reversals in the U.S. stock market also occur in other countries and the 

magnitude of these reversals appears to be greatest in higher individualism countries. 

To explore alternate explanations for the sources of momentum, other 

researchers employ a dynamic rational expectations equilibrium framework and use 

the Keynes (1937) beauty contest metaphor to explore the links between the roles of 

higher-order expectations in asset prices. Allen, Morris and Shin (2006) show that 

prices show the same outward sign of momentum or drift.
15

 Under a gradual 

information diffusion environment, Banerjee, Kaniel and Kremer (2009) study show 

heterogeneous beliefs can lead to price drift or momentum. Contrary to Allen et. al., 

(2006), they theoretically show that although heterogeneous beliefs make higher-order 

beliefs matter, they conclude that it is insufficient to generate price momentum. 

Motivated by these findings, Verardo (2009) empirically investigate the link between 

heterogeneity of beliefs and momentum. From 1984 to 2000, Verardo (2009) uses 

dispersion of analyst forecasts of earnings to measure differences in investors‘ beliefs. 

In Verardo‘s portfolio analysis, based on size, analyst coverage, book to market, total 

volatility, idiosyncratic volatility and exposure to media, he finds that momentum 

returns are larger for stocks with higher levels of disagreement. Furthermore, turnover 

in conjunction with analyst forecast dispersion are both significantly related to 

momentum which suggests that these variables may be capturing different aspects of 

heterogeneity in beliefs. Verardo (2009) concludes that there is a positive relationship 

                                                 
15

 The beauty contest is a metaphor used to understand the financial markets. That is, one not only needs 

to understand the market participants‘ beliefs about an asset‘s future cash flows, but also you need to 

understand the market agents‘ beliefs about other agents‘ beliefs. For example, investors buy stocks not 

only because they consider it to be attractive but also because they believe other investors do as well. 
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between disagreement or heterogeneous beliefs and the profitability of momentum 

strategies. 

Recently, Antoniou, Doukas and Subrahmanyam (2013) examine the role of 

sentiment in the profitability of momentum strategies and find that momentum profits 

arise only under optimism. Investor sentiment refers to whether an individual feels 

excessively optimistic or pessimistic about the market. They conjecture that news 

which contradicts sentiment of investors leads to cognitive dissonance, which implies 

that bad (good) news among loser (winner) stocks will diffuse slowly when sentiment 

is optimistic (pessimistic). As a result, losers become under-priced under optimism and 

winners become under-priced under pessimism. As short-selling constraints may 

prevent the transaction of losers stocks, momentum is strengthened only during 

optimistic periods. Antoniou et. al., (2013) show that sentiment induced momentum 

profits cannot be explained by the CAPM and the Fama-French (1993) three-factor 

model. Furthermore, they show that momentum profits reverse significantly after 

optimistic periods, whereas momentum profits after pessimistic periods do not.
16

  

Recent studies also investigated whether momentum profits can be generated by 

flows between investment funds. Vayanos and Woolley (2013) show that momentum 

arises if flows exhibit inertia and because rational prices underreact to expected future 

flow. According to Vayanos and Woolley (2013), suppose that a negative shock 

arrives, investment funds holding these assets realise low returns, triggering outflows 

by investors who update negatively about the efficiency of the managers running these 

funds. As a consequence of the outflows, funds sell assets they own, and this further 

depresses the prices of the assets hit by the original shock. Momentum arises if the 

outflows are gradual, and if they trigger a gradual price decline and a drop in expected 

returns. Furthermore, they show that reversal arises due to flows pushing prices below 

their fundamental values and so expected returns rise eventually.
17

 

                                                 
16

 This thesis employs sentiment factors developed by Baker and Wurgler (2007) to explain commodity 

momentum profits. The findings suggest that sentiment is related to the 52-week high/low momentum in 

commodity futures. 
17

 Details of the return reversal literature will be discussed in Section 2.4. 
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As the momentum strategy generally requires an extensive amount of buying and 

selling, it usually involves a high level of transactions. Thus, trading costs of the 

momentum strategy is an inherent problem in real-time execution. Some researchers 

even argue that the momentum profits are simply embedded within the transaction 

costs, when realistic transaction costs are accounted for, momentum profits either 

disappear or decrease substantially. Using conservative assumptions, Lesmond et. al., 

(2004) find little evidence that trading costs for the standard strategy are below 1.5% 

per trade. Their results suggest the costs of the momentum strategy are much larger 

than previously reported and in the cross-section, momentum strategies that produce 

larger gross profits are generally associated with larger trading costs. Based on the 

quoted spread, direct effective spread, roll effective spread and quoted commission, 

Lesmond et. al., (2004) point out that the literature is too ‗dismissive‘ of the economic 

significance of trading costs. Nevertheless, Korajczyk and Sadka (2004) conclude that 

transaction costs, in the form of spreads and price impacts of trades, do not fully 

explain the return persistence of past winner stocks exhibited in the data. Using NYSE, 

AMEX and NASDAQ stocks, they incorporate proportional (quoted and effective 

spreads) and nonproportional trading costs into the Jegadeesh and Titman (1993) 

trading strategies. In addition to equally-weighted and value-weighted strategies, they 

construct a liquidity-weighted portfolio that maximises post-price impact expected 

returns on the portfolio. They show that for the equally-weighted strategy, trading 

costs lead to a large decline in profitability. However, for value-weighted and 

liquidity-weighted strategy, the size of the break-even portfolios suggests transaction 

costs do not fully explain the return momentum of past winner stocks.
18

  

Although the evidence in the existing literature tends to support behavioural 

based explanations, it should not automatically lead to the conclusion of market 

inefficiency. As predicted by asset pricing theory, the risk and return relationship 

implies that it is possible that a plausible risk factor is yet to be discovered. Because of 

this very reason, the search for rational, risk-based explanations of momentum is 

expected to continue in the literature. Having reviewed the literature on the sources of 

                                                 
18

 This thesis examines commodity momentum strategies. The transaction costs in futures are 

significantly smaller than in stocks. More details on transaction cost concerns are discussed in Section 

2.5. 
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momentum profits in the stock market, this thesis employs a number of rational as well 

as behavioural factors and explanations that are feasible in commodity futures to study 

the performance of conventional and novel momentum investment strategies. 

2.3.4    Momentum in Other Asset Classes 

The remarkable persistence of momentum in international stock markets has led 

researchers to investigate the feasibility of momentum strategies in other asset classes. 

This thesis proposes and evaluates three novel momentum-based investment strategies 

in commodity futures. This section reviews the momentum literature on bonds, 

currencies and real estate. A review of this literature is relevant to this thesis, because 

it provides new knowledge on momentum outside of the stock market, which may be 

used to better understand commodity futures momentum. 

In addition to the stock market, the momentum strategy has been found to be 

profitable in commodity futures, foreign exchange, fixed-income securities and real 

estate investment trusts.
19

 Gebhardt, Hvidkjaer and Swaminathan (2005) investigate 

the profitability of momentum strategies in the U.S. corporate bond market. They use 

the NYSE, AMEX and NASDAQ firms who issue investment grade and also 

nonconvertible debt whose prices appear in the Lehman Brothers Fixed Income Index. 

Based on the sample period of 1973 to 1996, they find no evidence of momentum 

among investment grade corporate bonds but find significant reversals. The reversals 

uncovered appear to be strongest among the most risky bonds (BBB-rated). Gebhardt 

et. al., (2005) also show that stock returns predict bond returns but not the other way 

around. Furthermore, Gebhardt et. al., (2005) conclude that the lack of momentum in 

corporate bonds is inconsistent with existing behavioural theories. Moreover, Asness, 

Moskowitz and Pedersen (2013) employ bond index returns, short rates and 10-year 

government bond and global government bond data for Australia, Canada, Denmark, 

Germany, Japan, Norway, Sweden, Switzerland, the U.K. and the U.S. over the period 

1982 to 2011. They find that momentum in bonds is weaker (statistically insignificant) 

than stock, currency and commodity markets. 

                                                 
19

 The commodities momentum literature will be discussed in detail in Section 2.5 of this Chapter. 
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Okunev and White (2003) formalise the idea of momentum-based trading rules 

in the foreign exchange market. They take the approach of a long-term investor who 

has foreign currency exposure in Australia, Canada, France, Germany, Italy, Japan, the 

U.K. and the U.S. from 1975 to 2000. They use base currency returns to compute short 

and long term moving averages applying prior monthly returns for each currency 

relative to the domestic base, then rank the seven non-domestic currencies by the 

differences between the short run moving average and the long run moving average. 

They take a long position in the currency with the highest rank and short the currency 

with the lowest rank. Okunev and White (2003) conclude that the momentum-based 

strategy is effective in the foreign exchange markets and that time-varying risk premia 

only explains a portion of the momentum returns, which is insufficient to generate the 

level of returns of such high magnitude. Recently, Menkhoff, Sarno, Schmeling and 

Schrimpf (2012) employ a large cross-section of 48 currencies from 1976 to 2010.  

They find that momentum strategies of buying winner currencies and short selling 

loser currencies generate excess returns of up to 10% per annum. The profitability of 

the momentum strategy cannot be explained by traditional risk factors, however, the 

currency momentum profits are consistent with the investor under and overreaction 

hypothesis. Menkhoff et. al., (2012) also conclude that cross-sectional currency 

momentum is different from the carry trade and other technical trading rules in the 

currency markets. 

Chui, Titman and Wei (2003) explore the profitability of momentum strategies in 

Real Estate Investment Trusts (REITs). Based on all REITs traded on the NYSE, 

AMEX and NASDAQ, they find that a momentum strategy generates returns of 0.89% 

per month from 1983-1999. In the post-1990 sample, the momentum strategy 

generates a higher return of 1.33% per month. Chui et. al., (2003) conclude that the 

findings are consistent with the overconfidence model. They point out that REITs can 

be easily valued prior to 1990, before the changes in the organisation, business plans 

and ownership structures which took place after 1990. As a result, the overconfidence 

model predicts that the momentum profits should be stronger in the latter time period 

when valuations require investors to make more judgements that can potentially be 

biased by their overconfidence. Recently, Derwall, Huij, Brounen and Marquering 

(2009) confirm the profitability of momentum strategies in REITs over their extended 
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1980-2008 sample. They also show that REIT momentum explains a large portion of 

the abnormal returns that actively managed REIT mutual funds earn in aggregate. 

The empirical evidence suggests that momentum exists in all major asset classes 

in addition to the stock market (although bond momentum appears to be weaker than 

in other asset classes). However, the depth of the non-stock momentum literature is 

significantly smaller compared to the stock market. The lack of attention presents a 

major limitation in our understanding of momentum in markets outside of equities.  

This limited literature provides this thesis with the motivation and rationale to examine 

momentum in commodity futures. 

2.3.5    Alternative Momentum Strategies 

Since the seminal contribution by Jegadeesh and Titman (1993), the momentum 

literature has evolved in a number of different forms. In addition to revealing 

momentum at the individual stocks level, studies have found momentum is also 

persistent based on industry, style, 52-week high and residual levels. Since these 

alternative momentum strategies exhibit different return patterns compared to the 

conventional momentum strategy, these findings pose further challenges to the 

efficient market hypothesis. This thesis proposes three novel momentum-based 

strategies in commodity futures. The proposed strategies also exhibit distinct return 

patterns compared to the conventional momentum strategy. 

One of the first studies to propose an alternative momentum strategy is 

Moskowitz and Grinblatt (1999, hereafter MG). MG form 20 value-weighted industry 

portfolios every month using the SIC codes from the CRSP database during the period 

1963 to 1995. Instead of ranking and holding individual stock portfolios, they sort 

value-weighted industry portfolios and invest in the top three industries based on the 

classic 6/6 strategy. They find significant momentum in industry portfolios over the 

investment horizons even after controlling for size, book-to-market, individual stock 

momentum, cross-sectional dispersion in mean returns and microstructure biases. They 

conclude that industry momentum strategies are more profitable than individual stock 

strategies. In contrast to an individual stock strategy, they find the industry momentum 
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strategy is strongest at the one-month horizon. Similar to the individual strategy, 

industry momentum profits disappear after 12 months and reverse at longer horizons.  

In addition to momentum based on stocks and industries, momentum strategies 

can also be formed at the style level. ‗Style investing‘ in general, is an approach where 

capital rotates among different investment styles. Instead of investing in individual 

securities, style investors make portfolio allocation decisions by investing in broad 

categories of assets, such as large-small cap, value-growth, domestic-international or 

emerging-developed markets. The most apparent reason why investors may prefer 

style investing is its simplicity compared to individual stock picking as there are far 

less styles than stocks. In the return autocorrelation structure section of their style 

investing study, Barberis and Shleifer (2003) hint that a style based contrarian or 

momentum strategy is profitable based on their model which combines style-based 

portfolio selection strategies of investors with a plausible mechanism for how they 

choose among investment styles. They also add that the style-level momentum can be 

even more profitable than the JT and MG strategies. 

The first attempt of a style-like momentum strategy can be found in Lewellen 

(2002). Following MG, Lewellen (2002) first constructs winner-loser portfolios based 

on monthly returns for 15 industry portfolios and then forms size, B/M and double-

sorted portfolios. Based on a sample from 1941 to 1999, Lewellen (2002) finds that 

these size and B/M momentum portfolios are stronger than the price and industry 

momentum in some cases. The results from these size and B/M portfolios indicate the 

distinctiveness of style-like momentum strategies in comparison to price and industry 

momentum. More recently, Chen and DeBondt (2004) find style momentum in the 

Standard & Poor 500 stocks. They classify ten style portfolios based on size (small, 

mid and large), style (value, growth and blend) and dividends. The ranking is based on 

the past 3 to 12 months return of the style portfolios while the holding period ranges 

from 3 to 36 months subsequent to the formation period. They conclude that the 

strategy of buying stocks in the winning style portfolios while selling stocks in the 

losing style portfolios generate significant momentum profits. Chen and DeBondt 

(2004) assert that style momentum is different from price and industry momentum, 
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however, admitting that the style rotation strategy involves a high level of transaction 

costs. 

George and Hwang (2004) propose an alternative strategy known as the 52-week 

high momentum strategy. Unlike the JT and MG strategy, the 52-week high 

momentum computes monthly returns the same way as the JT strategy, however, it 

ranks stocks based on the nearness of the stock price to its 52-week high.
20

 

Surprisingly, the proposed 52-week high momentum strategy delivers about twice the 

profits generated by other strategies even after controlling for size and bid-ask bounce. 

The apparent advantage of the George and Hwang (2004) 52-week high strategy, 

besides a higher profitability, is the nature of the ranking criteria. The 52-week high is 

publicly available information and its presence is almost in every newspaper that 

publishes stock prices. With the help of recent advancements in mobile technology, 

information on the 52-week high stock price is simply a fingertip away. As a result, the 

accessibility of such information makes this momentum strategy even easier and 

cheaper to implement for investors. Motivated by these advantages, this thesis 

(Chapter 5) examines the performance of 52-week high and 52-week low momentum 

strategies in commodity futures. 

More recently, Blitz, Huij and Martens (2011) propose the idea of the residual 

momentum strategy. Different from the conventional momentum strategy that ranks 

stocks based on total past returns, the residual momentum strategy uses the residual 

return from the regressions for rankings and portfolio formation. Using NYSE, AMEX 

and NASDAQ stocks from 1926 to 2009, they assign stocks into decile portfolios 

based on their total and residual returns over the past 12 months excluding the most 

recent month. Momentum portfolios are formed using the top and bottom deciles. 

Based on the results, they conclude that residual momentum generates more stable 

returns, hence a higher long-term average return over the conventional momentum 

strategy. Blitz et. al., (2011) emphasise that because residual momentum is nearly 
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 The nearness is measured by the price of the stock at the last day of the prior month divided by the 52-

week high of the stock based on the last day of the prior month. Similar to both JT and MG strategies, 

winner and loser portfolios of the 52-week high strategy are equally-weighted, constructed using 30% of 

stocks that are closest to their 52-week high and 30% of stocks that are farthest to their 52-week high. 
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market-neutral, it delivers positive returns not only during expansionary periods but 

more importantly, also during recessionary periods. 

The finance literature has modified the original JT strategy in a number of 

different ways. Using these modified strategies, researchers have discovered that 

momentum exists at other levels such as industry, style, 52-week high and in 

regression residuals. Moreover, these modified momentum strategies are able to 

deliver enhanced return patterns that are distinct from the original JT strategy. 

However, the attention from the literature on these alternative momentum strategies is 

far less than conventional momentum strategy. To gain deeper insights into momentum 

effects, future works in these fields seem quite promising.  

Motivated by the success of these alternative momentum strategies, this thesis 

develops several novel momentum-based strategies, which delivers improved risk 

adjusted performance. In Chapter 5, the thesis examines the profitability of 52-week 

high and 52-week low momentum strategies in commodity futures. Another novel 

momentum-based strategy proposed in this thesis (Chapter 4) is motivated by the long-

term return reversal of momentum profits. The long-term return reversal and 

momentum effects are two separate phenomenon. The following section provides a 

survey on this literature and its implications to momentum in commodity futures. 

Since the long-term return reversal also originated from the U.S. stock market, a 

review of this literature is absolutely essential. 

2.4    Long-Term Return Reversal 

In addition to seeking plausible explanations for momentum, a number of studies also 

show that momentum profits reverse over a period of three to five years after portfolio 

formation.
21

 The discovery of return reversal led many studies to conclude that 

momentum is not a separate effect from another well documented anomaly in the asset 

pricing literature, termed ‗long-term return reversal‘. The literature presents mixed 

findings on the causes of long-term return reversal. This section of the Chapter aims to 

review this literature. It is important to gain an understanding of this literature as this 
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 See Bhojraj and Swaminathan (2006), Cooper et. al., (2004), Gupta, Loce and Scrimgeour (2010). 
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thesis (Chapter 4) will employ reversal signals to improve conventional momentum 

strategies in commodity futures. 

2.4.1    The Evidence of Return Reversal 

The long-tern return reversal literature originated from DeBondt and Thaler (1985), in 

which they consider a contrarian investment strategy. A contrarian investor does what 

is contrary to a momentum investor. Generally, this involves buying the past loser 

stocks and short selling the past winner stocks. Based on monthly return data for 

NYSE common stocks from 1926-1982, DeBondt and Thaler (1985) compute the 

cumulative excess returns for every stock and ranks them based on the prior 36 months 

returns. The ranking is repeated 16 times for all non-overlapping three-year periods 

between January 1930 and December 1977. All stocks are sorted into decile portfolios, 

a long position is formed in the bottom decile portfolio while a short position is formed 

in the top decile portfolio. The results show that loser portfolios significantly 

outperform the winners by 25% after 36 months from the portfolio formation. The 

findings of DeBondt and Thaler (1985) have generated enormous interest from 

academia. Studies have later shown that the contrarian investment strategy is also 

profitable in markets outside of the United States. Using stock indices from 1970 

through 1995, Richards (1997) confirm the existence of long-term return reversal in 16 

international stock markets. Richards (1997) conclude that the long-term return 

reversal effect is not simply a small-market phenomenon. 

The profitability of the contrarian investment strategy reflects the earlier findings 

that stock prices do not follow a random walk process but are mean-reverting. The 

general idea of mean reversion asserts that both a stock‘s high and low prices are 

temporary and it will tend to have an average price over time, therefore, reverting back 

to its long term average value (mean). Hence, a predictable pattern of price or return 

emerges. Fama and French (1988) report evidence on the existence of mean reversion 

based on stocks traded on the New York Stock Exchange (NYSE). They examine the 

autocorrelations of stock returns based on a sample from 1926-1985 and find large 

negative autocorrelations for various return horizons. They conclude that mean 

reversion exists in the variation of stock returns. Based on an industry-formed portfolio, 

about 35% of the return variance is predictable due to mean reversion over the 3 to 5 
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year time horizon. Furthermore, they show that return variance is larger (i.e. 40%) for 

small firm portfolios and around 25% for large firm portfolios. Based on an extended 

sample, Poterba and Summers (1988) confirm the mean-reverting behaviour of stock 

returns in the U.S. market. They find that stock prices exhibit positive serial correlation 

over both short periods and longer intervals. 

Similar to the momentum literature, the initial discovery of long-term return 

reversal in stocks has generated enormous interest from the literature. Many earlier 

studies have argued that the observed contrarian profits are due to false research design. 

Other studies argue that contrarian profits are related to the value premium in the Fama 

and French (1993). Furthermore, several behavioural based explanations claim that 

long-term return reversal can be accounted for by behavioural biases. The following 

section reviews the literature on the sources of contrarian profits. 

2.4.2    Sources of Contrarian Profits 

From a pure profit-seeking perspective, if the sources of return are unknown, the 

abnormal return is highly unlikely to be sustained over time in different market 

conditions. Since the introduction of DeBondt and Thaler (1985), many attempts have 

been made to shed light on the sources of contrarian profits. The following section 

summarises the debate on the driving forces of long-term contrarian profits. It is 

important to review these sources of contrarian profits in the stock market because it 

helps the thesis to better understand the behaviour of reversal and the implications to 

commodity futures returns reversal (if it exists at all). As will be shown in Chapter 4, 

for the first time in the commodity futures literature, this thesis finds consistent 

reversal patterns of momentum profits in commodity futures. 

The literature on the explanation of the long-term return reversal can be grouped 

into three main strands. One strand of the literature attempts to attribute contrarian 

profits to systematic risks under a rational, efficient, capital market. Chan (1988) 

constructs the contrarian portfolio following DeBondt and Thaler (1985) who use a 

three-year ranking period and a three-year investment period with CRSP data. Chan 

(1988) proposes that time-varying risk can be used to explain long-term contrarian 

profits and concludes that as risk of the strategy is correlated with the market risk 
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premia level, once risk of the contrarian strategy is allowed to be time-varying, the 

contrarian abnormal profits become very small and economically insignificant. Ball 

and Kothari (1989) extend the sample in Chan (1988) and draw similar conclusions by 

applying the Ibbotson (1975) technique. They find even larger variations in the risk of 

the contrarian strategy over five years and one year. Ball and Kothari (1989) support 

the view of Chan (1988) and conclude that the negative serial correlation can be 

largely explained by time-varying risk and expected returns, and contrarian profits 

becomes insignificant when these relative risks are controlled.
22

 Furthermore, Fama 

and French (1996) show that contrarian investments are closely related to the value 

investment strategy. The value investment strategy forms portfolios based on stocks‘ 

book-to-market ratio, cash flow to price ratio, and earnings to price ratio. The factor 

loadings in Fama and French (1996) suggest that winners are more likely to be growth 

stocks whereas losers are more likely to be value stocks. They argue that the reason 

behind the superior performance of the contrarian strategy is because loser stocks are 

fundamentally riskier than winner stocks. 

Studies have also examined the explanatory power of macroeconomic variables 

on contrarian profits. Gregory, Harris and Michou (2001) investigate the profitability 

of the contrarian strategy in the U.K. and find that the observed excess return is 

statistically and economically significant. However, they show that not all of the 

excess returns of the contrarian strategy can be explained by the Fama and French 

(1993) three-factor model. Particularly, when portfolios are formed on the basis of past 

sales growth and the current book-to-market value, there are substantial differences in 

the returns of winner and loser portfolios that cannot be explained by their market, 

SMB and HML factor loadings. In a subsequent study that attempts to link contrarian 

profits with macroeconomic risks, Gregory, Harris and Michou (2003) find no 

evidence that the contrarian strategy performs worse in adverse states of the world. 

Another strand of studies attribute contrarian profits to the size effect in stocks. 

Zarowin (1989) examines the subsequent stock return performances of firms that have 
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 Jones (1993) reconciles the relative pricing controversy of Chan (1988), DeBondt and Thaler (1987) 

and Ball and Kothari (1989). Jones (1993) shows that with negatively autocorrelated index returns, the 

simple leverage effect cannot account for the positive covariance.  
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experienced extreme earnings years and finds that while the worst performing firms 

outperform the best performing firms over the subsequent three years, the worst 

performers are also significantly smaller than the best at the time of portfolio 

formation. After controlling for size factors, there is virtually no evidence of 

differential stocks return performance. Subsequently, the work of Zarowin (1990) 

matches subgroups of winners and losers of equal size and find that differences in 

return are eliminated except in January. Zarowin (1990) then performs separate tests 

on periods when losers are smaller than winners, and vice versa. Based on U.S. data, 

Zarowin (1990) shows again that the differential size is driving the profitability of 

contrarian strategies. Recently Wu, Li and Ham (2012) find that the size effect cannot 

fully explain the contrarian profits in the U.K. stock market. This thesis does not aim 

to investigate the sources of contrarian profits in commodity futures, instead (Chapter 

4), it focuses on how the conventional momentum strategy can be improved using 

reversal signals. 

Another strand of literature examines the behavioural biases of investors and its 

implications to contrarian investing. DeBondt and Thaler (1985, 1987) conclude that 

contrarian profits cannot be attributed to time-varying systematic risks, but rather, it is 

due to market overreaction. The overreaction hypothesis states that in revising their 

beliefs, individuals tend to overweight recent information and underweight prior data. 

Thus, if investors overreact to earnings news, the stock prices may temporarily depart 

from their fundamental values, which results in under and over-valuation. Thus, a 

contrarian strategy that buys the past undervalued (loser) stocks and short sells past 

overvalued (winner) stocks should generate superior excess returns. Chopra, 

Lakonishok and Ritter (1992) present supporting evidence on the overreaction 

hypothesis based on CRSP monthly data of NYSE stocks from 1926 to 1986. They use 

time-varying beta and control for size in computing the abnormal returns and find that 

based on a ranking period of five years, extreme prior losers outperform extreme prior 

winners by 5-10% per year during the subsequent five years. They also conclude that 

overreaction is stronger among smaller firms. Recently, Daniel and Titman (2006) and 

Bhootra (2013) decompose returns into tangible and intangible components and find 

that contrarian profits are still best explained by the overreaction hypothesis. 
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Other behavioural-based hypotheses developed by researchers to explain long-

term contrarian profits include the naïve expectation hypothesis and the capital gains 

lock-in hypothesis. Lakonishok, Shleifer and Vishny (1994) find contrarian strategies 

that buy past losers based on a variety of performance measurements are not 

fundamentally riskier than glamour strategies. The work of Dechow and Sloan (1997) 

find no evidence that stock prices exhibit naïve extrapolations of past earnings and 

sales growth. By using models based on Bauman and Dowen (1988), the work of La 

Porta, Lakonishok, Shleifer and Vishny (1997) conclude that over half of the 

contrarian returns can be explained by investors‘ naïve expectations of analysts‘ long-

term earnings growth forecasts. See George and Hwang (2007) and Wu and Li (2011) 

for the details of the capital gains lock-in hypothesis.
23

  

The third strand of the literature questions the research design of the early studies, 

arguing that the superior performance of the contrarian strategy is simply a 

manifestation caused by poor research design or measurement error. Conrad and Kaul 

(1993) point out that the cumulative single-period return measurement over long 

intervals overstates returns from the long-term contrarian strategy. By using a buy and 

hold strategy that reduces the statistical biases in cumulative return measurement, 

Conrad and Kaul (1993) show that all returns in non-January months to long-term 

contrarian strategies disappear for NYSE firms over the 1926-1988 period. They 

conclude that the abnormal long-term contrarian profits are due to a combination of a 

biased return measurement and January effect that is unrelated to past performance. 

However, Loughran and Ritter (1996) disagree with the conclusion from Conrad and 

Kaul (1993) and show that the differences between cumulative average returns and 

buy-and-hold returns measurement are extremely small. Similar to Conrad and Kaul 

(1993), Ball, Kothari and Shanken (1995) also criticise the research design of previous 

studies examining the long-term contrarian strategy. They show that measurements of 

both the raw return and abnormal five-year buy and hold returns are problematic. 
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 The rationale of this hypothesis is as follows: since capital gains tax will be realised only when selling 

the stocks, investors with locked-in gains have an incentive to hold onto the winners and hope to delay 

the cash outflows of capital gains taxes. As a result, the ―reserved price‖ for the sale of winner stocks is 

brought up by the benefit of capital gains deferral. Therefore, stocks with large capital gains embedded 

are expected to have higher prices and hence lower expected returns, whereas stocks with no capital 

gains or capital losses are expected to have lower prices and hence higher expected returns. 
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Furthermore, Kothari, Shanken and Sloan (1995) re-examines the ability of beta in 

explaining cross-sectional variation average returns using S&P industry level data 

from 1947-1987. They conclude that the Fama and French (1992) results are likely due 

to a combination of survivorship bias in the COMPUSTAT database which have 

resulted in sample specific performance of both low B/M, past winners stocks and high 

B/M, past loser stocks. 

Despite a large number of studies, the literature presents a mixture of rational 

and behavioural explanations and has yet settled on a universally agreed explanation of 

contrarian profits. This thesis does not seek to resolve the momentum or reversal 

anomaly per se, instead, the study aims to develop three novel momentum-based active 

investment strategies in commodity futures. In Chapter 3, the thesis examines whether 

a particular month in the 12-month ranking period plays a more important role in 

understanding the conventional momentum in commodity futures. In Chapter 4, the 

thesis investigates whether conventional momentum profits in commodity futures can 

be improved by the observed return reversal pattern. In Chapter 5, the thesis examines 

for the first time, the performance of 52-week high and low momentum strategies in 

commodity futures. This thesis now provides a thorough review of the commodity 

futures and commodities momentum literature, which is essential in understanding the 

research motivations, rationales and methodologies of Chapters 3 to 5. 

2.5    Commodity Futures 

Investments in commodities have become increasingly important due to their equity-

like returns and portfolio diversification benefits. The vast majority of the studies 

reviewed in Sections 2.3 and 2.4 focus exclusively on the stock market; however, 

relatively little attention has been devoted towards alternative investments such as 

commodities. Since the first rigorous momentum study did not appear until Erb and 

Harvey (2006), the commodities momentum literature is relatively new and under-

developed. This section begins by providing an overview of commodity futures as an 

investment. Followed by discussions on expected return frameworks, this section also 

reviews the current state of commodity asset pricing. The section concludes with an 

extensive review of momentum strategies in the commodity futures market. 
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2.5.1    Commodity Futures as an Investment 

According to a Barclays Capital survey of over 250 institutional investors, commodity 

related institutional investments have grown from less than $20 billion to more than 

$250 billion from 2003 to 2010 (http://www.barcap.com/about-barclays-capital/press-

office/news-releases/2010/12/). Moreover, Barclayhedge reported that AUM (assets 

under management) for managed futures has grown from $45 billion to $334 billion in 

the period of 2002-2012 (http://www.barclayhedge.com/). The unprecedented growth 

in commodity investments is referred by the media, World Bank and IMF as the 

‗Commodity Investment Boom‘. A large body of literature has demonstrated two 

major reasons that have contributed to this boom.
24

 First, commodity returns are driven 

by factors that are different from those affecting stocks and bonds, resulting in low 

correlations with traditional asset classes, and this helps reduce the overall risk 

associated with traditional portfolios (Bodie and Rosansky, 1980; Gorton and 

Rouwenhorst, 2006). Second, studies have found that the annualised rate of return of a 

long only commodity futures portfolio at 10% to 14% per annum delivers mean returns 

similar to those of stocks (Erb and Harvey, 2006). 

Due to the high transportation and storage costs of directly holding physical 

commodities, investors have turned their attention to futures instruments to gain 

commodity exposure. Investors can gain commodity exposure through a number of 

investment vehicles, for example, exchange-traded funds (ETFs), mutual funds, 

derivative contracts, commodity trading advisers (CTAs) and commodity-based 

company stocks (Jensen and Mercer, 2011). Similar to equity ETFs, commodity based 

ETFs are low cost in nature and are traded on exchanges. These securities represent 

claims on individual commodities or indices that track commodity prices. For example, 

the most popular index, the S&P GSCI index is tracked and offered by iShares. 

Furthermore, commodity-based mutual funds invest in commodity index derivatives 

and equities in companies whose profitability is exposed to commodity prices. 
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 See Bodie and Rosansky (1980), Bodie (1983), Ankrim and Hensel (1993), Anson (1999), Jensen, 

Johnson and Mercer (2000, 2002), Erb and Harvey (2006), Gorton and Rouwenhorst (2006) and You 

and Daigler (2010). 

http://www.barclayhedge.com/
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Commodity based futures and options contracts can be used directly to allocate 

investment capital to either individual commodities or baskets of commodities (index). 

Commodity indices are constructed passively by long positions in multiple commodity 

futures. Before the development of commodity ETFs and mutual funds, the commodity 

futures markets were mainly accessed by institutional investors through futures 

contracts. In addition to these long-only and passively managed investments, investors 

can gain active exposure to commodities by using a CTA. CTAs are investment 

advisers who develop active investment strategies in commodity-based derivatives. 

Unlike passively managed commodity investments which harness the market (beta) 

exposure, CTAs are active managers who seek to earn alpha (Elton, Gruber and 

Rentzler, 1987, 1990; Fung and Hsieh, 2001 and Spurgin, 1999). Furthermore, 

investors also invest in the equity of a company whose main product is a specific type 

of commodity. 

2.5.2    Expected Return 

The components of commodity futures returns are different from stocks. Stock returns 

consist of capital gains and dividend yields. Instead, there are generally three 

components in commodity futures returns (Jensen and Mercer, 2011): 

Total Returns = Changes in Spot Price + Roll Return + Collateral Return 

The spot return is simply the result of commodity price changes. The roll returns 

are the returns generated from rolling the expiring contract into a new contract. Unlike 

stocks, which are traded continuously, the life of a futures contract is limited by its 

maturity date. When a contract expires, the underlying asset will be delivered to the 

contract holder and the futures transaction is completed. Thus, to maintain a 

continuous exposure in a particular commodity, the expiring contract must be sold and 

the nearest contract must be purchased. As a result, the roll return can be positive as 

well as negative. The roll return will be positive if the price of the new contract is 

lower than the price of the expiring contract, whereas the roll return is negative when 

the price of the new contract is higher than the expiring contract. The final source of 

return is the collateral return. This is the risk-free return on the margin collateral 

deposited by the investor. The collateral return is often proxied by the return on the 
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U.S. Treasury bill. The collateral return is added to the spot and roll returns as it can be 

directly compared with an unleveraged holding return of stock and bonds. 

Furthermore, the transaction costs are much lower in commodity futures 

compared to the equities market. Due to the high trading intensity of momentum 

strategies, Lesmond et. al., (2004) and Korajczyk and Sadka (2004) share concerns 

that transaction costs may consume the majority of momentum profits. They show that, 

on average, around 2.3% of associated costs per trade need to be considered. Also, as 

momentum strategies involve both buying and short selling the stock, short-selling 

restrictions in the equities market are likely to cause problems as well. However, this is 

unlikely to be an issue in commodity futures. First, as discussed in Locke and 

Venkatesh (1997) and more recently in Marshall, Nguyen and Visaltanachoti (2012), it 

is a well-accepted fact that transaction costs in futures markets are significantly lower 

than the equities market (0.0004% to 0.033% per trade reported in Locke and 

Venkatesh, 1997). Second, constructing a short position in the futures market is as 

simple as taking a long position, thus restrictions on short-selling are unlikely to be an 

issue in commodity futures. 

The spot and futures prices of storable commodities are governed by the ‗cost-

of-carry‘ relationship (Working, 1948). This basic no-arbitrage pricing relationship 

contends that the futures price must equal to the current spot price plus the costs 

required for carrying the commodity forward to delivery. These costs may include 

borrowing costs, storage, transportation and insuring the commodity. However, a 

futures contract may be correctly priced when the futures price is lower than the spot 

price due to the presence of a convenience yield (Working, 1948). The convenience 

yield is the potential benefit (profits) of holding the physical commodity when it is 

demanded by consumers or manufacturers. For example, an investor buys bales of 

physical wheat in anticipation that a drought will occur. Thus, when the drought 

eventually arrives, the scarcity and demand for wheat will push its price higher above 

the equilibrium. The convenience yield is the price differential before and after the 

shock. Economists have developed several theories to explain the behaviour of 

commodity prices. The following section reviews these theories. 
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Keynes (1930) proposes the theory of normal backwardation. The theory predicts 

that the futures price for a commodity should always be less than the expected spot 

price in the future. If the futures price today is below the spot price in the future, then 

as the futures price converges toward the spot price at maturity, excess returns should 

be positive. The theory of backwardation implies the existence of a risk premia 

because when hedgers hedge their commodity price exposures, hedgers must offer 

investors in long-only commodity futures a compensation for bearing the price risk. 

Alternatively, the theory of normal backwardation suggests that when hedgers and 

investors are risk-averse, the excess return on long commodity futures investments 

may be viewed as an insurance risk premia. Consequently, the theory predicts that 

investors who enter into long positions in any commodity futures should earn a 

positive risk premia. However, the theory of normal backwardation has been proven 

unpopular in the literature.  Kolb (1992), Bodie and Rosansky (1980) and Fama and 

French (1987) find no empirical evidence that all commodities earn statistically 

significant returns. 

Another widely debated theory is the hedging pressure hypothesis (Cootner, 

1960). This concept is closely associated with the theory of normal backwardation as it 

attempts to explain the absence of empirical evidence of positive excess returns. 

Normal backwardation assumes hedgers enter into short positions in commodity 

futures to mitigate the risk of their long positions in the underlying commodity. As a 

result, the futures price is expected to increase over time providing incentives for 

investors to take long positions in the futures contract. The hedging pressure 

hypothesis contends that both backwardated commodities (spot price is greater than 

the futures price) and contangoed commodities (spot price is lower than the futures 

price) should offer risk premia if backwardation holds when hedgers are net short 

futures and contango holds when hedgers are net long futures. Bessembinder (1992) 

find supporting evidence for this hypothesis and conclude that the returns of 16 

commodity futures are influenced by the degree of net hedging. The hedging pressure 

hypothesis is more flexible than the theory of normal backwardation as it does not 

assume that hedgers only take short futures positions. 
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The third hypothesis to explain the behaviour of commodity futures is the theory 

of storage. The theory of storage attempts to link commodity futures prices with 

inventory levels (Working, 1949; Brennan, 1958). According to the theory of storage, 

the price of a commodity futures contract is driven by storage costs, interest rates and 

the convenience yield. When inventories are abundant and storage costs and 

convenience yield are immaterial, the difference between the spot price and futures 

price will be the interest cost until the maturity of the contract. When inventories are 

scarce, the convenience yield becomes high. As a result, the convenience yield is seen 

as a risk premia linked to inventory levels that helps explain observed futures prices. 

The theory of storage predicts that commodities that are difficult to store should 

exhibit high convenience yields whereas the opposite occurs for commodities that are 

easy to store.  

The theory of storage, normal backwardation and hedging pressure provide the 

economic foundations for the empirical analysis of return and risk trade-offs in the 

commodity futures market. These theories are developed based on the belief that 

commodity futures prices are driven by commodity-specific factors. The following 

section broadly reviews the asset pricing literature for commodity futures. 

2.5.3    Asset Pricing for Commodity Futures 

The asset pricing literature for commodity futures has grown rapidly over the last 

several years. However, unlike equities, a widely accepted common risk factor model 

for commodity futures has not been discovered. Using the Fama and French (1993) 

three-factor model to explain commodity futures returns can be difficult, because the 

model was originally developed to explain the behaviour of equities. The success of 

such approach depends on whether stocks and commodities markets are integrated or 

segmented. If markets are integrated, factors that price stocks should also influence 

commodities. Instead, if markets are segmented, alternative asset pricing models may 

be more feasible to explain the risk premia in commodity futures. 

A number of studies present evidence against the integration of futures and asset 

markets. Bessembinder (1992) show that the returns in foreign currency and 

agricultural futures differ significantly after controlling for systematic risk. Erb and 
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Harvey (2006) show that commodity futures returns are largely uncorrelated with one 

another historically. Gorton and Rouwenhorst (2006) show that commodity futures 

returns are negatively correlated with stock returns. They show that the exposure of 

commodity futures to unexpected inflation is the opposite of the exposures reported for 

stocks and bonds.  

However, recent evidence suggests that the large inflow of capital into 

commodity futures is likely to affect risk sharing by integrating the previously 

segmented commodity futures markets with otherwise uncorrelated financial markets 

such as stocks and bonds. Silvennoinen and Thorp (2013) predict that the return 

correlation between commodities and other financial assets will rise due to the increase 

in commodity index investments. They test this hypothesis during the global financial 

crisis (GFC) and find increasing integration between commodities and financial 

markets. Furthermore, by analysing the daily futures returns of individual commodities, 

Tang and Xiong (2012) find that the correlations between different commodities have 

increased significantly after 2004. They show that since the early 2000s, futures prices 

of non-energy commodities in the U.S. have become increasingly correlated with oil 

futures prices and that this trend is significantly more pronounced for commodities in 

the two popular commodity indices (S&P GSCI and Dow Jones-UBS) than for 

commodities not in these indices. Overall, the evidence on integration and 

segmentation is mixed. 

Unlike asset pricing studies in equities, which consider the effectiveness of a 

model pricing the cross-section of equities, earlier commodity asset pricing studies 

focus on the pricing of particular commodities. Dusak (1973) examine the pricing 

effectiveness of the CAPM on wheat, corn and soybean futures contracts over the 

1952-1967 period. Dusak (1973) fails to find any risk premia and the holding period 

returns on the contacts are also close to zero. In an expanded sample of 23 commodity 

futures, Bodie and Rosansky (1980) show that betas are largely negative and 

statistically insignificant and conclude that the CAPM cannot explain individual 

commodity futures returns. Breeden (1980) examine the pricing efficiency of the 
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intertemporal asset pricing model (consumption-based beta).
25

 Breeden (1980) 

concludes that some but not all of the 20 commodity futures examined exhibit 

significant systematic risks. Furthermore, Erb and Harvey (2006) examine the 

unconditional monthly betas of commodity excess returns relative to the Fama-French 

three factors for the period 1982-2004. They find that none of the Fama-French factors 

are significant in explaining a sample of 36 commodities.  

Studies have also tested commodity-specific factors such as the hedging pressure 

hypothesis and the theory of storage in explaining individual commodity futures 

returns. DeRoon, Nijman and Veld (2000) investigate the hedging pressure effects in 

20 futures markets including financials, agriculturals, minerals and currencies over the 

1986-1994 period. They show that individual hedging pressure and cross-hedging 

pressures from the group significantly affect futures returns. Furthermore, Gorton, 

Hayashi and Rouwenhorst (2013) examine the role of inventory in explaining 

commodity futures returns. Using 31 commodity futures and physical inventories from 

1971 to 2010, Gorton et. al., (2013) show that commodity futures risk premia vary 

across commodities and over time according to the level of physical inventories. They 

also show that the convenience yield is a decreasing, nonlinear function of inventories. 

Acharya, Lochstoer and Ramadorai (2013) consider the possibility that hedging 

pressure and inventories may be related due to limits in capital movements. They 

conclude that the limits to arbitrage determine commodity futures risk premia and spot 

prices.
26

 Moreover, Etula (2013) finds that the financial leverage of broker-dealers 

predicts the returns of some commodity futures. Overall, this strand of the literature 

finds that the time-series of the individual commodity futures returns are affected by 

commodity-specific factors (hedging pressure and inventory). 

                                                 
25

 According to the consumption-based CAPM, the equilibrium expected excess return on an asset 

should be proportional to its covariance of returns with changes in aggregate real consumption. Thus, 

although many commodity futures may have price changes that are unrelated to those of stocks or to the 

market portfolio‘s return, they should earn a risk premia if their real price changes are correlated with 

changes in aggregate real consumption (see Breede, 1980 for details). 
26

 The rationale of such interaction is as follows. When hedgers are net short, they will hedge their risk 

via commodity futures. For a futures transaction to take place, the speculators will have to be net long. 

The hedgers entice speculators to take long positions by compensating them with a positive risk premia. 

However, in the case when funding frictions such as margin calls occur, the speculators will demand a 

greater risk premia. If the hedgers cannot offer this risk premia, the speculators will not take long 

positions in futures and the hedgers will be forced to sell their inventories in the market, thus causing 

downward pressure to the price. 
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The cross-sectional literature of commodity futures pricing has also grown 

considerably in recent years. However, a well-accepted common risk factor model has 

not been discovered. DeRoon and Szymanowska (2010) examine the pricing 

effectiveness of the Consumption-based CAPM (C-CAPM) in a cross-section of 

commodity futures. They show that the conditional C-CAPM explains up to 60% of 

the cross-sectional variation in mean futures returns but using contemporaneous and 

future consumption growth decreases the performance of the model. Basu and Miffre 

(2013) construct active long-short strategies based on the hedging pressure criteria in 

explaining the cross-section of commodity futures. They find mixed results regarding 

the significance of their hedging pressure factor. Miffre, Fuertes and Perez (2012) 

show that idiosyncratic volatility is not priced in the cross-section of commodity 

futures when commodity-specific factors are controlled for. Daskalaki, Kostakis and 

Skiadopoulos (2014) conduct an extensive list of asset pricing tests. They find that the 

CAPM, C-CAPM, and models that take into account monetary policy and leverage of 

broker dealers cannot explain the cross-sectional variation of commodity futures 

returns. Daskalaki et. al., (2014) show that the failure of the commodity-specific factor 

models is due to the highly heterogeneous structure of commodity futures across 

sectors. 

The commodity asset pricing studies reviewed up to this point focus on the time-

series or the cross-section of individual commodities. This is different from the asset 

pricing literature for equities where tests are often on stock portfolios. The portfolios 

are formed to improve the accuracy of the estimated betas and the respective market 

prices of risk. Yang (2013) employs seven portfolios formed on their basis risks.
27

 

Yang (2013) constructs a basis factor and finds that a two-factor CAPM-basis model 

prices the test assets. Furthermore, Szymanowska, DeRoon, Nijman and Van den 

Goorbergh (2014) employ 24 commodity portfolios formed on momentum, basis, 

volatility, inflation, liquidity and hedging pressure criteria. They find that a model that 

employs a basis factor is also successful at pricing the cross-section of their test assets. 

Daskalaki et. al., (2014) also employ sector portfolios to test the robustness of their 
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 Basis is the difference between the spot price of a deliverable commodity and the relative price of the 

futures contract for the same actual that has the shortest duration until maturity. Basis risk is the 

possibility that the basis will strengthen or weaken. 
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key results. They find no factors can be used to price the cross-section of commodity 

futures returns.  

Miffre and Rallis (2007) propose a three-factor model which includes a 

commodity market, stock and bond risk factors. Based on a sample of 28 commodity 

futures, Miffre and Rallis (2007) show that portfolios sorted on past returns move 

closely with the commodity market and stock market risk factors but not the bond 

market risk factor. Fuertes, Miffre and Rallis (2010) augment the Miffre and Rallis 

(2007) three-factor model by including three additional factors, namely the U.S. dollar 

effective exchange rate, unexpected inflation and unexpected industrial production. 

They find that commodity portfolios sorted on past returns are related to unexpected 

industrial production in some cases. Due to the lack of a common risk factor model in 

commodity futures, the Miffre and Rallis (2007) three-factor model and the Fuertes et. 

al., (2010) six-factor model are employed as standard models for risk adjustment of 

active investment strategies in commodity futures. This thesis employs these models 

for risk adjustments of strategies returns. However, due to its importance to both 

academia and the investment profession, the search for a common risk factor and asset 

pricing model for the cross-section of commodity futures will continue. 

2.5.4    Commodities Momentum 

Long-short active momentum strategies have been studied extensively in the equity 

markets; however, there is a paucity of research in the commodity futures literature. 

The first rigorous momentum study in commodity futures did not appear until Erb and 

Harvey (2006), however, this literature is at its very early stages of development. 

Erb and Harvey (2006) find that tactically allocating capital using commodity 

futures may be attractive to some investors. They consider two momentum strategies. 

The first strategy takes a long position in an equal-weighted portfolio of four 

commodity futures with the highest prior 12-month returns, and a long-only portfolio 

of the worst-performing commodity futures.  Furthermore, a long-short portfolio based 

on these two portfolios is also constructed. They show that the winner portfolio 

exhibits an excess return of 7% per annum while the loser portfolio reports a negative 

excess return of -3.4% per annum and the long-short portfolio achieves 10.8% per 
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annum. The second strategy involves buying individual commodity futures that 

experience positive returns over the past 12 months and short selling commodities that 

experienced negative returns. Thus, all portfolio positions may be long or short in a 

given month. Erb and Harvey (2006) show that this type of a trend-following long-

short strategy generates 6.54% per annum. The latter strategy also exhibits a higher 

Sharpe ratio compared to the former. 

Miffre and Rallis (2007) select 13 agricultural, 4 livestock, 6 metal and 5 oil and 

gas futures to test the profitability of the momentum strategy. In the sample period 

from 1979 to 2004, they implement 32 momentum strategies based on different 

formation and investment periods. They conclude that momentum profits are not 

compensation for risk (neither constant nor time-varying) related to backwardation and 

contango theories which suggest that a momentum strategy that consistently trades the 

most backwardated and contangoed contracts are likely to be profitable. As high 

trading costs is often accused of being the limitation of the momentum strategy in 

equity markets, Miffre and Rallis (2007) list four reasons why transaction costs, 

compensation for thin trading, and market frictions do not materially deteriorate the 

momentum profits in commodity futures.  

Shen et. al., (2007) also study the effectiveness of the momentum strategy in 

commodity futures. They use daily closes, trading volume and open interest extracted 

from 28 commodity futures from Commodity Research Bureau (CRB) during the 1959 

to 2003 period. Commodities are ranked on the past holding period return, measured 

by log percentage changes in the unit value index, and subsequently assigned into three 

portfolios from the highest to the lowest. Similar to findings in the stock market, they 

show that momentum strategies generate significant positive returns for short and 

intermediate time horizons in commodity futures. As a test of liquidity, Shen et. al., 

(2007) limit the strategy to only a set of commodities where the average dollar trading 

volume is relatively high and they find that it reduces realised returns yet it does not 

alter the conclusions. Shen et. al., (2007) also attribute the success of momentum 

strategies in commodity futures to investor overreaction rather than compensation for 

bearing risks. 
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Szakmary, Shen and Sharma (2010) examine the profitability of trend-following 

strategies on 28 commodities over the 1959-2007 period. Szakmary et. al., (2010) 

apply the research design of a momentum study (intermediate horizons and large 

cross-section of commodities) to evaluate a group of trend-following trading rules. 

They find that all rules tested (dual moving average cross-over and channel strategy) 

yield largely significant profits over the sample period. These trend-following 

strategies generate higher mean returns and Sharpe ratios than momentum strategies. 

They conclude that the divergent findings regarding momentum and pure trend-

following trading strategies in the commodity futures literature is due to differences in 

research design.
28

 

 Fuertes et. al., (2010) propose strategies that combine momentum signals with 

term-structure signals. They show that momentum and term-structure strategies are 

profitable as separate strategies, both generating returns around 12% per annum.
29

 

However, when the two signals are combined, the strategy generates a staggering 20% 

per annum. The combined strategy is implemented using a double-sorting procedure. 

They first sort all commodities into three portfolios based on their roll returns. Within 

the low and high portfolios, they further sort commodities into two sub-portfolios 

based on their past returns. The combined strategy buys the high roll return based 

commodities that have experienced strong past returns and short sells commodities 

with low roll returns which have experienced poor past returns. Fuertes et. al., (2010) 

show that the profits of the double-sort strategy cannot be explained by market or 

macroeconomic factors, data-snooping, lack of liquidity or transaction costs. 

Dewally, Ederington and Fernando (2013) employ proprietary energy futures 

position data. Consistent with the hedging pressure hypothesis, they show that mean 

hedger profits are negative whereas speculator profits are positive. Traders (speculators 

or hedgers) who hold net positions opposite to likely hedgers in aggregate earn higher 
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 Marshall, Cahan and Cahan (2008) find that 14 out of 15 commodities do not generate statistically 

significant profits using trend-following strategies after data-snooping adjustments. 
29

 The term-structure strategy buys backwardated contracts and short sells contangoed contracts. Roll-

return is used as the signal of contango and backwardation. A positive roll return indicates prices of 

nearby contracts are higher than the distant contract (downward-sloping term-structure). A negative roll 

return shows prices of nearby contracts are lower than the distant contract (upward-sloping term-

structure). 
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profits compared to traders whose net positions align with likely hedgers. Consistent 

with the theory of storage, they show that profits on long positions vary inversely with 

inventories and directly with volatility. They also show that commodity futures 

momentum may be due largely to hedging pressure. However, their argument must be 

viewed with caution. Since all momentum studies in the commodity futures literature 

employ more than 20 commodities from a number of sectors, a conclusion drawn 

based only on energy commodity futures may be incomplete.
30

 

Momentum studies often focus on a particular market as their test subject (stock, 

bond, currency and commodities). Recently, a group of studies examine the 

profitability of momentum strategies across markets and find interesting new patterns. 

Novy-Marx (2012) proposes the idea of echo momentum and argues that momentum is 

primarily driven by returns 12 to 7 months prior to portfolio formation, rather than a 

tendency of return continuation. Novy-Marx (2012) shows that momentum strategies 

formed on recent past performance consistently generate lower returns than strategies 

formed on intermediate horizon past returns. He also finds that the results hold in 

international equity indices, commodities and currencies. In Chapter 4, this thesis 

further decomposes the intermediate momentum and recent momentum of Novy-Marx 

(2012) into 12 individual single-month components. 

Moskowitz, Ooi and Pedersen (2012) propose a novel strategy termed, time-

series momentum. The time-series momentum strategy is different from the cross-

sectional momentum strategy as it does not require the transactions of multiple assets.  

The strategy takes a long position in an instrument if the excess return over the past 12 

month is positive and a short position in an instrument if the excess return is negative, 

and hold for one month. Based on 24 commodity futures, 12 cross-currency pairs, 9 

developed equity indexes and 13 developed government bond futures from 1965 to 

2009, Moskowitz et. al., (2012) find that a diversified time-series momentum portfolio 

generates 1.58% per month after controlling for market, size, value and UMD factors. 

They show that the profits of the time-series momentum strategy is not due to crash 
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 The set up by Dewally et. al., (2013) cannot be employed in a multi-investment commodities 

momentum portfolio. Therefore, it cannot be used as an explanatory variable when examining cross-

sectional commodities momentum profits. 
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risk as the strategy performs the best during the biggest up and down market 

movements. They also show that liquidity, sentiment and volatility cannot explain the 

success of the proposed momentum strategy. 

Asness et. al., (2013) investigate the link between value and momentum across 

markets and asset classes by studying value and momentum simultaneously. Using an 

extensive sample of stock, equity, bond, currency and commodity markets, they show 

that value and momentum strategies generate positive Sharpe ratios in all of the major 

markets. Interestingly, they find that value and momentum is negatively correlated. 

Thus, a 50/50 combined strategy generates stronger risk-adjusted performance. 

Furthermore, Asness et. al., (2013) find that value is correlated across markets and 

momentum is also correlated across markets. To rationalise these findings, they show 

that, when pooled across markets, value and momentum are positively related to long-

run consumption risk and negatively related to the business cycle recession indicator. 

Also, value exhibits a positive relation to funding liquidity risk whereas momentum is 

negatively related to funding liquidity risk. The liquidity risk partially explains the 

negative interaction between value and momentum. 

As reviewed in this section, studies have proven the success of tactical allocation 

of commodity futures using momentum investment strategies. However, it was only 

until recently that this literature has started to develop using commodity futures. The 

lack of research presents a major limitation in our understanding of the momentum 

effects in commodity futures. This thesis aims to address these research gaps by 

contributing to this important and rapidly growing literature. 

2.6    Conclusion and Research Gaps 

In conclusion, as shown in this Chapter, the empirical evidence on momentum is 

extensive and persuasive. Momentum investment strategies generate statistically and 

economically significant profits in stock markets and multiple asset classes. These 

profits cannot be fully accounted for by existing systematic risks under a rational, 

efficient, capital markets framework. However, the evidence should not automatically 

lead to market inefficiency as the search for a possible missing (omitted) risk factor 
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continues. The current failure of rational asset pricing theories has led to the 

development of several behavioural based models in the explanation of momentum 

profits. This strand of the literature argues that investors are not as rational as 

portrayed by asset pricing theories under an efficient market. Instead, investors exhibit 

behavioural biases that contribute to short-term return continuation and long-term 

return reversal. Nevertheless, a universally accepted rationale for momentum remains 

inconclusive at the time of writing. 

In the commodity futures literature, the first rigorous momentum study did not 

appear until recently. The commodities momentum literature is new but rapidly 

growing due to the renewed interest in commodity futures investments. The 

contributions of this thesis are two fold. First, this thesis seeks to contribute to the 

literature by proposing and examining three novel momentum investment strategies in 

the commodity futures market. Second, through these novel strategies, the thesis offers 

fresh insights into the understanding of conventional momentum in commodity futures. 

In Chapter 3, the thesis addresses the first research question. Do past returns 

from any particular month play a more important role than other months (in a 12-

month ranking period) in determining commodity momentum profits? Novy-Marx 

(2012) argues that conventional momentum profits are largely driven by intermediate 

returns (12 to 7 months prior to portfolio formation), This thesis proposes a 

‗microscopic momentum strategy‘ which further decomposes the intermediate and 

recent return momentum of Novy-Marx (2012) into 12 individual momentum 

components. The ‗microscopic strategy‘ suggests that monthly past returns can be used 

to better understand the dynamics of conventional momentum profits in commodity 

futures. 

In Chapter 4, the thesis addresses the second research question. Do commodity 

momentum profits reverse over the long term? Furthermore, can this reversal signal 

improve conventional momentum investment strategies? Miffre and Rallis (2007) and 

Shen et. al., (2007) do not find conclusive evidence that commodity momentum profits 

reverse over the long run after post-formation. Through an extensive post-holding 

analysis, this thesis examines the reversal behaviour of commodity momentum profits 

and how this information can be used to improve the performance of conventional 
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momentum strategies and to explore the benefits of tactical asset allocation in 

commodity futures. The proposed momentum/reversal strategy exhibits substantial 

performance improvement over the conventional commodity momentum strategy. 

In Chapter 5, the thesis addresses the final research question. Do commodity 

investors exhibit behavioural bias around the 52-week high and 52-week low price 

levels? Based on the anchoring bias of investors in the stock market, George and 

Hwang (2004) find that 52-week high momentum in the stock market is a better 

predictor of future performance than conventional momentum. Motivated by George 

and Hwang (2004), this thesis examines whether commodity investors exhibit 

anchoring behaviours around the 52-week high as well as the 52-week low price levels 

and its implications to conventional momentum investment strategies in commodity 

futures. In both Chapters 4 and 5, the findings reveal that global funding liquidity plays 

a significant role in determining momentum profits in commodity futures.  
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Chapter 3    

Microscopic Momentum31 

3.1    Introduction 

Momentum, or short term return continuation, is one of the most persistent asset 

pricing anomalies in the literature to date. Momentum strategies exploit the return 

continuation by buying the best and short-selling the worst performing stocks. 

Momentum has been found to exhibit statistically and economically significant profits 

in global equity markets (Jegadeesh and Titman, 1993; Chan et. al., 1996; 

Rouwenhorst, 1998; Griffin et. al., 2003).
 

An extensive body of literature has 

attempted to explain the source of the momentum phenomena, however, a general 

consensus on the causes of momentum remains inconclusive. 

The conventional momentum strategy of Jegadeesh and Titman (1993, thereafter 

JT), relies on the entire 12 months of past returns for portfolio construction. Recently, 

Novy-Marx (2012, thereafter RNM) reveals that, intermediate returns (12 to 7 months 

prior to portfolio formation) are a more superior future performance indicator 

compared to recent returns (6 to 2 months prior to formation).
32

 As a result, RNM 

argues that momentum is not a tendency of return continuation, but instead behaves 

more like an echo effect. 

In this study, we propose a third type of momentum strategy termed Microscopic 

Momentum, which further decomposes the recent (6 to 2 months) and intermediate (12 

to 7 months) momentum of Novy-Marx (2012) into 12 single-month individual 

momentum components. As a consequence of the decomposition, we are able to take a 

glimpse at momentum profits under a month-by-month, microscopic scale. For the first 

time, this novel approach not only reveals a striking new discovery of a momentum 

                                                 
31

 A paper based on this Chapter has been reviewed and accepted at the Auckland Finance Meeting 2013, 

from 15-17 December at AUT Business School, New Zealand. 
32

 Intermediate return is the return from the past 12 to seven months, denoted as the 12,7 strategy and the 

recent return represents returns six to two month prior, denoted as the 6,2 strategy. 
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based anomaly, but also allows us to pinpoint whether specific months in the past play 

a more significant role in determining conventional and echo momentum profits, hence 

it offers fresh insights into our understanding of momentum in commodity futures. 

The commodity futures market is of interest for several reasons. First, 

commodities as an investment offer the benefits of inflation-hedging and portfolio 

diversification (Bodie and Rosansky, 1980; Erb and Harvey, 2006; Gorton and 

Rouwenhorst, 2006). As a result, more attention from the literature is warranted due to 

the emerging importance of commodity futures in tactical and strategic asset allocation. 

Second, lower trading costs relative to the equity markets provides an additional 

advantage in the execution of momentum based investment strategies in commodity 

futures. As shown in Locke and Venkatesh (1997), the average cost per trade in futures 

markets is 0.033% as opposed to 2.3% in the stock market (Korajczyk and Sadka, 

2004). Furthermore, the number of tradeable commodities is only a fraction of the 

stock market, which makes momentum strategies much less trading intensive in 

commodity futures. Third, the momentum literature focuses extensively on the stock 

market, therefore, it presents a major limitation in our understanding of the mechanics 

of momentum (Moskowitz et. al., 2012; Asness et. al., 2013).  

The proposed granular analysis of microscopic momentum in this Chapter makes 

four major contributions to the commodity futures literature. First, in the commodity 

futures markets, the ‗11,10 microscopic momentum strategy‘, constructed using the 11 

to 10-month return prior to formation, produces an annualised average return of 14.74% 

with strong statistical significance. The superiority of the 11,10 strategy is not driven 

by sector-specific nor month-of-year commodity seasonality effects and is robust 

across sub-periods and out-of-sample analysis. Second, when the RNM echo 

momentum is regressed against its microscopic components, RNM intermediate 

momentum can be completely subsumed by the 11,10 microscopic momentum. Thus, 

the superior performance of intermediate momentum claimed by RNM may be an 

illusion created by the 11,10 microscopic momentum. This implies that for tactical 

asset allocation decisions, CTAs and commodity fund managers must not consider 

intermediate momentum as a viable substitute for conventional momentum strategies. 

Instead, the 11,10 microscopic strategy, which offers similar profits in magnitude but 
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unique dynamics of returns to conventional strategies, may be a feasible alternative. 

Third, around 77% of the variation of returns in the JT conventional momentum 

strategy can be explained by its microscopic decomposition. However, since no 

dominance is found on any individual month, all past months are found to be important 

in determining the conventional commodity momentum profits. Fourth, echo and 

microscopic momentum is partially related to the U.S. cross-sectional equity 

momentum and the returns from broad commodity futures, but is not related to stocks, 

bonds, foreign currency risks and macroeconomic conditions. Consistent with Asness 

et. al., (2013), this finding implies that there may indeed be a common component in 

momentum across asset classes. 

The remainder of the Chapter is organised as follows. Section 3.2 discusses the 

related literature on commodity futures momentum. Section 3.3 describes the data 

employed in this study and details various methodologies used to form commodity 

momentum portfolios. Section 3.4 reports the results of conventional, echo and 

microscopic momentum strategies followed by robustness checks. Section 3.5 

discusses the insights from microscopic momentum and Section 3.6 reports the factor 

loadings of all momentum strategies. The Chapter provides concluding remarks in 

Section 3.7. 

3.2    Related Literature 

Studies that focus on the explanation of momentum can be generally grouped into two 

main strands, rational and behavioural. Rational explanations attempt to relate 

momentum with different risk premia under an efficient market framework. For 

example, macroeconomic risk (Griffin et. al., 2003; Antoniou et. al., 2007), 

conditional risk (Lewellen and Nagel, 2006; Li et. al., 2008), market states (Cooper et. 

al., 2004), liquidity risk (Sadka, 2006), credit risk (Avramov et. al., 2007) and trading 

volume (Lee and Swaminathan, 2000). On the other hand, behavioural theorists often 

attribute momentum to investors‘ behavioural and physiological biases. For example, 

conservatism (Barberis et. al., 1998), overconfidence (Daniel et. al., 1998; Hong and 

Stein, 1999; Hvidkjaer, 2006), individualism (Chui et. al., 2010) and heterogeneity of 

beliefs (Verardo, 2009). 
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In addition to the stock market, momentum is also present in alternative asset 

classes such as commodities, currencies, real estates and bond markets.
33

 In 

commodity futures, Miffre and Rallis (2007) show that momentum strategies generate 

statistically significant profits and conclude that the profitability does not reflect a 

compensation for bearing risks (both static and time-varying) but is related to the 

commodity futures term structure information. Shen et. al., (2007) present supporting 

evidence and show that commodities momentum is more consistent with overreaction 

hypothesis rather than a compensation for risk. Consistent with Miffre and Rallis 

(2007) and Shen et. al., (2007), we find strong and robust evidence of conventional 

momentum in commodity futures. Momentum profits are positive across all ranking 

and holding periods, however, weakens quickly with decreasing statistical significance 

when the holding period is lengthened. Moreover, momentum profits in commodity 

futures appear to be dominated by the long positions (the momentum winner portfolio) 

since returns on short positions (the momentum loser portfolio) are extremely small 

and insignificant. 

Using CRSP data, RNM shows that momentum profits are primarily driven by 

firms‘ performance 12 to 7 months prior to portfolio formation. However, by 

examining 37 stock markets including the United States, Goyal and Wahal (2013) 

conclude that cross-sectional echo momentum is not a robust phenomenon outside of 

the U.S. market. Also in sharp contrast to RNM, Yao (2012) decomposes intermediate 

momentum into January and non-January components and argues that the superior 

performance of intermediate term (echo) momentum is an artifact of the strong January 

seasonality in the cross-section of U.S. stock returns. While the key focus is on the U.S. 

equities market, RNM briefly showed that the findings of echo momentum also hold in 

commodity futures. In light of the controversies surrounding RNM, this study provides 

new evidence relating to echo momentum in commodity futures, whereby the 

intermediate return strategy outperforms the recent return momentum strategy. 
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 Momentum studies in other markets include Commodities: Miffre and Rallis (2007), Shen et. al., 

(2007); Currencies: Okunev and White (2003), Menkhoff et. al., (2012); Real estate: Chui et. al., (2003), 

Derwall et. al., (2009); Fixed-income: Gebhardt et. al., (2005), Asness et. al., (2013). 
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Nevertheless, it is important to take note that the outperformance is insubstantial and 

the recent momentum strategy does not produce statistically significant profits. 

3.3    Data and Commodity Portfolio Formation 

We obtain daily closes of excess return commodity futures price series with embedded 

roll yields from 31 December 1969 to 31 December 2011.
34

 The monthly futures 

returns are estimated using end-of-month prices. To avoid momentum strategies being 

dominated by any single commodity, the sample period commences from January 

1977. Since only five commodities were tradable at the inception date (December 

1969), the selected commencement date (January 1977) ensures that at least three 

different commodities can be included in each winner and loser momentum portfolio. 

As our sample ends in 2011, we are able to fully capture the period of the 2008 GFC. 

The total number of commodities available ranges from 9 futures markets at the 

beginning of the sample to a peak of 27 markets from March 2007 onwards. All 

commodity futures price series are sourced from Bloomberg and Datastream 

International.
35

  

The commodity futures price series included in our sample replicate the actual 

movements of the designated futures markets from industrial metals, precious metals, 

energy and agricultural sectors. The raw futures contracts used to construct the price 

series originate from the following commodity exchanges. Industrial metals sector: 

aluminium, copper, lead, nickel, tin and zinc are traded on the London Metal Exchange 

(LME). Precious metal sectors: gold and silver are traded on the New York 

Commodities Exchange (COMEX). Platinum is traded on the New York Mercantile 

Exchange (NYMEX). Agricultural sector: coffee, sugar no.11, cocoa and cotton no. 2 

are traded on the Intercontinental Exchange (ICE US). Chicago wheat, corn, soybean 

and soybean oil are traded on the Chicago Board of Trade (CBOT). Kansas wheat is 

traded on the Kansas City Board of Trade (KCBT). Livestock sector: lean hogs, live 

                                                 
34

 To be consistent with the literature in the equities market, the term ―excess return‖ in the commodity 

futures market represents total return in excess of the fully collateralised return. 
35

 Bloomberg and Datastream are widely used in the commodity futures literature. For example, Wang 

(2003), Wang and Yu (2004), Miffre and Rallis (2007), Marshall et. al., (2008) and Fuertes et. al., 

(2010). 
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cattle and feeder cattle are traded on the Chicago Mercantile Exchange (CME). Energy 

sector: brent crude oil and gas oil are traded on the ICE UK. Crude oil, heating oil, 

RBOB gas and natural gas are traded on NYMEX.
 36

 

These commodity futures price series, published and maintained by Standard and 

Poor‘s, are constructed in a similar way as the Standard and Poor’s Goldman Sachs 

Commodity Index (S&P GSCI).
37

 The S&P GSCI is often criticised for possessing 

excessive weights in the energy sector due to its relative importance in average world 

production levels. As S&P GSCI individual commodity futures indices are not 

production-weighted, the criticisms of index domination cannot be attributed to 

individual commodity indices. 

Since the roll-yield accounts for a large proportion of commodity futures returns, 

an important note must be made on the distinction of roll-over approaches. Unlike 

equity instruments, the life of each futures contract is limited by its maturity date. 

Therefore, to compile a continuous time-series of futures prices, the expiring contract 

must be ‗rolled-over‘ to the next contract prior to the futures contract expiring. The 

momentum literature in the commodities market generally adopts an ‗immediate roll‘ 

approach, i.e. on a pre-set roll-over date, the first nearby contract is bought 

immediately after the expiring contract is liquidated (see Miffre and Rallis, 2007; Shen 

et. al., 2007 for details). However, in reality, it may be difficult rolling actual positions 

in a designated contract on a single day as it could have an adverse impact on the 

market. To overcome this problem, a ‗gradual roll‘ procedure is implemented when 

constructing the time series of commodity indices included in our sample. Instead of 

shifting immediately from one futures contract to another, a roll period from the 5
th

 to 

the 9
th 

of each month is defined. For example, on the first day of the roll period for a 

given commodity, the first nearby contract and the roll contract will take a weight of 

0.8 and 0.2, respectively. As time approaches to the end of the roll period, more weight 

                                                 
36

 RBOB gas denotes Reformulated Gasoline Blendstock for Oxygen Blending. 
37

 The S&P GSCI individual commodity futures indices are not to be confused with the overall S&P 

GSCI, as the latter are world production weighted indices made up of 24 commodities from agriculture, 

industrial metals, energy, livestock and precious metals sectors. The S&P GSCI sector indices are also 

world production weighted, however, contract production weights used in calculating sub-indices are 

limited to those of the S&P GSCI commodities included in the relevant sub-index (see S&P, 2012, p.41 

for details). 
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will move gradually towards the roll contract until the last date of the roll period when 

the first nearby contract will take a zero weight and the position is completely rolled-

over to the next nearby contract.
38

 By doing so, the price change of the futures contract 

during a roll period is smoothed because of the ‗weighting‘ between the front and the 

back end contract.
39

 

While previous works have compiled commodity prices time series by manually 

rolling the individual futures contracts, this study employs the S&P GSCI continuous 

price series on individual commodities constructed following the roll procedures 

described above.
 40

 The S&P individual commodity indices are selected over the ‗self-

made‘ indices for the following reasons. First, by selecting the most liquid futures 

contract, our results are less likely to be contaminated by the lack of liquidity in certain 

commodities rollover periods. S&P implements strict liquidity control measurements 

over futures contract selection, thus our sample covers only the most liquid and 

actively traded futures contracts that are ideal for practical implementation. Second, as 

S&P imposes rigorous monitoring and control procedures on the calculation of these 

indices through its index committee and advisory panel, it is logical to assume that the 

data provided by S&P is accurate, hence more reliable over the ‗self-made‘ price series 

of other studies. Third, S&P individual commodities data is readily available to market 

participants. The accessibility and replicability advantage over the ‗self-made‘ indices 

is undeniable, which, in part, has led S&P GSCI to become a widely used performance 

benchmark for investments in commodity futures.  

The study first forms conventional momentum portfolios. Following Jegadeesh 

and Titman (1993, 2001), all commodities included in our sample are ranked based on 

their performance in the past J months. Accordingly, these commodities are assigned 

                                                 
38

 Among others, Miffre and Rallis (2007) and Shen et. al., (2007) also use the next nearby contract and 

the furthest contract as the roll contract. They found no major differences in the profitability of 

momentums strategies. This comes as no surprise as Ma, Mercer and Walker (1992) and Carchano and 

Pardo (2009) show that there is no universal agreement on an ‗optimal‘ roll approach in the futures 

markets. 
39

 The compiled time series futures price included in our sample uses only the nearest and the next 

nearest contracts as roll contracts as this mitigates liquidity concerns over the far side of contracts. See 

S&P (2012, p36) for details on the contract roll weights. 
40

 The use of ready-made continuous commodity price series is not uncommon in the literature. See 

Wang and Yu (2004), Marshall et. al., (2008) for examples. 
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into three portfolios (terciles): high, middle and low. To form the momentum portfolio, 

the strategy buys the top tercile and short sells the bottom tercile of the available 

commodity futures. Subsequent to formation, the momentum portfolio is held for K 

months before rebalancing again, where J,K ϵ {1,3,6,9,12}. To allow for a direct 

comparison with existing momentum studies in commodity futures, we adopt the 

overlapping portfolio approach for holding periods beyond one month. At the end of 

each month, the same formation procedure is repeated. For example, the return of the 

3-3 conventional momentum strategy at the end of month T is the average return of 

portfolios formed at T, T-1 and T-2, respectively. At the end of month T+1, the 

portfolio formed at T-3 will be closed out. These portfolios are equal-weighted as the 

portfolio returns for that month will be an average of returns on portfolios formed at 

T+1, T and T-1. Consistent with the momentum literature in the commodities markets, 

no monthly gap is skipped between ranking and holding periods.
41

  

Subsequently, the RNM approach is implemented based on our sample. Similar 

to conventional momentum, the RNM strategy involves ranking and holding 

procedures. However, unlike conventional momentum strategies, RNM employs two 

special ranking periods (12,7 and 6,2) for portfolio formations. The term 12,7 indicates 

past returns from 12 to 7 months whereas 6,2 means past returns from 6 to 2 months 

prior to portfolio formation. This is equivalent to limiting the ranking period J in the 

JT strategy to 12,7 and 6,2 only, while keeping the portfolio holding period (K) 

unchanged.
42

 The overlapping approach is used for holding periods greater than one 

and all portfolios are equal-weighted. 

                                                 
41 

This is primarily due to a considerable amount of realisable profits in the first months after portfolio 

formation. 
42

 This study expands the holding period used in RNM, in which only one month is tested. 
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Figure 3-1 Differentiating conventional, echo and microscopic momentum 

This Figure illustrates the differences in portfolio formation of conventional, echo and microscopic momentum. The x-axis represents the 

look back period for past performance ranking. At the beginning of each month T, all available commodities are divided into terciles 

based on their previous months of return. For conventional strategies, terciles portfolios are formed based on their past J months of return, 

where J ϵ {1,3,6,9,12}. K represents the holding period. For echo momentum strategies, tercile portfolios are formed using the past 12 to 

seven month-return and six to two-month return. For microscopic momentum strategies, terciles portfolios are formed based on their 

previous T+1 to T where T ϵ {1,2…15} months of return. All strategies buy the Winners (top) portfolio and short sells the Losers (bottom) 

portfolio to form the momentum portfolio. These positions are held for one month after formation. There is no monthly gap or skipping 

between formation and investment periods. 
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Motivated by RNM, we present a new approach to studying conventional 

momentum in commodity futures. Within the conventional range (1 to 12 months) of 

the formation period, we further divide 12,7 and 6,2 strategies into 12 components of 

single-month momentum moving towards portfolio formation. This method is referred 

as microscopic momentum. MomT+1, T denotes momentum strategies formed using past 

T+1 to T month of returns, where T=1,2…12. To keep the number of strategies 

manageable and presentable, the study focuses on a single month holding period for all 

microscopic momentum strategies.
43

 

Figure 3-1 visualises the differences in the portfolio formation of conventional, 

echo and microscopic momentum. The intact block in dark grey represents the 

conventional momentum, the two separate blocks in white represent the echo 

momentum and the pillars in light grey represent microscopic momentum. It is clear 

from the graph that conventional momentum (JT) requires the entire J months of return 

prior to formation for performance ranking, whereas echo momentum (RNM) only 

uses the intermediate past return (12 to 7 months) and the recent return (6 to 2 months). 

In this study, we further decompose the two blocks proposed by RNM into 12 single-

month blocks, which is referred to as microscopic momentum. 

                                                 
43

 All strategies presented in this study assume no margin calls. As no leverage is used in the 

construction and evaluation of momentum strategies, the observed profits are potentially understating in 

practical implementations. 
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Table 3-1 Profitability of conventional momentum strategies 

This Table reports the annualised profit of the Jegadeesh and Titman (2001) conventional momentum strategies. The associated t-statistics are 

also reported. At the beginning of each month T, all available commodities are divided into terciles according to their previous T month(s) of 

return where T ϵ {1, 3, 6, 9, 12}. The strategy buys the top tercile portfolio and short sells the bottom tercile portfolio to form the momentum 

portfolio. These portfolios are held for K months after formation. There is no monthly skipping between formation and holding periods. For 

strategies with K>1, the strategy adopts an equal-weighted overlapping approach to form momentum portfolios. J and K denote T month(s) of 

portfolio formation and holding periods. W= Winners portfolio, L= Losers portfolio and W-L= Momentum portfolio. Panel A shows results 

based on the entire sample period from January 1977 to December 2011 and Panel B and C report results of the first and second sub-sample 

periods, respectively. 

    K=1      K=3      K=6      K=9      K=12     
    W L W-L  W L W-L  W L W-L  W L W-L  W L W-L 

  
 

 
   

 
   

 
   

 
   

Panel A: Full Sample (1977-2011) 

 
 

   
 

   
 

   
 

   
 

J=1 0.0964 -0.0018 0.0982  0.0725 0.0086 0.0639  0.0655 0.0214 0.044  0.0633 0.0239 0.0394  0.0607 0.0149 0.0458 

  
2.81 -0.06 2.59  2.47 0.34 2.92  2.41 0.86 2.6  2.37 0.98 2.83  2.27 0.62 3.67 

 
J=3 0.1283 -0.0182 0.1465  0.1017 -0.0059 0.1077  0.0848 0.0086 0.0762  0.0803 0.0034 0.0769  0.0708 0.0058 0.0649 

  
3.54 -0.65 3.79  3.14 -0.21 3.34  2.76 0.33 2.92  2.71 0.13 3.54  2.38 0.23 3.27 

 
J=6 0.1044 -0.0161 0.1205  0.0922 0.0053 0.087  0.0838 0.0022 0.0816  0.0788 0.0021 0.0767  0.063 0.013 0.0501 

  
3.02 -0.55 3.22  2.74 0.19 2.55  2.58 0.08 2.8  2.47 0.08 3.01  2 0.51 2.1 

 
J=9 0.1044 -0.0291 0.1335  0.1062 -0.0199 0.1261  0.0924 -0.012 0.1044  0.0738 0.0019 0.0719  0.0514 0.0119 0.0396 

  
2.84 -1.03 3.54  3.04 -0.73 3.69  2.69 -0.46 3.33  2.2 0.07 2.46  1.53 0.47 1.4 

 
J=12 0.1302 -0.0387 0.1688  0.0973 -0.0232 0.1205  0.0753 0.0029 0.0724  0.0562 0.0111 0.0451  0.042 0.0185 0.0236 

  
3.47 -1.38 4.46  2.74 -0.84 3.5  2.15 0.11 2.21  1.61 0.42 1.43  1.23 0.71 0.78 

  
 

   
 

   
 

   
 

   
Panel B: Sub-sample (1977-1990) 

 
 

   
 

   
 

   
 

   
 

J=1 0.1244 -0.0295 0.1538  0.0696 -0.0048 0.0744  0.062 0.0133 0.0488  0.0674 0.0048 0.0625  0.0475 -0.0016 0.0492 

  
2.04 -0.6 2.17  1.4 -0.11 1.87  1.39 0.32 1.52  1.54 0.12 2.35  1.08 -0.04 2.08 

 
J=3 0.1312 -0.0531 0.1843  0.1049 -0.0247 0.1297  0.1029 -0.012 0.1149  0.0846 -0.0199 0.1045  0.0642 -0.0141 0.0782 

  
1.97 -1.15 2.52  1.83 -0.53 2.1  1.88 -0.27 2.19  1.59 -0.47 2.37  1.21 -0.33 1.92 

 
J=6 0.1244 -0.0579 0.1823  0.1311 -0.0364 0.1675  0.109 -0.0355 0.1445  0.0801 -0.0211 0.1011  0.0644 -0.0116 0.076 

  
2.03 -1.17 2.56  2.19 -0.77 2.53  1.87 -0.79 2.49  1.42 -0.48 2  1.15 -0.26 1.57 

 
J=9 0.1536 -0.0674 0.221  0.1308 -0.0474 0.1783  0.0993 -0.0372 0.1365  0.0737 -0.0171 0.0908  0.0448 -0.0145 0.0593 

  
2.28 -1.41 3.04  2.06 -1.03 2.71  1.61 -0.82 2.22  1.23 -0.38 1.56  0.73 -0.33 1.02 

 
J=12 0.1533 -0.0722 0.2255  0.107 -0.0494 0.1564  0.0846 -0.0255 0.11  0.0556 -0.0199 0.0755  0.0356 -0.0103 0.0459 

  
2.2 -1.57 3.14  1.65 -1.07 2.33  1.32 -0.56 1.67  0.86 -0.44 1.16  0.56 -0.22 0.73 

  
 

   
 

   
 

   
 

   
Panel C: Sub-sample (1991-2011) 

 
 

   
 

   
 

   
 

   
 

J=1 0.0777 0.0218 0.0559  0.0758 0.0171 0.0587  0.0716 0.0277 0.0439  0.0628 0.0374 0.0253  0.0748 0.0291 0.0458 

  
1.9 0.59 1.32  2.06 0.54 2.33  2.04 0.87 2.28  1.8 1.18 1.6  2.12 0.92 3.18 

 
J=3 0.1257 0.0063 0.1194  0.1039 0.0078 0.0962  0.0765 0.0222 0.0543  0.0839 0.0216 0.0624  0.0839 0.0222 0.0617 

  
2.98 0.18 2.79  2.64 0.22 2.69  2.05 0.66 1.95  2.3 0.66 2.71  2.26 0.69 2.92 

 
J=6 0.0998 0.0098 0.09  0.0728 0.0309 0.0419  0.0759 0.0285 0.0475  0.086 0.0208 0.0652  0.0701 0.0328 0.0373 

  
2.37 0.27 2.15  1.78 0.87 1.11  1.91 0.84 1.49  2.14 0.63 2.27  1.74 1.02 1.4 

 
J=9 0.0768 -0.0055 0.0823  0.0991 -0.0007 0.0998  0.0975 0.0085 0.089  0.0811 0.0204 0.0607  0.0643 0.0371 0.0272 

  
1.75 -0.16 1.95  2.34 -0.02 2.56  2.3 0.25 2.5  1.92 0.62 1.84  1.52 1.14 0.88 

 
J=12 0.1229 -0.0169 0.1399  0.0988 -0.0017 0.1005  0.0755 0.027 0.0486  0.0633 0.0394 0.0239  0.0546 0.0444 0.0101 

    2.75 -0.46 3.17  2.27 -0.05 2.57  1.75 0.77 1.32  1.46 1.16 0.69  1.27 1.31 0.3 
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Table 3-2 Performance statistics of conventional momentum strategies 

This table presents detailed performance evaluation statistics for all strategies with J ϵ {1, 3, 6, 9, 12} and K=1. W, L and W-L represent Winners 

portfolio, Losers portfolio and Momentum portfolio, respectively. All figures reported in the table are monthly statistics unless otherwise noted. 

Reward/Risk ratio is the equivalent to the Sharpe ratio in this case as excess returns are used to compute the Reward/Risk ratio. Sortino Ratio is 0% 

benchmarked as well as for downside volatility. 
 

 

J=1 

  

 J=3 

  

 J=6 

  

 J=9 

  

 J=12 

  

 

W L W-L  W L W-L  W L W-L  W L W-L  W L W-L 

                    

Annualised arithmetic mean 0.0964 -0.0018 0.0982  0.1283 -0.0182 0.1465  0.1044 -0.0161 0.1205  0.1044 -0.0291 0.1335  0.1302 -0.0387 0.1688 

t-statistics 2.81 -0.06 2.59  3.54 -0.65 3.79  3.02 -0.55 3.22  2.84 -1.03 3.54  3.47 -1.38 4.46 

Annualised geometric mean 0.0764 -0.0172 0.0738  0.1062 -0.0323 0.1216  0.0839 -0.0314 0.0974  0.0816 -0.0429 0.1102  0.1066 -0.0521 0.1452 

Annualised volatility 0.2033 0.1745 0.2244  0.2137 0.1662 0.2282  0.2033 0.1738 0.22  0.2154 0.1652 0.2209  0.2187 0.1633 0.2211 

Annualised downside volatility 0.1282 0.1184 0.1267  0.1293 0.115 0.124  0.1412 0.1171 0.1228  0.1381 0.1089 0.1234  0.143 0.1057 0.1249 

Reward/Risk Ratio 0.4743 -0.0103 0.4376  0.6005 -0.1094 0.642  0.5136 -0.0929 0.5479  0.4848 -0.1762 0.6045  0.5951 -0.2368 0.7638 

Sortino Ratio 0.7862 -0.0152 0.8113  1.0529 -0.1568 1.2648  0.7756 -0.1368 1.0378  0.7932 -0.2638 1.1513  0.9666 -0.3595 1.4615 

Skewness 0.8757 -0.229 0.7703  0.794 -0.3468 0.9584  0.4169 -0.1479 1.0922  0.5893 -0.0504 1.1212  0.4754 0.0994 0.6961 

Kurtosis 10.449 6.4473 7.9016  8.4323 7.6252 8.0615  10.8954 6.8178 9.2111  10.2854 6.6326 9.4189  9.629 5.8235 6.7814 

Max monthly gain 0.3876 0.1831 0.4022  0.3959 0.1831 0.4437  0.3959 0.1849 0.4437  0.3959 0.1831 0.4483  0.3959 0.1831 0.397 

Max monthly loss -0.2727 -0.29 -0.2183  -0.2263 -0.2976 -0.178  -0.325 -0.286 -0.178  -0.3405 -0.2755 -0.178  -0.3368 -0.2392 -0.178 

95%VaR 0.0885 0.083 0.0984  0.0908 0.0804 0.0962  0.0878 0.0838 0.0944  0.0936 0.0809 0.0938  0.093 0.0808 0.0909 

95%VaR(Cornish-Fisher) 0.1231 0.0691 0.1345  0.1312 0.0598 0.1477  0.1072 0.0697 0.1441  0.1203 0.0682 0.1466  0.1207 0.0717 0.1372 

99%VaR 0.1285 0.1173 0.1425  0.1328 0.1131 0.141  0.1278 0.118 0.1377  0.1359 0.1134 0.1372  0.1361 0.1129 0.1344 

99%VaR(Cornish-Fisher) 0.3259 0.1816 0.3175  0.3136 0.18 0.3343  0.317 0.1878 0.3401  0.3339 0.18 0.3462  0.3266 0.1755 0.2995 

% of positive months 0.5548 0.4929 0.5405  0.5694 0.4665 0.5933  0.5831 0.4964 0.5663  0.568 0.5 0.5777  0.6161 0.4817 0.6112 

Maximum Drawdown -0.5115 -0.7926 -0.4724  -0.47 -0.8495 -0.3295  -0.4858 -0.8793 -0.3172  -0.5512 -0.9163 -0.4471  -0.5417 -0.9321 -0.4154 

Drawdown Length (months) 9 338 19  58 339 20  4 253 51  6 253 12  65 338 25 

Max Run-up (consecutive) 0.4435 0.1666 0.7701  1.0687 0.1606 0.7186  0.969 0.169 0.7286  0.969 0.1694 0.7264  0.6423 0.0966 0.675 

Runup Length (months) 2 1 5  6 5 3  6 1 3  6 4 3  3 2 3 

Max 12M rolling return 0.6486 0.5738 0.6821  1.2331 0.4103 1.2715  0.9833 0.3689 0.9288  1.1744 0.3661 1.0171  1.172 0.4977 1.0677 

Min 12M rolling return -0.5825 -0.574 -0.541  -0.5168 -0.5714 -0.3456  -0.4547 -0.6761 -0.2574  -0.6152 -0.6462 -0.5481  -0.5778 -0.5712 -0.4695 
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3.4    Empirical Results 

3.4.1    Conventional Momentum Strategies 

Table 3-1 reports the performance of conventional momentum strategies. Based on our 

sample of 27 S&P GSCI commodity futures indices from 1977 to 2011, commodity 

futures exhibits significant cross-sectional momentum. The profitability of 

conventional momentum strategies is strong both economically and statistically. From 

Panel A, momentum profits are positive across all ranking and holding periods, 

however, they weaken quickly with decreasing statistical significance when the 

holding period lengthens. The worst three performing strategies are 9-12, 12-9 and 12-

12 (J-K), producing statistically insignificant profits. Furthermore, returns on short 

positions (loser portfolios) are extremely small and insignificant, while long positions 

across the board contribute to the vast majority of each strategy‘s total profit, 

indicating that momentum in commodity futures is dominated by the long positions 

(the winner portfolios).  

Sub-sample results in Panels B and C confirm the findings in Panel A where 

large and statistically significant momentum profits exist among all ranking and 

holding periods tested. The same trend of decreasing profits and significance is also 

observed when the holding period lengthens. Profitability has declined in the second 

sub-sample, which may be explained by the increasing market efficiency in 

commodity futures and the dissemination of knowledge in regards to momentum 

investment strategies in commodities. 

Despite the minor differences in rolling procedures from prior works, these 

findings are consistent with the existing literature on momentum in commodities 

futures (see Miffre and Rallis, 2007; Shen et. al., 2007 and Fuertes et. al., 2010).
44

 

Consistent with Shen et. al., (2007) and Fuertes et. al., (2010), momentum profits 

appear to be dominated by the long positions (winner commodities) since the short 

                                                 
44

 This should mitigate concerns that the results reported in this study are driven by the use of a different 

sample. 
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positions generate insignificant profits. However, the long-side dominance observed in 

this study sharply contradicts with the findings presented by Miffre and Rallis (2007), 

in which they show that momentum profits are dominated by short positions. Unlike 

other asset classes, Table 3-1 shows that, regardless of ranking periods used, 

momentum in commodities futures is at its strongest when the holding period is 

limited to one month. 

To gain more insights into these apparently strong results, Table 3-2 provides a 

closer examination by using more detailed performance evaluation metrics. These 

metrics, which provide greater dimensions to the performance of momentum 

investment strategy, report higher moments, risk-adjusted performance and alternative 

return and risk measurements. Table 3-2 reports that these active strategies exhibit 

average returns ranging from 9.8% to 16.88% per annum, significantly outperforming 

the 3.63% achieved by the passive benchmark over the same sample period.
45

 On a 

risk-adjusted basis, Sharpe ratio (Risk-to-reward) and Sortino measures also report 

significant outperformance.
46

 Furthermore, momentum portfolios exhibit positive 

skewness and large excess kurtosis, implying that the majority of the return volatility is 

a result of infrequent yet extreme deviations from the upside. This may be viewed by 

investors as beneficial because these rarely occurring extreme events are also large and 

realisable profit-generating opportunities.
47

  

However, this leads to the next question. As most of the returns are concentrated 

on the left side of the mean, investors implementing these strategies need to be 

prepared to bear large losses over long periods of time. Indeed, Table 3-2 reveals 

significant drawdowns with lengthy drawdown periods. Although these strategies also 

produce high run-up returns, the run-up length is far shorter from those in drawdowns. 

Table 3-2 also shows that failure to incorporate skewness and kurtosis leads to the 

underestimation of value-at-risk. Based on the normality assumption, the 95% value-

                                                 
45

 The passive benchmark portfolio consists of 27 commodities, weighted equally based on the number 

of contracts available at the time. 
46

 The reward-to-risk ratio in this study is equivalent to the interpretation of the Sharpe ratio since the 

risk-free rate of return has already been deducted from the return series. 
47

Stock market returns often exhibit negative skewness, thus extreme events are often highly destructive 

to wealth. 

http://en.wikipedia.org/wiki/Deviation_(statistics)
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at-risk is close to 9.5% for all strategies and slightly higher after incorporating 

skewness and kurtosis. However at the 99% level, the modified value-at-risk (around 

30%) appears to be substantially higher than the standard value-at-risk. Based on the 

findings in Table 3-2, extreme caution is warranted when implementing conventional 

momentum strategies in commodity futures. While in pursuit of performance, investors 

must be aware of and prepared for bearing large losses over long periods of time when 

allocating capital to conventional momentum strategies. 

3.4.2    Echo Momentum 

Since the idea of microscopic momentum is motivated by the echo momentum of 

Novy-Marx (2012), we first present results based on the RNM portfolio formation. 

Furthermore, given the conflicting results in the literature around the findings of echo 

momentum, this study also provides an independent examination based on datasets 

different from those used by RNM.
48

 

The results presented in Table 3-3 confirm the previous findings of RNM, in 

which the 12,7 strategy outperforms the 6,2 strategy. Restricting the holding period to 

one month, the return of Mom6,2 is around 0.5% per month with a t-statistic of 1.61, 

slightly higher than 0.39% in RNM. In Panel B, Mom12,7 produces a statistically 

significant profit of around 0.75% per month, lower than the 1.18% per month reported 

by RNM. On a risk-adjusted basis, the reward-to-risk ratios appear to be lower than 

what RNM suggested for both 6,2 and 12,7 strategies. However, it is important to note 

that the 12,7 strategy clearly does not substantially outperform the 6,2 strategy in 

commodity futures.
49

 Overall, the findings in Table 3-3 are broadly consistent with 

those reported in RNM. 

                                                 
48

 RNM also takes the manual approach for compiling the continuous times-series of futures returns. 
49

 This may be due to the different number of commodities in the sample composition, as RNM uses a 

sample of 31 commodities, which include some commodities that are less liquid than those employed in 

this study. 
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Table 3-3 Performance of echo momentum strategies 

This table presents the detailed performance evaluation metrics of the Novy-Marx (2012) echo momentum strategies. At the beginning of each month t, 

all available commodities are divided into terciles based on their previous 6 to 2 months or 12 to 7 months of returns. The strategy buys the Winners 

(top) portfolio and short sells the Losers portfolio to form the momentum portfolio. These positions are held for K months after formation. There is no 

skipping between formation and investment periods. Panel A reports the results on the 6,2 strategy and Panel B reports the 12,7 strategy. 
 

  K=1       K=3       K=6       K=9       K=12     

 
W L W-L   W L W-L   W L W-L   W L W-L   W L W-L 

                    

Panel A: J=6,2                    

Annualised arithmetic mean 0.0756 0.016 0.0596 

 

0.0727 0.0195 0.0532 

 

0.0725 0.0079 0.0646 

 

0.0713 0.0108 0.0605 

 

0.0497 0.025 0.0248 

t-statistics 2.25 0.52 1.61 

 

2.28 0.7 1.67 

 

2.35 0.3 2.49 

 

2.32 0.42 2.67 

 

1.64 0.99 1.16 

Annualised geometric mean 0.0561 -0.0004 0.0362 

 

0.0551 0.0061 0.0361 

 

0.0561 -0.0038 0.0533 

 

0.0551 -0.0004 0.0519 

 

0.034 0.0141 0.0172 

Annualised volatility 0.1977 0.1814 0.2176 

 

0.1874 0.1633 0.1871 

 

0.1806 0.1521 0.1514 

 

0.1791 0.1481 0.1321 

 

0.176 0.1463 0.1236 

Annualised downside volatility 0.1355 0.1136 0.1387 

 

0.1278 0.1045 0.1163 

 

0.1233 0.1021 0.0956 

 

0.1266 0.102 0.0815 

 

0.1278 0.1023 0.0776 

Reward/Risk Ratio 0.3823 0.088 0.274 

 

0.3879 0.1193 0.2844 

 

0.4013 0.052 0.4264 

 

0.3978 0.0726 0.4578 

 

0.2826 0.1707 0.2003 

Sortino Ratio 0.5776 0.1415 0.4419 

 

0.5885 0.1881 0.469 

 

0.6078 0.0778 0.6956 

 

0.5815 0.1061 0.7634 

 

0.398 0.2469 0.3227 

Skewness 0.3571 0.3615 0.3986 

 

0.1246 0.0069 0.7722 

 

0.0185 -0.3408 0.5731 

 

-0.0988 -0.4766 0.4914 

 

-0.2042 -0.5476 0.3426 

Kurtosis 11.1849 8.0073 7.6153 

 

11.0507 6.5411 8.5145 

 

9.2801 6.6347 6.5422 

 

9.5179 6.8503 5.7136 

 

9.6781 7.1369 5.1684 

Max monthly gain 0.3959 0.318 0.3923 

 

0.3383 0.1889 0.3501 

 

0.2715 0.1387 0.2362 

 

0.2538 0.1294 0.1942 

 

0.2358 0.1295 0.1395 

Max monthly loss -0.3267 -0.2789 -0.2832 

 

-0.3415 -0.2731 -0.1661 

 

-0.3214 -0.2727 -0.1203 

 

-0.3269 -0.2722 -0.1248 

 

-0.3259 -0.2712 -0.1379 

95%VaR 0.0876 0.0848 0.0983 

 

0.0829 0.0759 0.0844 

 

0.0797 0.0716 0.0665 

 

0.0791 0.0694 0.0577 

 

0.0794 0.0674 0.0566 

95%VaR(Cornish-Fisher) 0.0997 0.0906 0.1139 

 

0.0871 0.0731 0.1092 

 

0.0826 0.0579 0.0867 

 

0.0779 0.0529 0.0748 

 

0.0714 0.0514 0.0645 

99%VaR 0.1265 0.1205 0.1411 

 

0.1198 0.108 0.1212 

 

0.1153 0.1015 0.0963 

 

0.1143 0.0986 0.0837 

 

0.114 0.0962 0.0809 

99%VaR(Cornish-Fisher) 0.3073 0.2388 0.2859 

 

0.2786 0.1837 0.2701 

 

0.2415 0.1568 0.1953 

 

0.236 0.1507 0.1613 

 

0.227 0.1508 0.1397 

% of positive months 0.5422 0.4819 0.5349 

 

0.5496 0.4915 0.5303 

 

0.5537 0.4902 0.5878 

 

0.5676 0.5209 0.5848 

 

0.5693 0.547 0.5421 

Maximum Drawdown -0.5249 -0.7206 -0.7117 

 

-0.5531 -0.7286 -0.5782 

 

-0.5766 -0.7703 -0.4004 

 

-0.6173 -0.7379 -0.3372 

 

-0.6566 -0.6954 -0.3645 

Drawdown Length (months) 50 253 55 

 

8 253 63 

 

77 253 12 

 

77 255 20 

 

66 56 23 

Max Run-up (consecutive) 0.6387 0.1726 0.4188 

 

0.5677 0.2426 0.6011 

 

0.7431 0.2152 0.4371 

 

0.7142 0.2746 0.397 

 

0.677 0.3252 0.2556 

Runup Length (months) 3 2 2 

 

2 3 2 

 

6 4 2 

 

6 6 7 

 

6 7 2 

Max 12M rolling return 0.8596 0.492 0.7152 

 

0.8114 0.4089 0.6168 

 

0.758 0.4059 0.5202 

 

0.7892 0.3916 0.5492 

 

0.7327 0.4156 0.4986 

Min 12M rolling return -0.5438 -0.653 -0.715 

 

-0.6198 -0.5656 -0.5141 

 

-0.6358 -0.5922 -0.4962 

 

-0.595 -0.5627 -0.338 

 

-0.6243 -0.5571 -0.2851 

 

Continue on next page 
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Continued from previous page 

Panel B: J=12,7 

                   Annualised arithmetic mean 0.0878 -0.0017 0.0895 

 

0.0832 0.0026 0.0805 

 

0.0377 0.0321 0.0056 

 

0.0173 0.0382 -0.0209 

 

0.0185 0.0346 -0.0161 

t-statistics 2.47 -0.06 2.52 

 

2.47 0.1 2.59 

 

1.15 1.21 0.19 

 

0.54 1.48 -0.78 

 

0.59 1.35 -0.65 

Annualised geometric mean 0.0669 -0.0155 0.0685 

 

0.064 -0.0102 0.0643 

 

0.0196 0.0201 -0.0085 

 

-0.0002 0.027 -0.0328 

 

0.0019 0.0235 -0.0261 

Annualised volatility 0.2072 0.1646 0.2071 

 

0.1959 0.159 0.1813 

 

0.1893 0.1543 0.1683 

 

0.1862 0.1488 0.1545 

 

0.1813 0.148 0.1424 

Annualised downside volatility 0.1253 0.115 0.1174 

 

0.1313 0.1087 0.1091 

 

0.1324 0.1042 0.1077 

 

0.13 0.1055 0.1015 

 

0.1275 0.1056 0.0952 

Reward/Risk Ratio 0.4237 -0.0105 0.4322 

 

0.4245 0.0165 0.4443 

 

0.199 0.2081 0.0331 

 

0.0928 0.2568 -0.1356 

 

0.1021 0.2339 -0.1131 

Sortino Ratio 0.7296 -0.0151 0.7946 

 

0.658 0.0241 0.766 

 

0.2895 0.3127 0.0518 

 

0.1339 0.3685 -0.2044 

 

0.1464 0.3329 -0.168 

Skewness 0.7097 -0.4545 0.4515 

 

0.1519 -0.3854 0.1518 

 

-0.0393 -0.3444 0.2336 

 

0.0215 -0.5072 0.4109 

 

0.0529 -0.5465 0.5959 

Kurtosis 8.3393 5.795 4.696 

 

7.3526 5.8673 3.5169 

 

7.9813 5.8598 4.4147 

 

9.5574 6.2796 6.0059 

 

10.7055 6.6343 8.7415 

Max monthly gain 0.369 0.1366 0.3088 

 

0.276 0.1387 0.1942 

 

0.2779 0.1348 0.2113 

 

0.3084 0.135 0.2467 

 

0.3287 0.1347 0.2762 

Max monthly loss -0.2689 -0.2795 -0.1582 

 

-0.3088 -0.2729 -0.1338 

 

-0.3183 -0.2578 -0.1484 

 

-0.3332 -0.2556 -0.1351 

 

-0.3292 -0.2608 -0.134 

95%VaR 0.0911 0.0783 0.0909 

 

0.0861 0.0753 0.0794 

 

0.0867 0.0706 0.0795 

 

0.087 0.0675 0.0751 

 

0.0845 0.0674 0.069 

95%VaR(Cornish-Fisher) 0.1213 0.0593 0.1166 

 

0.0968 0.0595 0.094 

 

0.0829 0.0613 0.083 

 

0.0802 0.0552 0.0774 

 

0.078 0.0532 0.0739 

99%VaR 0.1318 0.1107 0.1316 

 

0.1246 0.1066 0.115 

 

0.124 0.1009 0.1126 

 

0.1236 0.0968 0.1055 

 

0.1202 0.0965 0.097 

99%VaR(Cornish-Fisher) 0.2971 0.1554 0.2365 

 

0.2444 0.1536 0.1795 

 

0.2299 0.1529 0.1748 

 

0.2477 0.1471 0.1814 

 

0.2572 0.1484 0.199 

% of positive months 0.5844 0.5134 0.577 

 

0.5946 0.5086 0.5749 

 

0.5347 0.5495 0.5347 

 

0.5112 0.5536 0.5312 

 

0.5302 0.5704 0.5427 

Maximum Drawdown -0.7445 -0.7822 -0.5975 

 

-0.6735 -0.7931 -0.4215 

 

-0.7306 -0.6919 -0.6938 

 

-0.7464 -0.6973 -0.764 

 

-0.7275 -0.6865 -0.7121 

Drawdown Length (months) 83 340 124 

 

83 340 83 

 

83 56 236 

 

233 56 236 

 

264 56 273 

Max Run-up (consecutive) 0.4828 0.2545 0.4197 

 

0.5914 0.3576 0.3959 

 

0.5574 0.3283 0.2783 

 

0.5125 0.3492 0.1829 

 

0.2984 0.4293 0.0701 

Runup Length (months) 3 5 3 

 

6 6 5 

 

6 6 8 

 

6 7 2 

 

3 7 2 

Max 12M rolling return 0.8881 0.3653 0.6611 

 

0.8047 0.4615 0.6629 

 

0.6985 0.4547 0.4815 

 

0.5858 0.4188 0.4482 

 

0.4846 0.4699 0.4733 

Min 12M rolling return -0.666 -0.4975 -0.5425 

 

-0.6714 -0.5906 -0.4266 

 

-0.7474 -0.6067 -0.4221 

 

-0.7716 -0.5024 -0.4653 

 

-0.763 -0.474 -0.4507 
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Using alternative risk and return measurements in Table 3-3, the performance of 

these echo momentum strategies appears to be even worse. While the skewness and 

excess kurtosis remain positive and large, the 6,2 strategy experiences devastating 

drawdowns (over -70%) along with lengthy periods of drawdown, which seriously 

threatens the sustainability and practicality of these echo momentum strategies. The 

situation is slightly improved for the 12,7 strategy, but on average, remains much 

worse compared to the conventional momentum strategies previously reported in Table 

3-2. 

By expanding the holding period up to 12 months post-formation, greater 

comparison with the conventional momentum strategy is possible. As shown in Table 

3-3, when portfolios are held for longer periods, the profits of the 6,2 strategy are 

relatively flat but gradually gains significance. On the other hand, the 12,7 strategy 

exhibits a clear decreasing trend in profits along with sharp falls in significance. The 

maximum drawdown statistics for the 6,2 strategy have improved quite substantially in 

the process whereas the 12,7 strategy has worsened. 
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Figure 3-2 Conventional and echo momentum 

This Figure illustrates the annualised returns (Panel A), annualised standard deviation (Panel B) and 

annualised Sharpe ratio (Panel C) of conventional and echo momentum strategies. For conventional 

strategies, at the beginning of each month T, all the available commodities are divided into terciles based on 

their previous J months of return, where J ϵ {1,3,6,9,12}. K represents the holding period. For echo 

momentum strategies, tercile portfolios are formed using the past 12 to seven month-return and six to two-

month return. Both strategies buy the Winners (top) portfolio and short sells the Losers (bottom) portfolio to 

form the momentum portfolio. These positions are held for one month after formation. There is no single 

month skipping between formation and investment periods. The x-axis denotes conventional and echo 

momentum strategies. The sample covers the period January 1977 to December 2011. 

 

Figure 3-2 provides a graphical representation of the profitability of conventional 

and echo momentum strategies. The figure depicts annualised average arithmetic 

return, standard deviations and Sharpe ratios for these strategies. The first five bars 

report the conventional momentum strategies and the last two bars show echo 

momentum strategies. Panel A clearly indicates the underperformance of the echo 

momentum strategies. Even the relatively more successful 12,7 strategy produces 

returns lower than the worst-performing conventional strategy. In Panel B, the 

volatility of all strategies appears to be similar, except for 12,7 which reports slightly 

lower standard deviation of returns. The Sharpe ratio or reward-to-risk ratio is 

illustrated in Panel C. The trend of the Sharpe ratio closely resembles the pattern in 

Panel A and the 12-month and 9-month conventional momentum are the best 

performing strategies with 0.76 and 0.64, respectively. The results in Figure 3-2 imply 

that decomposing the 12-month conventional momentum into intermediate and recent 

return momentum leads to substantially lower profits. Thus, RNM echo momentum 

does not seem to provide informative insights in terms of enhancing momentum profits 

or clarifying the behaviour of momentum in commodity futures. 
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Table 3-4 Performance of microscopic momentum 

Table 3-4 reports the detailed performance metrics of microscopic momentum portfolios. At the beginning of each month t, all available commodities 

are divided into terciles based on their previous T+1 to T where T ϵ {1,2…15} month of return. The strategy buys the Winners (top) portfolio and 

short sells the Losers (bottom) portfolio to form the momentum portfolio. These positions are held for one month after formation. There is no 

monthly skipping between formation and holding periods. MomT+1, T represents the momentum portfolio (winners-losers) formed using returns of 

T+1 to T months prior to formation.  

 
Mom2,1 Mom3,2 Mom4,3 Mom5,4 Mom6,5 Mom7,6 Mom8,7 Mom9,8 Mom10,9 Mom11,10 Mom12,11 Mom13,12 Mom14,13 Mom15,14 Mom16,15 

                
Panel A: Winners 

               
Annualised arithmetic mean 0.0789 0.0488 0.0602 0.04 0.0474 0.0526 0.0593 0.062 0.0425 0.1021 0.0326 -0.0036 0.0122 -0.026 0.0226 
t-statistics 2.34 1.45 1.89 1.27 1.48 1.49 1.75 2.05 1.36 2.84 0.99 -0.11 0.39 -0.81 0.66 
Annualised volatility 0.199 0.1988 0.1875 0.1859 0.1888 0.2074 0.1991 0.1772 0.1821 0.2102 0.1915 0.1894 0.1837 0.186 0.1976 
Reward/Risk Ratio 0.3966 0.2453 0.3213 0.2149 0.2509 0.2538 0.2979 0.3499 0.2332 0.4857 0.1701 -0.0188 0.0663 -0.1397 0.1142 
Sortino Ratio 0.6649 0.3811 0.5262 0.3025 0.3685 0.3568 0.5084 0.5125 0.3561 0.759 0.2602 -0.0252 0.0983 -0.1915 0.1785 
Skewness 0.252 0.6233 0.7507 -0.5662 -0.232 -0.2653 1.1345 -0.346 -0.1437 0.3997 0.1231 -0.5985 -0.1821 -0.145 0.2208 
Kurtosis 5.6838 9.8438 10.4543 8.2487 9.2807 7.8952 11.5431 5.8894 4.8768 10.3537 7.7012 7.176 5.3254 7.0087 7.8223 
                
Panel B: Losers 

               Annualised arithmetic mean 0.0174 0.014 0.018 0.0226 0.0384 0.0342 0.037 0.009 0.0022 -0.0453 0.0257 0.0624 0.0279 0.0754 0.0452 
t-statistics 0.59 0.49 0.61 0.73 1.32 1.2 1.32 0.31 0.07 -1.63 0.9 2.13 0.92 2.63 1.57 
Annualised volatility 0.1741 0.1679 0.1739 0.1818 0.1712 0.1671 0.1646 0.1701 0.1752 0.1626 0.1666 0.1709 0.1763 0.1667 0.1671 
Reward/Risk Ratio 0.0997 0.0834 0.1037 0.1246 0.2242 0.2047 0.2248 0.0531 0.0127 -0.2788 0.1542 0.3649 0.1581 0.4523 0.2708 
Sortino Ratio 0.1403 0.1353 0.1464 0.1864 0.3655 0.3338 0.3512 0.0745 0.0201 -0.4122 0.2342 0.5983 0.2447 0.7083 0.3903 
Skewness -0.2985 0.2558 -0.4008 0.2527 0.2692 0.0675 -0.2477 -0.5919 -0.02 -0.1359 -0.2533 0.0936 -0.0656 -0.3516 -0.3605 
Kurtosis 7.8805 7.4521 7.3892 10.2851 5.406 5.5898 5.7169 6.6198 5.8746 6.4719 5.6187 4.6763 6.0103 6.8992 5.1198 
                
Panel C: Winners-Losers 

               Annualised arithmetic mean 0.0616 0.0348 0.0422 0.0173 0.009 0.0184 0.0223 0.053 0.0402 0.1474 0.0069 -0.0659 -0.0157 -0.1014 -0.0227 
t-statistics 1.76 0.99 1.21 0.54 0.25 0.52 0.64 1.6 1.19 4.14 0.21 -1.89 -0.46 -3.05 -0.63 
Annualised geometric mean 0.0406 0.0137 0.0217 -0.001 -0.0124 -0.0031 0.0021 0.0341 0.0204 0.1266 -0.0108 -0.0869 -0.0353 -0.1203 -0.0446 
Annualised volatility 0.2064 0.2069 0.2047 0.1898 0.2077 0.2085 0.2041 0.1939 0.1977 0.2084 0.1893 0.2034 0.1968 0.1933 0.2106 
Annualised downside volatility 0.1158 0.1296 0.1237 0.1271 0.1259 0.126 0.1182 0.1286 0.1336 0.1111 0.1108 0.14 0.1339 0.1325 0.1282 
Reward/Risk Ratio 0.2983 0.168 0.206 0.0912 0.0433 0.0883 0.1093 0.2732 0.2035 0.7075 0.0363 -0.3241 -0.0797 -0.5244 -0.1077 
Sortino Ratio 0.5468 0.2725 0.3477 0.1373 0.0717 0.1474 0.1907 0.4221 0.3069 1.4201 0.0623 -0.4572 -0.1163 -0.7306 -0.1751 
Skewness 0.4374 0.6025 0.6516 -0.3501 0.3338 0.3622 0.9697 -0.1784 -0.3722 0.9172 0.3528 -0.1442 -0.2503 -0.0705 0.4148 
Kurtosis 4.5759 7.7466 7.4714 5.682 4.6597 4.4436 8.7781 3.9239 3.6878 7.2672 4.0952 3.7363 4.0588 4.2096 4.766 
Max monthly gain 0.2706 0.3826 0.3787 0.2241 0.2651 0.2518 0.3598 0.1855 0.165 0.3835 0.2129 0.1833 0.1583 0.2464 0.2989 
Max monthly loss -0.1917 -0.2006 -0.1884 -0.3062 -0.2015 -0.156 -0.2084 -0.1965 -0.2376 -0.1823 -0.1746 -0.2022 -0.2475 -0.2042 -0.1998 
95%VaR 0.0929 0.0954 0.0937 0.0887 0.0979 0.0975 0.0951 0.0877 0.0905 0.0867 0.0893 0.1021 0.0948 0.1002 0.1019 
99%VaR(Cornish-Fisher) 0.2311 0.2803 0.276 0.1837 0.2244 0.2244 0.3001 0.176 0.1656 0.2944 0.1981 0.1738 0.1709 0.1722 0.2303 
% of positive months 0.5084 0.5383 0.5348 0.512 0.494 0.5121 0.5012 0.5607 0.5718 0.5805 0.5281 0.4926 0.5111 0.4828 0.5136 
Maximum Drawdown -0.7258 -0.6537 -0.4744 -0.8591 -0.6101 -0.7843 -0.7847 -0.5353 -0.8372 -0.4446 -0.7448 -0.9765 -0.7663 -0.9906 -0.8881 
Drawdown Length (months) 108 43 52 131 74 81 206 31 121 22 309 339 290 363 175 
Max Run-up (consecutive) 0.3502 0.4893 0.4029 0.1816 0.1823 0.2864 0.4824 0.5212 0.2771 0.5371 0.2984 0.1155 0.104 0.1882 0.229 
Runup Length (months) 2 2 2 3 2 5 3 7 3 6 3 2 1 2 2 
Max 12M rolling return 0.7524 0.8992 0.4673 0.4291 0.4539 0.8407 0.7403 0.6565 0.5811 0.7029 0.6296 0.387 0.7446 0.4888 0.6057 
Min 12M rolling return -0.4148 -0.6156 -0.3767 -0.6796 -0.3212 -0.8219 -0.5302 -0.501 -0.6526 -0.3965 -0.4176 -0.6333 -0.5137 -0.6964 -0.6735 
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3.4.3    Microscopic Momentum 

Table 3-4 reports the summary statistics of microscopic momentum. Panel A shows 

the winners portfolio, Panel B reports the losers portfolios and Panel C reports results 

of the momentum (winners-losers) investment strategy. Strikingly, all strategies (with 

the exception of Mom11,10) generate insignificant profits. Since these strategies exhibit 

volatility levels similar to conventional and echo momentum strategies, the risk-

adjusted performance is also inferior. Some of these momentum strategies exhibit 

drawdown lengths for as long as 17 years which perpetuates the underperformance of 

microscopic momentum even further. However, Mom11,10 shows significant 

outperformance in comparison to all other microscopic momentum strategies, 

returning a stunning 14.74% per annum. The profitability of Mom11,10 is nearly three 

times the size of the 2,1 strategy and five times the profits of the 5,4 strategy. Not only 

in terms of significantly larger economic profits, the 11,10 strategy also reports 

improved maximum drawdowns and risk-adjusted performance. Table 3-4 also shows 

that extending the formation period beyond 12 months demonstrates a rapid and strong 

reversal in profits, particularly for the 13,12 and 15,14 strategies, which report losses 

of 6.59% and 10.14% p.a., respectively, and also appear to be statistically significant.
50

 

This remarkably unexpected behaviour of returns cannot be related to any theoretical 

attempts, both rational (Johnson, 2002; Sagi and Seasholes, 2007) and behavioural 

(Barberis et. al., 1998; Hong and Stein, 1999; Daniel et. al., 1998) in explaining 

momentum. These findings are better illustrated in Figure 3-3. 

  

                                                 
50

 A statistically significant loss generated by the momentum strategy indicates profit opportunities for 

the contrarian strategy, which buys losers and short sells winners. 
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Figure 3-3 Microscopic momentum 

Figure 3-3 shows the annualised returns (Panel A), annualised standard deviation (Panel B) 

and annualised Sharpe ratio (Panel C) to microscopic momentum strategies. At the beginning 

of each month T, all the available commodities are divided into terciles based on their 

previous T+1 to T where T ϵ {1,2…15} month of return. The strategy buys the Winners (top) 

portfolio and short sells the Losers (bottom) portfolio to form the momentum portfolio. These 

positions are held for one month after formation. There is no skipping between formation and 

investment periods. MomT+1, T represents momentum portfolio (winners-losers) formed using 

returns of T+1 to T month prior to formation. The x-axis in Figure 3-3 denotes MomT+1, T. The 

sample covers the period January 1977 to December 2011. 

 

Figure 3-3 illustrates the performance of microscopic momentum formed on 

returns 15 months to one-month prior to the portfolio formation each with one month 

apart. The figure reports average arithmetic return, standard deviation and Sharpe ratio 

on an annualised basis for these strategies. Panel A highlights the superiority of the 

11,10 strategy as the tallest bar, clearly dominating all other strategies. There is no 

clear linear trend between profits and month in the 12-month period. Instead, a ‗U‘ 

shaped relationship can be observed indicating an initial drop followed by gradual 

increases and a steep increase in the of 11,10 microscopic momentum profits. However, 

the most remarkable feature in Panel A is the abrupt and rapid collapse of momentum 

profits after 11 months. Clearly, this suggests that the most desirable ranking period 

for the construction of microscopic momentum portfolio should not exceed 12 months 

prior to formation.  
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Similarly in Panel B, the volatility of these strategies appears to be quite noisy, 

where no clear upward or downward trend is observable. However, it seems that a 

peak in volatility is generally followed by two to four small or large drops before a 

new peak is observed again. The 4,5 and 11,12 strategies are among the least volatile 

ones. The Sharpe ratio or reward-to-risk ratio is graphed in Panel C. The trend of the 

Sharpe ratio clearly resembles the trend in returns with very minor differences.  

The 11,10 strategy (which returns 14.74% p.a.) is not only the most profitable 

microscopic momentum strategy, but nearly as profitable as the best performing 

conventional momentum strategy (which returns 16.88% p.a.) and far more profitable 

compared to echo momentum strategies. The Mom11,10 microscopic strategy, which 

uses only one particular month of return in the past is able to produce returns in similar 

magnitude to a strategy that uses an entire 12-month of returns prior to formation is 

unexpected. On an efficiency scale, this may imply that in commodity futures, 

previous returns from 11 to 10 months prior to portfolio formation carry significant 

information about future performance post to portfolio formation. Put alternatively, 

Mom11,10 may contain roughly the same level (if not more) predictive power compared 

to the entire 12-month (JT) or 12 to 7-month (RNM) of return prior to formation.
51

 

                                                 
51

 Despite a similar level of profit Mom11,10 and Mom12-1 generates, the correlation coefficient between 

them is a mere 0.375, which suggests they are largely distinctive. 
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Table 3-5 Pairwise correlations of microscopic momentum 

This table presents the Pearson correlation matrix of microscopic momentum and their associated p-values. Momt+1, t represents the momentum portfolio (winners-losers) 

formed by using past T+1 to T, where T ϵ {0, 1…15} months of returns. Mom1,0 represents the momentum portfolio formed using the previous one month of returns. 

 
Mom1,0 Mom2,1 Mom3,2 Mom4,3 Mom5,4 Mom6,5 Mom7,6 Mom8,7 Mom9,8 Mom10,9 Mom11,10 Mom12,11 Mom13,12 Mom14,13 Mom15,14 

                Mom2,1 0.0504 
              

 
0.3032 

              

                Mom3,2 0.1134* -0.0056 
             

 
0.0204 0.9088 

             

                Mom4,3 0.1071* 0.0872 0.1711* 
            

 
0.0287 0.0753 0.0004 

            

                Mom5,4 -0.1388* 0.1413* 0.1716* 0.0238 
           

 
0.0046 0.0039 0.0004 0.6290 

           

                Mom6,5 0.1189* 0.0354 0.0878 0.1432* 0.0597 
          

 
0.0154 0.4722 0.0739 0.0035 0.2251 

          

                Mom7,6 0.0512 0.1648* 0.0302 0.0725 -0.0139 0.0480 
         

 
0.2987 0.0008 0.5401 0.1409 0.7785 0.3297 

         

                Mom8,7 0.1400* 0.0265 0.0800 0.0533 -0.1050* 0.1010* 0.0833 
        

 
0.0044 0.5915 0.1045 0.2796 0.0329 0.0402 0.0909 

        

                Mom9,8 -0.1303* -0.0645 -0.0700 0.0651 0.0666 0.0488 0.0513 -0.0770 
       

 
0.0081 0.1916 0.1561 0.1870 0.1770 0.3230 0.2985 0.1185 

       

                Mom10,9 -0.0811 0.0461 0.0123 -0.0083 0.1491* -0.1226* -0.0502 -0.1374*   0.0042 
      

 
0.1005 0.3510 0.8031 0.8662 0.0024 0.0129 0.3095 0.0053 0.9322 

      

                Mom11,10 0.1866* 0.1060* 0.0393 0.0168 -0.0452 0.0393 0.0452 0.0677 -0.0581 0.0309 
     

 
0.0001 0.0319 0.4268 0.7341 0.3615 0.4272 0.3609 0.1714 0.2401 0.5331 

     

                Mom12,11 0.2059* 0.2086* 0.0886 0.1082* -0.0499 0.0949 0.0390 0.1175* -0.0107 -0.0009 0.2124* 
    

 
0.0000 0.0000 0.0734 0.0287 0.3136 0.0553 0.4317 0.0175 0.8297 0.9862 0.0000 

    

                Mom13,12 0.0277 0.1060* 0.0985* 0.0110 0.0253 0.1453* -0.0067 0.1059* -0.0496 -0.0281 0.0762 0.1887* 
   

 
0.5763 0.0324 0.0468 0.8247 0.6102 0.0033 0.8929 0.0325 0.3174 0.5713 0.1245 0.0001 

   

                Mom14,13 -0.1983* 0.0104 -0.0111 -0.0423 0.1213* -0.1937* 0.0711 0.0169 0.1337* 0.0201 0.0292 0.0195 0.0219 
  

 
0.0001 0.8342 0.8234 0.3948 0.0143 0.0001 0.1525 0.7347 0.0069 0.6860 0.5573 0.6956 0.6590 

  
                Mom15,14 0.0312 -0.0203 0.0045 0.0657 0.0454 -0.0580 0.0911 0.0914 0.0080 0.0797 0.0213 0.0390 -0.0418 0.0685 

 
 

0.5306 0.6837 0.9278 0.1864 0.3614 0.2432 0.0668 0.0658 0.8723 0.1086 0.6691 0.4333 0.4005 0.1682 
 

                Mom16,15 0.0304 -0.0704 -0.0529 -0.0011 0.0635 0.0128 -0.0208 0.0151 -0.0475 0.0163 0.2173* 0.0986* 0.0860 0.0248 -0.0523 

 
0.5415 0.1576 0.2887 0.9829 0.2023 0.7979 0.6764 0.7616 0.3401 0.7437 0.0000 0.0474 0.0839 0.6190 0.2938 
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Table 3-5 further investigates microscopic momentum by examining the cross 

correlations among these strategies. Although the average profit deviates quite 

significantly, it is intuitive to conjecture that these microscopic momentum profits are 

statistically similar given that each strategy uses information only one month apart 

from one another. However, the results on pairwise correlations in Table 3-5 suggests 

otherwise. Surprisingly, Table 3-5 unveils generally low or negative correlations 

across the microscopic momentum strategies. First, in all neighbouring strategies, only 

three pairs (Mom3,2 & Mom4,3, Mom11,10 & Mom12,11, Mom12,11 & Mom13,12) appear to 

exhibit positive correlations that are statistically significant. The insignificant 

correlations are either negative or very low in magnitude. The more distant strategies 

show similar results where correlations are low and largely insignificant. However, an 

interesting pattern emerged around the front end (one month) and the back end (12 

months) months prior to formation. It appears strategies around the two extremes are 

more correlated than the rest. Furthermore, the strategies from both ends also appear to 

exhibit considerable correlations, implying the possible existence of common 

components. 

Furthermore, introducing the Mom1,0 (momentum portfolio formed using the 

previous one month of return, which is equivalent to a conventional 1-1 momentum) 

confirms the observed pattern. Mom1,0 is more correlated with the front and the back 

end strategies, and negative and weakly correlated with strategies formed in 

intermediate terms and beyond the 12-month period. Overall, findings in Table 3-5 

suggest that microscopic momentum strategies do not share common features in 

returns, which also indicates that momentum portfolios formed using different single-

months of prior returns may exhibit very different time series properties. 
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Figure 3-4 Microscopic momentum in sub-periods and out-of-sample 

Figure 3-4 illustrates the annualised returns, annualised standard deviation and annualised Sharpe ratio to 

microscopic momentum strategies in sub-periods. At the beginning of each month T, all the available 

commodities are divided into terciles based on their previous T+1 to T where T ϵ {1,2…15} month of 

return. The strategy buys the Winners (top) portfolio and short sells the Losers (bottom) portfolio to form 

the momentum portfolio. These positions are held for one month after formation. There is no skipping 

between formation and investment periods. MomT+1, T represents the momentum portfolio (winners-losers) 

formed using returns of T+1 to T month prior to formation. The x-axis denotes MomT+1, T. Both Panels A 

and B report the results of the GSCI sample where Panel A covers 1977-1990 and Panel B reports 1991-

2011. Panel C reports the UBS sample from 1991-2011. 
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Figure 3-5 Microscopic momentum and commodity sectors 

Figure 3-5 illustrates the annualised returns, annualised standard deviation and annualised Sharpe ratio of microscopic momentum strategies whilst excluding 

commodity sub-sectors. At the beginning of each month T, all the available commodities are divided into terciles based on their previous T+1 to T where T ϵ 

{1,2…15} month of return. The strategy buys the Winners (top) portfolio and short sells the Losers (bottom) portfolio to form the momentum portfolio. These 

positions are held for one month after formation. There is no skipping between formation and investment periods. MomT+1, T represents the momentum portfolio 

(winners-losers) formed using returns of T+1 to T months prior to formation. The x-axis denotes MomT+1, T. Panel A, B, C, D and E report the performance of 

microscopic momentum after excluding agriculture, energy, industrial metals, livestock and precious metals commodity sectors, respectively. 
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Figure 3-6 Microscopic momentum and the sub-calendar months 

Figure 3-6 reports the performance of microscopic momentum strategies in sub-calendar months. For example, Non-January denotes that all January 

months are excluded from the sample and the microscopic momentum strategies are constructed using single-month returns from February to 

December months. The sample covers the period 1977-2011. 
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3.4.4    Robustness of Microscopic Momentum 

To check for robustness, this study first examines the performance of microscopic 

momentum strategies in sub-periods. Figure 3-4 illustrates the annualised return, 

standard deviation and Sharpe ratio of microscopic momentum strategies. Panel A 

reports the results from 1977 to 1990 whereas Panel B covers 1991 to 2011. Clearly, 

the ‗U‘ shaped pattern observed in Figure 3-3 is not immediately apparent in the sub-

periods. However, the pattern in the second sub-sample appears to be generally 

consistent with the full period pattern (except for Mom7,6  and Mom8,7). Panel C of 

Figure 3-4 is an out-of-sample verification of the findings using 24 Dow Jones-UBS 

(DJ-UBS) individual commodity indices.
52

 The UBS results are consistent with the 

GSCI in the 1991-2011 period, although microscopic strategies seem to be marginally 

more profitable based on the UBS commodities. In addition to return measurement, 

Figure 3-4 highlights greater volatility levels of microscopic strategies in the first sub-

period which resulted in lower Sharpe ratios compared to the second sub-period. 

Furthermore, t-statistics in sub-periods are consistent with Table 3-4 where Mom11,10 

(with two exceptions) is the only microscopic momentum strategy which exhibits 

statistically significant profits. Furthermore, the Mom15,14 strategy generates 

statistically significant losses consistently across all sub-periods. Overall, the findings 

in Figure 3-4 confirm the robustness of the Mom11,10 and Mom15,14 microscopic 

momentum strategies in sub-periods. 

As stated by Gorton and Rouwenhorst (2006), contrary to stocks and other 

financial assets, commodities exhibit seasonality patterns.
53

 To investigate whether the 

effect of microscopic momentum is driven by a particular sub-sector of commodities 

                                                 
52

These DJ-UBS indices are not to be mistaken with the DJ-UBSCI which tracks the overall 

performance of 24 commodities from all five sectors. Similar to S&P GSCI indices, the continuous time 

series of the DJ-UBS indices are constructed by a gradual roll approach over a period of five business 

days. The nearest contract is always selected in all the roll periods. From 3 January 1991 to 31 

December 2011, daily excess return is obtained and returns are aggregated using the last day-of-month 

and 15
th

-of-the month price. 
53

 For example, all agricultural crop commodities take stages of development before harvesting. The 

climate conditions during the growing period have significant impact on the expected production levels, 

hence, the equilibrium market price. Thus, these prices will be more volatile in months when the 

weather conditions are more unstable (Roll, 1984; Kenyon, Kling, Jordan, Seale and McCabe, 1987 

Milonas, 1991). Because the demand for energy varies substantially from season to season, the prices of 

energy commodities also tend to follow a seasonal pattern (Pardo, Meneu and Valor, 2002; Hunt, Judge 

and Ninomiya, 2003). 
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or seasonality, we restrict the microscopic strategies by excluding one commodity 

sector at a time. Figure 3-5 reports the findings of the sub-sector analysis. Panels A, B, 

C, D and E exhibit the annualised return, standard deviation and Sharpe ratio of 

microscopic strategies by excluding agriculture, energy, precious metals, livestock and 

industrial metals commodity sectors, respectively. The observed pattern across all sub-

sector analyses consistently highlights the superior performance of the Mom11,10 to the 

other microscopic strategies. The profitability varies slightly across sub-sectors, 

although on a risk-adjusted basis, Mom11,10 performs the best when the industrial 

metals commodity sector is excluded from the sample. Furthermore, Figure 3-5 

indicates that the Mom15,14 strategy reports statistically significant losses across sub-

sectors. Overall, the findings in Figure 3-5 monotonically suggest that microscopic 

momentum is not an artifact of sector-specific outperformance.  

Yao (2012) asserts that the RNM intermediate momentum is due to the strong 

presence of the January effect in the stock market. Since there is no pronounced 

January effect in commodity futures, we further examine the observed pattern through 

all sub-calendar months. Figure 3-6 illustrates the performance of microscopic 

momentum by restricting the sample to exclude one calendar month at a time. The 

results consistently show that the Mom11,10 is the most dominant strategy and Mom15,14 

is the worst performing strategy regardless of the calendar month excluded from the 

sample. The findings in Figure 3-6 suggest that microscopic momentum is not an 

illusion created by any month-of-year effects. 

Furthermore, this study assesses the sensitivity of microscopic momentum 

strategies by varying the break-point used to form winner and loser portfolios. In 

addition to tercile sorts, we also examine median, quartile and quintile as break points 

for our microscopic momentum portfolios. Unsurprisingly, results show that by having 

more (fewer) commodities in the portfolio, the volatilities of each microscopic 

momentum strategy decrease (increase) considerably. The profitability is positively 

related to risk as well as statistical significance. Moreover, to further mitigate the 

possibility of data snooping, we also examine the impact of alternative dates selected 

to aggregate the time-series of commodity futures. Instead of using the end-of-month, 
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the 15
th

 day of the month is used to aggregate the monthly time series. The results 

remain consistent with those reported in this study.
54

 

3.4.5    Transaction Costs 

Due to the high trading intensity of momentum strategies, Lesmond et. al., (2004) and 

Korajczyk and Sadka (2004) share concerns that transaction costs may consume the 

majority or the entirety of momentum profits. They show that, on average, around 

2.3% of associated costs per trade need to be considered. These realistic concerns are 

valid, as momentum strategies in equities markets require trading of large numbers of 

stocks from the cross-section. Also, as momentum strategies involve both buying and 

short selling the stock, short-selling restrictions in the equities market are likely to 

cause problems as well. 

However, this is unlikely to be an issue in commodity futures. First, as discussed 

in Locke and Venkatesh (1997) and more recently in Marshall et. al., (2012), it is a 

well-accepted fact that transaction costs in futures markets are significantly lower than 

the equities market. The magnitude of momentum profits presented in this study is too 

large to be accounted for by the range of average transaction costs (0.0004% to 

0.033% per trade) reported in Locke and Venkatesh (1997). Second, our sample of 27 

commodities makes the momentum strategy much less trading intensive compared to 

the equities market. Third, constructing a short position in the futures market is as 

simple as taking a long position, thus restrictions on short selling are unlikely to be an 

issue in commodity futures. 

3.5    Insights from Microscopic Momentum 

3.5.1    Methodology 

Microscopic momentum offers a novel approach to study the behaviour of 

conventional and echo momentum. Motivated by the findings of the 11,10 microscopic 

momentum, this section examines whether specific single months in the past are more 

                                                 
54

 Due to space limitation, these results are not reported but are available upon request. 
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important in determining commodity momentum profits. To do this, the conventional 

and echo momentum profits are regressed against their respective microscopic 

momentum components. As a result, for the first time in the momentum literature, this 

study attempts to relate conventional momentum with blocks of decomposed, single-

month, microscopic momentum. We first employ a multivariate regression to examine 

the explanatory power of microscopic momentum jointly. Subsequently, univariate 

regressions are estimated to individually test the explanatory power of the respective 

microscopic factors. Although microscopic momentum factors are mostly orthogonal 

to each other, univariate regression mitigates any potential biases in the regression and 

it also allows for a direct comparison of explanatory powers among each microscopic 

factor.  The regressions are specified as follows: 

 



 
12

1

,),,1(,

T

titTTiitKJ MomMom   (3-1) 

where MomJ-K,t denotes the conventional or echo momentum profits with a 

ranking period of J months and a holding period of K months at each time t. 

Mom(T+1,T),t represents the single-month microscopic momentum profit at time t. Given 

that J,K  ϵ {1,3,6,9,12}, MomJ-K,t denotes a maximum number of 25 conventional 

momentum strategies.
55

 Mom(T+1,T),t indicates up to 12 explanatory variables in each 

regression. Accordingly, the number of explanatory factors included is restricted to 

match the specific conventional momentum strategy used in each regression.  

Theoretically, 25 (5 ranking by 5 holding periods) multivariate regressions are 

possible. However, for three reasons this study focuses only on strategies with a 

holding period (K) of one month. First, unlike the equities market, most commodity 

futures have monthly or bimonthly expiration cycles where the nearby contracts are 

often the most liquid ones. Therefore, it makes economic sense to limit the holding 

period of momentum strategies to one month since these contracts need to be rolled 

over anyway to maintain a continuous exposure. Second, overlapping portfolios may 

contain return patterns that are very different from microscopic momentum factors 

which are non-overlapping. Third, strategies with a holding period of one month across 

                                                 
55

 J=12,7 and 6,2 in the case of RNM echo momentum strategies. 
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all ranking periods exhibit the strongest returns both quantitatively and statistically. 

This is ideal for practical implementation, given that these dynamics shift very quickly 

in markets. 

Table 3-6 Regressions of microscopic momentum on echo momentum 

This Table reports the regression results of microscopic momentum on Novy-Marx (2012) echo 

momentum. MomT+1,T represents momentum portfolio (winners-losers) formed using past T+1 to T where T 

ϵ {0, 1…12} month of return. The left hand side block shows the full model with all corresponding factors. 

The right hand side block reports univariate regressions. Adjusted R
2
 is reported for the multifactor model 

and R
2
 is reported for all univariate models. α and β represent the intercept and coefficients, respectively. t-

statistics are reported in parentheses. Panel A shows the results for Mom6,2 and Panel B reports the results 

on Mom12,7. *, ** and *** denote the level of statistical significance at 10%, 5% and 1%, respectively. 

Panel A: Dependent variable Novy-Marx Mom6,2  

       

 

Multivariate 

 

Univariate 

 

α t[α] β t[β] R
2 

 α t[α] β t[β] R
2 

 

0.000811 (0.55) 

  

0.762  
     Mom2,1 

  

0.109** (2.65) 

 
 0.00385 (1.26) 0.211** (2.78) 0.038 

Mom3,2 

  

0.365*** (8.83) 

 
 0.00334 (1.25) 0.533*** (6.66) 0.257 

Mom4,3 

  

0.413*** (10.24) 

 
 0.00288 (1.09) 0.555*** (7.10) 0.271 

Mom5,4 

  

0.400*** (11.63) 

  

0.00419 (1.52) 0.523*** (7.79) 0.206 

Mom6,5 

  

0.419*** (12.20) 

  

0.00457 (1.72) 0.535*** (8.36) 0.259 

            Panel B: Dependent variable Novy-Marx Mom12,7  

       

 

Multivariate 

 

Univariate 

 

α t[α] β t[β] R
2 

 α t[α] β t[β] R
2 

 

-0.00205 (-1.36) 

  

0.756 

      Mom7,6 

  

0.0414 (1.25) 

  

0.00732* (2.50) 0.105 (1.39) 0.009 

Mom8,7 

  

0.359*** (10.46) 

  

0.00678* (2.47) 0.360*** (4.63) 0.125 

Mom9,8 

  

0.368*** (10.87) 

  

0.00607* (2.08) 0.310*** (4.08) 0.083 

Mom10,9 

  

0.364*** (13.19) 

  

0.00634* (2.19) 0.327*** (4.69) 0.096 

Mom11,10 

  

0.461*** (14.09) 

  

0.000712 (0.29) 0.549*** (10.31) 0.304 

Mom12,11 

  

0.371*** (10.83) 

  

0.00716** (2.76) 0.522*** (7.99) 0.226 
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3.5.2    RNM Echo Momentum 

Table 3-6 reports the explanatory power of microscopic momentum on RNM echo 

momentum based on Equation 3-1. Panel A reports the results of Mom6,2 whereas 

Panel B shows Mom12,7. The results in Panel A indicate that the performance of recent 

momentum can be largely explained by the microscopic decomposition of itself. 

Moreover, factors towards the end of the 6-month horizon appear to exhibit higher 

loadings and significance. Univariate results confirm the findings of the multivariate 

regressions. Since the Mom6,2 strategy does not exhibit a significant profit, one may 

argue the usefulness of the results in Panel A.  

However, Panel B demonstrates consistent results for the 12,7 intermediate 

RNM momentum, which exhibits statistically significant profits. Once controlled for 

corresponding single month factors, the profits of intermediate momentum become 

negative and insignificant. Also, around the same level of R
2 

is obtained in the 

multivariate regression. Strikingly, univariate regressions reveal significant 

explanatory power of Mom11,10 over the remaining microscopic factors, as the 

intermediate momentum profits can be completely subsumed by the Mom11,10 alone. 

The results in Panel B suggests that in the commodity futures markets, RNM 

intermediate momentum may be an illusion created by the superiority of the 11,10 

microscopic momentum portfolio formed using 11 to 10-month returns prior to 

formation. Put alternatively, the outperformance of intermediate momentum may not 

be a valid claim in commodity futures, but instead, additional attention needs to be 

directed towards returns from the past 11 to 10 months. 
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Table 3-7 Regressions of microscopic momentum on conventional momentum 

This Table reports the regression results of microscopic momentum on conventional momentum. MomT+1, T 

represents momentum portfolio (winners-losers) formed using past T+1 to T where T ϵ {0, 1…12} month of 

return. Mom1,0 represents the momentum portfolio formed using the previous one month of return. The left 

hand side block shows the full model with all corresponding factors. The right hand side block reports 

univariate regressions. Adjusted R
2
 is reported for the multifactor model and R

2
 is reported for all univariate 

models. α and β represent the intercept and coefficients, respectively. t-statistics are shown in parentheses. 

Momentum J-1 is conventional momentum with a J-month ranking and one month holding period. 

Panel A: Dependent variable Momentum 3-1 

       

 

Multivariate 

 

Univariate 

 

α t[α] β t[β] R
2 

 
α t[α] β t[β] R

2 

 

0.00358* (2.34) 

  

0.763  
     Mom1,0 

  

0.543*** (12.65) 

 
 0.00729** (2.76) 0.621*** (9.37) 0.371 

Mom2,1 

  

0.529*** (11.35) 

  

0.00930** (3.24) 0.563*** (9.27) 0.258 

Mom3,2 

  

0.424*** (8.66) 

  

0.0108*** (3.70) 0.503*** (5.14) 0.206 

Mom4,3 

  

0.0913* (1.98) 

  

0.0113*** (3.67) 0.275* (2.43) 0.058 

            Panel B: Dependent variable Momentum 6-1 

       

 

Multivariate 

 

Univariate 

 

α t[α] β t[β] R
2 

 
α t[α] β t[β] R

2 

 

0.00299* (2.00) 

  

0.757 

      Mom1,0 

  

0.259*** (8.74) 

  

0.00736** (2.60) 0.350*** (3.37) 0.125 

Mom2,1 

  

0.388*** (9.15) 

  

0.00745** (2.63) 0.489*** (7.10) 0.209 

Mom3,2 

  

0.286*** (7.19) 

  

0.00867** (3.07) 0.451*** (4.77) 0.178 

Mom4,3 

  

0.346*** (8.89) 

  

0.00809** (3.00) 0.520*** (6.00) 0.232 

Mom5,4 

  

0.286*** (8.03) 

  

0.00947** (3.22) 0.386*** (5.72) 0.109 

Mom6,5 

  

0.333*** (10.63) 

  

0.00969*** (3.47) 0.471*** (6.08) 0.196 

Mom7,6 

  

0.0478 (1.26) 

  

0.00961** (3.09) 0.171 (1.90) 0.024 

 
           Panel C: Dependent variable Momentum 12-1 

       

 

Multivariate 

 

Univariate 

 

α t[α] β t[β] R
2 

 
α t[α] β t[β] R

2 

 

0.00371* (2.38) 

  

0.768  
     Mom1,0 

  

0.233*** (7.44) 

  

0.0109*** (3.70) 0.390*** (5.09) 0.156 

Mom2,1 

  

0.254*** (7.99) 

  

0.0119*** (4.05) 0.424*** (6.29) 0.156 

Mom3,2 

  

0.176*** (5.55) 

  

0.0131*** (4.34) 0.340*** (3.37) 0.100 

Mom4,3 

  

0.274*** (9.08) 

  

0.0124*** (4.32) 0.456*** (5.30) 0.177 

Mom5,4 

  

0.178*** (5.16) 

  

0.0138*** (4.41) 0.208* (2.14) 0.030 

Mom6,5 

  

0.199*** (5.80) 

  

0.0138*** (4.64) 0.361*** (4.57) 0.113 

Mom7,6 

  

0.221*** (7.12) 

  

0.0136*** (4.53) 0.352*** (4.57) 0.109 

Mom8,7 

  

0.260*** (7.74) 

  

0.0134*** (4.50) 0.364*** (4.14) 0.112 

Mom9,8 

  

0.171*** (4.77) 

  

0.0135*** (4.14) 0.121 (1.27) 0.009 

Mom10,9 

  

0.118*** (3.68) 

  

0.0138*** (4.29) 0.0700 (0.85) 0.001 

Mom11,10 

  

0.251*** (7.49) 

  

0.00919** (3.23) 0.397*** (5.01) 0.139 

Mom12,11 

  

0.212*** (6.04) 

  

0.0138*** (4.82) 0.483*** (6.22) 0.169 

Mom13,12 

  

-0.0219 (-0.76) 

  

0.0147*** (4.67) 0.139 (1.65) 0.014 
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3.5.3    JT Conventional Momentum 

The surprising significance of the 11,10 microscopic momentum in Table 3-6 (with a 

beta of 0.549 and t-statistic of 10.31) has motivated us to further explore its 

explanatory power over the conventional momentum profits. Table 3-7 reports the 

regression results of microscopic momentum on conventional momentum following 

the regression routine in Equation 3-1.
 
Panel A shows the results of 3-1 Momentum is 

the dependent variable whereas Panel B and C reports 6-1 and 12-1 Momentum, 

respectively.
56

 The multivariate regression results consistently show that around 77% 

of the variation of returns in a conventional momentum strategy can be explained by 

decomposing MomT-1 into T components.
 57

 However, all microscopic factors appear to 

be highly significant which indicates no dominance of any given individual month or 

factor. Factor loadings are somewhat mixed where loadings are generally higher (with 

stronger significance) moving toward the front and the back months (i.e. one month 

and 12 months), and weaker at 4 to 6 and 8 to 10 months. Despite the high R
2 

achieved 

in these regressions, the intercepts remain significant at the 10% level, which suggests 

the existence of a possible omitted variable or risk factor.
58

 

The univariate regression results confirm the findings of the multivariate 

regressions that Mom6,5, Mom9,8 and Mom10,9 factors are very poor at explaining the 

dynamics of the conventional 12-1 Momentum. Furthermore, Mom2,1 and Mom12,11 are 

among the strongest explanatory variables, suggesting that factors closer to the front 

end and back end of the standard ranking period (one to 12 months) may play a more 

significant role in the term-structure of momentum profits in commodity futures. 

Unsurprisingly, the intercept terms in the univariate regressions are large and highly 

significant across all models, which imply that none of the past months exhibit 

                                                 
56

 The 9-1 momentum is suppressed due to space limitation, however the results are consistent with 

J=3,6 and 12. 
57

 The pairwise correlations in Table 3-5 indicate that microscopic momentum factors are mostly 

orthogonal to each other, thus multicollinearity is unlikely to be a problem. Furthermore, the variance 

inflation factor for independent variables in all multiple regressions are less than 1.5 which provides 

reassurance that the findings are not driven by collinearity bias. 
58

 The significance of the intercept term persists with the presence of 11 calendar month dummies and 

the results also hold in sub-periods. 
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sufficient explanatory power over the conventional T-1 momentum strategies. The 

findings suggest that in spite of the superiority in profits generating, Mom11,10 by itself 

is inadequate and all past months are crucial in explaining conventional momentum 

profits. 

Since the decomposed components of microscopic momentum do not fully 

capture the conventional momentum effect, it may also imply that the term structure of 

momentum (at least in the commodity futures market) is more complex than 

previously thought, due to the possible existence of interactions among past returns 

that are embedded in the conventional momentum signal. These interactions are not 

immediately apparent because the cross correlation test suggests the microscopic 

momentum components exhibit different time series properties. Consequently, the 

findings could be used to hint why previous studies have been unsuccessful at 

explaining the conventional momentum anomaly. Prior studies generally construct JT 

momentum portfolios using the entire 12 months of past returns. Although the profits 

from these strategies are often reported on a monthly basis, they may contain complex 

structures of interactive information from the previous months that are not captured by 

the dynamics of the explanatory variables. 

3.6    Understanding Microscopic Momentum 

Section 3-5 demonstrates convincing evidence that RNM intermediate momentum is 

an artifact of 11,10 microscopic momentum. However, the 11,10 strategy alone is far 

from being able to fully explain the profitability of conventional 12 month momentum. 

This section of the study attempts to establish links between microscopic momentum 

and the standard risk factors. Since no common risk factors are available in the 

commodity futures literature, we first examine the factor loadings of microscopic 

momentum on the Fama-French momentum (UMD) factor in comparison to 

conventional and echo momentum. 
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Table 3-8 UMD factor loadings of conventional momentum, echo and microscopic momentum 

Table 3-8 reports regression results of the UMD factor loading. MomT-1 represents conventional momentum strategies formed using returns T months 

prior to portfolio formation. Mom6,2 denotes momentum portfolio formed using the past six to two-month return and Mom12,7 represents the 

momentum portfolio formed using the past 12 to seven-month returns. MomT+1,T depicts microscopic momentum strategies formed using returns T+1 

month to T month prior to portfolio formation, where T ϵ {0, 1…12}. UMD denotes the Fama-French momentum factor formed using U.S. cross-

sectional stock returns. Panels A, B and C report results on conventional, echo and microscopic momentum, respectively. 

Panel A: Conventional Momentum (JT) 

         

 

Mom1-1 Mom3-1 Mom6-1 Mom9-1 Mom12-1 

       UMD 0.0874 0.190* 0.238** 0.202** 0.214** 

       

 

(1.23) (2.43) (2.92) (2.60) (2.92) 

       Constant 0.00759* 0.0109*** 0.00844** 0.00976** 0.0126*** 

       

 

(2.42) (3.45) (2.77) (3.19) (4.12) 

       R-sq 0.001 0.015 0.028 0.019 0.022 

       

     
 

       Panel B: Echo Momentum (RNM) 

 
 

       
 

Mom6,2 Mom12,7 

  
 

       UMD 0.178* 0.0643 

  
 

       

 

(2.33) (1.04) 

  
 

       Constant 0.00377 0.00703* 

  
 

       

 

(1.24) (2.41) 

  
 

       R-sq 0.015 0.000 

  
 

       
 

    
 

       Panel C: Microscopic Momentum (FBD) 

         

 

Mom2,1 Mom3,2 Mom4,3 Mom5,4 Mom6,5 Mom7,6 Mom8,7 Mom9,8 Mom10,9 Mom11,10 Mom12,11 Mom13,12 

UMD 0.126* 0.104 0.0834 0.168* 0.0134 0.0936 0.0722 0.0350 0.00390 0.0568 0.113 0.0299 

 

(2.11) (1.30) (1.27) (2.33) (0.21) (1.39) (1.13) (0.47) (0.06) (0.75) (1.93) (0.46) 

Constant 0.00426 0.00219 0.00295 0.000312 0.000659 0.000901 0.00137 0.00418 0.00333 0.0119*** -0.000188 -0.00570* 

 

(1.48) (0.74) (1.03) (0.11) (0.22) (0.30) (0.48) (1.47) (1.17) (3.94) (-0.07) (-1.98) 

R-sq 0.007 0.004 0.002 0.018 -0.002 0.003 0.001 -0.002 -0.002 -0.001 0.007 -0.002 
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Table 3-8 reports the results of the Fama and French UMD factor loading. Panel 

A reports conventional momentum, whereas Panels B and C show the results of echo 

and microscopic momentum. Panel A demonstrates that with the exception of the 1-1 

strategy, conventional momentum loads positively on UMD across all ranking periods 

with strong statistical significance. However, the intercept in all models remains highly 

significant and the R
2
 is extremely low in all regressions. The complete version of the 

four-factor model reports even lower R
2
. UMD remains significant where market, size 

and value factors are insignificant across the board.
59

 This comes as no surprise given 

that the Fama-French four-factor model is primarily constructed to explain cross-

sectional stock returns in the U.S. This implies that, although UMD has statistically 

significant loadings, it alone is unable to capture the cross-sectional momentum in 

commodity futures. However, the positive loadings on UMD are consistent with 

Asness et. al., (2013) and Moskowitz et. al., (2012), in which momentum is found to 

be common across asset classes. 

Since conventional momentum in commodity futures is related to equity 

momentum, one may conjecture that echo and microscopic momentum may also be 

closely related to momentum in equity markets. However, as shown in Panel B of 

Table 3-8, when decomposed into two blocks of intermediate and recent momentum, 

only the recent momentum still loads significantly on UMD. But strikingly in Panel C, 

when echo momentum is further decomposed into its components of microscopic 

momentum, only two (Mom2,1 and Mom5,4) out of 12 factors still load significantly on 

UMD. The intercepts of microscopic momentum are insignificant, consistent across 

the board with the exception of Mom11,10, where it remains highly positive and 

significant. The results in Table 3-8 suggest that UMD loadings of conventional 

momentum may be due to 2 to 1 month and 5 to 4 month prior returns. The findings 

may also indirectly suggest that the microscopic momentum (particularly Mom11,10) is 

distinctly different from conventional momentum in the equities market. 

                                                 
59

 The results of the four-factor model are not reported due to space limitation, however, they are 

available upon request. 
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Table 3-9 Fuertes et., al. (2010) factors on conventional, echo and microscopic momentum 

This Table reports the regression results of Equation 3-2. MomT-1 represents conventional momentum strategies formed using returns T months prior to portfolio 

formation. Mom6,2 denotes the momentum portfolio formed using the past six to two-month return and Mom12,7 represents momentum portfolio formed using past 12 to 

seven-month return. MomT+1,T depicts microscopic momentum strategies formed using returns T+1 month to T month prior to portfolio formation, where T ϵ {0, 

1…12}. Panel A, B and C show results on conventional, echo and microscopic momentum, respectively. t-statistics are reported in parentheses. 
Panel A: Conventional Momentum 

    

Panel B: Echo Momentum 

  

 

Mom1-1 Mom3-1 Mom6-1 Mom9-1 Mom12-1 

 
 

Mom6,2 Mom12,7  
 βG 0.118 0.148 0.0833 0.224** 0.206* 

 

βG 0.0148 0.199* 

  

 
(1.15) (1.67) (1.02) (3.00) (2.51) 

  
(0.16) (2.35) 

  βS  -0.0957 0.00707 0.0277 -0.0109 0.0107 

 

βS  0.0422 0.0566 

  

 
(-1.10) (0.08) (0.36) (-0.13) (0.13) 

  
(0.50) (0.73) 

  βB  0.195 0.226 0.394 0.178 0.117 

 

βB  0.114 -0.0417 

  

 
(0.87) (1.02) (1.63) (0.79) (0.50) 

  
(0.51) (-0.17) 

  βF 0.00850 -0.139 -0.0495 0.240 -0.115 

 

βF 0.0408 0.0453 

  

 
(0.03) (-0.57) (-0.20) (1.14) (-0.50) 

  
(0.19) (0.22) 

  βUI 0.230 0.393 -0.113 0.573 -0.920 

 

βUI 0.788 -1.067 

  

 
(0.19) (0.30) (-0.10) (0.49) (-0.76) 

  
(0.69) (-0.93) 

  βUIP 0.265 0.337 0.0902 0.0985 -0.262 

 

βUIP 0.0801 -0.339 

  

 
(0.48) (0.59) (0.16) (0.20) (-0.51) 

  
(0.15) (-0.66) 

  αi 0.00960** 0.0126*** 0.0111** 0.0109** 0.0132*** 

 

αi 0.00506 0.00587 

  

 
(2.65) (3.37) (3.03) (3.11) (3.74) 

  
(1.44) (1.70) 

  Adj. R-sq 0.000 0.009 0.000 0.029 0.023 

 

adj. R-sq -0.012 0.024 

  

            Panel C: Microscopic Momentum 
 

        

 

Mom2,1 Mom3,2 Mom4,3 Mom5,4 Mom6,5 Mom7,6 Mom8,7 Mom9,8 Mom10,9 Mom11,10 Mom12,11 

βG 0.121 0.0389 -0.0509 -0.0000683 0.0761 0.235*** 0.111 0.000934 0.0989 0.207* 0.0857 

 
(1.71) (0.47) (-0.73) (-0.00) (1.12) (3.52) (1.16) (0.01) (1.45) (2.11) (1.14) 

βS  0.00512 0.0811 0.0541 -0.0209 0.0412 0.00252 0.00852 -0.117 0.0233 0.0233 0.0767 

 
(0.08) (1.02) (0.81) (-0.27) (0.58) (0.04) (0.10) (-1.80) (0.34) (0.27) (1.13) 

βB  0.196 0.0693 0.00813 0.155 0.185 0.230 0.0516 -0.0781 -0.0912 -0.0119 0.132 

 
(0.91) (0.31) (0.04) (0.71) (0.75) (0.94) (0.27) (-0.32) (-0.45) (-0.05) (0.65) 

βF 0.0628 -0.116 0.183 -0.101 0.345 0.0488 0.304 -0.0708 0.0451 -0.199 -0.184 

 
(0.29) (-0.57) (0.94) (-0.48) (1.43) (0.23) (1.59) (-0.35) (0.22) (-0.89) (-0.89) 

βUI -0.285 1.109 -0.888 1.504 1.175 0.688 0.240 0.658 -2.131 -0.619 -0.394 

 
(-0.26) (1.01) (-0.88) (1.53) (1.02) (0.67) (0.22) (0.60) (-1.96) (-0.55) (-0.37) 

βUIP -1.100* 0.239 0.202 0.000734 -0.827 0.611 -0.0180 -0.206 -0.537 -0.0841 -0.250 

 
(-2.13) (0.45) (0.42) (0.00) (-1.55) (1.20) (-0.04) (-0.36) (-0.97) (-0.17) (-0.56) 

αi 0.0047 0.0030 0.0040 0.0025 0.0030 0.0013 0.0013 0.0043 0.0029 0.0124*** 0.0007 

 
(1.44) (0.89) (1.14) (0.83) (0.84) (0.41) (0.42) (1.28) (0.86) (3.59) (0.24) 

Adj. R-sq 0.015 -0.002 -0.005 -0.006 0.007 0.048 -0.000 -0.005 0.005 0.033 0.007 
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In addition to Fama-French factors, we also employ risk adjustment models 

commonly employed in the commodity futures literature. Following Fuertes et. al., 

(2010), the following specifies their six-factor model: 

 titiUIPtiUItfxiFtbondiBtPSiStGSCIiGiti UIPUIRRRRR ,,,,,,,,500&,,,,  

 

(3-2) 

where RGSCI is the return of the S&P GSCI total return index, RS&P500 is the return 

of the S&P 500 index and Rbond is the return of the U.S. 10-year Government Bond. All 

of these factors are in excess of the risk-free rate. Rfx denotes the return of the U.S. 

dollar effective (vis-à-vis main currencies) exchange rate index. UI denotes unexpected 

inflation and UIP is the unexpected change in U.S. industrial production. The 

unexpected component at month t is constructed as the difference between the 

economic variable at t and its most recent 12-month moving average.
60

 

Table 3-9 reports the regression results of the Fuertes et. al., (2010) six-factor 

model. Panel A shows the regression results of conventional momentum, while Panels 

B and C report echo and microscopic momentum, respectively. In Panel A, the 9-1 and 

12-1 conventional momentum appear to load significantly (0.22 and 0.21, respectively) 

on the GSCI which indicates a positive relationship with commodity futures. However, 

none of the other factors exhibit significant loadings. The intercepts are large and 

significant across the board. 

The Fuertes et. al., (2010) six-factor model is an augmented version of the three-

factor framework proposed by Miffre and Rallis (2007). Thus, to allow for a direct 

comparison with the three-factor results in Miffre and Rallis (2007), Equation (3-2) is 

restricted by setting βF, βUI and βUIP=0. The result of the three-factor model is 

consistent with the six-factor framework, where 9-1 and 12-1 momentum load 

significantly on the S&P GSCI. The intercepts of these regressions remain large and 

significant, however, slightly lower than those in the six-factor setting. This is also 

consistent with the findings in Miffre and Rallis (2007), where 3-1 and 12-1 

momentum are found to load positively on the GSCI with loadings of around 0.20.
61

 

                                                 
60

 This construction of UI and UIP is used to maintain consistencies with Fuertes et. al., (2010). 

Alternative measurements of UI and UIP are in Griffin et. al., (2003) and Liu and Zhang (2008). 
61

 This further confirms that our data can be confidently used to derive reliable results. 
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However, the R
2
 in both three-factor and the augmented six-factor models are 

extremely low indicating that neither model is able to sufficiently explain the variation 

of returns of conventional momentum profits in commodity futures. 

Panel B reports the results of echo momentum. Similar to the results on the 

UMD loadings, only Mom12,7 still exhibits a positive relationship with broad 

commodity futures returns. While the R
2

 remains extremely small, the intercepts have 

become insignificant. Panel C reports the results of microscopic momentum. While the 

conventional and echo momentum tend to load positively on the GSCI, once 

deconstructed into components of microscopic momentum the effect appears to be 

centred around two particular strategies. In the six-factor setting, Mom7,6 and Mom11,10 

are strikingly the only two factors which still show a significant relationship with the 

GSCI. Furthermore, Mom2,1 appears to load negatively on UIP indicating an inverse 

relationship with unexpected industrial production. Once again, the intercept term of 

Mom11,10 has survived the risk adjustment, and remains highly significant. Restricting 

the six-factor model to three factors does not vary the result. The poor R
2 
in Table 3-7 

leads to the conclusion that the three/six-factor model for commodities is inadequate in 

capturing the dynamics of conventional, echo, microscopic momentum and 

particularly the apparent profitability of the Mom11,10. Overall, findings in Table 3-9 

suggest that the conventional 12-1 momentum‘s loading on the GSCI may be driven 

by the returns from the past 7 to 6 month and 11 to 10 months prior to portfolio 

formation.  

As shown in Tables 3-8 and 3-9, the dynamics of conventional, echo and 

microscopic momentum cannot be sufficiently explained by standard risk factors and 

commodity market risk adjustments. Nevertheless, this is consistent with the 

commodities literature where momentum based active strategies often cannot be 

accounted for by standard asset pricing factors (see Erb and Harvey, 2006; Miffre and 

Rallis, 2007; Fuertes et. al., 2010; Moskowitz et. al., 2012). However, by closely 

investigating the factor loadings of microscopic momentum alongside conventional 

and echo momentum, the findings suggest that factor loadings of conventional 

momentum seem to be driven by a pair of specific single-month returns prior to 

portfolio formation. These findings highlight the importance of the microscopic 
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approach in portfolio formation, and provide a motivation for other researchers to use 

microscopic momentum in future studies. 

3.7    Conclusion 

Using readily available commodity futures price series, this study finds conventional 

JT momentum strategies deliver statistically and economically significant profits in 

commodity futures. Decomposing the conventional 12-month momentum into recent 

and intermediate echo momentum strategies (RNM), this study presents supporting 

evidence that the intermediate momentum strategy outperforms (but not substantially) 

the recent momentum strategy. Strikingly however, by further decomposing echo 

momentum into 12 single-month microscopic components, only one out of 12 

strategies produces statistically significant profits. This strategy, constructed using 11 

to 10 months of prior return, delivers significant profits that substantially outperform 

all other single-month microscopic strategies. This is followed by rapid reversals for 

strategies formed using past monthly returns beyond the 12-month period. This 

remarkable feature is not consistent with any theoretical framework, both rational and 

behavioural, at explaining momentum.  

The findings presented in the study hold after a series of robustness and 

sensitivity tests. First, restricting the strategy to exclude commodities from specific 

sub-sectors and sub-calendar months yields extremely consistent patterns which are 

robust across sub-periods and datasets. Second, using the 15
th

-of-the month price to 

aggregate the monthly time series shows similar findings compared to end-of-month 

prices. Third, the profitability of microscopic momentum strategies is also found to be 

positively related with the level of volatility. When fewer commodities are included in 

the portfolio, the risk increases with higher compensation in return. 

Moreover, we show that the intermediate momentum can be completely 

subsumed by the 11,10 microscopic momentum strategy, implying that the echo 

claimed by RNM may be an illusion created by the superiority of microscopic 

momentum. However, none of the months in the past alone adequately explains the 

dynamics of conventional momentum, although certain months may play a slightly 

more significant role in determining the commodity momentum profits. Around 77% 

of the variation of returns in a JT conventional momentum strategy can be jointly 
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explained by its microscopic decomposition. Furthermore, echo and microscopic 

momentum is partially related to the U.S. cross-sectional equity momentum and the 

returns of commodity futures, but is not related to stock market, bond market, foreign 

currency risks and macroeconomic conditions. 

The microscopic momentum offers a novel approach to study conventional 

momentum profits, which may help shed new light on the still puzzling effect of cross-

sectional momentum. For example, instead of trying to explain momentum which 

often contains complex interactive information from multiple months prior to 

formation, future studies may attribute rational risk factors to single-month 

microscopic momentum strategies. 

The findings presented in this study raises two questions in the literature. First, 

while the RNM echo momentum strategies do not yield improved profitability over the 

conventional strategies, microscopic momentum constructed using only the past 11 to 

10 month of returns exhibits extraordinary profitability in commodity futures. The 

11,10 strategy is almost as profitable as the best performing conventional momentum 

strategy, however, a relatively low correlation of 0.375 sets these two seemingly close 

strategies apart. Why does the 11,10 microscopic strategy (which uses only one month 

worth of past information) produce a similar level of return compared to a 

conventional 12-month momentum strategy (which uses 12 months worth of past 

information)? Second, when microscopic momentum portfolios were formed using 

single month returns beyond the past 12-month period, an abrupt reversal in profits 

was observed. Why is this cut-off point of the 12-month formation period so important? 

These issues are far beyond the scope of this study but constitute promising avenues 

for future research. 
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Chapter 4    

Combining Momentum with Reversal 

4.1    Introduction 

Momentum is recognised as a robust and persistent global asset pricing anomaly in 

finance (Chan et. al., 1996; Rouwenhorst, 1998; Griffin et. al., 2003; Bhojraj and 

Swaminathan, 2006; Asness, 2011). An extensive body of literature has attempted to 

explain the source(s) of momentum. Both theoretical and empirical, these studies form 

two separate explanations for momentum: rational and behavioural.
62

 Rational 

explanations attempt to relate momentum to different forms of risks whereas 

behavioural studies attribute momentum to investors‘ psychological bias and cognitive 

factors. More recently, a new explanation for momentum has emerged which focuses 

on its susceptibility to flows between investment funds (Vayanos and Woolley, 2012, 

2013). Despite a large number of studies, the literature has not yet settled on a 

universally accepted rationale for momentum. While the search for a plausible 

explanation continues, momentum has evolved into a number of different forms.
63

 The 

vast majority of momentum studies in the literature focuses on the global stock market, 

however, relatively little research attention has been devoted towards alternative 

investments such as commodities.
64

 

Investments in commodities have become increasingly important due to their 

portfolio diversification benefits. Commodity returns are driven by factors that are 

                                                 
62

 For rational explanations: macroeconomic risk (Griffin et. al., 2003; Antoniou et. al., 2007; Liu and 

Zhang, 2008), conditional risk (Harvey and Siddique, 2000; Chordia and Shivakumar, 2002; Lewellen 

and Nagel, 2006), liquidity risk (Pastor and Stambaugh, 2003; Sadka, 2006), credit risk (Avramov et. al.,  

2007), bankruptcy risk (Eisdorfer, 2008), firm specific risk (Johnson, 2002; Sagi and Seasholes, 2007; Li 

et. al., 2008), trading volume (Lee and Swaminathan, 2000), market states (Cooper et. al., 2004), 

dividend policy (Asem, 2009), limits to arbitrage (Chabot, Ghysel and Jagannathan, 2009) and sales 

order backlogs (Gu and Huang, 2010). For behaviour explanations: conservatism (Barberis et. al., 1998), 

overconfidence (Daniel et. al., 1998; Hong and Stein, 1999; Hvidkjaer, 2006), individualism (Chui et. al., 

2010) and heterogeneity of beliefs (Verardo, 2009). 
63

 In addition to revealing momentum of the individual stocks level, studies have found momentum is 

also persistent on industry (Moskowitz and Grinblatt, 1999), style (Chen and DeBondt, 2004), 52-week 

high (George and Hwang, 2004), reward-to-risk (Rachev, Jasic, Stoyanov and Fabozzi, 2007) and 

residual (Blitz et. al., 2011) levels. 
64

 See Miffre and Rallis (2007) and Shen et. al., (2007) for commodities; Okunev and White (2003) and 

Menkhoff et. al., (2012) for currencies; Gebhardt et. al., (2005) and Asness et. al., (2013) for bonds. 
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very different from those affecting stocks and bonds, resulting in low correlations with 

traditional asset classes, and this helps reduce the overall risk associated with 

traditional portfolios (Bodie and Rosansky, 1980; Bodie, 1983; Ankrim and Hensel, 

1993; Anson, 1999; Jensen et. al., 2000, 2003, Erb and Harvey, 2006; Gorton and 

Rouwenhorst, 2006; You and Daigler, 2010). Furthermore, these studies estimate the 

annualised rate of return of a long-only commodity futures portfolio at 10% to 14% per 

annum (depending on the sample period) which delivers mean returns similar to those 

of stocks. As a result, an unprecedented amount of capital has flowed into 

commodities investments during the 2005-2008 period (referred to by the media, 

World Bank and IMF as the ‗Commodity Investment Boom‘).
65 

 

Investors not only allocate capital to commodities for the long term, studies by 

Fung and Hsieh (2001) and Spurgin (1999) show that alternative investment managers 

employ trend-following strategies. The idea of return continuation in commodities has 

led to the development of momentum studies in this literature. A limited number of 

momentum studies, including Miffre and Rallis (2007, MR thereafter) and Shen et. al., 

(2007), focus specifically on commodity futures.
66

 MR show that momentum strategies 

generate an average return of 9.38% per annum and conclude that the profitability of 

momentum strategies is not a compensation for bearing risks but appears to be related 

to commodity term structure information. Shen et. al., (2007) present supporting 

evidence; however, they argue that commodity momentum is more consistent with 

investor overreaction. Given the importance of commodities in the investment 

management industry, the lack of research in commodity futures presents a major 

limitation to our understanding of the rationale of momentum in these markets. 

This study examines profitable trading strategies that jointly exploit momentum 

and reversal signals in commodity futures. The single-sort momentum strategies, on 

average, return 11.14% per annum. However, for the first time in the commodities 

literature, we document a consistent reversal pattern of momentum profits from 12 to 

30 months after portfolio formation. By jointly combining the observed reversal effects 

                                                 
65

 From 2003 to 2010, commodity related institutional investments have grown from less than $20 

billion to more than $250 billion according to a Barclays Capital survey of over 250 institutional 

investors. Moreover, AUM (assets under management) for managed futures and CTAs has grown from 

$45 billion to $334 billion in the period of 2002-2012 (see http://www.barclayhedge.com/). 
66

 Momentum strategies are practically unfeasible in the spot/cash markets due to the significant costs of 

storing and transporting physical commodities. 

http://www.barclayhedge.com/
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and the momentum signal, our novel double-sort strategy returns 22.58% per annum, 

significantly outperforming the single-sort strategies.
67

 The profitability of the double-

sort strategy cannot be explained by standard asset pricing factors, market volatility, 

investors‘ sentiment, data-mining, transaction costs or commodities seasonality, but 

appears to be related to global funding liquidity. 

This study makes three major contributions to the literature. First, our extensive 

post-holding analysis reveals that commodity momentum profits consistently reverse 

from 12 to 30 months after portfolio formation and trend back up again from 30 to 60 

months. The findings imply that commodity momentum may be better explained in 

behavioural terms, but the market correction for overreaction (reversal) in commodity 

futures is more rapid than in the equities market, which typically takes up to five years 

after portfolio formation.
68

 However, the profit accumulation from 30 to 60 months 

also implies that commodity momentum is uniquely distinctive from that of the 

equities market.
 69

  

Second, we document that systematically and tactically allocating wealth 

towards medium-term winner but long-term loser commodities and medium-term loser 

but long-term winner commodities generates economically and statistically significant 

profits. The double-sort strategy substantially outperforms the single-sort strategies on 

a risk-adjusted basis. Furthermore, the low correlations between returns from double-

sort strategies and those of traditional investments (stocks, bonds and currencies) 

suggest that the proposed strategy can be employed to enhance returns and reduce 

overall risks of traditional investments. Third, we demonstrate that global funding 

liquidity risk plays a vital role when momentum and reversal are being considered in a 

unified framework. The factor loadings in our study reveal that returns from the 

proposed strategy exhibit little exposure to standard risk factors, market volatility and 

                                                 
67

 The average annual return of 22.58% also comes with an average standard deviation of 26.86% and a 

maximum drawdown of -45.73%. We thank Terry Walter for his constructive comments. 
68

 Another possible explanation of the observed reversal pattern may lie within the term structure of 

commodity futures. MR conclude that momentum strategies buys backwardated contracts and short sells 

contangoed contracts and conjecture that ‗commodity futures markets do not switch over horizons of 2–

5 years from backwardation to contango (or conversely)‘. The conclusion of MR does not rule out the 

possibility that the switches could take place more quickly within 2 years. 
69

 Shen et. al., 2007, p.253) also show similar findings despite that their analysis focuses only on one 

ranking period (2-month) and the first 30 months of the standard 60-month post-formation period. Thus, 

we argue that the findings of Shen et. al., (2007) are ambiguous and potentially incomplete. 
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investor sentiment. However, the evidence suggests that the profitability of the 

combined strategy is at least partially related to global funding liquidity. A 

decomposition of returns reveals that the interactions between momentum and reversal 

may be driving the liquidity link.
70

 

Our study is also related to two strands of literature. First, the apparent 

profitability of the single-sort momentum and double-sort momentum/reversal strategy 

presents challenges to the random walk hypothesis, which asserts that past price 

movements do not indicate any form of future directions of price. Stevenson and Bear 

(1970), Cargill and Rausser (1975), Leuthold (1972) and Cochrane (1999) demonstrate 

that commodity futures prices do not follow random walks, and that profitable trading 

rules may be applied to exploit predictable patterns in price. Our findings complement 

this literature by showing that profitable trading strategies can be developed using past 

commodity prices. While the random walk hypothesis is clearly rejected, the findings 

do not suggest the rejection of the more complex efficient market hypothesis (Fama, 

1970). Although the profitability of the proposed strategy is unrelated to standard asset 

pricing factors, market volatility and sentiment, we cannot rule out the existence of an 

alternative risk-based framework that can be used to explain the findings. Second, our 

finding that cross-sectional commodity momentum is similar to equity momentum 

premium is related to recent studies (Novy-Marx, 2012; Moskowitz et. al., 2012; 

Asness et. al., 2013) which present evidence that momentum exists in all major asset 

classes. Asness et. al., (2013) also shows that despite the very different market 

mechanisms, momentum and value seem to carry a common component across asset 

classes. In this study, we demonstrate that single-sort commodity momentum is indeed 

related to the momentum premium in the U.S. stock market. 

The reminder of the Chapter proceeds as follows. Section 4.2 provides a layout 

of the two separate data sources. Section 4.3 reports the detailed performance of 

single-sort momentum strategies, post-formation analysis and the reversal signal 

                                                 
70

 Asness et. al., (2013) show that momentum (value) is positively (negatively) related to liquidity risk 

only when these strategies are formed globally across asset classes. Moreover, a global multi-asset class 

momentum and value combination strategy is related to global liquidity risk. Our finding that single-sort 

momentum is not related to liquidity is consistent with Asness et. al., (2013) as we focus only on 

commodity futures. Since the reversal/contrarian signal in this study closely resembles the value strategy 

implemented by Asness et. al., (2013), our results reinforce their findings, given that the double-sort 

momentum and reversal strategy in commodity futures is related to global funding liquidity effects. 
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unique to the commodity futures market. Section 4.4 provides a detailed description of 

the construction of double-sort strategies, followed by discussions on strategy 

performance, robustness checks, factor loadings, transaction costs and diversification 

benefits. The study concludes in Section 4.5. 

4.2    Data 

Compared to stocks, commodity markets exhibt three key advantages for the study of 

momentum. First, the trading costs of futures contracts are much lower than those of 

stocks. Lesmond et. al., (2004) estimated a cost of 2.3% per trade, and Jegadeesh and 

Titman (1993) use a more conservative 0.5% per trade in the equities market. However, 

as Locke and Venkatesh (1997) and Marshall et. al., (2012) show, transaction costs in 

futures markets range from 0.0004% to 0.033% per trade. Second, short selling in the 

equities market is often subject to special constraints. In commodity futures, however, 

there are no such constraints to prevent the short-selling of commodities. Third, 

momentum strategies in the equities market require the purchase and sale of a large 

number of stocks across the entire market (or a segment of the market) which puts 

pressure on the net profit of momentum trades (Korajczyk and Sadka, 2004). 

Compared to the tens of thousands of stocks, the cross-sectional size of commodities 

futures is only a tiny fraction of the stock market, thus the trading intensity necessary 

for commodity momentum strategies is reduced. 

This study employs data from two prominent commodity market benchmark 

providers: Standard and Poor‘s and Dow Jones. The S&P GSCI
TM

 (Standard and 

Poor’s Goldman Sachs Commodity Index) and the DJ-UBSCI
TM 

(Dow-Jones UBS 

Commodity Index, formerly Dow-Jones AIG Commodity Index), are among the most 

widely used performance benchmarks in commodity futures. These indices are broadly 

diversified across all sectors – namely Energy, Precious metals, Industrial metals, 

Agriculture and Livestock – which allows market participants to track the overall 

movements of the commodities markets.
71

 Noticeably, both of these indices are 

                                                 
71

 Dow Jones and S&P employ marginally different definitions of commodity sectors. For example, 

Dow Jones separates the Softs from the Agriculture sector. We use the S&P classification throughout 

this study. 
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production-weighted, but the S&P GSCI is often criticised for being more heavily 

weighted towards the energy sector. 

However, since cross-sectional momentum strategies require buying and selling 

of multiple commodities, we turn our attention to the constituents of the S&P GSCI 

and DJ-UBSCI.
72

 Currently, both the GSCI and the UBS indices include 24 actively 

traded commodities, although a number of contracts have been included and excluded 

throughout their history. The data on the GSCI constituents are available from 

December 1969 (January 1991 in the case of UBS).
73

 However in the early part of the 

sample, a very limited number of commodities were traded with sufficient liquidity. To 

maintain a reasonable level of volatility, we require at least three commodities to be 

traded in both the long and short portfolios. As a result, the sample period in this study 

commences from January 1977 for the GSCI and 1991 for the UBS data, and both end 

in December 2011. For these two periods, we obtain daily excess returns of 27 GSCI 

and 26 UBS commodity futures price time series. The end-of-month prices are used to 

construct the aggregated monthly time-series price. The GSCI data are obtained from 

Datastream International and the UBS data are sourced from Bloomberg. 

While the use of Datastream and Bloomberg is common in the commodities 

futures literature, the specific use of the GSCI and UBS individual futures data is 

limited. Because of contract maturity reasons, prior momentum studies have employed 

raw futures contracts to compile the continuous time-series price. To achieve this, the 

nearest or the next nearest futures contract is often selected to be the ‗roll‘ contract. 

Thus, when a futures contract expires, the position will be rolled over to the next 

contract in order to maintain a continuous exposure in the underlying commodity 

(Miffre and Rallis, 2007; Shen et. al., 2007; Fuertes et. al., 2010; Moskowitz et. al., 

2012; Asness et. al., 2013).
 74

 This study employs continuous commodity futures price 
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 A recently proposed momentum strategy named ―time series momentum‖, however, does not entail 

the transactions of multiple contracts simultaneously. See Moskowitz et. al., (2012) and Baltas and 

Kosowski (2013) for examples. 
73

 The S&P GSCI and constituents were first launched in 1991 (UBS from 1998). Prior data were back 

calculated by S&P and Dow Jones. 
74

 Miffre and Rallis (2007) and Shen et. al., (2007) also use the furthest contract as the roll contract, and 

they found no material impact on the results. This is expected as Ma et. al., (1992) and Carchano and 

Pardo (2009) disagree on the ‗optimal‘ roll approach in the futures markets. 
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series which are pre-constructed by the respective data provider.
75

 The continuous 

futures prices employed in this study are compiled through a series of roll-over 

procedures. However, the rolling approach is slightly different from those used in prior 

studies. The GSCI and UBS data are constructed by gradually rolling from the expiring 

contract to the next nearest contract, as opposed to an immediate roll approach taken 

by previous studies. The ‗immediate roll‘ approach requires all positions in the 

expiring contract to be closed out on the same day when the new positions are opened 

in the next nearby contract (see Miffre and Rallis, 2007; Shen et. al., 2007 for details). 

However, rolling all positions on a single day is unviable and impractical for large 

pension funds as this behaviour would result in an adverse impact on the market. 

Instead, the ‗gradual roll‘ procedure in our study defines a roll period from the 5
th

 to 

the 9
th

 (6
th

 to 10
th

 in the case of UBS) day of each month, where the weights of 

positions in the expiring contact are gradually moved to the next futures contract. As a 

result, any impact on price is gradually absorbed by the market during the roll period 

due to the gradual re-weighting scheme between the front and the back end futures 

contracts.
76

  

The continuous price series employed in our study has three major advantages 

over the self-compiled time series. First, GSCI and UBS data are much more 

accessible than the raw futures contracts. The S&P GSCI and DJ-UBSCI data are 

widely used for performance evaluation and benchmarking in the commodities market, 

and these indices and constituent data reflect the real returns available to large market 

participants such as pension funds. Second, both Standard and Poor‘s and Dow Jones 

impose rigorous quality control. The calculations of these indices are monitored by 

index committees and advisory panels; thus it is rational to assume accuracy and 

reliability advantages over the self-compiled price series. Third, the individual futures 

contracts and positions are often more difficult to manage since many commodities are 
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 The use of pre-constructed continuous commodities futures prices has been employed in the literature. 

For example, Wang and Yu (2004) and Marshall et. al., (2008) employ continuous commodity prices 

from Datastream to examine reversal strategies and technical trading strategies, respectively. 
76

 For example, on the first day of the roll period for a given commodity, the first nearby contract and 

the roll contract will take a weight of 0.8 and 0.2, respectively. As time approaches to the end of the roll 

period, the weight will change to 0.6/0.4, 0.4/0.6, 0.2/0.8 until the futures contract closest to expiry takes 

a zero weight and the position is completely rolled-over to the next nearby contract. The compiled time 

series futures price included in our sample uses only the nearest and the next nearest contracts as these 

roll contracts mitigate liquidity concerns over the futures contracts expiring in faraway months. See 

S&P (2012, p.36) and Dow Jones (2012, p.38) for details on their contract roll weights. 
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traded across different exchanges. The commodity indices employed in this study are 

uniform, which makes the replicability of our results an additional advantage over the 

self-compiled futures data and returns. 

Table 4-1 lists the commodity futures indices included in this study by sector, 

along with their inception dates, ticker symbols and summary statistics. Panel A 

reports the GSCI data and Panel B presents the UBS data. Since the GSCI and UBS do 

not share the same commencement dates, the summary statistics are not directly 

comparable. It is important to note that we employ both datasets from 1991 to 2011 to 

evaluate the robustness of our findings. 

Table 4-1 Summary statistics 

This Table lists all commodities included in the sample sorted by sector information. For each 

commodity, Table 4-1 outlines its ticker symbol of respective data source, exchange where the raw 

contracts were traded and the inception dates. The basic summary statistics (mean, standard deviation, 

skewness and kurtosis) of raw return are also reported. Panel A shows the Standard and Poor‘s data 

obtained from Datastream International and Panel B reports the Dow Jones data obtained from 

Bloomberg. 

Sector Commodity Ticker Exchange Start Date  Mean  Std. Dev.  Skew.  Kurt. 

        

Panel A: Standard and Poor's (Datastream) 

      Energy Brent SPGSBRP ICE Jan-99 0.0199 0.1020 -0.7439 4.6684 

 Crude oil SPGSCLP NYMEX Jan-87 0.0111 0.1013 0.0408 5.9941 

 Gas oil SPGSGOP ICE Jan-99 0.0188 0.0997 -0.4519 4.0433 

 Heating oil SPGSHOP NYMEX Jan-83 0.0087 0.0947 0.3502 6.4801 

 Natural gas SPGSNGP NYMEX Jan-94 -0.0155 0.1445 0.3612 3.1833 

 RBOB gas SPGSHUP NYMEX Jan-88 0.0159 0.1091 0.6835 9.4236 

         Precious  metals Gold SPGSGCP COMEX Jan-78 0.0024 0.0552 1.2423 10.3330 

 Platinum SPGSPLP NYMEX Jan-84 0.0063 0.0659 0.1232 7.9249 

 Silver SPGSSIP COMEX Jan-77 0.0048 0.1027 1.2799 10.5395 

         Live stock Feeder cattle SPGSFCP CME Jan-02 0.0033 0.0431 -0.1196 3.7510 

 Lean hogs SPGSLHP CME Jan-77 0.0084 0.0939 0.0721 5.3187 

 Live cattle SPGSLCP CME Jan-77 0.0035 0.0436 -0.1634 4.6348 

         Industrial metals Aluminum SPGSIAP LME Jan-91 -0.0015 0.0537 -0.1526 4.2818 

 Copper SPGSICP LME Jan-77 0.0078 0.0779 -0.0010 7.7151 

 Lead SPGSILP LME Jan-95 -0.0006 0.0677 0.1626 4.3974 

 Nickel SPGSIKP LME Jan-93 0.0106 0.1042 0.0274 4.1040 

 Tin SPGCISP LME Mar-07 0.0171 0.1094 -0.4762 3.6790 

 Zinc SPGSIZP LME Jan-91 0.0008 0.0733 -0.1577 5.8946 

         Agriculture  Cocoa SPGSCCP ICE Jan-84 -0.0038 0.0814 0.4696 4.1137 

 Coffee SPGSKCP ICE Jan-81 0.0021 0.1070 1.6694 10.9384 

 Corn SPGSCNP CBOT Jan-77 -0.0041 0.0699 1.0872 12.9898 

 Cotton SPGSCTP ICE Jan-77 0.0006 0.0704 0.4960 4.5392 

 Soybean SPGSSOP CBOT Jan-77 0.0087 0.0762 -0.9434 7.2886 

 Soybean oil SPGSBOP CBOT Jan-05 0.0015 0.0664 0.3242 4.8548 

 Sugar SPGSSBP ICE Jan-77 0.0017 0.1082 0.6215 4.2342 

 Wheat 

Chicago 
SPGSWHP CBOT Jan-77 -0.0011 0.0790 0.1435 3.9517 

 
Wheat Kansas SPGSKWP KCBT Jan-99 -0.0037 0.0711 0.6607 6.2202 

continued on next page  
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Panel B: Dow Jones (Bloomberg) 
       

Energy Brent DJUBSCO  ICE Jan-91 0.0107 0.0823 -0.1469 4.4944 

 Crude oil DJUBSCL NYMEX Jan-91 0.0075 0.0893 -0.0167 3.8608 

 Gas oil DJUBSGO ICE Jan-91 0.0086 0.0849 -0.0238 3.9658 

 Heating oil DJUBSHO NYMEX Jan-91 0.0069 0.0877 0.1497 3.9741 

 Natural gas DJUBSNG  NYMEX Jan-91 -0.0072 0.1396 0.5132 3.7548 

 RBOB gas DJUBSRB NYMEX Jan-91 0.0101 0.0931 -0.0821 4.8486 

         Precious  metals Gold DJUBSGC COMEX Jan-91 0.0040 0.0453 0.2284 4.5225 

 
Platinum DJUBSPL NYMEX Jan-91 0.0075 0.0597 -0.7215 7.0963 

 Silver DJUBSS COMEX Jan-91 0.0080 0.0840 -0.0020 3.9158 

         Live stock Lean hogs DJUBSLH CME Jan-91 -0.0068 0.0701 -0.0883 3.6405 

 
Live cattle DJUBSLC CME Jan-91 -0.0008 0.0389 -0.5891 5.5900 

         Industrial metals Aluminium DJUBSAL  LME Jan-91 -0.0018 0.0556 0.1135 3.4538 

 Cooper DJUBSHG  COMEX Jan-91 0.0082 0.0762 -0.1177 5.7702 

 Lead DJUBSPB LME Jan-91 0.0060 0.0815 -0.0015 4.2248 

 
Nickel DJUBSNI LME Jan-91 0.0071 0.0991 0.2454 3.7151 

 
Tin DJUBSSN LME Jan-91 0.0067 0.0669 0.5126 5.0019 

 Zinc DJUBSZS LME Jan-91 0.0012 0.0740 -0.0387 4.9539 

         Agriculture  Cocoa DJUBSCC  NYBOT Jan-91 -0.0015 0.0873 0.5930 4.1532 

 Coffee DJUBSKC NYBOT Jan-91 0.0008 0.1126 1.0509 5.5401 

 Corn DJUBSCN CBOT Jan-91 -0.0040 0.0744 -0.0509 3.4027 

 Cotton DJUBSCT  NYBOT Jan-91 -0.0029 0.0798 0.3301 3.6428 

 
Soybean DJUBSSY CBOT Jan-91 0.0054 0.0692 -0.1681 3.7567 

 
Soybean oil DJUBSBO  CBOT Jan-91 0.0013 0.0724 0.0980 4.7605 

 Soybean meal DJUBSSM  CBOT Jan-91 0.0094 0.0732 0.1904 3.8025 

 Sugar DJUBSSB NYBOT Jan-91 0.0073 0.0922 0.1523 3.4733 

 Wheat DJUBSWH CBOT Jan-91 -0.0038 0.0796 0.3797 4.9218 

4.3    Momentum Based Single-Sort Strategies 

4.3.1    Methodology 

The single-sort momentum strategy is constructed following Jegadeesh and Titman 

(1993, thereafter JT). At the beginning of each month T, all commodities (UBS and 

GSCI separately) are ranked based on their previous J months of returns. Accordingly, 

all commodities are sorted into terciles: winners, middle and losers.
77

 The momentum 

portfolio is formed by taking long positions in the winner portfolio while short selling 

the commodities in the loser portfolio. These long and short positions are subsequently 

held for K months until rebalancing. Importantly, JT and other studies in the equities 

literature skip the first month after portfolio formation due to the short-term reversal 

and bid-ask bounce effects (Moskowitz and Grinblatt, 1999; Cooper et. al., 2004; Boni 

and Womack, 2006). Since momentum strategies in the commodities market do not 

suffer from the same problems, skipping the first month leads to inferior returns 

                                                 
77

 JT use deciles for break-points in the US equity market; however, the number of commodities 

available for trading inevitability limit the choice of higher break-points. It is for this reason that tercile 

portfolios are employed in this study. 
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(Miffre and Rallis, 2007; Shen et. al., 2007; Fuertes et. al., 2010; Asness et. al., 2013). 

Thus, no months are skipped between the ranking and holding periods in this study. 

The conventional ranking (J) and holding (K) periods are 1, 3, 6, 9 and 12 months, 

which allows for a maximum of 25 strategies (where MomJ-K denotes momentum 

strategies), with the J months ranking period and K months holding periods. For all 

single-sort momentum strategies with holding periods longer than one month, this 

study follows JT and constructs equal-weighted overlapping portfolios (see Fuertes et. 

al., 2010, p.2531 for details).  

While momentum studies focus predominantly on strategy return and statistical 

significance, this study provides a suite of performance metrics that are widely used by 

practitioners.
78

 However, the limited space confines the number of strategies that can 

be presented. Thus, the study selects 13 out of the 25 best performing strategies for 

detailed analysis.
79

 This results in five strategies with the one-month holding period (1-

1, 3-1, 6-1, 9-1 and 12-1), four strategies with the three month holding period (3-3, 6-3, 

9-3 and 12-3), two strategies with the six month holding period (6-6 and 9-6) and two 

strategies with the nine month holding period (3-9 and 6-9).  

Due to the lack of a commonly used commodity pricing model, we follow Miffre 

and Rallis (2007) in testing the systematic risk factors that explain commodity futures 

returns. The following specifies the model: 

 
titftBiBtftSiStftCiCiti RRRRRRR ,,,,,,,,,,, )()()(          (4-1) 

where Ri is the return of long, short and long-short single-sort momentum 

strategies, respectively. Rc, Rs and RB are the returns of the S&P GSCI, S&P500 and US 

government bond index, respectively. The risk-free rate Rf is the return on the 3-month 

US Treasury bill. The significance of the intercept term determines whether the 

momentum profits are a compensation for bearing risks.
80

 

                                                 
78

 Nevertheless, an exception can be found in Fuertes et. al., (2010). They also use a comprehensive list 

of performance measures in their study of momentum based active strategies. 
79

 The returns of the rest of the 12 strategies are also statistically significant; these results are available 

upon request. 
80

 However, one may find a significant alpha and yet it cannot be concluded that the momentum profits 

are not a compensation for bearing risks since important risk factors may be missing in the model. 
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Table 4-2 Performance of single-sort momentum strategies 

This Table reports the performance of 13 single-sort momentum strategies. Panel A shows long (winners) portfolio, Panel B shows short (losers) portfolio and Panel C shows long-short 

(winners-losers) portfolio. J and K represent ranking and holding periods. The Sortino ratio is benchmarked at 0%. Reward/risk is the equivalent to the Sharpe ratio in this case. 

 
J=1 

 
J=3 

   
J=6 

    
J=9 

   
J=12 

  
 

K=1 
 

K=1 K=3 K=9 
 

K=1 K=3 K=6 K=9 
 

K=1 K=3 K=6 
 

K=1 K=3 Benchmark 

Panel A: Long Portfolio 

                  Annualised arithmetic mean 0.0964 
 

0.1283 0.1017 0.0803 
 

0.1044 0.0922 0.0838 0.0788 
 

0.1044 0.1062 0.0924 
 

0.1302 0.0973 0.0357 
t-statistics 2.81 

 
3.54 3.14 2.71 

 
3.02 2.74 2.58 2.47 

 
2.84 3.04 2.69 

 
3.47 2.74 1.53 

Annualised volatility 0.2033 
 

0.2137 0.1908 0.1733 
 

0.2033 0.1972 0.1899 0.1858 
 

0.2154 0.2045 0.1999 
 

0.2187 0.2069 0.1386 
Reward/Risk Ratio 0.4743 

 
0.6005 0.5331 0.4634 

 
0.5136 0.4676 0.4414 0.4239 

 
0.4848 0.5194 0.4621 

 
0.5951 0.4701 0.2580 

Skewness 0.8757 
 

0.7940 0.6706 0.1247 
 

0.4169 0.3131 0.1411 -0.0756 
 

0.5893 0.3370 0.1190 
 

0.4754 0.2635 -0.7995 
Kurtosis 10.4490 

 
8.4323 10.7615 9.3556 

 
10.8954 12.1677 11.3918 9.6158 

 
10.2854 10.9997 10.2065 

 
9.6290 10.1677 9.8105 

95%VaR 0.0885 
 

0.0908 0.0821 0.0756 
 

0.0878 0.0860 0.0832 0.0817 
 

0.0936 0.0882 0.0872 
 

0.0930 0.0902 0.0628 
99%VaR(Cornish-Fisher) 0.3259 

 
0.3136 0.3054 0.2389 

 
0.3170 0.3190 0.2883 0.2477 

 
0.3339 0.3167 0.2867 

 
0.3266 0.3043 0.1632 

% of positive months 0.5548 
 

0.5694 0.5913 0.5854 
 

0.5831 0.5860 0.5805 0.5971 
 

0.5680 0.5805 0.5897 
 

0.6161 0.6118 0.5558 
Maximum Drawdown -0.5115 

 
-0.4700 -0.4366 -0.5337 

 
-0.4858 -0.5570 -0.5922 -0.5831 

 
-0.5512 -0.5760 -0.5885 

 
-0.5417 -0.5654 -0.5786 

Max 12M rolling return 0.6486 
 

1.2331 1.0265 0.8074 
 

0.9833 0.9336 0.8901 0.8837 
 

1.1744 1.0010 0.9693 
 

1.1720 1.0028 0.4742 
Min 12M rolling return -0.5825 

 
-0.5168 -0.4860 -0.5921 

 
-0.4547 -0.6178 -0.6948 -0.6825 

 
-0.6152 -0.6960 -0.7000 

 
-0.5778 -0.6466 -0.5605 

                   
Panel B: Short Portfolio 

                  Annualised arithmetic mean -0.0018 
 

-0.0182 -0.0059 0.0034 
 

-0.0161 0.0053 0.0022 0.0021 
 

-0.0291 -0.0199 -0.012 
 

-0.0387 -0.0232 0.0357 
t-statistics -0.06 

 
-0.65 -0.21 0.13 

 
-0.55 0.19 0.08 0.08 

 
-1.03 -0.73 -0.46 

 
-1.38 -0.84 1.53 

Annualised volatility 0.1745 
 

0.1662 0.1634 0.1484 
 

0.1738 0.1653 0.1551 0.1498 
 

0.1652 0.1588 0.1532 
 

0.1633 0.1606 0.1386 
Reward/Risk Ratio -0.0103 

 
-0.1094 -0.0362 0.0230 

 
-0.0929 0.0318 0.0139 0.0137 

 
-0.1762 -0.1252 -0.0782 

 
-0.2368 -0.1442 0.2580 

Skewness -0.2290 
 

-0.3468 -0.1958 -0.4625 
 

-0.1479 -0.0814 -0.2344 -0.4427 
 

-0.0504 0.0089 -0.1497 
 

0.0994 0.0732 -0.7995 
Kurtosis 6.4473 

 
7.6252 8.2942 7.5964 

 
6.8178 6.6793 6.5393 6.7169 

 
6.6326 6.1826 5.8541 

 
5.8235 5.4885 9.8105 

95%VaR 0.0830 
 

0.0804 0.0781 0.0702 
 

0.0838 0.0781 0.0735 0.0710 
 

0.0809 0.0771 0.0738 
 

0.0808 0.0782 0.0628 
99%VaR(Cornish-Fisher) 0.1816 

 
0.1800 0.1915 0.1583 

 
0.1878 0.1820 0.1625 0.1514 

 
0.1800 0.1717 0.1557 

 
0.1755 0.1689 0.1632 

% of positive months 0.4929 
 

0.4665 0.4736 0.5195 
 

0.4964 0.5085 0.5098 0.5307 
 

0.5000 0.4951 0.5184 
 

0.4817 0.5037 0.5558 
Maximum Drawdown -0.7926 

 
-0.8495 -0.7897 -0.7878 

 
-0.8793 -0.8175 -0.8054 -0.7879 

 
-0.9163 -0.8933 -0.8719 

 
-0.9321 -0.8944 -0.5786 

Max 12M rolling return 0.5738 
 

0.4103 0.3464 0.3568 
 

0.3689 0.3736 0.3907 0.3720 
 

0.3661 0.4342 0.4505 
 

0.4977 0.4974 0.4742 
Min 12M rolling return -0.5740 

 
-0.5714 -0.5735 -0.5733 

 
-0.6761 -0.6158 -0.6045 -0.5809 

 
-0.6462 -0.6160 -0.5947 

 
-0.5712 -0.5969 -0.5605 

                   
Panel C: Long-Short Portfolio 

                  Annualised arithmetic mean 0.0982 
 

0.1465 0.1077 0.0769 
 

0.1205 0.087 0.0816 0.0767 
 

0.1335 0.1261 0.1044 
 

0.1688 0.1205 0.0357 
t-statistics 2.59 

 
3.79 3.34 3.54 

 
3.22 2.55 2.80 3.01 

 
3.54 3.69 3.33 

 
4.46 3.50 1.53 

Annualised volatility 0.2244 
 

0.2282 0.1899 0.1269 
 

0.2200 0.2002 0.1706 0.1483 
 

0.2209 0.1999 0.1824 
 

0.2211 0.2003 0.1386 
Annualised downside volatility 0.1267 

 
0.1240 0.1109 0.0811 

 
0.1228 0.1200 0.1040 0.0903 

 
0.1234 0.1175 0.1051 

 
0.1249 0.1143 0.1051 

Reward/Risk Ratio 0.4376 
 

0.6420 0.5668 0.6061 
 

0.5479 0.4343 0.4785 0.5171 
 

0.6045 0.6308 0.5723 
 

0.7638 0.6014 0.2580 
Sortino Ratio 0.8113 

 
1.2648 1.0200 0.9823 

 
1.0378 0.7543 0.8155 0.8795 

 
1.1513 1.1368 1.0420 

 
1.4615 1.1140 0.3458 

Skewness 0.7703 
 

0.9584 1.2318 0.9635 
 

1.0922 1.0341 0.9182 0.6327 
 

1.1212 0.9313 0.7076 
 

0.6961 0.7516 -0.7995 
Kurtosis 7.9016 

 
8.0615 12.0614 10.1917 

 
9.2111 10.5171 9.4762 6.9737 

 
9.4189 9.6811 6.9450 

 
6.7814 7.5102 9.8105 

95%VaR 0.0984 
 

0.0962 0.0812 0.0538 
 

0.0944 0.0878 0.0742 0.0640 
 

0.0938 0.0844 0.0779 
 

0.0909 0.0851 0.0628 
99%VaR(Cornish-Fisher) 0.3175 

 
0.3343 0.3320 0.2038 

 
0.3401 0.3244 0.2632 0.1983 

 
0.3462 0.3139 0.2465 

 
0.2995 0.2802 0.1632 

% of positive months 0.5405 
 

0.5933 0.5793 0.6122 
 

0.5663 0.5860 0.5829 0.6143 
 

0.5777 0.6195 0.6118 
 

0.6112 0.6265 0.5558 
Maximum Drawdown -0.4724 

 
-0.3295 -0.3241 -0.2561 

 
-0.3172 -0.4741 -0.4439 -0.3689 

 
-0.4471 -0.5059 -0.4822 

 
-0.4154 -0.4589 -0.5786 

Drawdown Length (months) 19 
 

20 51 12 
 

51 51 12 12 
 

12 12 12 
 

25 25 58 
Max Run-up (consecutive) 0.7701 

 
0.7186 0.6868 0.4387 

 
0.7286 0.7022 0.5726 0.4616 

 
0.7264 0.6919 0.5515 

 
0.6750 0.6403 0.3840 

Runup Length (months) 5 
 

3 3 2 
 

3 3 2 2 
 

3 3 2 
 

3 3 6 
Max 12M rolling return 0.6821 

 
1.2715 0.9370 0.5043 

 
0.9288 0.7309 0.6312 0.5695 

 
1.0171 0.7718 0.6576 

 
1.0677 0.8225 0.4742 

Min 12M rolling return -0.5410 
 

-0.3456 -0.2658 -0.2875 
 

-0.2574 -0.4391 -0.5635 -0.4475 
 

-0.5481 -0.6642 -0.6323 
 

-0.4695 -0.5563 -0.5605 
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4.3.2    Strategy Performance and Risk Adjustment 

Table 4-2 presents the performance of 13 single-sort momentum strategies. Panel A 

reports the results of the long (winners) portfolio, Panel B shows the short (losers) 

portfolio and Panel C reports the long-short (momentum) portfolio. Panel C shows that 

12 out of 13 active long-short strategies exhibit significant profits at the 5% level or 

better. Panel C suggests that an active commodity futures fund that systematically buys 

the best and short sells the worst performing commodities could earn an annual 

average return of 11.14% over the 1977 to 2011 sample period.
81

 The passive long-

only benchmark that equally weights all commodities over the same period returns 

3.57% per annum, whereas a passive fund that tracks the S&P GSCI would earn 4.07% 

per year. Panels A and B suggest that the long portfolios generate a significant return 

of 9.97% p.a. whereas the short portfolios report an insignificant return of -1.17% per 

annum. Consistent with Shen et. al., (2007) and Fuertes et. al., (2010), momentum 

profits are dominated by the long positions.
82

  

The single-sort momentum strategies significantly outperform the passive 

benchmark based on other industry return and risk measurements. However, this 

comes at a cost of bearing additional risks. In Panel C, momentum strategies exhibit an 

average standard deviation of 19.49% versus 13.86% (benchmark) per annum. 

Furthermore, the active strategies exhibit a slightly higher value-at-risk of 8.32% 

compared to 6.28% with the benchmark based on the normality assumption, but much 

higher at 29.23% versus the 16.32% when skewness and kurtosis are incorporated. 

Due to large variations in return volatility between the active and passive 

strategies, the returns are normalised using risks for more sensible comparisons. Panel 

C shows that the additional risks that active strategies bear are well compensated for 

by the higher returns. The average Sharpe ratio of active strategies is 0.57 versus the 

0.26 achieved by the benchmark. When comparing the downside volatility, the Sortino 

                                                 
81

 We also examined the performance of single-sort momentum strategies in the spot markets and found 

no momentum. This may be explained by the large storage and transportation costs necessary to execute 

the trades in the cash markets. 
82

 This does not imply that the success of momentum strategies is merely due to the increase in 

commodities prices from 1977 to 2011. See Figure 4-3 for explanations. 
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ratio also demonstrates significantly superior risk-adjusted performance over the 

passive benchmark. 

To mitigate the possibility of data-mining, Appendix 1 provides the sub-sample 

break-down of Panels A and B, and the performance of active strategies based on the 

UBS data in Panel C. To match the start date of the UBS data, the cut-off point for the 

sub-period is set at January 1991. Appendix 1 suggests that the single-sort momentum 

strategies are also profitable in sub-periods 1977-1990 and 1991-2011, although on 

average, the profitability appears to have declined substantially in the second sub-

sample. In the first sub-sample, 9 out of 13 strategies are significant at the 5% level 

with a return of 16.04% per annum, whereas in the second sub-sample, 8 out of 13 

strategies remain significant at the 5% level with a much lower return of 8.38% per 

annum. In Panel C, when the same strategies are tested independently based on the 

UBS dataset, only 4 out of 13 strategies remain significant at the 5% level, with an 

average profit of 7.96% per annum. Despite the reduced profitability, the active 

strategies exhibit lower volatility levels in the second sub-sample.
83

 However, on a 

risk-adjusted basis, the Sharpe and Sortino ratios also indicate that the profitability of 

single-sort momentum strategies has declined in the second sub-sample period. 

Nevertheless, the actively traded strategies from 1991 to 2011 still continue to 

outperform the passive long-only benchmark based on both the GSCI and UBS data. 

Based on the GSCI data, the average Sharpe ratio is 0.50 for active strategies versus a 

0.31 by the passive benchmark; based on the UBS data, however, active strategies 

produce on average 0.41 versus the 0.30 achieved by the benchmark. The Sortino ratio 

shows consistent results with the Sharpe measures. 

                                                 
83

 This is largely due to fewer commodities being available for trading in the first sub-sample period. 
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Table 4-3 Single-sort momentum and risk adjustment 

This table reports the regression results based on Equation 4-1. βc, βs and βb represents respectively, the coefficient of  the S&P GSCI, S&P500 and the Datastream US 

government bond, respectively. α indicates the abnormal return after controlling for commodity, equity and bond market returns. The sample covers the period 1977 to 

2011. Panel A reports the long portfolio whereas Panel B shows the short portfolio and Panel C reports the results of the long-short strategies. 

 

J=1 

 

J=3 

   

J=6 

    

J=9 

   

J=12 

 

 

K=1 

 

K=1 K=3 K=9 

 

K=1 K=3 K=6 K=9 

 

K=1 K=3 K=6 

 

K=1 K=3 

                 

Panel A: Long Portfolio 

                βc 0.630*** 

 

0.635*** 0.585*** 0.600*** 

 

0.597*** 0.608*** 0.623*** 0.639*** 

 

0.671*** 0.649*** 0.667*** 

 

0.675*** 0.653*** 

 

(9.70) 

 

(12.35) (12.90) (19.73) 

 

(9.37) (10.52) (14.94) (18.93) 

 

(13.37) (15.02) (16.86) 

 

(11.97) (14.41) 

βs 0.0554 

 

0.119* 0.138** 0.117** 

 

0.148* 0.134* 0.130** 0.135*** 

 

0.0933 0.116* 0.137** 

 

0.109 0.152** 

 

(0.97) 

 

(2.16) (2.81) (3.12) 

 

(2.53) (2.40) (2.78) (3.33) 

 

(1.69) (2.25) (2.92) 

 

(1.89) (2.97) 

βb -0.123 

 

-0.0673 -0.118 -0.169 

 

0.0567 -0.0402 -0.0993 -0.170 

 

-0.0565 -0.110 -0.125 

 

-0.0943 -0.137 

 

(-0.82) 

 

(-0.44) (-0.92) (-1.36) 

 

(0.35) (-0.28) (-0.74) (-1.19) 

 

(-0.37) (-0.77) (-0.89) 

 

(-0.57) (-0.92) 

α 0.00650** 

 

0.00878*** 0.00638** 0.00404* 

 

0.00692** 0.00532* 0.00446* 0.00392* 

 

0.00588* 0.00621** 0.00527* 

 

0.00809** 0.00558* 

 

(2.61) 

 

(3.46) (2.88) (2.27) 

 

(2.67) (2.32) (2.19) (2.01) 

 

(2.39) (2.75) (2.50) 

 

(3.22) (2.47) 

adj. R2 0.406 

 

0.403 0.438 0.565 

 

0.398 0.443 0.510 0.557 

 

0.443 0.467 0.517 

 

0.438 0.474 

                  Panel B: Short Portfolio 

                βc 0.508*** 

 

0.472*** 0.522*** 0.497*** 

 

0.512*** 0.502*** 0.487*** 0.473*** 

 

0.452*** 0.463*** 0.447*** 

 

0.476*** 0.468*** 

 

(10.37) 

 

(9.46) (12.50) (14.72) 

 

(11.93) (12.72) (13.67) (13.20) 

 

(9.84) (11.49) (11.26) 

 

(11.05) (11.41) 

βs 0.154** 

 

0.106* 0.0842 0.104** 

 

0.117* 0.0971* 0.107* 0.101* 

 

0.122* 0.117* 0.107* 

 

0.0867 0.0903* 

 

(3.30) 

 

(2.11) (1.83) (2.68) 

 

(2.43) (2.12) (2.51) (2.53) 

 

(2.33) (2.58) (2.52) 

 

(1.84) (1.99) 

βb -0.294 

 

-0.282 -0.246 -0.245* 

 

-0.342* -0.279* -0.257* -0.252* 

 

-0.177 -0.185 -0.245 

 

-0.270 -0.262 

 

(-1.84) 

 

(-1.81) (-1.68) (-2.17) 

 

(-2.17) (-2.01) (-2.10) (-2.19) 

 

(-1.18) (-1.38) (-1.89) 

 

(-1.85) (-1.88) 

α -0.00293 

 

-0.00375 -0.00272 -0.00219 

 

-0.00423 -0.00236 -0.00235 -0.00234 

 

-0.00457* -0.00381 -0.00344 

 

-0.00559** -0.00442* 

 

(-1.32) 

 

(-1.67) (-1.34) (-1.29) 

 

(-1.89) (-1.16) (-1.27) (-1.34) 

 

(-2.09) (-1.90) (-1.80) 

 

(-2.62) (-2.23) 

adj. R2 0.421 

 

0.369 0.452 0.513 

 

0.405 0.417 0.455 0.464 

 

0.338 0.390 0.403 

 

0.386 0.393 

                  Panel C: Long-Short 

Portfolio                 βc 0.122 

 

0.163 0.0628 0.103** 

 

0.0847 0.106 0.136** 0.167*** 

 

0.218** 0.186*** 0.220*** 

 

0.198* 0.185** 

 

(1.22) 

 

(1.89) (0.92) (3.15) 

 

(1.09) (1.58) (3.07) (4.59) 

 

(3.14) (3.35) (4.29) 

 

(2.46) (3.16) 

βs -0.0987 

 

0.0128 0.0535 0.0127 

 

0.0306 0.0368 0.0230 0.0341 

 

-0.0289 -0.00105 0.0299 

 

0.0226 0.0614 

 

(-1.17) 

 

(0.15) (0.77) (0.30) 

 

(0.41) (0.52) (0.41) (0.74) 

 

(-0.36) (-0.02) (0.51) 

 

(0.29) (0.92) 

βb 0.171 

 

0.215 0.128 0.0752 

 

0.399 0.239 0.158 0.0814 

 

0.121 0.0748 0.120 

 

0.175 0.125 

 

(0.75) 

 

(0.94) (0.65) (0.51) 

 

(1.62) (1.16) (0.90) (0.47) 

 

(0.56) (0.38) (0.66) 

 

(0.75) (0.63) 

α 0.00944* 

 

0.0125*** 0.00910** 0.00623** 

 

0.0112** 0.00769* 0.00681** 0.00626** 

 

0.0104** 0.0100*** 0.00871** 

 

0.0137*** 0.0100*** 

 

(2.58) 

 

(3.33) (2.93) (3.06) 

 

(3.04) (2.46) (2.60) (2.68) 

 

(3.10) (3.33) (3.19) 

 

(3.90) (3.32) 

adj. R2 0.007 

 

0.014 0.000 0.022 

 

0.008 0.008 0.022 0.050 

 

0.032 0.029 0.058 

 

0.027 0.034 
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Table 4-3 reports the strategy return which is adjusted by the MR three-factor 

model.
84

 Consistent with MR and Fuertes et. al., (2010), Panels A and B show that all 

long and short portfolios load significantly (at the 1% level) on the commodity futures 

markets, proxied by the total return of the S&P GSCI. However, Panel C shows that 

only 8 out of 13 long-short strategies appear to be related to the GSCI at the 10% level 

or better, whereas all strategies appear to report neutral factor loadings with the equity 

and bond markets. The intercept terms of all long-short strategies are significant at the 

5% level or better with an average monthly excess return of 0.94%, which is 

equivalent to 11.28% per annum. Consistent with the results in Table 4-2, long (winner) 

portfolios play a more significant role in commodity momentum strategies as the 

intercept terms of all short positions are largely insignificant. The commodity, equity 

and bond market factors are successful at capturing the returns of the long and short 

portfolios (R
2
 of approximately 0.50, on average). However, these factors appear to be 

extremely poor when it comes to explaining the variation of long-short portfolio 

returns. Overall, the findings in Table 4-3 suggest that single-sort momentum 

strategies in commodity futures are not merely a compensation for bearing systematic 

risk. 

4.3.3     Momentum Profit Post-formation and the Reversal Signal 

Jegadeesh and Titman (2001) pioneered the post-holding analysis of momentum by 

examining the holding period returns of up to 60 months after portfolio formation.
85

 

Lee and Swaminathan (2000) also examined the post-holding-period returns of trading 

volume based momentum strategies. We employ the post-holding analysis in tis study 

to test several alternative explanations of the profitability of momentum strategies. For 

example, the conservatism hypothesis (Barberis et. al., 1998) predicts that momentum 

profits will be zero in the post-holding periods. Furthermore, the overconfidence 

hypothesis (Daniel et. al., 1998) suggests that momentum profits will be negative in 

the long run and the CK hypothesis (Conrad and Kaul, 2001) predicts that the 

                                                 
84

 The White (1980) heteroskedasticity-robust standard errors are used in all regressions throughout this 

study. 
85

 The 60-month post formation period includes the holding period of 12 months (first year) and post-

holding periods from 13 to 60 months (second to fifth year). 
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momentum strategies will be profitable in any post-holding periods, and remain 

profitable indefinitely.
86

  

Virtually no studies have investigated the post-holding-period return of 

momentum strategies in the commodity futures literature. However, Shen et. al., (2007) 

is an important exception. Figure 1 in Shen et. al., (2007) provides a post-holding 

analysis but only up to 30 months after portfolio formation. They also employed a 2-

month formation period as opposed to the more commonly used 6-month and 12-

month periods. Therefore, we are concerned that the findings in Shen et. al., (2007) are 

insufficient to draw adequate conclusions. This section provides a comprehensive 

analysis of the post-holding period return of single-sort momentum strategies in 

commodity futures. 

Sorted by the ranking period (J), the cumulative momentum profits in a post-

formation period of up to 60 months are depicted in Figure 4-1. Two sub-samples are 

presented in the full period from 1977 to 2011 with a cut-off point in 1991. We also 

calculate the same momentum strategies using the UBS data as a comparison and to 

ensure the robustness of our results. Regardless of ranking period, sample period or 

data source examined, the results in Figure 4-1 monotonously show that momentum 

profits peak at around month 11. However, an extremely consistent reversal pattern is 

pronounced from month 12 to 28, where momentum profits tend to become negative. 

At month 28, the average cumulative profit is around zero. One of the differences 

across the three periods is the magnitude of profits. It can be observed with confidence 

that the cumulative profits are stronger in the 1977-1990 period and the reversal is 

stronger in the 1991-2011 period. Also noticeably, the patterns in the UBS data are 

largely consistent with the GSCI data in the second sub-period. The patterns from 

month 1 to 30 in Figure 4-1 are consistent with Shen et. al., (2007).  

                                                 
86

 Barberis et. al., (1998) show that conservatism could lead to investors‘ underreaction to information 

because of the underweighting of new information. However, the interpretation implies that momentum 

profits will be zero in the post-holding period since the information from the ranking period has been 

fully impounded into the price. Furthermore, Daniel et. al., (1998) argues that investors attribute 

successes to their own skill or talent more than they are supposed to. This interpretation implies that in 

the long run, momentum profits will be negative because the overreaction in prices will eventually be 

corrected as investors observe future news and realise their prior errors. Alternatively, Conrad and Kaul 

(1998) propose that cross-sectional differences in returns explain momentum profits. However, their 

interpretation would imply that momentum strategies will be profitable in any post-holding periods and 

remain profitable indefinitely. 
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Figure 4-1 Cumulative momentum profits 

This figure illustrates cumulative momentum portfolio returns with 27 GSCI and 26 UBS commodities futures. J represents the 

ranking period. The x-axis shows the post-formation event months starting from 0. The y-axis indicates the cumulative portfolio 

return. The post-formation period starts from 1 to 60 months. Two sub-samples are presented in the 1977-2011 period, with a 

dividing point in 1991. 
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Figure 4-2 Cumulative momentum profits (excluding commodity sectors) with post-formation J=6 

This figure depicts cumulative momentum portfolio returns with 27 GSCI and 26 UBS commodities futures. J represents 

ranking period. The x-axis shows the post-formation event months starting from 0. The y-axis indicates the cumulative portfolio 

return. The holding period are 1 to 12 months and the post holding period starts from 13 to 60 months (2 to 5 years). Two sub-

samples are presented in the 1977-2011 period, with a dividing point in 1991. One commodity sector is excluded at a time. 
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Strikingly however, from month 30 to 60, Figure 4-1 also monotonically 

highlights an upward direction in momentum profits in all ranking and sample periods 

using both GSCI and UBS data sources. No further reversal is observed before month 

60 (except for the first sub-sample). These findings are largely inconsistent with the 

existing theories (conservatism, overreaction and the CK hypothesis) in the literature. 

To check the robustness of the results, we also test whether the observed patterns 

are driven by seasonality effects.
87

 Figure 4-2 shows the cumulative return of 

momentum portfolios by excluding each commodity sub-sector. In this figure, one 

commodity sector (i.e. agriculture, energy, livestock, precious metals and industrial 

metals) is removed at a time, which results in five sub-figures in total. In the interest of 

brevity, only J = 6 is reported.
88

 The sub-sector results are remarkably consistent with 

the ‗all-sector‘ results in Figure 4-1, in which momentum profits peak at month 11 and 

reverse from month 12 to 30, then continues to trend back up from months 30 to 60. 

Despite the consistent pattern across sub-figures, it appears that excluding agricultural 

commodities from the sample increases the magnitude of momentum and reversal in 

the post-formation period. Overall, the findings reveal that commodity momentum is 

highly persistent when longer formation periods (over 30 months) are employed. This 

discovery is the first to be documented in the commodity futures literature. 

Based on months 1 to 30 only, Shen et. al., (2007) conclude that the results are 

consistent with behavioural models. However, this study argues that such a conclusion 

is ambiguous and potentially misleading. Jegadeesh and Titman (2001) show that a full 

reversal of momentum profits could take as long as five years after portfolio 

formation; therefore, the observed pattern over the first two and a half years in this 

study implies (a) the results are consistent with underreaction during the holding 

period and overreaction over the long run, but the market correction for overreaction in 

                                                 
87

 A large body of literature has considered the seasonality effect in commodity futures. As stated by 

Gorton and Rouwenhorst (2006), unlike stocks and other financial assets, commodities exhibit 

seasonality patterns. For example, all agricultural crop commodities undergo stages of development 

before harvesting. The climatic conditions during the growing period have significant impacts on the 

expected production levels and, hence, the equilibrium market price. Thus, these prices will be more 

volatile in months when the weather conditions are more unstable (Roll, 1984; Kenyon et. al., 1987 

Milonas, 1991). Furthermore, the demands for energy vary substantially from season to season, hence 

the prices of energy commodities also tend to follow a seasonal pattern (Pardo et. al., 2002; Hunt et. al., 

2003). 
88

 The results of other ranking periods are consistent with J = 6, and are available upon request. 
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commodity futures is far more rapid (profits takes much less time to reverse) than that 

of equity markets, or (b) the results are inconsistent with proposed behavioural 

explanations and the post-holding period return of momentum strategies in commodity 

futures is uniquely distinctive from those in equity markets. 

The finding of a reversal effect has significant implications for the commodity 

futures literature. First, our results can be used to explain the findings of MR, in which 

they employ conventional contrarian strategies. In contrast to momentum strategies, 

the contrarian strategy buys losers and short sells winners over long periods and holds 

these positions for long periods of time to exploit the reversal pattern (DeBondt and 

Thaler, 1985). Conventional contrarian strategies require 3 to 5 years of ranking and 

holding, as opposed to the 1 to 12 months required by momentum strategies. MR show 

that the contrarian strategies of DeBondt and Thaler (1985, 1987), Conrad and Kaul 

(1998) and Yao (2012) in the stock market do not yield significant profits in 

commodity futures. However, the evidence in Figures 4-1 and 4-2 hints that the 

contrarian strategies at conventional ranking and holding periods will not be profitable 

in commodity futures, because the reversal in commodities occurs within 2.5 years, 

which is more rapid than the 3 to 5 years needed by the conventional contrarian 

strategy found in the equities literature. Second, the observed reversal pattern aids in 

the construction of more-profitable momentum strategies. This is discussed in detail in 

the next section. 

4.4    Double-sort Strategies: Improving Momentum with Reversal 

4.4.1    Methodology 

Conrad and Kaul (1998) conclude that contrarian strategies perform well over long 

horizons (3 to 5 years) whereas momentum strategies perform better over short-to-

medium horizons (1 to 12 months) in the stock market. Moreover, Cooper et. al., 

(2004) show that UP market momentum profits do reverse significantly in the long 

run, and conjecture that ‗when there is momentum, there is ultimately long-run 

reversal‘. The claim is supported by Bloomfield, Tayler and Zhou (2009) in a 

laboratory market setting. Using data from all major asset classes, Novy-Marx (2012), 

Moskowitz et. al., (2012) and Asness et. al., (2013) also show that momentum profits 
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tend to reverse, at least partially, over long post-holding periods. Balvers and Wu 

(2006) propose a parametric model that jointly exploits the reversal and momentum 

effects in the international stock market. They show that the combined strategy is 

indeed superior to the pure momentum strategy and conclude that return continuation 

tends to accelerate reversals while reversals tend to enhance momentum by 

strengthening the return continuation, which in turn, leads to an even more-superior 

performance.
89

  

This literature has motivated us to construct a new strategy that aims to jointly 

exploit the observed momentum and reversal patterns in the commodity futures 

markets. At a glance, contrarian and momentum strategies do not seem to conflict with 

one another since they are profitable at different time periods. However, this seemingly 

appealing idea is problematic in terms of implementation. While the conventional 

momentum strategy ranks markets based on their prior 12 months of return, the 

contrarian strategy often requires a much longer ranking period. Since the long ranking 

period subsumes the medium-term momentum ranking period, integrating the two 

strategies becomes difficult. To solve this problem, we employ a double-sort strategy 

that builds on the single-sort momentum strategy described in Section 3 of the study.
90

 

Unlike other studies that use double-sort strategies, our second sort does not require 

additional information other than the returns of commodity futures.
91

 

First, we sort all commodities into terciles (winners, middle and losers) based on 

their past 1, 3, 6, 9 and 12 months of return. Within each winners and losers portfolio, 

we further sort those commodities into two sub-portfolios based on their past 15, 18, 

24, 30, 36, 48 and 60 months of return.
92

 This would result in four portfolios in total, 

each with approximately four to five commodities: (1) medium-term winners that are 

                                                 
89

 Chen, Kadan and Kose (2009) also show that return reversal can be used to enhance momentum in the 

US and international stock markets. Malin and Bornholt (2013) show that momentum can be used to 

enhance the performance of long-term contrarian investment strategies. Serban (2010) also shows that 

the profitability of momentum strategies can also be improved by reversals in foreign currency markets. 
90

 The double-sort strategy is not uncommon in the momentum literature. For example, Fuertes et. al., 

(2010) combine momentum with term-structure signals in the commodities market. Lee and 

Swaminathan (2000) combine momentum with trading volume in the equities market. Sagi and 

Seasholes (2007) combine momentum with firm-specific attributes.  
91

 Our momentum-contrarian combination strategy is non-parametric; therefore it is different from the 

parametric strategy of Balvers and Wu (2006). 
92

 The 36 and 48 month periods are conventional ranking periods for contrarian strategies; therefore, we 

employ these periods for comparison with our 15, 18, 24 and 30 month ranking periods. 
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long-term winners; (2) medium-term winners that are long-term losers; (3) medium-

term losers that are long-term winners; and (4) medium-term losers that are long-term 

losers. The double-sort strategy takes long positions in (2) and short positions in (3); 

for example, by taking 12 and 24 months as the first and the second sort, respectively. 

The motivation of the design is that commodities in the 12 months winners portfolio, 

but are also losers over 24 months, should have more upside potential than the 24 

months winners in the same portfolio. Similarly, commodities in a 12-month losers 

portfolio, but are also winners over 24 months, should have more downside potential 

than the 24-month losers in the same portfolio. 

The double-sort strategy is denoted as MomJ(1)-CtrJ(2), where MomJ(1) represents 

the first sort using momentum ranking periods, where J(1) ϵ {1,3,6,9,12}. CtrJ(2) 

represents the second sort using contrarian ranking periods, where J(2) ϵ 

{15,18,24,30,36,48}. Therefore, the double-sort procedure produces a maximum 

number of 150 strategies if the holding period K changes, where K ϵ {1,3,6,9,12}. To 

keep the results manageable and presentable, we take the following steps. As shown in 

Tables 4-2 and 4-3, the single-sort momentum strategies with a holding period of one 

month produce the strongest results in terms of profitability and statistical 

significance.
93

 Besides, unlike stocks and other financial assets, most commodity 

futures have monthly or bimonthly futures expiring cycles where the nearest and the 

next nearest contracts are often the most actively traded ones. Since these contracts 

need to be rolled over anyway (for continuous exposures of commodity markets), it is 

practical to limit the investment period to one month. Thus, we focus on a holding 

period of one month for all double-sort strategies. Although the number of strategies 

has been reduced substantially, 30 strategies are still tested. To further conserve space, 

we do not report the results for J(1) = 1, 3 and 6 because these double-sort strategies, 

although profitable and statistically significant, do not outperform the respective 

single-sort momentum benchmarks.
94

 This leaves us with 12 double-sort strategies, 

which consist of six strategies each for 9 and 12 months momentum as the first sort, 

respectively.

                                                 
93

 K = 1, on average, generates 13.35% p.a. versus the 9.76% achieved by the rest. 
94

 These results are available upon request. 
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Table 4-4 Performance of double-sort momentum strategies 

This Table reports the performance of the double-sort strategy. Two first-sort ranking periods are reported (9 and 12 months). Six second-sort ranking periods are 15, 18, 24, 

30, 36 and 48 months. Panel A and B show the long and short portfolios, respectively whereas Panel C reports the long-short portfolio. These double-sort strategies are 

benchmarked against their respective single-sort momentum strategies. The sample period covers the period 1977 to 2011 and includes 27 S&P commodities futures. 

 

Mom9-

Ctr15  

Mom9-

Ctr18  

Mom9-

Ctr24  

Mom9-

Ctr30  

Mom9-

Ctr36  

Mom9-

Ctr48 Mom9-1 

 

Mom12-

Ctr15 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr30  

Mom12-

Ctr36 

Mom12-

Ctr48  Mom12-1 

                
Panel A: Long Portfolio 

               Annualised arithmetic mean 0.1127 0.1307 0.133 0.1191 0.0575 0.044 0.1044 
 

0.159 0.1824 0.1648 0.1288 0.1316 0.0858 0.1302 
t-statistics 3.07 3.25 3.02 2.66 1.29 1.07 2.84 

 
4.24 4.49 3.49 2.84 2.83 2.02 3.47 

Annualised volatility 0.2138 0.2334 0.2548 0.256 0.2523 0.2289 0.2154 
 

0.2179 0.2351 0.2717 0.259 0.2632 0.2364 0.2187 
Reward/Risk Ratio 0.5271 0.5602 0.5219 0.4652 0.228 0.1921 0.4848 

 
0.7296 0.7756 0.6065 0.4972 0.5001 0.3629 0.5951 

Sortino Ratio 0.9461 1.0409 0.9962 0.8224 0.3681 0.2937 0.7932 
 

1.3343 1.4596 1.1642 0.8414 0.8985 0.6269 0.9666 
Skewness 0.6797 1.0263 1.675 0.9719 0.7871 0.221 0.5893 

 
0.6155 1.0306 1.8468 0.8569 1.3627 0.9657 0.4754 

Kurtosis 7.8489 9.5237 16.055 11.4357 11.8432 9.0138 10.2854 
 

7.3751 9.4508 16.7896 10.456 13.9553 12.6103 9.629 
                
Panel B: Short Portfolio 

               Annualised arithmetic mean -0.0433 -0.0407 -0.0247 -0.0548 -0.0609 -0.0646 -0.0291 
 

-0.0634 -0.0825 -0.039 -0.0832 -0.0663 -0.0571 -0.0387 
t-statistics -1.4 -1.27 -0.74 -1.52 -1.68 -1.8 -1.03 

 
-2.13 -2.67 -1.16 -2.37 -1.91 -1.62 -1.38 

Annualised volatility 0.18 0.1862 0.193 0.2062 0.2052 0.2004 0.1652 
 

0.1728 0.1793 0.1929 0.2006 0.1963 0.196 0.1633 
Reward/Risk Ratio -0.2405 -0.2185 -0.128 -0.2657 -0.2969 -0.3223 -0.1762 

 
-0.3666 -0.4599 -0.2022 -0.4151 -0.3376 -0.2914 -0.2368 

Sortino Ratio -0.3455 -0.3029 -0.1847 -0.3932 -0.4295 -0.4332 -0.2638 
 

-0.5361 -0.6536 -0.2943 -0.5856 -0.4704 -0.3944 -0.3595 
Skewness -0.1266 -0.0968 -0.0166 -0.0096 -0.0381 -0.4792 -0.0504 

 
-0.0989 0.0357 -0.0729 -0.1097 -0.3263 -0.4307 0.0994 

Kurtosis 7.6019 7.6554 7.0286 6.0603 6.1774 6.4029 6.6326 
 

5.4529 5.4279 5.7739 5.6323 6.788 6.7992 5.8235 
               
Panel C: Long-Short Portfolio 

              Annualised arithmetic mean 0.156 0.1714 0.1577 0.1739 0.1185 0.1085 0.1335 
 

0.2224 0.2648 0.2038 0.212 0.1979 0.1429 0.1688 
t-statistics 3.81 3.81 3.25 3.5 2.41 2.4 3.54 

 
5.55 5.96 3.99 4.17 3.89 3.02 4.46 

Annualised geometric mean 0.1287 0.1391 0.121 0.136 0.081 0.0775 0.1102 
 

0.1962 0.2334 0.164 0.1719 0.1591 0.1097 0.1452 
Annualised volatility 0.238 0.2606 0.279 0.2832 0.2789 0.2522 0.2209 

 
0.233 0.2576 0.2934 0.2903 0.2883 0.2636 0.2211 

Downside volatility 0.1299 0.1415 0.1558 0.1456 0.1585 0.1385 0.1234 
 

0.1203 0.1336 0.1471 0.1596 0.1452 0.136 0.1249 
Reward/Risk Ratio 0.6554 0.6579 0.5652 0.614 0.4248 0.4304 0.6045 

 
0.9543 1.0281 0.6945 0.7304 0.6863 0.5421 0.7638 

Sortino Ratio 1.2905 1.3113 1.0886 1.2945 0.7891 0.8236 1.1513 
 

2.0485 2.2412 1.5221 1.4658 1.4931 1.1221 1.4615 
Skewness 0.6945 0.9754 1.3375 1.1046 0.8508 0.5044 1.1212 

 
0.5405 0.8424 1.5539 0.8429 1.3594 0.9054 0.6961 

Kurtosis 5.9347 7.2743 11.7565 7.8622 8.1127 5.1369 9.4189 
 

4.2874 5.8276 11.5537 7.3801 9.7229 7.0243 6.7814 
Max monthly gain 0.3977 0.4079 0.6161 0.5286 0.5286 0.3389 0.4483 

 
0.2949 0.4079 0.6161 0.5543 0.5543 0.4921 0.397 

Max monthly loss -0.184 -0.2464 -0.2464 -0.2045 -0.2963 -0.3033 -0.178 
 

-0.1403 -0.2046 -0.244 -0.2319 -0.2046 -0.1868 -0.178 
95%VaR 0.1 0.1094 0.1193 0.12 0.1225 0.1107 0.0938 

 
0.0921 0.1003 0.1223 0.1202 0.1204 0.1133 0.0909 

99%VaR(Cornish-Fisher) 0.3067 0.3687 0.4827 0.4139 0.4011 0.2981 0.3462 
 

0.2739 0.3435 0.5065 0.4102 0.4624 0.3641 0.2995 
% of positive months 0.5468 0.5881 0.5819 0.6061 0.6052 0.6193 0.5777 

 
0.601 0.6253 0.597 0.6036 0.6182 0.6247 0.6112 

Maximum Drawdown -0.4543 -0.5092 -0.518 -0.499 -0.5852 -0.6078 -0.4471 
 

-0.3887 -0.3898 -0.5177 -0.5331 -0.5435 -0.5468 -0.4154 
Drawdown Length (months) 80 42 113 12 42 42 12 

 
41 39 28 39 43 28 25 

Max Run-up (consecutive) 0.7559 1.0746 1.3454 0.7238 0.7238 0.4938 0.7264 
 

0.5857 0.8935 1.1778 0.7314 0.7314 0.3632 0.675 
Runup Length (months) 8 6 9 2 2 5 3 

 
7 5 6 2 2 5 3 

Max 12M rolling return 0.8937 1.4521 1.497 1.3116 0.8627 0.7131 1.0171 
 

0.8859 1.5182 1.5074 1.172 0.942 0.8845 1.0677 
Min 12M rolling return -0.4274 -0.4056 -0.5801 -0.6347 -0.66 -0.476 -0.5481 

 
-0.2822 -0.3609 -0.4649 -0.5073 -0.604 -0.451 -0.4695 
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4.4.2    Strategy Performance 

Table 4-4 reports the performance of all 12 double-sort strategies benchmarked against 

their respective single-sort momentum strategies. Panels A and B show the long and 

short portfolios, respectively. Panel C reports the long-short portfolio. Six strategies 

are based on the 9-month momentum and the other half are based on 12-month 

momentum. The second sorts are contrarian strategy-based, which include 15, 18, 24, 

30, 36 and 48 month ranking periods. The 15, 18, 24 and 30 month periods are ranking 

periods introduced in this study, whereas 36 and 48 months are conventional ranking 

periods for contrarian strategies. The results in Panel C suggest that systemically 

allocating wealth towards ‗medium-term winners but long-term losers commodities‘ 

and ‗medium-term losers but long-term winners commodities‘ generate highly 

significant statistical and economic profits (average t-statistics of 3.81). The single-sort 

strategy with a ranking period of nine months and holding period of one month returns 

13.35% per annum. The double-sort strategies using 15, 18, 24 and 30 months 

contrarian achieved on average 16.48% versus the 11.35% generated by the 

conventional contrarian strategies with ranks of 36 and 48 months. Furthermore, the 

12-1 momentum strategy returns 16.88% p.a. and the double-sorted counterpart 

achieves a staggering 22.58% p.a. (equivalent to 1.88% per month), and 17.04% p.a. 

for the conventional contrarian strategy. Clearly, the contrarian strategy as a second 

sort at unconventional periods (15, 18 and 24 months) significantly improves the 

single-sort momentum strategies.
 95

 

Since combined strategies with 12-month momentum produce the strongest 

results in terms of profitability and significance, we focus our analysis on these 

strategies for the rest of the study. The Mom12-Ctr18 which generates 26.48% p.a. 

(equivalent to 2.2% per month) is the best performing strategy across the board.
 

Mom12-Ctr24 is the least profitable in this class, yet still delivered 20.38% p.a., on 

average. Also worth noting is that the Mom12-Ctr24 is able to deliver an impressive 

                                                 
95

 Fuertes et. al., (2010) generate 21.02% p.a. by combining momentum with term-structure signals; 

Grundy and Martin (2001) generate 16.08% p.a. by adjusting momentum exposure to market and size 

factor; Zhang (2006) generates 31.2% p.a. by trading stocks with momentum and high information 

uncertainty; Avramov et. al., (2007) also produce returns higher than 20% p.a. by combining 

momentum with credit ratings; Balvers and Wu (2006) generate 19.4% p.a. by combining momentum 

with mean reversion. 
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117.8% cumulative return in a six months run-up period compared to 67.5% in three 

months achieved by Mom12-1 and 38.4% in six months by the passive long-only 

strategy. The maximum monthly gain and the 12-month rolling return tell the same 

story where the double-sort strategies, on average, earn higher returns. Furthermore, 

long portfolios in the combined strategies produce on average 15.88% p.a. compared 

to -6.7% for short portfolios; these range much higher than the 13.02% and -3.87% 

generated by the single-sort Mom12-1. These findings directly confirm the hypothesis 

that the momentum signal accelerates reversal and the reversal signal strengthens 

momentum. 

Figure 4-3 Cumulative absolute returns 

This figure shows the cumulative dollar return of a passive long, single-sort 

momentum strategy (Mom12-1) and double-sort momentum and contrarian strategies 

(Mom12-Ctr24). The test period is from 1977 to 2011. The solid line indicates the 

performance of a passive long equal weighted portfolio of 27 S&P commodities. The 

short dashed line indicates the 12-month single-sort momentum strategy with a 

holding period of one month. The long dashed line demonstrates the double sort 

strategy with a 12-month momentum signal as the first sort and a 24-month contrarian 

signal as the second sort. 

 

The superior performance of the double-sort over single-sort strategies and the 

passive long strategy are visualised in Figure 4-3. Both active strategies significantly 

outperform the passive long-only strategy. Based on Figure 4-3, a $1 investment in 

1978 would be worth $2.40, $113.78 and $218.90 at the end of the sample period by 

following the passive long, 12-1 momentum, and the double-sorted 12-month 

momentum and 24-month contrarian strategy, respectively. The single-sort and 
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double-sort strategies both peaked at $154.20 and $394.70 in June 2008, only three 

months before the collapse of Lehman Brothers. Despite being extremely profitable, 

the double-sort strategy appears to be substantially more volatile compared to the 

single-sort strategy, indicating a higher level of risk that an investor needs to bear in 

order to capture these profits. Indeed, the return distribution illustrated in Figure 4-4 

confirms this empirical observation. 

 

Figure 4-4 Returns distribution 

This figure shows the return distributions of the passive long, single-sort momentum strategy 

(Mom12-1) and double-sort momentum and contrarian strategies (Mom12-Ctr24). The sample 

covers 1977 to 2011 and 1991 to 2011 for UBS. The solid line indicates the passive long 

portfolio of all 27 S&P commodities. The short dashed line indicates the 12-month single-sort 

momentum strategy with a holding period of one month. The long dashed line demonstrates 

the double sort strategy with 12-month momentum signal as the first sort and 24-month 

contrarian signal as the second sort. The small dotted line indicates the double-sort strategy 

based on UBS data. 

 

Figure 4-4 illustrates the return distributions of the passive long, single-sort 

momentum strategy (Mom12-1) and double-sort momentum and contrarian strategy 

(Mom12-Ctr24) for both S&P and UBS datasets.
96

 Clearly, both active strategies appear 

to be much riskier compared to the passive long-only strategy. On average, the 

annualised standard deviation of the double-sort strategies is 26.86% compared to the 

22.11% and 13.86% for Mom12-1 and the passive long strategies, respectively. 
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 The kernel used for smoothing the distribution is based on Epanechnikov (1969). 
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Moreover, the value-at-risk (based on normality) is, on average, 10.87% for double-

sort strategies, which is higher than 9.09% and 6.28% for Mom12-1 and passive long, 

respectively. The Cornish-Fisher value-at-risk of combined strategies increases 

substantially to 38.35% due to the large skewness and excess kurtosis, which is much 

higher than Mom12-1 and the passive benchmark at 29.95% and 16.32%, respectively. 

However, the higher risks borne in the combined strategies are well rewarded by the 

market. This is reflected in the Sharpe and Sortino ratios. The Sharpe and Sortino 

ratios of the double-sort strategies are superior to the Mom12-1 and passive benchmark 

(0.85 and 1.82, on average, for double-sorted, 0.76 and 1.46 for single-sort, and 0.14 

and 0.26 for passive long). On a risk-adjusted basis, Mom12-Ctr18 remains the most 

successful investment strategy.  

Although strategies with high returns are not uncommon in the momentum 

literature, we take additional steps to minimise the possibility of data mining.
97

 

Appendix 2 examines the performance of double-sort strategies in sub-periods as well 

as using the UBS data source. To save space, Mom12-Ctr15 and Mom12-Ctr30 are not 

reported; however, the findings are consistent with full-period results. Panels A and B 

report long and short portfolios separately and Panel C reports the long-short portfolio. 

Consistent with the full period results in Table 4-4, the double-sort strategies are 

profitable and significant in both sub-periods. The second sort contrarian at the 

unconventional length (18 and 24 months) still outperforms that at the 36 and 48 

months. As in Appendix 1, the profitability of the double-sort strategies has declined in 

the second sub-period and the volatility level follows the same pattern. Notably, the 

Cornish-Fisher value-at-risk in the second sub-sample is significantly lower compared 

to that in the first sub-sample, which is reflected by much lower skewness and kurtosis. 

However, the Sharpe and Sortino ratios show that the risk-adjusted return of double-

sort strategies is indeed lower during the 1991-2011 period. The UBS data provided us 

with the opportunity to independently test and validate the performance of the double-

sort strategies. Surprisingly, the profitability and significance of the double-sort 

strategies appear to be even stronger compared to the S&P-based results over the same 

period. Furthermore, the risk-adjusted performance is also superior. Based on the UBS 

data, the maximum drawdown and value-at-risk are also slightly lower compared to 

                                                 
97

 Further data-mining tests such as the Reality Check (RC) and Superior Predictive Ability (SPA) tests 

will be discussed in detail in later sections. 
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the test results using the S&P data. The results confirm that the single-sort momentum 

strategy can be improved by incorporating reversal signals. 
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Table 4-5 Performance of double-sort momentum strategies (excluding commodity sectors) 

This table reports the performance of double-sort strategy by excluding one commodity sector at a time. The first sort ranking period is 12 months. Three second-sort ranking 

periods are 18, 24 and 36 months. Panels A and B show the long and short portfolios, respectively, whereas Panel C reports the long-short portfolio. These double-sort 

strategies are constructed using 27 S&P GSCI commodities and the sample covers the period 1977-2011. The sector definition is based on the S&P index methodology. 

 

All excl. Agriculture 

 

All excl. Energy 

 

All excl. Industrial metals 

 

All excl. Livestock 

 

All excl. Precious metals 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

                   

Panel A: Long Portfolio 

                  Annualised arithmetic 

mean 

0.1721 0.1445 0.0970 
 

0.1250 0.1193 0.0800 
 

0.1541 0.1722 0.1010 
 

0.1398 0.1603 0.1249 
 

0.1560 0.1530 0.1137 
t-statistics 3.21 2.58 1.97 

 
3.18 2.85 1.97 

 
3.44 3.16 1.94 

 
3.58 3.64 2.67 

 
3.71 3.27 2.42 

Annualised volatility 0.3104 0.3223 0.2753 
 

0.2281 0.2405 0.2296 
 

0.2598 0.3133 0.2945 
 

0.2265 0.2535 0.2650 
 

0.2438 0.2691 0.2656 
Reward/Risk Ratio 0.5545 0.4483 0.3524 

 
0.5481 0.4960 0.3483 

 
0.5932 0.5498 0.3429 

 
0.6172 0.6322 0.4713 

 
0.6399 0.5686 0.4280 

Sortino Ratio 0.9148 0.7415 0.4743 
 

1.0557 0.9750 0.6171 
 

1.0965 1.1695 0.5355 
 

0.9977 1.1052 0.8293 
 

1.1255 0.9997 0.7209 
Skewness 1.2727 1.1527 -0.5072 

 
1.2395 2.1171 1.3416 

 
1.5101 2.2098 0.6350 

 
0.0417 0.6690 0.9747 

 
0.8580 1.7306 1.1790 

Kurtosis 14.384

1 

12.700

0 

8.8113 
 

9.7514 18.963

2 

13.112

5  
15.115

4 

15.699

8 

11.329

1  
6.6635 11.002

8 

11.548

8  
9.8625 18.131

2 

13.775

3                    

Panel B: Short Portfolio 

                  Annualised arithmetic 

mean 

-0.0267 -0.0247 -0.0280 
 

-0.0812 -0.0435 -0.0804 
 

-0.0739 -0.0594 -0.0776 
 

-0.0541 -0.0229 -0.0670 
 

-0.0904 -0.0578 -0.0790 
t-statistics -0.69 -0.60 -0.64 

 
-2.82 -1.37 -2.41 

 
-2.01 -1.53 -1.94 

 
-1.56 -0.60 -1.67 

 
-2.71 -1.59 -2.20 

Annualised volatility 0.2240 0.2350 0.2476 
 

0.1668 0.1829 0.1888 
 

0.2131 0.2235 0.2260 
 

0.2010 0.2213 0.2276 
 

0.1934 0.2091 0.2037 
Reward/Risk Ratio -0.1194 -0.1049 -0.1133 

 
-0.4870 -0.2378 -0.4260 

 
-0.3470 -0.2659 -0.3433 

 
-0.2690 -0.1036 -0.2943 

 
-0.4672 -0.2763 -0.3876 

Sortino Ratio -0.1757 -0.1542 -0.1648 
 

-0.6957 -0.3573 -0.6139 
 

-0.4602 -0.3504 -0.4606 
 

-0.3886 -0.1500 -0.4058 
 

-0.6724 -0.4088 -0.5604 
Skewness -0.0788 -0.0041 -0.0010 

 
-0.3180 -0.1667 -0.3625 

 
-0.3678 -0.5020 -0.4468 

 
0.0908 -0.0851 -0.2025 

 
-0.0436 -0.0064 -0.0723 

Kurtosis 5.3535 5.2421 5.8563 
 

6.1703 5.3984 6.5213 
 

6.3078 6.9567 5.9599 
 

6.2546 6.7826 6.1192 
 

4.3140 4.1441 3.9700 

                   

Panel C: Long-Short Portfolio 

                  Annualised arithmetic 

mean 

0.2046 0.1747 0.1206 
 

0.2062 0.1628 0.1604 
 

0.2280 0.2317 0.1786 
 

0.1938 0.1832 0.1919 
 

0.2464 0.2108 0.1926 
t-statistics 3.34 2.69 2.00 

 
4.93 3.54 3.52 

 
4.67 3.96 3.32 

 
4.22 3.65 3.53 

 
5.43 4.09 3.69 

Annualised geometric 

mean 

0.1458 0.1094 0.0636 
 

0.1784 0.1303 0.1290 
 

0.1898 0.1795 0.1334 
 

0.1591 0.1432 0.1468 
 

0.2135 0.1697 0.1515 
Annualised volatility 0.3539 0.3716 0.3364 

 
0.2422 0.2648 0.2583 

 
0.2828 0.3366 0.3043 

 
0.2663 0.2891 0.3080 

 
0.2631 0.2964 0.2960 

Downside volatility 0.2030 0.2198 0.2270 
 

0.1212 0.1271 0.1333 
 

0.1752 0.1839 0.1924 
 

0.1510 0.1518 0.1597 
 

0.1349 0.1559 0.1515 
Reward/Risk Ratio 0.5780 0.4701 0.3584 

 
0.8513 0.6147 0.6210 

 
0.8065 0.6883 0.5869 

 
0.7279 0.6338 0.6229 

 
0.9364 0.7112 0.6509 

Sortino Ratio 1.1080 0.8618 0.5616 
 

1.8719 1.3806 1.2961 
 

1.4462 1.4025 1.0080 
 

1.4040 1.3133 1.3126 
 

2.0481 1.4911 1.3901 
Skewness 1.2751 1.1415 0.1240 

 
0.9794 1.7259 1.3241 

 
0.9255 1.4859 0.5177 

 
0.2472 0.7387 0.8620 

 
0.7965 1.3022 1.1547 

Kurtosis 10.878

4 

10.008

2 

6.3524 
 

6.8338 13.337

8 

10.574

2  
10.777

6 

10.577

5 

6.8930 
 

3.7762 5.8908 5.7309 
 

5.8417 10.589

6 

8.4210 
Max monthly gain 0.6287 0.6287 0.5290 

 
0.4079 0.6161 0.5543 

 
0.6231 0.6231 0.4620 

 
0.2595 0.4860 0.4860 

 
0.4148 0.6092 0.5293 

Max monthly loss -0.4090 -0.4090 -0.4090 
 

-0.2046 -0.2046 -0.2046 
 

-0.2611 -0.2611 -0.3538 
 

-0.2241 -0.2440 -0.2132 
 

-0.2046 -0.2440 -0.2093 
95%VaR 0.1510 0.1619 0.1497 

 
0.0978 0.1122 0.1093 

 
0.1153 0.1405 0.1296 

 
0.1103 0.1220 0.1303 

 
0.1044 0.1232 0.1245 

99%VaR(Cornish-Fisher) 0.5913 0.5934 0.3925 
 

0.3395 0.4850 0.4275 
 

0.4690 0.5592 0.4005 
 

0.2814 0.3731 0.3990 
 

0.3475 0.4929 0.4456 
% of positive months 0.6050 0.5964 0.6390 

 
0.5980 0.5869 0.6156 

 
0.6476 0.6247 0.6234 

 
0.6005 0.5718 0.5948 

 
0.6129 0.5995 0.6078 

Maximum Drawdown -0.6403 -0.6273 -0.6586 
 

-0.4119 -0.5384 -0.4211 
 

-0.4956 -0.4771 -0.4815 
 

-0.6128 -0.6520 -0.7180 
 

-0.3620 -0.4631 -0.6188 
Drawdown Length 

(months) 

6 4 24 
 

32 38 38 
 

38 22 3 
 

32 33 43 
 

17 28 44 
Max Run-up (consecutive) 1.1428 1.1428 0.3657 

 
0.8935 1.1778 0.7314 

 
1.0962 0.9277 0.5037 

 
0.4905 0.4659 0.5729 

 
0.9710 0.6100 0.6960 

Runup Length (months) 2 2 3 
 

5 6 2 
 

18 2 2 
 

5 5 5 
 

13 2 2 
Max 12M rolling return 1.0480 1.1711 0.9481 

 
1.5182 1.5074 0.9420 

 
1.1602 2.1388 0.7390 

 
0.8777 0.7500 1.2485 

 
1.3157 1.1772 1.0165 

Min 12M rolling return -0.7530 -0.7086 -0.7902 
 

-0.3941 -0.4649 -0.3588 
 

-0.2317 -0.4211 -0.3991 
 

-0.5619 -0.6106 -0.8105 
 

-0.3106 -0.4258 -0.5731 
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Moreover, to check whether a particular sub-sector of commodities is driving the 

profitability of the double-sort strategies, Table 4-5 reports the performance of the 

three double-sort strategies when a particular sub-sector is excluded from the tests. The 

results show that regardless of the exclusion of each sub-sector, the profitability of 

double-sort strategies remains strong and highly significant. Nonetheless, the Sharpe 

and Sortino ratios appear to be strongest when gold, silver and platinum are excluded. 

The value-at-risk is the lowest when feeder cattle, lean hogs and live cattle are 

excluded from the sample. Notably, the short positions are greatly enhanced when 

energy or precious metals commodities are excluded from the sample. The overall 

results in Table 4-5 suggest that the combined strategy, which jointly exploits the 

momentum and reversal signal, is robust to commodity market seasonality or to minor 

changes in the market composition of the commodity futures universe. 
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 Table 4-6 Factor loadings of double-sort momentum strategies 

This table reports the factor loadings of double-sort strategies on standard asset pricing factors. The first sort 

ranking periods are 9 and 12 months. Three second-sort ranking periods are 18, 24 and 36 months. The 

dependent variables are double-sort strategy returns and the independent variables are risk factors. Panel A 

shows the regression result of the Fuertes, Miffre and Rallis (2010) factors and Panel B shows the Moskowitz, 

Oio and Pedersen (2012) factors. U.S. Govt Bond represents the Datastream U.S. Government Bond Index. FX 

denotes the U.S. dollar effective exchange rate index. UI and UIP represent unexpected inflation and unexpected 

industrial production, respectively. MSCI World represents the Morgan Stanley Capital International Global 

Equity Index. Global Govt Bond is proxied by the JP Morgan Global Government Bond Index. SMB, HML and 

UMD, respectively, are U.S. cross-sectional size, value and momentum factors obtained from Kenneth French‘s 

website. Since bond returns are not available from the start of the sample period, Panel A covers the period 1980 

to 2011 whereas Panel B covers 1986 to 2011. The t-statistics are reported in brackets. 

 

Mom9- 

Ctr18  

Mom9- 

Ctr24  

Mom9- 

Ctr36  

Mom12- 

Ctr18 

Mom12- 

Ctr24  

Mom12- 

Ctr36 

Panel A:  Fuertes, Miffre and Rallis (2010) Factors 

   S&P500 -0.113 -0.0178 -0.00179 -0.0689 0.0104 -0.00913 

 
(-1.33) (-0.19) (-0.02) (-0.78) (0.11) (-0.09) 

       

S&P GSCI 0.117 0.146 0.104 0.113 0.160 0.0553 

 

(1.42) (1.64) (1.20) (1.26) (1.58) (0.61) 

       

US Govt Bond 0.333 0.379 0.135 0.278 0.457 0.325 

 

(1.34) (1.47) (0.35) (1.09) (1.57) (0.80) 

       
FX 0.410 0.368 0.321 -0.141 -0.0583 -0.0628 

 
(1.73) (1.40) (1.13) (-0.53) (-0.20) (-0.21) 

       

UI 0.316 -0.300 0.183 -2.543 -2.147 -0.636 

 
(0.24) (-0.21) (0.13) (-1.97) (-1.55) (-0.39) 

       

UIP -0.139 -0.360 -1.328 -0.605 -0.467 -0.976 

 

(-0.24) (-0.55) (-1.45) (-1.04) (-0.68) (-1.11) 

       

Intercept 0.0150*** 0.0131** 0.0108* 0.0220*** 0.0172*** 0.0184*** 

 

(3.67) (3.12) (2.21) (5.69) (3.78) (3.53) 

       
adj. R-sq 0.005 0.002 0.001 0.011 0.012 -0.003 

       Panel B: Moskowitz, Ooi and Pedersen (2012) Factors 

   MSCI World -0.0871 0.00793 0.0185 0.0131 0.0451 -0.0155 

 
(-1.03) (0.09) (0.19) (0.14) (0.44) (-0.15) 

       

S&P GSCI 0.0162 0.0329 0.0275 -0.0802 -0.0606 -0.0310 

 

(0.25) (0.48) (0.41) (-1.15) (-0.81) (-0.46) 

       

Global Govt Bond 0.103 0.213 0.0693 0.432 0.526 0.284 

 

(0.51) (0.95) (0.33) (1.83) (1.94) (1.21) 

       
SMB 0.0615 0.0199 0.0468 0.202 0.143 0.114 

 

(0.38) (0.17) (0.37) (1.36) (1.18) (0.97) 

       
HML 0.121 0.118 0.0741 0.202 0.176 0.0522 

 
(0.85) (0.84) (0.49) (1.56) (1.22) (0.34) 

       

UMD 0.0673 0.0985 0.0876 0.0796 0.105 0.0804 

 

(0.74) (1.13) (1.04) (0.91) (1.21) (0.96) 

       

Intercept 0.0117** 0.00845* 0.00719 0.0194*** 0.0121** 0.0137** 

 

(2.91) (2.04) (1.71) (4.68) (2.81) (3.14) 

       
adj. R-sq -0.009 -0.009 -0.014 0.012 0.013 -0.008 
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4.4.3    Factor Loadings 

To better understand the dynamics of the double-sort strategies, we now turn our 

attention to risk factor exposures. It is important to examine whether systematic or 

macroeconomic risk factors may explain the variation of returns of these strategies. 

Table 4-6 reports the multi-factor regression results on the double-sort strategies. Six 

strategies in total are selected for regression analysis. The first sort covers the 9 and 

12-month momentum signal and the second sort includes 18, 24 and 36-month reversal 

signals. Panel A shows the results of the Fuertes et. al., (2010) six-factor model, which 

consists of independent variables including returns on the S&P500, S&P GSCI, U.S. 

Government Bond, U.S. dollar effective exchange rate (FX) index, U.S. unexpected 

inflation (UI) and unexpected industrial production (UIP). While single-sort 

momentum strategies tend to load positively on the return of the commodity futures 

market (Table 4-3), results in Panel A of Table 4-6 indicate that once combined with 

the reversal signal, the relationship ceases to hold.  

Moreover, the double-sort strategies do not load significantly on any of the other 

factors, suggesting that the profitability of the combined strategy cannot be explained 

by U.S. stock and bond market, currency and the non-tradeable macroeconomic risks. 

As a result, the R
2
 from these regressions are extremely poor and the unexplained 

excess returns remain large and significant for all strategies.
98

 Furthermore, Panel B 

shows the results of the Moskowitz et. al., (2012) six-factor model, which includes 

independent variables such as the MSCI World Equity Index, S&P GSCI, J.P. Morgan 

Global Government Bond Index, U.S. cross-sectional size, value and momentum 

factors. Although none of the factors appear to be significant, the intercepts become 

slightly lower from an average of 19.3% to 14.23% per year.
99

 These results suggest 

that double-sort strategies are not exposed to standard U.S. or global risk factors. 

 

                                                 
98

 The Fuertes et. al., (2010) six-factor model is an extension of the Miffre and Rallis (2007) three-factor 

model. We have also tested the latter and found consistent results. 
99

 In addition to the JP Morgan Global Government Bond Index, we also used the Barclays Global 

Aggregate Bond to check the robustness of these results. We do not find inconsistent results despite the 

data of the latter being available from 1990. 
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 Table 4-7 Liquidity, volatility, sentiment and extremes 

This table reports the factor loadings of double-sort strategies on global funding liquidity, market volatility, investors‘ sentiment factors and their extremes. Momentum 

sorting periods are 9 and 12 months and contrarian sorting periods are 18, 24 and 36 months. The dependent variables are the double-sort strategy returns and the independent 

variables are the risk factors and extremes. Panel A shows the regression results on the TED spread, Panel B shows market volatility exposure and Panel C reports strategy 

loadings on sentiment factors. TED spread is the difference between the yield on the 3-month T-bill and LIBOR. VIX denotes the Chicago Board Options Exchange (CBOE) 

Market Volatility Index. Baker and Wurgler (2007) sentiment factors are obtained from Jeffrey Wurgler‘s NYU website. Quantile regressions are carried out for all extreme 

estimations. The sample covers the period 1977 to 2011. The t-statistics are reported in brackets. 

   

Mom9-

Ctr18  
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Ctr24  

 
Mom12-

Ctr18 

 

Mom12-

Ctr24  

 
Mom9-

Ctr18  

 
Mom9-

Ctr24  

 
Mom12-

Ctr18 

 

Mom12-

Ctr24  

                      

Panel A: TED Spread and Extremes 

   

 

  

 

    

 

  

 

  

 

   TED Spread Coefficient 

 

0.0910 

 

 0.715 

 

 0.525 

 

0.492 

 

 

  

 

  

 

   

 

(t-statistics) 

 

(0.10) 

 

 (0.74) 

 

 (0.48) 

 

(0.39) 

 

 

  

 

  

 

   TED Spread Top 20% Coefficient 

   

 

  

 

    

 0.0820 

 

 1.235 

 

 5.625*** 

 

3.591** 

 

(t-statistics) 

   

 

  

 

    

 (0.07) 

 

 (0.80) 

 

 (4.98) 

 

(2.68) 

     

 

  

 

    

 

  

 

  

 

   Panel B: Market Volatility and Extremes 

   

 

  

 

    

 

  

 

  

 

   VIX Coefficient 

 

0.0222 

 

 0.00662 

 

 -0.0102 

 

-0.0210 

 

 

  

 

  

 

   

 

(t-statistics) 

 

(1.42) 

 

 (0.32) 

 

 (-0.64) 

 

(-1.18) 

 

 

  

 

  

 

   VIX Top 20% Coefficient 

   

 

  

 

    

 0.0310 

 

 -0.00653 

 

 -0.0304 

 

-0.0383 

 

(t-statistics) 

   

 

  

 

    

 (1.67) 

 

 (-0.24) 

 

 (-0.90) 

 

(-1.46) 

     

 

  

 

    

 

  

 

  

 

   Panel C: Baker and Wurgler (2007) Sentiment Factors and Extremes 

 

 

    

 

  

 

  

 

   Sentiment Coefficient 

 

0.0004

52  

 0.00188 

 

 -0.00252 

 

-0.00168 

 

 

  

 

  

 

   

 

(t-statistics) 

 

(0.08) 

 

 (0.30) 

 

 (-0.50) 

 

(-0.27) 

 

 

  

 

  

 

   Sentiment Top 20% Coefficient 

   

 

  

 

    

 0.00679 

 

 0.00895 

 

 -0.0134 

 

-0.00885 

 

(t-statistics) 

   

 

  

 

    

 (0.87) 

 

 (0.80) 

 

 (-1.70) 

 

(-1.04) 

Sentiment Bottom 20% Coefficient 

 

0.0051

5  

 0.00760 

 

 0.00929 

 

0.00457 

 

 

  

 

  

 

   

 

(t-statistics) 

 

(1.14) 

 

 (1.07) 

 

 (1.18) 

 

(0.51) 

 

 

  

 

  

 

   

     

 

  

 

    

 

  

 

  

 

   Change in Sentiment Coefficient 

   

 

  

 

    

 0.00052

6  

 0.00034

2  

 -0.000525 

 

0.00133 

 

(t-statistics) 

   

 

  

 

    

 (0.12) 

 

 (0.09) 

 

 (-0.13) 

 

(0.37) 

Change in sentiment Top 20% Coefficient 

 

0.0016

4  

 -0.00569 

 

 0.00563 

 

0.00271 

 

 

  

 

  

 

   

 

(t-statistics) 

 

(0.26) 

 

 (-0.81) 

 

 (0.74) 

 

(0.51) 

 

 

  

 

  

 

   Change in Sentiment Bottom 20% Coefficient 

   

 

  

 

    

 -0.00341 

 

 0.00220 

 

 -0.00747 

 

-0.00607 

 

(t-statistics) 

   

 

  

 

    

 (-1.05) 

 

 (0.47) 

 

 (-1.64) 

 

(-1.40) 
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Table 4-7 reports the factor loadings of the double-sort strategies on global 

funding liquidity, market volatility, investors‘ sentiment and their extremes. The 

purpose of these regressions is to examine whether the double-sort strategy returns can 

be explained by liquidity, volatility and sentiment. Panel A shows the regression 

results on the TED spread, constructed by the difference between 3-month T-bill and 

3-month LIBOR yield.
100

 Panel B shows the double-sort strategy‘s exposure to the 

VIX index, a proxy for market volatility. Panel C reports loadings on the Baker and 

Wurgler (2007) sentiment factors.
101

 To capture the top and/or bottom 20% most 

extreme realisations of the liquidity funding environment, market volatility and 

investors‘ sentiment, quantile regressions are estimated. To conserve space, the 

intercept and R
2
 are omitted. The first row of Panel A of Table 4-7 shows that there is 

no significant relationship between funding liquidity and the profitability of double-

sort strategies. However, during the most extreme episodes of illiquidity, combined 

strategies based on a 12-month momentum signal show a significant positive 

relationship with the TED spread, implying that the combined strategy works best 

during periods of extreme liquidity shocks.
102

 Strikingly, this relationship is not found 

when using a single-sort 12-month momentum strategy alone. The finding implies that 

combining momentum with a reversal/contrarian signal may improve our 

understanding of the dynamics of momentum. Panels B and C suggest that market 

volatility, sentiment factors and their extremes do not exhibit a significant relationship 

with the profitability of the double-sort strategies. The relationship in Panel A of Table 

4-7 is better visualised graphically. 

  

                                                 
100

 Brunnermeier and Pedersen (2009), Moskowitz et. al., (2012) and Asness et. al., (2013) also use the 

TED spread as a proxy for global funding liquidity. 
101

 Three-month T-bill and LIBOR rates are obtained from the Federal Reserve Bank of St. Louis. The 

data on the VIX is obtained from the Chicago Board Options Exchange (CBOE). Sentiment factors are 

downloaded from Jeffrey Wurgler‘s NYU website. 
102

 For robustness reasons, we also used the U.S. aggregate liquidity factor (Pastor and Stambaugh, 

2003). We did not find significant relationships based on either full or the extreme quantile of liquidity, 

and the loser portfolios are significant at the 10% level in some cases. 
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Figure 4-5 TED Spread and Mom12-Ctr18 excess return plot (de-meaned) 

This figure plots the excess return of the double-sort strategy (Mom12-Ctr18) against 

the global funding liquidity (TED-spread). Both TED spread and Mom12-Ctr18 are de-

meaned. The dotted line represents the double-sort strategy, the circle and diamond 

plots depict the TED spread where diamond plots highlight the 75
th

 percentile. The 

primary x-axis indicates the former and the secondary x-axis indicates the latter. 

 

Figure 4-5 shows the demeaned return of the Mom12-Ctr18 and the TED spread 

from 1986 to 2011. The top 25% observations of the TED spread depicted by diamond 

plots indicates the most extreme realisations of liquidity events, which reflect the 1987 

stock market crash, 2001 dot-com bubble, September 11th, the 2007 quant meltdown 

and the collapse of Bear Stearns and Lehman Brothers in 2008. The double-sort 

strategy seems to perform better under these extremely liquidity funding environments. 

This finding has important implications to the funds management industry. Since most 

traditional investments (including long-only passive commodities funds) decline in 

value during extreme liquidity events, the proposed dynamic strategy in commodity 

futures markets not only helps to reduce the overall risk but improves the returns of 

traditional portfolios. Thus, this strategy can be employed as a viable diversification 

tool, providing much needed protection from market turbulences. 
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Furthermore, the integrated momentum and reversal strategy‘s links with 

funding liquidity presented in this study support the previous findings in Asness et. al., 

(2013). In their study, Asness et. al., (2013) show that momentum (value) is positively 

(negatively) related to liquidity risk only when these strategies are formed globally 

across asset classes. They use 12-month past returns as the momentum signal and a 

ratio of the past five-years to the most recent price as the value signal. Since this study 

focuses only on commodity futures, it is not surprising that the single-sort momentum 

does not exhibit a significant relationship with the TED-spread. Moreover, Asness et. 

al., (2013) also show that a global multi-asset class momentum and value combined 

strategy is related to a number of liquidity proxies. The value signal employed by 

Asness et. al., (2013) is similar to the second sort contrarian/reversal used in this 

study.
103

 Thus, our results support the findings of Asness et. al., (2013), given that the 

double-sort momentum and reversal strategy of commodity futures is also related to 

extreme periods of global funding liquidity.  

                                                 
103

 The value signal of Asness et. al., (2013) exhibits an average correlation of 0.78 with the 

conventional contrarian/reversal signal (3-5 years) in the commodity futures markets. 
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Table 4-8 Extreme funding liquidity and decomposed double-sort strategy return 

This Table reports the regression results of pure momentum/reversal and decomposed double-sort strategy returns on funding liquidity. The dependent variables are double-

sort strategy returns with contrarian or momentum (or both) removed and the independent variables are the TED spread and extremes. Panel A reports pure momentum and 

reversal whereas Panel B reports the results based on orthogonalised returns. In Panel A, MOMJ-K denotes single-sort momentum strategies and CTRJ-K denotes single-sort 

contrarian/reversal strategies. The dependent variables are returns of pure momentum and contrarian strategies and the independent variables are the TED Spread and 

extremes. In Panel B, MOMJ1-CTRJ2
NON-Mom

 and MOMJ1-CTRJ2
NON-Ctr

 denotes the orthogonalised double-sort strategy with momentum or reversal removed, respectively. 

MOMJ1-CTRJ2
 NON-Mom&Ctr

 denotes the orthogonalised double-sort strategy with momentum and reversal both eliminated. According to the assumptions in Equation (2), 

MOMJ1-CTRJ2
 NON-Mom&Ctr

 can also be viewed as the interaction term between momentum and reversal.  

                 

Panel A: Pure momentum/ reversal 

                MOMJ-K as dependent variable 

  

Mom9-1  

   

Mom12-1  

   

Mom9-1  

   

Mom12-1  

  TED Spread Coefficient 

 

-0.249 

   

-0.0850 

          

 

(t-statistics) 

 

(-0.34) 

   

(-0.10) 

          TED Spread Top 20% Coefficient 

         

1.407 

   

0.547 

  

 

(t-statistics) 

         

(1.54) 

   

(0.54) 

  CTRJ-K as dependent variable 

  

Ctr18-1  

 

Ctr24-1  

 

Ctr36-1  

 

Ctr48-1  

 

Ctr18-1  

 

Ctr24-1  

 

Ctr36-1  

 

Ctr48-1  

TED Spread Coefficient 

 

0.794 

 

1.764* 

 

0.783 

 

1.363 

        

 

(t-statistics) 

 

(0.97) 

 

(2.40) 

 

(1.01) 

 

(1.57) 

        TED Spread Top 20% Coefficient 

         

1.096 

 

2.316* 

 

1.495 

 

1.769 

 

(t-statistics) 

         

(0.88) 

 

(1.97) 

 

(1.83) 

 

(1.44) 

                  Panel B: Orthogonalised double-sort return 

                MOMJ1-CTRJ2
NON-Mom

 as dependent variable 

 

Mom9-Ctr18  

 

Mom9-Ctr24  

 

Mom12-Ctr18 

 

Mom12-Ctr24  Mom9-Ctr18  Mom9-Ctr24  Mom12-Ctr18 

 

Mom12-Ctr24  

TED Spread Coefficient 

 

0.307 

 

0.946 

 

0.598 

 

0.573 

        

 

(t-statistics) 

 

(0.47) 

 

(1.47) 

 

(0.89) 

 

(0.86) 

        TED Spread Top 20% Coefficient 

         

2.039 

 

2.233* 

 

0.478 

 

1.508* 

 

(t-statistics) 

         

(1.58) 

 

(2.23) 

 

(0.51) 

 

(2.06) 

MOMJ1-CTRJ2
NON-Ctr

 as dependent variable 

                TED Spread Coefficient 

 

0.300 

 

0.933 

 

0.851 

 

1.064 

        

 

(t-statistics) 

 

(0.34) 

 

(0.96) 

 

(0.85) 

 

(0.89) 

        TED Spread Top 20% Coefficient 

         

0.100 

 

2.148 

 

4.669*** 

 

3.492* 

 

(t-statistics) 

         

(0.08) 

 

(1.48) 

 

(3.75) 

 

(2.29) 

MOMJ1-CTRJ2
NON-Mom&Ctr

 as dependent variable 

                TED Spread Coefficient 

 

-0.0906 

 

0.190 

 

0.115 

 

-0.179 

        

 

(t-statistics) 

 

(-0.19) 

 

(0.33) 

 

(0.20) 

 

(-0.30) 

        TED Spread Top 20% Coefficient 

         

1.146 

 

2.714*** 

 

1.709* 

 

0.781 

 

(t-statistics) 

         

(1.81) 

 

(3.43) 

 

(2.02) 

 

(1.62) 
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4.4.4    Decomposition of Strategy Returns 

Since the returns of the combined strategy are related to the most extreme realisations 

of the liquidity funding environment, we examine this relationship further in this 

section. Table 4-8 reports the regression results of pure momentum/reversal and 

decomposed double-sort strategy returns on extreme liquidity. The dependent variables 

are decomposed strategy returns and the independent variables are funding liquidity 

and extremes.  In Panel A, although the contrarian strategy with a ranking period of 24 

months is significant at the 10% level, a pure single-sort momentum or 

contrarian/reversal does not appear to be related to the TED spread or its extremes. The 

results suggest that the liquidity link is not purely due to momentum or 

contrarian/reversal. Interestingly, if neither momentum nor reversal is directly related 

to liquidity, then what is driving the liquidity link of the double-sort strategy returns?  

To understand these findings, we propose a decomposition of the double-sort 

strategy return in Panel B, by introducing an interaction term between momentum and 

reversal. The following relationship is assumed: 

 MOMJ1-CTRJ2 ≡ MOMJ-K,t + CTRJ-K,t + INTERt (4-2) 

where MOMJ1-CTRJ2 denotes the double-sort strategy return, MOMJ-K,t denotes 

the single-sort momentum strategy, CTRJ-K,t denotes the single-sort reversal/contrarian 

return and INTERt represents the interaction term between the momentum and reversal 

strategies. The interaction term, which is not captured when examining momentum and 

reversal alone, is difficult to quantify. Following Elton, Gruber, Das and Hlavka 

(1993), an orthogonalisation process is implemented to isolate the dynamics of this 

interaction term from the double-sort strategy returns. The following regression 

specifies the setup of the orthogonalisation process: 

 MOMJ1-CTRJ2 = αi + βM MOMJ-K,t + βC CTRJ-K,t + ϵt (4-3) 

where αi is the intercept term, βM and βC are the coefficients of the momentum 

and contrarian/reversal components, respectively; and ϵt is the random error term. To 

eliminate the influence of momentum, we first estimate the above regression by setting 

βC = 0. Subsequently, MOMJ1-CTRJ2
NON-Mom

 (orthogonal to momentum) is created by 
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using the intercept plus the residuals as a new time series. Similarly, the influence of 

the contrarian/reversal returns can be eliminated by re-estimating Equation 4-3 with βM 

= 0. The interaction term can be isolated by estimating Equation 4-3 with no imposed 

restrictions. 

Panel B of Table4-8 reports the regression results on orthogonalised returns. 

MOMJ1-CTRJ2
NON-Mom

 and MOMJ1-CTRJ2
NON-Ctr

 denotes the orthogonalised double-sort 

strategy with momentum or reversal removed, respectively. MOMJ1-CTRJ2
 NON-Mom&Ct

 

denotes the orthogonalized double-sort strategy with momentum and reversal both 

eliminated. According to the assumptions in Equation 4-2, MOMJ1-CTRJ2
 NON-Mom&Ctr

 is 

defined as the interaction term. First, when MOMJ1-CTRJ2
NON-Mom

 is the dependent 

variable (momentum is removed with contrarian and interaction terms remaining), the 

extreme liquidity link is weakly present (significant at the 10% level). However, since 

the pure contrarian term in Panel A is not related to liquidity, the result may imply the 

significance of the interaction term. Second, when MOMJ1-CTRJ2
NON-Ctr

 is the 

dependent variable (contrarian term is eliminated with momentum and interaction 

remaining), the link appears to be strong. However, since pure momentum is not 

related to extreme liquidity, the significance of the coefficient hints again at the 

importance of the interaction term. Lastly, when MOMJ1-CTRJ2
 NON-Mom&Crt 

is the 

dependent variable (momentum and contrarian terms are both eliminated with the 

interaction term remaining), the extreme liquidity link remains relatively strong.
104

 

Overall, the findings in Table 4-8 suggest that the double-sort strategy exhibits a link 

with extreme liquidity and this relationship is driven by the interaction between the 

momentum and reversal returns. 

4.4.5    Data-snooping and Transaction Costs 

To examine whether the superiority of double-sort strategies is due to luck or random 

noise in the data, we conduct further data-mining checks using the White (2000) 

Reality Check (RC) and Hansen (2005) Superior Predictive Ability (SPA) tests. The 

null hypothesis is that the average performance of the benchmark is as small as the 

minimum average performance across the strategies being tested. The alternative is 

                                                 
104

 Logit regressions confirm the findings in Table 4-8. In the interests of brevity, these results are not 

reported, but they are available upon request. 
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that the minimum average loss across the strategies is smaller than the average 

performance of the benchmark. We consider three different bootstrap block lengths, 

namely 2, 10 and 20 for robustness. At each length, both stationary and circular 

bootstraps are performed based on 10,000 replications.
105

 Pairwise comparisons with 

respect to the benchmark are not performed because the alternative strategies are 

ignored (as they suffer from data-mining problems). Appendix 3 reports the RC and 

SPA results. Panel A reports all strategies against the equal-weighted long-only 

benchmark. Panel B reports 13 single-sort strategies against the passive benchmark, 

and Panel C reports 12 double-sort strategies against the benchmark. Panel D reports 

12 double-sort strategies against the most profitable single-sort active strategy as the 

benchmark. Overall, the results in Appendix 3 consistently suggest the rejection of the 

null hypothesis, therefore, confirming that the superiority of active single- and double-

sort strategies is not due to data mining.  

Although not explicitly accounted for in this study, the transaction costs of active 

strategies are unlikely to be a major issue. First, et. al., (2004) estimated a cost of 2.3% 

per trade and Jegadeesh and Titman (1993) used a more conservative 0.5% per trade in 

the equities market. However, as Locke and Venkatesh (1997) and Marshall et. al., 

(2012) show, transaction costs in the futures markets range from 0.0004% to 0.033% 

per trade. This is significantly lower than those in the equities market. Second, short 

selling in the equities market is often subject to special constrains. In some cases, the 

special requirements lead to increased trading costs. However, in extreme cases, stocks 

may be banned for short sales, which makes long-short active strategies (such as a 

momentum strategy) difficult to implement in a real market environment. In 

commodity futures, however, taking a short position is just as easy as taking a long 

position. Third, single or multi-sorted momentum strategies in the equities market 

require the purchase and sale of a large number (hundreds) of stocks across the entire 

market (or a segment of the market). As noted by Korajczyk and Sadka (2004), this 

will undoubtedly put pressure on the net profits generated from momentum trades. 

However, within the commodities futures universe, around 50 commodities (excluding 

emissions and other exotic commodities) are currently being traded actively on 

exchanges across the globe; of these, the 27 most liquid markets are selected for the 

                                                 
105

 Kevin Sheppard‘s BSDS Matlab routine is gratefully acknowledged. The stationary and circular 

bootstrap is based on Politis and Romano (1994) and Politis and Romano (1992), respectively.  
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formation of momentum strategies in this study. Compared to the stock market, the 

cross-section of commodities markets drastically reduces the trading intensity 

necessary to implement single or multi-sort momentum strategies.  

Despite the advantages described above, it is important to quantify the level of 

transaction costs specific to double-sort strategies presented in this study. We adopt the 

proxy for transaction cost estimates suggested in Fuertes et. al., (2010). Similar to the 

double-sort strategy described in this study, Fuertes et. al., (2010) employ a double-

sort strategy that combines momentum with a term structure signal. Based on their 

sample of 37 commodities, they estimated an annual portfolio turnover of 9.24 times, 

on average, across six double-sort strategies.
106

 Taking the highest turnover ratio 

(10.38 times) from Fuertes et. al., (2010), the transaction cost per annum is merely 

0.69%. Since Fuertes et. al., (2010) also use a 1-month holding period, quintile first-

sort and median second-sort break-point for portfolio formation, the transaction costs 

may be overstated in this case given that our sample includes fewer commodities. 

Clearly, the magnitude of profits presented in this study is far too large to be subsumed 

by the estimated transaction costs.  

                                                 
106

 The turnover ratio considered in this case includes the rolling over of futures contracts and changes in 

portfolio composition. Price impact, commissions and monthly rebalancing to equal weights are ignored. 
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Table 4-9 Correlations of single and double sort strategies with asset classes 

This table reports the Pearson correlations and p ratios. MomJ-1 denotes single-sort momentum 

strategies and MomJ1-CtrJ2 represents double-sort momentum and contrarian strategies. GSCI, 

S&P500 and T-Bond represent, respectively, the excess return of S&P GSCI, S&P 500 and 

U.S. Government Bond Index, respectively. FX denotes the U.S. dollar effective exchange rate 

and T-bill is the yield on the 3-month U.S. Treasury Bill. UMD represents the Fama-French 

cross-sectional momentum factor in the U.S. equities market. * denotes statistical significance 

at 5% or better. The absolute average of correlation is also reported. 

 

GSCI S&P500 T-bond FX T-bill UMD 

      

Panel A: Single-sort strategies 

     Mom12-1 0.2056* 0.0045 -0.0084 0.02 0.1045* 0.1475* 

 

(0.00) (0.93) (0.87) (0.69) (0.03) (0.00) 

       Mom9-1 0.1814* 0.0442 0.0115 -0.0636 0.0769 0.1563* 

 

(0.00) (0.37) (0.82) (0.20) (0.12) (0.00) 

       Absolute Average 0.1935 0.0244 0.0016 -0.0218 0.0907 0.1519 

       Panel B: Double-sort strategies 

     Mom9-Ctr18  0.0639 -0.0699 0.0418 0.0736 0.0952 0.0758 

 

(0.20) (0.16) (0.41) (0.14) (0.06) (0.13) 

       Mom12-Ctr18 0.0451 -0.0132 0.0789 -0.0459 0.065 0.062 

 

(0.37) (0.79) (0.12) (0.36) (0.19) (0.21) 

       Mom9-Ctr24  0.0813 -0.0129 0.0588 0.0475 0.1360* 0.0771 

 

(0.11 (0.80) (0.25) (0.34) (0.01) (0.13) 

       Mom12-Ctr24  0.072 0.0261 0.0977 -0.0463 0.0957 0.0575 

 

(0.15) (0.60) (0.06) (0.36) (0.06) (0.25) 

       Mom9-Ctr36  0.0544 0.0005 0.0225 0.0389 0.1167* 0.0383 

 

(0.29) (0.99) (0.66) (0.45) (0.02) (0.45) 

       Mom12-Ctr36 0.0178 0.0098 0.0757 -0.0283 0.1086* 0.0447 

 

(0.73) (0.85) (0.14) (0.58) (0.03) (0.38) 

       Absolute Average 0.0558 -0.0099 0.0626 0.0066 0.0853 0.0592 
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4.4.6    Diversification Benefits 

The proposed double-sort strategy can provide value-added benefits to GTAA teams at 

institutional funds.
107

 Table 4-9 reports the pearson correlations of the double-sort 

strategy returns with traditional asset classes. Panel A shows that the average 

correlation of the single-sort momentum strategies with GSCI and US cross-sectional 

UMD factor is 0.19 and 0.15, respectively (both significant at the 1% level). The 

strategy correlations with the S&P500, T-bond and FX index are close to zero and 

insignificant. On the contrary, Panel B shows that double-sort strategies are no longer 

related to the GSCI and UMD, which report an average correlation of 0.056 and 0.059, 

respectively. In fact, the correlations are insignificant across the board.  

As Table 4-9 indicates, single-sort momentum strategies follow the general 

movements of commodity futures markets and U.S. equity momentum, but are 

unrelated to traditional asset classes such as equities and bonds. The double-sort 

strategies that jointly exploit momentum and reversal remain neutral to traditional 

asset classes; however, they do not appear to be related with commodities and the 

equity momentum premium. A plausible explanation lies within the second sort of the 

double-sort strategy. Since the second sort takes a contrarian view of the market, the 

trend following characteristics of momentum is neutralised by the opposite positions 

taken in the reversal signal. Therefore, the results imply that systematically allocating 

wealth towards high momentum commodities that are strengthened by reversal signals 

can assist in earning higher returns while reducing overall risk. 

4.5    Conclusion 

This study examines profitable trading strategies that jointly exploit momentum and 

reversal signals in commodity futures. The results suggest that buying commodities 

that outperformed the others and short selling commodities that underperformed the 

others in the past 12-months produces statistically significant profits. The profitability 

of a simple single-sort momentum strategy is strong and robust across sub-periods and 

persistent in both S&P and UBS data. Moreover, a detailed performance analysis 

                                                 
107

 GTAA refers to Global Tactical Asset Allocation. 
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reveals that momentum strategies are much riskier compared to the passive long-only 

benchmark. However, the increased riskiness leads to much improved Sharpe ratios 

over the benchmark return. 

Furthermore, this study performed an extensive set of post-holding/formation 

analyses on commodity momentum. The results found that regardless of the ‗look-back 

period‘ used, momentum profits in commodity futures peak at around 11 months after 

portfolio formation. Moreover, a consistent reversal pattern is pronounced at 2.5 years 

(30 months) even after controlling for commodity sector seasonality. The observed 

reversal pattern seems to be consistent with the overreaction hypothesis, leading to the 

conclusion that commodity market corrections for overreaction occur more rapidly 

compared to stock market corrections, which typically take 3 to 5 years. Furthermore, 

the persistent reversal pattern uncovered in this study implies that contrarian strategies 

formed at conventional look-back and holding periods will not be successful in 

commodity futures. Strikingly however, momentum profits tend to move back up from 

30 months and show no sign of stopping at 60 months after portfolio formation. This is 

largely inconsistent with existing rational and behavioural attempts in explaining 

momentum. The rationale behind this unusual pattern is beyond the scope of this study, 

but it constitutes an interesting avenue for future research. 

Using the insights obtained from the observed reversal pattern, we show that a 

double-sort strategy that jointly exploits momentum and reversal signals cross-

sectionally produces economically and statistically significant returns. The novel 

double-sort strategy substantially outperforms the respective pure momentum 

strategies on a risk-adjusted basis. The fact that the performance improvement does not 

come from long or short positions alone, but both long and short portfolios, implies 

that under a joint framework, momentum accelerates reversal and reversal strengthens 

momentum. 

The remarkable profitability of the double-sort strategy is robust to sector 

seasonality, data-mining and is persistent across sub-periods and datasets. Moreover, 

the success of the proposed strategy cannot be attributed to standard risk factors, 

market volatility or sentiment. Furthermore, the profitability of double-sort strategies is 

too large to be overwhelmed by transaction costs. However, consistent with recent 

studies on value and momentum combined strategies (Asness et. al., 2013), we find 
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that the returns of the double-sort strategy are at least partially related to global 

funding liquidity. Furthermore, the performance of double-sort strategies is unrelated 

to the dynamics of traditional asset classes, indicating that tactically allocating wealth 

towards high momentum commodities whose returns are strengthened by reversal 

signals can help enhance the returns while reducing the risk of traditional investment 

portfolios that concentrate on stocks and bonds. Finally, since the construction of the 

double-sort strategies requires nothing but past commodity prices, the apparent 

profitability of the double-sort strategies also poses significant challenges to the 

random walk hypothesis in the context of commodity futures.  
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Chapter 5    

52-week High and Low Momentum108 

5.1    Introduction 

Momentum is an active investment strategy that aims to exploit the return continuation 

of stocks by constructing a long stock portfolio of past winners and a short stock 

portfolio of past losers. The momentum investment strategy generates statistically 

significant profits in stock markets and multiple asset classes. These profits cannot be 

fully accounted for by existing systematic risks under a rational, efficient, capital 

markets framework.
109

 Pioneered by Jegadeesh and Titman (1993), the empirical 

evidence supporting momentum is extensive and persuasive.
110

  

The vast majority of these studies focus exclusively on the stock market, and 

relatively fewer studies have examined the momentum effect in the context of 

commodity futures (Erb and Harvey, 2006; Miffre and Rallis, 2007; Shen et. al., 2007). 

However, the recent boom in commodity futures investments has sparked renewed 

interest from both academia and industry in momentum investment strategies 

(Moskowitz et. al., 2012; Gorton et. al., 2013; Dewally et. al., 2013).
111

 In this study, 

we examine the performance of a new type of momentum strategy termed the ‗52-

week high momentum‘ in commodity futures. We document statistically and 

                                                 
108

 A paper based on this Chapter has been reviewed and accepted by the Conference on the 

Performance of Financial Markets and Credit Derivatives, which will be held at Deakin University, 

Geelong, Australia from 15-16 May, 2014. 
109

 See Chan et. al., (1996), Rouwenhorst (1998) and Asness  (2011) for stocks; Okunev and White 

(2003) and Menkhoff et. al., (2012) for currencies; Gebhardt et. al., (2005) and Asness et. al., (2013) for 

bonds. 
110

 Attempts to rationalise momentum profits using: macroeconomic risk (Griffin et. al., 2003; Antoniou 

et. al., 2007), conditional risk (Chordia and Shivakumar, 2002; Lewellen and Nagel, 2006), liquidity 

risk (Pastor and Stambaugh, 2003; Sadka, 2006), credit risk (Avramov et. al., 2007), bankruptcy risk 

(Eisdorfer, 2008), firm specific risk (Johnson, 2002; Li et. al., 2008), trading volume (Lee and 

Swaminathan, 2000), market states (Cooper et. al., 2004), dividend policy (Asem, 2009), limits to 

arbitrage (Chabot et. al., 2009) and sales order backlogs (Gu and Huang, 2010). 
111

 From 2003 to 2010, commodity related institutional investments have grown from less than $20 

billion to more than $250 billion according to a Barclays Capital survey of over 250 institutional 

investors (see http://www.barcap.com/about-barclays-capital/press-office/news-releases/2010/12/). 

Furthermore, AUM (assets under management) for managed futures have grown from $45 billion to 

$334 billion in the period of 2002-2012 (http://www.barclayhedge.com/). This is referred by the media, 

World Bank and IMF as the ―Commodity Investment Boom‖. 

http://www.barclayhedge.com/
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economically significant profits generated by tactically allocating wealth towards 

commodities that are nearest and furthest away from their 52-week high price levels. 

The design of the 52-week high momentum strategy originates from George and 

Hwang (2004, GH thereafter). The work of GH shows that investors use the 52-week 

high as a reference/anchoring point against which they evaluate the potential impact of 

news in U.S. stocks. When good news has pushed a stock‘s price near or above their 

52-week high, traders are reluctant to bid the price of the stock higher even if the 

information warrants it. Similarly when bad news pushes a stock price far from its 52-

week high, investors are initially unwilling to sell at prices implied by the information. 

When information prevails eventually, prices adjust to a new equilibrium thus resulting 

in return continuation. Consequently, GH find that momentum strategies constructed 

using the 52-week high generate higher abnormal profits than conventional momentum 

strategies. Furthermore, GH conclude that the 52-week high is a better predictor of 

future performance. Consistent with GH, Gupta et. al., (2010) and Liu, Liu and Ma 

(2011) confirm the findings of GH in international stock markets. 

This study extends our understanding of commodities momentum and makes 

four major contributions to the literature. First, we argue that if stock investors exhibit 

anchoring behaviours around the 52-week high level, then commodity investors should 

also display similar behaviour, despite that commodity returns are driven by factors 

that are different from those affecting stocks.
112

 Grinblatt and Han (2002) predict that 

the anchoring behaviour (whereby the acquisition price acts as an anchor) leads to 

momentum effects for stocks whose prices are at or near not only long-run highs but 

long-run lows.
113

 Contrary to the Grinblatt and Han (2002) predictions, GH do not find 

positive abnormal profits when momentum strategies are formed on stocks‘ nearness 

to their 52-week low. They attribute the absence of 52-week low momentum to a tax 

                                                 
112

 Studies have shown that commodity investments exhibit low correlations with traditional asset 

classes, thus including commodities helps reduce the overall risk associated with traditional portfolios 

(see Bodie and Rosansky, 1980; Jensen et. al., 2000:2002, Erb and Harvey, 2006; Gorton and 

Rouwenhorst, 2006). 
113

 Grinblatt and Han (2002) argue that investors are subject to a disposition effect which causes the 

aversion to sell shares that result in the recognition of losses. 
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distortion effect.
114

 However, this study shows that both the 52-week high and the 52-

week low momentum strategies generate statistically significant profits in commodity 

futures. The findings suggest that the anchoring behaviour of commodity investors 

around the 52-week low may be different from those observed in the stock market. 

Second, a series of comparative analyses suggest that the 52-week high 

momentum is a better predictor of future performance than the conventional and the 

52-week low momentum in commodity futures. Consistent with GH, our results 

indicate that the profits from the 52-week high momentum strategy are robust after 

controlling for conventional momentum, but not vice versa. While the 52-week low 

and conventional momentum can be completely subsumed by each other, the 52-week 

high momentum alone is able to explain more than half of the variation of returns in 

the conventional momentum portfolio. Furthermore, since nearly three quarters of the 

variation can be explained by the 52-week high and low momentum combined, we 

argue that conventional momentum can largely be explained by the anchoring 

behaviour of investors around the 52-week high and the 52-week low of commodity 

prices. Furthermore, we find that the 52-week high momentum profits do reverse in a 

relatively short period of time (1 to 2.5 years). Unlike the stock market literature, 

whereby 52-week high momentum profits do not reverse over the long-term, our 

findings suggest that momentum and reversal can co-exist in commodity futures, as 

predicted by the behavioural models of Barberis et. al., (1998), Daniel et. al., (1998) 

and Hong and Stein (1999). 

Third, in an attempt to link the behaviour of the 52-week high and 52-low 

momentum strategies to common risk factors, we find that global funding liquidity 

plays a significant role in the process. We show that a six-factor framework employed 

by Fuertes et. al., (2010) and Moskowitz et. al., (2012) does not explain commodity 

momentum portfolio returns, although it seems to explain the winners and losers 

portfolios well.
115

 In addition to the six-factor model, the winners and losers (but not 

momentum) portfolios across strategies are negatively related to the VIX, suggesting a 

                                                 
114

 GH state that locked-in capital gains decrease investors‘ willingness to sell a stock. Thus, prices of 

stocks that are winners relative to the 52-week low tend to be above their fundamental values. When the 

mispricing is corrected, the reversal may offset any momentum generated by the 52-week low. 
115

 The six factors in the multi-factor framework are the returns of the GSCI, S&P500, Barclay US 

aggregate government bond, the US dollar effective exchange rate, unexpected inflation and unexpected 

industrial production. 
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symmetrical response by winners and losers to changes in market volatility. Moreover, 

the profits of the 52-week high momentum strategy are completely subsumed by the 

TED spread. Despite a low R
2
, this finding implies that global funding liquidity is an 

important component of the term structure of the 52-week high momentum. 

Furthermore, the 52-week high momentum is negatively related to the bottom 20% of 

the changes in investor sentiment, suggesting that the strategy tends to perform well 

during the episodes of stable market conditions (i.e. smaller shifts in sentiment in the 

markets). 

Fourth, remarkably consistent with the predictions of the adaptive market 

hypothesis (AMH), our sub-period analysis reveals a significant declining trend in the 

momentum profits of the 52-week high. Proposed by Lo (2004, 2012), the AMH 

argues that the irrational behaviour of market agents (anchoring, heuristics, 

underreaction and etc.) continue to exist, because agents must adjust their behaviours 

in order to ‗survive‘ in a market environment that is rapidly evolving. Since prior 

studies of the 52-week high momentum offers little guidance on the finding, we 

conjecture that the anchoring behaviour of commodity traders has changed over time, 

and is likely to be caused by the tremendous growth in the commodity investment 

industry since the early 1990s. As more and more professional traders enter the 

commodities market, competition for survival intensifies, thus more profit 

opportunities are gradually eroded or even disappear. 

The remainder of the Chapter proceeds as follows. Section 5.2 describes the data 

sources and the methodology of the 52-week high and 52-week low momentum 

strategies compared to the conventional momentum strategy. Section 5.3 reports the 

empirical results starting with the profitability analysis in Section 5.3.1. Section 5.3.2 

presents the comparative analysis and the results on risk adjustment are reported in 

Section 5.3.3. Section 5.3.4 details the sub-period robustness test and discussions on 

the adaptive market hypothesis. The study concludes in Section 5.4. 

5.2    Data and Portfolio Formation 

This study employs data from one of the most prominent benchmark providers, 

Standard and Poor‘s. The Standard and Poor‘s Goldman Sachs Commodity Index 

(S&P GSCI) is a production-weighted, broadly diversified index that tracks the overall 
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performance of the commodities markets. The S&P GSCI is one of the most widely 

used benchmarks for investments in commodity futures. However, since construction 

of momentum strategies requires the transactions of multiple commodities 

simultaneously, we employ the individual commodity indices published by S&P. 

Table 5-1 Commodities data description 

This table lists all commodities included in our primary sample. Classified by sectors, Table 5-1 presents 

the ticker symbol, exchange information and commencement dates of each commodity. The basic 

summary statistics (mean, standard deviation, skewness and kurtosis) of raw returns are also reported. 

The raw returns are computed using end-of-month prices. All commodities included in the sample are 

published by the Standard and Poor‘s. Despite the variations in commencement dates, all price time-series 

end in July 2013. 

Sector Commodity Ticker Exchange Start Date Mean Std. Dev. Skew. Kurt. 

Energy Brent crude SPGSBRP ICEUK Jan-99 0.0166 0.0903 -0.2066 4.6608 

 
Gas oil SPGSGOP ICEUK Jan-99 0.0161 0.0929 -0.0680 3.8938 

 

Heating oil SPGSHOP NYMEX Jan-83 0.0079 0.0921 0.4035 4.6305 

 
Natural gas SPGSNGP NYMEX Jan-94 -0.0138 0.1521 0.5633 4.0657 

 

RBOB gas SPGSHUP NYMEX Jan-88 0.0148 0.1003 0.3878 5.6648 

 
WTI crude SPGSCLP NYMEX Jan-87 0.0097 0.0956 0.3896 5.2863 

         Precious  metals Gold SPGSGCP COMEX Jan-78 0.0018 0.0570 0.5219 6.4708 

 
Platinum SPGSPLP NYMEX Jan-84 0.0054 0.0646 -0.0064 6.6750 

 

Palladium SPGSPAP NYMEX Dec-08 0.0271 0.0808 -0.7581 3.5468 

 
Silver SPGSSIP COMEX Jan-77 0.0030 0.0959 0.5494 8.3917 

         Live stock Feeder cattle SPGSFCP CME Jan-02 0.0014 0.0439 -0.2205 3.7071 

 
Lean hogs SPGSLHP CME Jan-77 -0.0004 0.0707 -0.0157 3.4048 

 

Live cattle SPGSLCP CME Jan-77 0.0030 0.0431 -0.1517 4.6587 

         Industrial metals Aluminum SPGSIAP LME Jan-91 -0.0026 0.0558 0.1547 3.3997 

 
Copper SPGSICP LME Jan-77 0.0071 0.0783 0.2537 6.0713 

 

Lead SPGSILP LME Jan-95 0.0072 0.0854 -0.0220 4.0244 

 

Nickel SPGSIKP LME Jan-93 0.0083 0.1017 0.1822 3.3713 

 
Tin SPGCISP LME Mar-07 0.0106 0.0926 0.1063 2.9046 

 

Zinc SPGSIZP LME Jan-91 0.0003 0.0739 -0.0186 4.9976 

         Softs Cocoa SPGSCCP ICEUS Jan-84 -0.0034 0.0835 0.6107 4.2089 

 

Coffee SPGSKCP ICEUS Jan-81 0.0009 0.1078 1.0452 5.9413 

 
Cotton SPGSCTP ICEUS Jan-77 0.0007 0.0707 0.4013 4.3263 

 

Orange juice SPGSOJP ICEUS Jan-99 -0.0003 0.0875 0.1517 2.9880 

 
Sugar SPGSSBP ICEUS Jan-77 0.0011 0.1119 1.1449 7.4075 

         Grains Corn SPGSCNP CBOT Jan-77 -0.0036 0.0726 0.7371 7.2928 

 

Soybean SPGSSOP CBOT Jan-77 0.0021 0.0683 0.0831 4.0370 

 

Soybean oil SPGSBOP CBOT Jan-05 0.0052 0.0781 -0.3089 4.9457 

 
Soybean meal SPGSSMP CBOT May-12 0.0174 0.0858 0.7128 2.7104 

 

Wheat SPGSWHP CBOT Jan-77 -0.0035 0.0720 0.4064 5.0328 

 
Kansas wheat  SPGSKWP KCBT Jan-99 -0.0009 0.0839 0.5321 4.8833 

This study employs data from one of the most prominent benchmark providers, 

Standard and Poor‘s. The Standard and Poor‘s Goldman Sachs Commodity Index 

(S&P GSCI) is a production-weighted, broadly diversified index that tracks the overall 

performance of the commodities markets. The S&P GSCI is one of the most widely 
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used benchmarks for investments in commodity futures. However, since construction 

of momentum strategies requires the transactions of multiple commodities 

simultaneously, we employ the individual commodity indices published by S&P. 

Our sample consists of 30 commodities from six different sectors, namely 

Energy (brent crude, gas oil, heating oil, natural gas, RBOB gas and WTI crude), 

Precious Metals (gold, platinum, palladium and silver), Industrial Metals (aluminum, 

copper, lead, nickel, tin and zinc), Livestock (feeder cattle, lean hogs and live cattle), 

Grains (corn, soybean, soy oil, soy meal, Chicago wheat and Kansas wheat) and Softs 

(cocoa coffee, cotton, frozen orange juice and sugar). We obtain daily excess return 

commodity futures indices for these commodities from December 1969 through July 

2013. All data are sourced from Datastream International. 

Since only five commodities were available at the inception date, the 

commencement date is adjusted to January 1977 in order to maintain reasonable 

volatility levels in each long and short portfolio. Table 5-1 reports the ticker symbol, 

exchange information and commencement dates of each commodity futures. The end-

of-the-month price is used to compute the aggregated monthly commodity returns 

time-series.
116

 

Although Datastream is commonly used in the commodities momentum 

literature, specific use of the GSCI individual commodity futures data is limited (see 

Wang and Yu, 2004; Miffre and Rallis, 2007; Marshall et. al., 2008). Thus, it is 

important to note the differences in rolling methodologies between our sample and 

previous studies. To compile the continuous time-series futures returns, prior studies 

have taken an ‗immediate roll‘ approach, i.e. all positions in the expiring futures 

contract are closed out on the same day when the new positions are opened in the 

nearby or distant contracts. Whereas the GSCI individual commodities time-series 

prices are compiled by gradually rolling all positions over a pre-defined roll period of 
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 As a robustness check, the 15
th

-of-the month price is also employed to construct the monthly returns 

time series and the results are similar to those reported using end-of month prices. 
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five days (the 5
th

 to the 9
th

) in each month.
117

 The ‗gradual roll‘ approach is more 

practical for investors because rolling large positions on a single day may create an 

adverse price impact on commodity futures markets, and hence, the value of an 

investment portfolio. 

Investors in futures markets earn a total return that is comprised of the collateral 

return and the futures return. The former is the risk-free return earned on the cash 

position or collateral component of the futures position and the latter is generated by 

the changes in the futures price. In this study, we assume no leverage in all futures 

positions. In other words, every long or short portfolio is fully collateralised. The 

combined long-short strategy is approximately 50% collateralised, and therefore, the 

uninvested capital may be used to facilitate potential margin calls triggered before the 

end of each holding period. In addition to the futures returns, the long-short strategies 

should also generate collateral returns in excess of any margin call.
118

 

The conventional momentum strategy is constructed following Miffre and Rallis 

(2007) and Fuertes et. al., (2010). At the end of each month in the sample, all 

commodities are sorted into terciles (winner, middle and loser) based on their past 12-

months compounded returns.
 119

 The momentum strategy takes a long position in the 

winners portfolio and a short position in the losers portfolio. These positions are held 

for one month after portfolio formation.
 
This procedure is repeated monthly and all 

futures positions are rebalanced at the end of each month. Consistent with the 
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 For example, on the first day of the roll period for a given commodity, the first nearby contract and 

the roll contract will take a weight of 0.8 and 0.2, respectively. As time approaches to the end of the roll 

period, the weight will change to 0.6/0.4, 0.4/0.6, 0.2/0.8 until the futures contract closest to expiry takes 

a zero weight and the position is completely rolled-over to the next nearby contract. The compiled time 

series futures price included in our sample uses only the nearest and the next nearest contracts as these 

roll contracts mitigate liquidity concerns over the futures contracts expiring in faraway months. See 

S&P (2012, p. 36) for details on their futures contract roll weights. 
118

 In this study, we report only the excess return of all strategies. Thus, the total realisable profits in 

practice may be underestimated. 
119

 The 12-month past return is selected because momentum strategies formed using this ranking period 

consistently outperforms all other ranking periods (i.e. 1, 3 6 and 9 months) examined in the previous 

studies (see Shen et. al., 2007; Moskowitz et. al., 2012; Asness et. al., 2013). 
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commodities momentum literature, no monthly gap is skipped between formation and 

investment period and all portfolios are equal-weighted.
120

 

The 52-week high momentum strategy is constructed following George and 

Hwang (2004).
 121

 At the end of each month, all commodities included in the sample 

are sorted into winner, middle and loser portfolios based on their nearness to the 52-

week high ratio. The nearness ratio is calculated by Pi,t-1/highi,t-1, where Pi,t-1 is the 

price of commodity i at the end of month t-1 and highi,t-1 is the highest price of 

commodity i during the 12-month period before the end of month t-1. This procedure 

is repeated monthly and all portfolios are rebalanced at the end of each month. 

Consistent with the conventional momentum strategy, no monthly gap is skipped 

between formation and evaluation periods. Since the holding period is limited to one 

month, all portfolios are non-overlapping and equal-weighted. 

The 52-week low momentum strategy is constructed in a similar way as the 52-

week high momentum strategy. Instead of the nearness to the 52-week high ratio, 

commodities are ranked based on their nearness to the 52-week low ratio. The nearness 

ratio is calculated by Pi,t-1/lowi,t-1, where Pi,t-1 is the price of commodity i at the end of 

month t-1 and lowi,t-1 is the lowest price of commodity i during the 12-month period 

before the end of month t-1. All portfolios are rebalanced monthly with no monthly 

gap skipped between ranking and holding periods and all portfolios are non-

overlapping and equal-weighted. 

  

                                                 
120

 Momentum strategies in the commodities market do not suffer from the reversal effect in the first 

month after formation as documented extensively in the stock market, thus we do not skip one month 

between formation and investment as these returns are realisable (Moskowitz and Grinblatt, 1999; 

Cooper et. al., 2004; Boni and Womack, 2006). 
121

 GH uses the classic 6/6 strategy, i.e. 6 months ranking and investment, therefore their portfolios are 

overlapping, whereas our conventional momentum strategy is non-overlapping. 
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 Table 5-2 Performance of momentum strategies 

Commodities are sorted based on their previous 12-month return, their nearness to 52-week high and nearness to their 

52-week low. The headings Winner and Loser use the Fuertes et. al., (2010, FMR hereafter) methodology of the 30% 

of commodities with the highest (lowest) previous 12-month return. The heading Middle are commodities that are 

neither winners nor losers. The 52-week high/low winners (losers) are the 30% of commodities that have the highest 

(lowest) 52-week high/low measure; the middle group consists of those that are neither winners nor losers. This table 

reports the performance of conventional (Panel A), 52-week high (Panel B) and 52-week low (Panel C) momentum 

strategies. All portfolios are held for one month. W-L represents the Winners-Losers (momentum) portfolio. The 

sample covers the period February 1977 through July 2013. 

 

Winner  Middle Loser W-L 

    
Panel A: Conventional momentum strategy 

   Annualised arithmetic mean 0.1083 -0.0002 -0.0183 0.1266 
t-statistics 3.00 -0.01 -0.66 3.41 
Annualised geometric mean 0.0852 -0.0109 -0.0318 0.1025 

Annualised volatility 0.2153 0.1459 0.1647 0.2214 

Reward/Risk Ratio 0.5033 -0.0012 -0.1111 0.5720 
Sortino Ratio 0.7690 -0.0017 -0.1704 0.9920 

Skewness 0.0434 -0.1678 0.2604 0.2643 
Kurtosis 6.8614 4.8905 5.0318 5.1804 

99%VaR(Cornish-Fisher) 0.2561 0.1390 0.1770 0.2530 
% of positive months 0.5915 0.5376 0.4883 0.5986 

Maximum Drawdown -0.6218 -0.7082 -0.8613 -0.6073 

Drawdown Length (months)    14 
Max Run-up (consecutive) 0.6252 0.1604 0.1781 0.5751 

Run-up Length (months)    3 
Max 12M rolling return 1.0102 0.3307 0.4652 0.8776 

Min 12M rolling return -0.5579 -0.7380 -0.6010 -0.7749 

     Panel B: 52 week high momentum strategy 

   Annualised arithmetic mean 0.1086 0.0240 -0.0368 0.1454 
t-statistics 3.27 0.98 -1.24 3.99 

Annualised geometric mean 0.0893 0.0132 -0.0525 0.1221 
Annualised volatility 0.1976 0.1464 0.1771 0.2173 

Reward/Risk Ratio 0.5496 0.1642 -0.2076 0.6689 

Sortino Ratio 0.8632 0.2330 -0.3210 1.1582 
Skewness 0.1560 -0.3031 0.1566 0.1734 

Kurtosis 6.0166 7.6690 4.4627 4.6027 
99%VaR(Cornish-Fisher) 0.2310 0.1638 0.1773 0.2365 

% of positive months 0.5657 0.5282 0.4812 0.5704 

Maximum Drawdown -0.4751 -0.5702 -0.9170 -0.3958 
Drawdown Length (months)    5 

Max Run-up (consecutive) 0.6113 0.2066 0.2465 0.5759 
Run-up Length (months)    3 

Max 12M rolling return 1.0679 0.3845 0.4224 0.9253 
Min 12M rolling return -0.4970 -0.6280 -0.7327 -0.2964 

     Panel C: 52 week low momentum strategy 
   Annualised arithmetic mean 0.0869 0.0311 -0.0267 0.1136 

t-statistics 2.34 1.19 -1.09 3.07 
Annualised geometric mean 0.0625 0.0190 -0.0374 0.0900 

Annualised volatility 0.2210 0.1562 0.1456 0.2209 

Reward/Risk Ratio 0.3933 0.1993 -0.1835 0.5146 
Sortino Ratio 0.6149 0.3143 -0.2598 0.9848 

Skewness 0.1197 0.0794 -0.2700 0.6408 
Kurtosis 6.4211 4.5905 4.5934 5.2836 

99%VaR(Cornish-Fisher) 0.2593 0.1596 0.1297 0.2703 
% of positive months 0.5587 0.5164 0.4883 0.5446 

Maximum Drawdown -0.6326 -0.5822 -0.8502 -0.4541 

Drawdown Length (months)    29 
Max Run-up (consecutive) 0.6794 0.2583 0.0835 0.7163 

Run-up Length (months)    4 
Max 12M rolling return 1.0644 0.4202 0.3162 1.0590 

Min 12M rolling return -0.5631 -0.5751 -0.6988 -0.4727 
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5.3    Empirical Results 

5.3.1    Profitability of 52-week High and Low Momentum Strategies 

Table 5-2 reports the performance of conventional, 52-week high and 52-week 

low momentum strategies in commodity futures in Panels A, B and C, respectively. 

From February 1977 through July 2013, the conventional momentum strategy returns 

an average of 12.66% per annum (1.05% per month) with a t-statistic of 3.41, while 

the 52-week high momentum strategy returns a stronger 14.54% p.a. (1.21% p.m.) 

with a t-statistic of 3.99. Consistent with GH, the results indicate that the 52-week high 

momentum strategy is also profitable in commodity futures. Furthermore, while the 

returns to winner portfolios are almost identical, the returns in the loser portfolios of 

the 52-week high momentum strategy appears to be higher than the conventional 

strategy, highlighting the possibility that 52-week high momentum may indeed be a 

better predictor of future performance even in commodity futures.GH do not find 

positive profits when momentum strategies are formed on stocks based on the nearness 

to their 52-week low. GH state that the absence of 52-week low momentum profits 

may be caused by tax distortion effects. However, our results in Table 5-2 show that 

commodity momentum portfolios formed using the 52-week low information also 

generate statistically significant profits of 11.36% p.a. (0.95% per month) with a t-

statistic of 3.07. Although it seems inconsistent with GH, the profitability of the 52-

week low strategy in commodity futures appears to be consistent with the prediction in 

Grinblatt and Han (2002).
122

 Furthermore, the findings may also imply that the 

anchoring bias behaviour of commodity investors may differ to stock market 

participants. 

On a risk-adjusted basis, the 52-week high momentum strategy also performs 

well, delivering a Sharpe (Sortino) ratio of 0.67 (1.16), compared to the 0.57 (0.99) 

and 0.51 (0.98) achieved by conventional and 52-week low momentum strategies, 

                                                 
122

 Grinblatt and Han (2002) argue that some investors are subject to a disposition effect which causes 

an aversion to sell shares that result in the recognition of losses. They demonstrate in their model that 

the anchoring behaviour (the acquisition price acts as an anchor) leads to momentum effects for stocks 

whose prices are at or near long-run highs and lows. 
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respectively. In addition to traditional risk and return measurements that are used 

extensively by academia, this study also reports alternative measurements often used 

by practitioners. Table 5-2 reveals that the 52-week high momentum strategy exhibits 

a maximum drawdown of around -40% compared to a devastating -60% and -54% 

experienced by conventional and 52-week low momentum strategies, respectively. 

These strategies also exhibit a value-at-risk of approximately 25% after incorporating 

the skewness and excess kurtosis at the 99% confidence level, highlighting the 

riskiness of these active strategies. 

GH find that the 52-week high momentum strategy performs better in calendar 

months excluding January, due to the pronounced January anomaly in the U.S. stock 

market. Liu et. al., (2011) confirm this finding in international stock market. However, 

since the January effect does not exist in commodity futures, we examine the 

robustness of the 52-week high and low momentum strategies to sector-based 

seasonality effects. Seasonality effects in commodities occur due to the underlying 

nature of these markets rather than the presence of the January effect. As agricultural 

commodities undergo stages of development before harvesting, Roll (1984), Kenyon et. 

al., (1987) and Milonas (1991) demonstrate that commodity prices are more volatile in 

months when weather conditions are more unstable. Furthermore, energy commodities 

also exhibit seasonal patterns due to changing seasonal fluctuations in these markets 

(Pardo et. al., 2002; Hunt et. al., 2003). 
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Table 5-3 Commodity market sectors and 52-week high/low momentum strategies 

This table reports the performance of momentum strategies by excluding one sector of commodity sector at a time. 

These sectors include Energy, Industrial Metals, Precious Metals, Livestock, Grains and Softs. Panels A, B and C 

report Conventional, 52-week high and 52-week low momentum strategies, respectively. The sample covers the 

period February 1977 to July 2013. Reward/Risk is equivalent to the Sharpe ratio in this case since commodity 

excess returns are employed. 

 

Winner Loser W-L 

 

Winner Loser W-L 

 

Winner Loser W-L 

     

Panel A: Conventional momentum     

 

All excl. Energy 

 

All excl. Grains 

 

All excl. Industrial metal 

Annualised arithmetic mean 0.0830 -0.0215 0.1045 

 

0.1282 -0.0367 0.1649 

 

0.0917 -0.0319 0.1235 

t-statistics (2.47) (-0.80) (3.07) 

 

(3.16) (-1.22) (3.87) 

 

(2.48) (-1.11) (3.15) 

Annualised volatility 0.2007 0.1593 0.2030 

 

0.2421 0.1790 0.2537 

 

0.2203 0.1704 0.2338 

Reward/Risk Ratio 0.4137 -0.1347 0.5148 

 

0.5297 -0.2049 0.6499 

 

0.4162 -0.1870 0.5284 

 

All excl. Livestock 

 

All excl. Precious metal 

 

All excl. Softs 

Annualised arithmetic mean 0.1125 -0.0314 0.1440 

 

0.1028 -0.0165 0.1192 

 

0.1124 -0.0062 0.1186 

t-statistics (2.86) (-1.04) (3.57) 

 

(2.87) (-0.57) (3.07) 

 

(2.82) (-0.22) (2.93) 

Annualised volatility 0.2348 0.1799 0.2401 

 

0.2133 0.1732 0.2315 

 

0.2376 0.1714 0.2412 

Reward/Risk Ratio 0.4792 -0.1747 0.5996 

 

0.4816 -0.0952 0.5150 

 

0.4731 -0.0362 0.4918 

            Panel B: 52 week high momentum         

 

All excl. Energy 

 

All excl. Grains 

 

All excl. Industrial metal 

Annualised arithmetic mean 0.0866 -0.0504 0.137 

 

0.1385 -0.0353 0.1738 

 

0.0975 -0.0497 0.1473 

t-statistics (2.71) (-1.80) (4.03) 

 

(3.90) (-1.07) (4.26) 

 

(2.97) (-1.59) (3.88) 

Annualised volatility 0.1905 0.1673 0.2027 

 

0.2118 0.1966 0.2434 

 

0.1955 0.1862 0.2262 

Reward/Risk Ratio 0.4546 -0.3015 0.6761 

 

0.6538 -0.1797 0.7142 

 

0.4988 -0.2672 0.6511 

 

All excl. Livestock 

 

All excl. Precious metal 

 

All excl. Softs 

Annualised arithmetic mean 0.1201 -0.0505 0.1705 

 

0.1073 -0.0327 0.1401 

 

0.1153 -0.004 0.1193 

t-statistics (3.21) (-1.57) (4.23) 

 

(3.29) (-1.06) (3.68) 

 

(3.01) (-0.13) (3.03) 

Annualised volatility 0.2225 0.1912 0.2405 

 

0.1944 0.1837 0.2267 

 

0.2286 0.1828 0.2348 

Reward/Risk Ratio 0.5396 -0.2640 0.7091 

 

0.5522 -0.1782 0.6180 

 

0.5044 -0.0218 0.5081 

            Panel C: 52 week low momentum          

 

All excl. Energy 

 

All excl. Grains 

 

All excl. Industrial metal 

Annualised arithmetic mean 0.0683 -0.0216 0.0899 

 

0.1003 -0.0292 0.1294 

 

0.0548 -0.0314 0.0862 

t-statistics (1.96) (-0.88) (2.61) 

 

(2.38) (-1.12) (2.98) 

 

(1.43) (-1.25) (2.20) 

Annualised volatility 0.2075 0.1468 0.2055 

 

0.2515 0.1550 0.2588 

 

0.2281 0.1502 0.2333 

Reward/Risk Ratio 0.3291 -0.1470 0.4374 

 

0.3987 -0.1881 0.5000 

 

0.2401 -0.2092 0.3694 

 

All excl. Livestock 

 

All excl. Precious metal 

 

All excl. Softs 

Annualised arithmetic mean 0.0907 -0.0324 0.1231 

 

0.0835 -0.0303 0.1138 

 

0.1034 -0.017 0.1205 

t-statistics (2.17) (-1.19) (2.99) 

 

(2.16) (-1.22) (2.89) 

 

(2.41) (-0.65) (2.78) 

Annualised volatility 0.2488 0.1615 0.2457 

 

0.2305 0.1480 0.2343 

 

0.2562 0.1567 0.2580 

Reward/Risk Ratio 0.3648 -0.2004 0.5011 

 

0.3624 -0.2045 0.4856 

 

0.4038 -0.1086 0.4670 
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Table 5-3 reports the profitability of conventional (Panel A), 52-week high 

(Panel B) and 52-week low momentum (Panel C) strategies by excluding every 

commodity sub-sector from the analysis. The returns reported in Panels A to C remain 

positive and statistically significant regardless of the commodity sector being excluded 

in the analysis.  Notably, all strategies seem to perform the best (even on a risk-

adjusted basis) when markets from the grains sector are excluded, whereas the worst 

performing sub-sector specification is somewhat mixed. The findings suggest that the 

profitability of the 52-week high and low momentum strategies is not a manifestation 

of any specific commodity sector or any seasonality effect.
123

 

 

Figure 5-1 Percentage of Total Trades 

This figure depicts the percentage of total trades of conventional, 52-week high and 52-week 

low momentum strategies. From January 1977 through July 2013, the total number of trades in 

long and short positions are collected. By commodities, the long trades are separated from the 

short trades. Based on this, the portfolio composition can be observed on an individual 

commodity basis. This figure, however, shows the aggregated portfolio composition by sectors 

for both the long positions and the short positions. 

 

To gain further insights into the profitability of these strategies, Figure 5-1 

compares the percentage of total trades of the conventional, 52-week high and 52-

week low momentum strategies classified by commodity sector. The left figure depicts 

the winners portfolio and the right figure illustrates the losers portfolio. Based on the 

                                                 
123

 The results hold even when both Grains and Softs commodities are excluded simultaneously. In the 

interest of brevity, these results are not reported, however, they are available upon request. 
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sample period, it is clear that all strategies trade commodities across sectors and the 

percentage of total trades vary from strategy to strategy. This finding suggests that 

commodity futures momentum strategies in general are not dependent upon the buying 

or selling of any particular commodity sector or sectors. In the winners portfolio, 

conventional and 52-week low momentum strategies both trade energy commodities 

most extensively, whereas the 52-week high strategy trades softs commodities more 

frequently. Notably, the 52-week high strategy trades commodities more evenly across 

sectors compared to the other momentum strategies. However, in the losers portfolio, 

all strategies consistently short-sell more commodities from the softs sector. As a 

result, we can see that the differences in return dynamics of conventional, 52-week 

high and 52-week low momentum strategies are not due to data-mining, but rather, are 

caused by the variations in portfolio composition due to different investment decisions 

(i.e. variations in portfolio weightings in each commodity futures). 

We now examine whether the observed profitability in commodity futures 

momentum is a result of bearing high transactions costs. First, transactions costs in 

futures are significantly lower than stock markets. Lesmond et. al., (2004) estimate a 

cost of 2.3% per trade in stocks and Jegadeesh and Titman (1993) use a more 

conservative 0.5% per trade in the equities market. Locke and Venkatesh (1997) and 

Marshall et. al., (2012) show that transaction costs in the futures markets are much 

lower at 0.0004% to 0.033% per trade. Furthermore, unlike the equities market, taking 

a short position in the futures markets is as straightforward as taking a long position, 

providing additional assurance on the execution of momentum based investment 

strategies. Second, momentum strategies in the equities market often involves 

transactions of a large number of stocks, which undoubtedly puts pressure on the net 

profitability of momentum trades (Korajczyk and Sadka, 2004). This is unlikely to be a 

problem in commodity futures, since the strategies outlined in this study do not require 

transactions of more than 20 commodities at any given time in the sample.  

Despite the apparent cost and trading advantages, we quantify the level of 

transactions cost by using Fuertes et. al., (2010) as a proxy. Similar to strategies 

examined in this study, Fuertes et. al., (2010) employ a double-sort investment strategy 

which jointly exploits momentum and term-structure signals. They estimate an average 

annual portfolio turnover of 9.24 times, based on an investment universe of 37 
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commodities.
124

 The highest turnover ratio in their study is 10.38, which leads to a 

total transaction cost of just 0.69% per annum. Since their portfolio characteristics are 

very similar to our strategies, this magnitude of transactions cost is far too small to 

have any material impact on the profitability of the momentum strategies estimated in 

this study.
125

 

5.3.2    Comparing Conventional, 52-week High and Low Momentum 

GH show that the conventional momentum profits are much smaller when they control 

for the 52-week high momentum, whereas the 52-week high momentum profits remain 

significant even after controlling for the effects of conventional momentum. Thus, GH 

conclude that the 52-week high is a better predictor of future performance than using 

the Jegadeesh and Titman (1993) methodology of past returns. We employ GH‘s 

methodology to determine whether the 52-week high/low momentum is a better 

predictor of future performance compared to the conventional momentum in 

commodity futures. If the 52-week high momentum strategy dominates the 

conventional momentum strategy, the profits from the former should still exist when 

conditioned on the latter. Similarly, if the 52-week low momentum dominates the 

conventional momentum, the profits from the 52-week low momentum must be 

significant after controlling for the conventional momentum strategy. 

                                                 
124

 The turnover ratio considered in this case includes only the rolling over of contracts and changes in 

portfolio composition. We do not consider price impact, commissions and monthly rebalancing to equal 

weights. 
125

 Fuertes et. al., (2010) employ a 1-month holding period, terciles first-sort and median second-sort 

break-point for portfolio formation, which results in 12 commodities being traded in each month. Our 

strategies involve no more than 20 commodities at any given time. 
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Table 5-4 Pairwise comparison of 52-week high/low and conventional momentum profits 

Commodities are sorted independently by their previous 12-month return and by the their nearness to 52-week high. 

All portfolios are held for one month. Panel A reports the average monthly returns from February 1977 through July 

2013 for equally weighted portfolios that are long 52-week high winners and short 52-week high losers within winner, 

middle, and loser categories identified by conventional momentum. Panel B reports the average monthly returns for 

equally weighted portfolios constructed using conventional momentum strategy within groups identified as winner, 

middle, and loser categories identified by 52-week high strategy. Panel C reports the average monthly returns for 

equally weighted portfolios that are long 52-week low winners and short 52-week low losers within winner, middle, 

and loser categories identified by conventional momentum. Panel D reports the average monthly returns for equally 

weighted portfolios constructed using conventional momentum strategy within groups identified as winner, middle, 

and loser categories identified by 52-week low strategy. The t-statistics are reported in parentheses. 
Panel A 

Portfolios Classified by 
 

Portfolio Classified by 
 

Ave. 
  

Ave. 
Fuertes et. al., (2010) 

 
52-week high 

 
Monthly Return t-statistics 

 
Standard Deviation 

Winner 
 

Winner 
 

1.37% (3.50) 
 

8.07% 

  
Loser 

 
0.55% (1.63) 

 
6.95% 

  

Winner – Loser 

 
0.82% (2.05) 

 

8.25% 

Middle 

 

Winner 

 

0.32% (1.25) 

 

5.22% 

  
Loser 

 
-0.20% -(0.81) 

 
5.00% 

  

Winner – Loser 

 
0.51% (1.84) 

 

5.77% 

Loser 
 

Winner 
 

0.06% (0.26) 
 

4.59% 

  

Loser 

 

-0.36% -(1.17) 

 

6.33% 

  

Winner – Loser 

 
0.42% (1.48) 

 

5.83% 

Panel B 
Portfolio Classified by 

 
Portfolios Classified by 

 
Ave. 

  
Ave. 

52-week high 
 

Fuertes et. al., (2010) 
 

Monthly Return t-statistics 
 

Standard Deviation 

Winner 
 

Winner 
 

1.25% (2.99) 
 

8.62% 

  
Loser 

 
0.64% (2.40) 

 
5.51% 

  

Winner – Loser 

 
0.61% (1.59) 

 

7.88% 

Middle 

 

Winner 

 

0.76% (2.55) 

 

6.16% 

  
Loser 

 
-0.23% -(1.11) 

 
4.20% 

  

Winner – Loser 

 
0.99% (3.51) 

 

5.80% 

Loser 
 

Winner 
 

-0.25% -(0.90) 
 

5.77% 

  

Loser 

 

-0.36% -(1.18) 

 

6.29% 

  

Winner – Loser 

 
0.11% (0.34) 

 

6.49% 

 

Panel C 

Portfolios Classified by 
 

Portfolio Classified by 
 

Ave. 
  

Ave. 
Fuertes et. al., (2010) 

 

52-week low 

 

Monthly Return t-statistics 

 

Standard Deviation 

Winner 
 

Winner 

 
0.76% (1.71) 

 
9.16% 

  
Loser 

 
1.03% (3.47) 

 
6.16% 

  

Winner – Loser 

 
-0.28% -(0.67) 

 
8.45% 

Middle 
 

Winner 

 
0.30% (1.05) 

 
5.92% 

  

Loser 

 
-0.21% -(0.94) 

 
4.55% 

  

Winner – Loser 

 
0.51% (1.77) 

 
5.91% 

Loser 
 

Winner 

 
0.01% (0.04) 

 
5.92% 

  

Loser 

 
-0.30% -(1.17) 

 
5.33% 

  
Winner – Loser 

 
0.31% (1.10) 

 
5.93% 

Panel D 

Portfolio Classified by 
 

Portfolios Classified by 
 

Ave. 
  

Ave. 
52-week low 

 

Fuertes et. al., (2010) 

 

Monthly Return t-statistics 

 

Standard Deviation 

Winner 
 

Winner 
 

0.78% (1.77) 

 
9.10% 

  
Loser 

 
0.69% (2.19) 

 
6.49% 

  

Winner – Loser 

 
0.09% (0.23) 

 

8.42% 

Middle 
 

Winner 
 

0.61% (2.32) 
 

5.46% 

  

Loser 

 

0.00% (0.01) 

 

5.59% 

  

Winner – Loser 

 
0.61% (2.01) 

 

6.27% 

Loser 
 

Winner 
 

-0.13% -(0.58) 
 

4.56% 

  

Loser 

 

-0.29% -(1.11) 

 

5.40% 

  
Winner – Loser 

 
0.16% (0.61) 

 
5.48% 
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Table 5-4 reports the results of the comparison. In Panels A and B, commodities 

are sorted independently on the previous 12-month returns and the nearness to their 

52-week high. Panel A reports the returns for portfolios that are long 52-week high 

winners and short 52-week high losers within winner, middle, and loser categories 

identified by conventional momentum. Panel B reports the returns for portfolios 

constructed using the conventional strategy within groups identified as winner, middle, 

and loser categories by the 52-week high measure. Subsequently in Panels C and D, 

we conduct a similar two-way dependent sorting on conventional and 52-week low 

momentum strategies. Panel C reports the returns for portfolios that are long 52-week 

low winners and short 52-week low losers within winner, middle, and loser categories 

identified by conventional momentum. Panel D reports the returns for portfolios 

constructed using conventional strategy within groups identified as winner, middle, 

and loser categories by 52-week low measure. 

Consistent with GH in the U.S. stock market, Table 5-4 shows that the 52-week 

high momentum strategy generates positive profits in each winner, middle and loser 

groups ranked by their previous 12-months of returns. In Panel A, a zero-cost strategy 

based on the 52-week high generates monthly returns of 0.84% and 0.42% among 

commodities that have already been classified by conventional momentum as Winners 

and Losers, respectively. In Panel B however, within winners and losers classified by 

the 52-week high, the profitability of the conventional momentum strategy is 

substantially smaller at 0.61% and 0.11% and is insignificant. These results clearly 

indicate that the profits from the 52-week high momentum strategy are robust after 

controlling for conventional momentum. Nevertheless, in Panels C and D, it appears 

that the 52-week low momentum is less superior to the conventional momentum 

strategy regardless of the sort order, as profits in all winners and losers groups are 

extremely close to zero and insignificant. Overall, the findings in Table 5-4 suggest 

that the 52-week high momentum is a better predictor of future performance, whereas 

the 52-week low momentum is not, which implies that using the 52-week low as an 

anchor in the commodity futures market is inferior to the conventional momentum 

strategy. 
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Table 5-5 Explanatory power of 52-week high/low momentum 

This table shows the results of time-series regressions employing the returns from the commodity momentum strategies constructed using past returns and the 52-week 

high/low measures. 52WKH and 52WKL are the returns to the Winners-Losers portfolio (terciles), where winners and losers are based on commodities‘ nearness to their 52-

week high and 52-week low prior to portfolio formation, respectively. Conv Mom represents the returns to conventional Winners-Losers momentum portfolio formed using 

the previous 12-month returns. UMD represents the Fama-French Up-Minus-Down equity momentum factor formed using U.S. cross-sectional stock returns. The sample 

period covers the period February 1977 through July 2013. The t-statistics are reported in parentheses. 

 

52WKH Momentum as 

   

52WKL Momentum as 

   

Conventional Momentum as 

   Independent  dependent variable     

 

dependent variable     

 

dependent variable       

variables (1) (2) (3) (4)   (5) (6) (7) (8)   (9) (10) (11) (12) (13) 

Intercept 1.20*** 1.06*** 0.60* 0.44* 

 

0.94** 0.76* 0.14 0.09 

 

1.06*** 0.86** 0.28 0.13 0.06 

 

(3.95) (3.51) (2.49) (2.08) 

 

(3.04) (2.49) (0.58) (0.50) 

 

(3.41) (2.84) (1.51) (0.65) (0.35) 

UMD 

 

0.219*** 

    

0.270*** 

    

0.291*** 

   

  

(3.46) 

    

(3.96) 

    

(4.37) 

   52WKL Mom 

  

0.648*** 

         

0.815*** 

 

0.570*** 

   

(15.27) 

         

(23.11) 

 

(10.38) 

52WKH Mom 

       

0.670*** 

     

0.760*** 0.378*** 

        

(12.59) 

     

(17.86) (6.44) 

Conv. Mom 

   

0.732*** 

    

0.812*** 

      

    

(18.93) 

    

(21.09) 

      Adj. R
2
   0.023 0.433 0.556     0.036 0.433 0.661     0.042 0.661 0.556 0.738 
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Table 5-5 reports the results of time series regressions of the 52-week high, 52-

week low and conventional momentum strategies‘ returns as dependent variables 

regressed against a variety of independent variables.
126

 Specifications 1, 5 and 9 show 

the average monthly returns of the 52-week high, 52-week low and conventional 

strategies, respectively. Specifications 2, 6 and 10 show that all strategies exhibit 

significant positive loadings on the U.S. momentum risk factor UMD, though the 52-

week high momentum strategy‘s loading is the lowest.
127

 Specifications 3 and 7 show 

that the 52-week high strategy reports a large, significant information ratio relative to 

the 52-week low strategy, but the 52-week low strategy has an insignificant 

information ratio relative to the 52-week high strategy. The 52-week high strategy 

returns 0.60% per month relative to the 52-week low strategy, with a t-statistic of 2.49, 

while the 52-week low strategy generates 0.14% per month relative to the 52-week 

high strategy with a t-statistic of 0.58 and an R
2
 of 0.43. This finding suggests that the 

52-week high momentum is superior to the 52-week low momentum strategy. 

Furthermore, specifications 4 and 12 show that while the profits to the 

conventional momentum strategy can be completely subsumed by the 52-week high 

momentum, the profits of the 52-week high momentum cannot be subsumed by the 

conventional momentum as the intercept of 0.44% per month remains significant with 

a t-statistic of 2.08 and an R
2
 of 0.56. This finding reveals the explanatory power of the 

52-week high momentum over the conventional momentum. Similar to the findings in 

Table 5-4, specifications 8 and 11 show that the 52-week low and the conventional 

momentum can be completely subsumed by each other with an R
2
 of 0.66. Finally, 

specification 13 shows the combined explanatory power of the 52-week high and low 

momentum over the conventional momentum. Conventional momentum loads 

significantly on both 52-week high and low strategies with an insignificant intercept of 

0.06% per month and an R
2
 of 0.74. This finding is significant in the commodities 

momentum literature as it suggests that the profitability of conventional momentum 

can largely be explained by the investors‘ anchoring behaviour around the 52-week 

high and the 52-week low of commodity futures prices. 

                                                 
126

 The White (1980) heteroskedasticity-robust standard errors are used throughout this study. 
127

 The loadings on UMD is consistent with recent studies on momentum across asset classes, see Novy-

Marx (2012), Moskowitz et. al., (2012) and Asness et. al., (2013). 
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Table 5-6 Correlations 

This table reports the Pearson‘s correlations with associated p-ratios of statistical significance. 

Panel A reports the cross-correlations among returns with conventional, 52-week high and 52-

week low momentum strategies. Panel B reports the strategy return‘s correlation against 

traditional asset classes. GSCI, S&P500 and T-bond represent the returns on S&P GSCI, 

S&P500 and Barclays‘ US aggregate government bond index, respectively. FX denotes the 

U.S. dollar effective exchange rate index return and T-bill represents the yield on 3-month U.S. 

Treasury bills. UMD represents the Fama-French Up-Minus-Down momentum factor formed 

using U.S. cross-sectional stock returns. The sample covers the period February 1978 through 

July 2013. * denotes significance at 5% or better. 

Panel A: Strategy correlation 

 

52-week high momentum 52-week low 

momentum 
UMD 

Conventional 

momentum 
0.7460* 0.8135* 0.2094* 

 

0.00 0.00 0.00 

    52-week high 

momentum  

0.6589* 0.1602*  

  

0.00 0.00 

    52-week low 

momentum   

0.1948*  

   

0.00 

Panel B: Correlation with traditional asset classes 

 

GSCI 

 

S&P500 

 

T-bond 

 

FX 

 

T-bill 

Conventional 

momentum 
0.2465* 

 

0.0192 

 

0.0473 

 

-0.0711 

 

0.077

3 

 

0.00 

 

0.69 

 

0.33 

 

0.14 

 

0.11 

          52-week high 

momentum 
0.0675 

 

-0.0502 

 

0.0806 

 

-0.0159 

 

0.156

6* 

 

0.16 

 

0.30 

 

0.10 

 

0.74 

 

0.00 

          52-week low 

momentum 
0.3472* 

 

0.0382 

 

0.04 

 

-0.0886 

 

0.058

7 

 

0.00 

 

0.43 

 

0.41 

 

0.07 

 

0.23 

Table 5-6 reports the results of a correlation analysis which allows for a direct 

comparison between the strategies examined in this study. Panel A reports the cross 

correlation among returns to the conventional, 52-week high and 52-week low 

momentum strategies. Confirming the previous results in Table 5-5, Panel A of Table 

5-6 reports strong positively significant correlations between conventional momentum 

and 52-week high/low momentum. It appears that the 52-week low momentum (0.81) 

is more strongly related to conventional momentum than the 52-week high momentum 

(0.75). Furthermore, the 52-week high strategy exhibits a correlation of 0.66 with the 

52-week low strategy, suggesting the difference in return dynamics.  

Panel B of Table 5-6 reports the correlations between the various momentum 

strategies with traditional asset classes. The results show that both conventional and 

the 52-week low momentum are related to commodity market movements, whereas the 

52-week high momentum strategy is not. Surprisingly, the 52-week low momentum 
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seems to be even more strongly related to commodity market movements than the 

conventional momentum strategy. The findings suggest that the 52-week low 

momentum strategy may be a poor portfolio diversification tool for investors. Also 

worth noting, the 52-week high momentum strategy appears to exhibit a degree of 

commonality with U.S. Treasury bill returns as indicated by a positive correlation of 

0.16. None of the strategies appear to report a significant relationship with stock 

markets, foreign currencies and U.S. treasury bonds, thereby offering potential 

portfolio diversification for traditional investments such as stocks and bonds. 

We now proceed to examine the reversal effect of commodity futures momentum 

returns. Jegadeesh and Titman (2001) conclude that conventional momentum profits 

reverse in the long-run after portfolio formation. GH show that the profits from 52-

week high momentum strategies do not reverse in the long term. The long-term return 

reversal has been studied extensively in the stock market literature however, little 

research attention has been dedicated to commodity futures.
128

 Using a ranking period 

of two months, Shen et. al., (2007) briefly show that the returns to a conventional 

momentum strategy in commodity futures reverse relatively quicker than those in the 

stock market (typically 3 to 5 years after portfolio formation). In this study, we 

compare the long-term reversal effect of the 12-month conventional momentum with 

the 52-week high and low momentum strategies in commodity futures. 
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 See De Bondt and Thaler (1985, 1987) and Poterba and Summers (1988). 
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Figure 5-2 Cumulative returns post-formation 

This figure illustrates the cumulative post-formation returns for 12-month conventional, 

52-week high and 52-week low momentum strategies. The x-axis shows event time 

starting from one month up to 60 months after portfolio formation. The sample covers 

30 commodities from January 1977 through July 2013. Two sub-periods are present 

with a dividing point in January 1996. From January 1996 through July 2013, an 

alternate dataset is also included for robustness reasons, which contains 29 

commodities (excluding Palladium) published by Dow Jones.  

 

 

Following the event-study approach of Jegadeesh and Titman (2001), Figure 5-2 

illustrates the cumulative returns of conventional (left), 52-week high (middle) and 52-

week low (right) momentum strategies up to 60 months post-formation. In Shen et. al., 

(2007), momentum profits are found to peak at the 11th month after portfolio 

formation, and fully reverse before the 30th month post-formation. Consistent with 

Shen et. al., (2007), the first illustration in Figure 5-2 confirms the existence of return 

reversal experienced by the conventional momentum strategy. However, the reversal 

clearly appears to be much stronger as the cumulative profits declines to -5% before 

the 25th month post-formation.
129

 In the case of the 52-week high momentum (the 

second illustration in Figure 5-2), although the reversal pattern still exists, it appears to 

be much smoother. The full reversal of profits takes place at around the 27th month 

post-formation. The reversal patterns for conventional and 52-week high are generally 

consistent across different sub-periods. However, it is not the case for the 52-week low 
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 We also test the post-formation return of conventional momentum strategies using the ranking 

periods of 1, 2 and 3 months, respectively, and we find that the reversal patterns are consistent with 

Shen et. al., (2007). 
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momentum (the third illustration in Figure 5-2) as the graph illustrates substantially 

different patterns in sub-periods. In the first sub-period, the cumulative returns decline 

to a level of as low as -10%, whereas the cumulative profits do not seem to reverse 

much at all in the second half of the sample. It is difficult to rationalise such 

differences from a rational or behavioural framework, however, the findings indicate 

that investors‘ anchoring behaviour around the 52-week low has changed over time in 

commodity futures.
130

  

Overall, the observed patterns in Figure 5-2 suggest that the 52-week high 

momentum profits are smoother than the conventional momentum profits and they 

reverse over a relatively short period of time (1 to 2.5 years). Unlike the behaviour in 

the stock market, this finding implies that momentum and reversal can co-exist in 

commodity futures, as predicted by behavioural models such as Barberis et. al., (1998), 

Daniel et. al., (1998) and Hong and Stein (1999). Figure 5-2 suggests that the nature 

and dynamics of conventional, 52-week high and 52-week low momentum are 

structurally different in commodities (in comparison to stocks) and the difference is 

likely to be behavioural in nature. 

5.3.3    Understanding the 52-week High/Low Momentum 

We have observed significant 52-week high and 52-week low momentum profits 

in commodity futures and the difference in the nature and dynamics of these returns. 

The success of both momentum strategies relies on the anchoring bias of investors. 

Could these commodity futures returns reflect compensation for bearing systematic 

risks? In this section, we examine whether the returns of the 52-week high and 52-

week low momentum strategies can be explained by risk factors commonly employed 

in the commodity futures literature. 

Table 5-7 reports the regression results of conventional, 52-week high and 52-

week low momentum strategies. Due to the absence of a commonly accepted asset 

pricing model in commodity futures, we follow Miffre and Rallis (2007), Fuertes et. 

al., (2010) and Moskowitz et. al., (2012) by employing a six-factor framework for risk 
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 To check the robustness of the finding, we use an approach similar to Table 3, whereby one 

commodity sector is excluded. The sub-sector graphs confirm the reversal pattern of 52-week high 

momentum strategy. 
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adjustments. The six-factor model consists of the returns of broad commodity futures 

(S&P GSCI), the stock market (S&P 500), US government bond (Barclay U.S. 

aggregated index), US dollar effective exchange rate, unexpected inflation and 

unexpected industrial production.
131

 

Table 5-7 Risk adjustments 

This table reports the factor loadings of the conventional, 52-week high/low momentum 

strategies. Winner (Loser) are returns to the top (bottom) terciles portfolios. W-L denotes the 

returns to Winners-Minis-Losers portfolio formed using conventional momentum, their 

nearness to 52-week highs and lows.  βG,  βS and βB represent, respectively, the coefficients on 

S&P GSCI, S&P500 and Barclays‘ U.S. aggregate government bond index return. βF denotes 

coefficients on the U.S. dollar effective exchange rate index return. βUI and βUIP denote the 

coefficients on unexpected inflation and unexpected industrial production, respectively. U.S. 

dollar effective exchange rate is obtained from the Bank of International Settlement, inflation 

and industrial production are obtained from the Federal Reserve Bank of St. Louis. The sample 

covers the period February 1978 through July 2013. 

 

Conventional momentum 

 

52-week high momentum 

 

52-week low momentum 

 

Winner Loser W-L 

 

Winner Loser W-L 

 

Winner Loser W-L 

            

Intercept 0.60* -0.41* 1.00* 

 

0.67* -0.58* 1.25* 

 

0.40 -0.45* 0.85* 

 

(2.76) (-2.18) (3.42) 

 

(3.05) (-3.04) (4.19) 

 

(1.81) (-2.60) (2.96) 

βG 0.74* 0.44* 0.30* 

 

0.62* 0.51* 0.11 

 

0.77* 0.36* 0.41* 

 

(14.19) (9.22) (3.51) 

 

(13.06) (11.03) (1.38) 

 

(14.88) (8.87) (5.71) 

βS  0.08 0.14* -0.06 

 

0.04 0.15* -0.11 

 

0.09 0.15* -0.05 

 

(1.72) (3.10) (-0.82) 

 

(0.81) (3.34) (-1.72) 

 

(1.95) (3.10) (-0.73) 

βB  -0.09 -0.31* 0.221 

 

-0.00 -0.34* 0.34 

 

-0.02 -0.28* 0.27 

 

(-0.56) (-2.51) (0.98) 

 

(-0.01) (-2.57) (1.60) 

 

(-0.12) (-2.50) (1.22) 

βF -0.36* -0.31* -0.05 

 

-0.39* -0.37* -0.02 

 

-0.32* -0.28* -0.05 

 

(-2.31) (-2.40) (-0.24) 

 

(-2.53) (-2.78) (-0.08) 

 

(-1.98) (-2.42) (-0.22) 

βUI -0.87 -0.51 -0.35 

 

-1.18 -0.42 -0.76 

 

-0.75 -0.36 -0.39 

 

(-0.71) (-0.64) (-0.23) 

 

(-1.11) (-0.54) (-0.57) 

 

(-0.57) (-0.45) (-0.23) 

βUIP -0.10 0.52 -0.62 

 

0.26 0.47 -0.22 

 

0.15 0.11 0.037 

 

(-0.31) (1.86) (-1.40) 

 

(0.77) (1.63) (-0.46) 

 

(0.39) (0.37) (0.07) 

Adj. R
2
 0.479 0.353 0.057 

 

0.391 0.404 0.004 

 

0.490 0.315 0.114 

 

Consistent across strategies, the returns of the winners portfolio appear to load 

positively on commodity market movements and negatively on foreign exchange 

movements with an R
2
 ranging from 0.39 to 0.49. The intercepts remain significant at 

the 5% level for conventional momentum winners (0.60%) and the 52-week high 

momentum winners (0.67%) but not for 52-week low winners (0.40%). Similar to 

momentum winners, the momentum losers consistently load positively on commodity 
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 For robustness reasons, we also employ the MSCI World Index return, and the JP Morgan Global 

Government Bond Index return. The results are consistent with those presented in this study despite that 

the JP Morgan bond index date is only available from 1990. 
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futures returns, the S&P500 returns and negatively on U.S. bond market returns and 

foreign exchange movements, with an R
2
 ranging from 0.31 to 0.40. The intercepts of 

all loser portfolio returns remain significant.  

The six-factor model seems to be very poor at explaining the winners-losers 

(momentum) portfolio of all three strategies. The intercepts are significant across all 

momentum portfolios and R
2
s of 0.004, 0.057 and 0.114 for the 52-week high, 

conventional and 52-week low momentum strategies, respectively. While the 

conventional and the 52-week low momentum portfolios still load positively on 

commodity futures returns, the 52-week high momentum portfolio no longer exhibits 

significant loadings. Overall, the results in Table 5-7 indicate that the profitability of 

the 52-week high/low momentum strategies cannot be attributed to bearing market or 

macroeconomic risks. However, the 52-week low momentum profits are at least 

partially related to commodity market risks.
132

 

We now proceed to explore other market related independent variables that may 

explain commodity futures momentum returns.  Table 5-8 reports the factor loadings 

of momentum strategies on liquidity risk, market volatility, sentiment factors and 

extremes. Recently, Sadka (2006) shows that liquidity risk plays an important role in 

explaining momentum profits in the U.S. stock market. In addition to Sadka (2006), 

Asness et. al., (2013) find that global funding liquidity (measured by the TED-spread) 

is also related to momentum profits, not only in the U.S. stock market but across asset 

classes. Furthermore, Antoniou et. al., (2013) show that stock market momentum can 

be explained by changes in sentiment. Accordingly, we test whether the observed 52-

week high and low momentum profits in commodity futures are related to these 

potential explanatory variables. Furthermore, we include the VIX index to capture the 

level of market volatility. We also capture the largest 20% of observations in these 
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 We also test the Miffre and Rallis (2007) three-factor model which employs commodity, stock and 

bond market risk factors. The three-factor model shows similar results. 
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variables in an effort to capture the most extreme market volatility environment, which 

correlates with liquidity shocks.
133

  

Table 5-8 Liquidity, volatility and sentiment extremes 

This table reports the factor loadings of conventional, 52-week high and 52-week low momentum 

strategies on liquidity, market volatility and investor sentiment. Winners (Losers) are returns to the top 

(bottom) terciles portfolios. W-L denotes the returns to Winners-Minis-Losers portfolio formed using 

conventional momentum and the nearness to 52-week highs and lows. U.S. liquidity denotes the 

aggregate liquidity factor constructed by Pastor and Stambaugh (2003). TED spread is the difference 

between the yield on 3-month T-bill and LIBOR. VIX denotes changes in the Chicago Board Options 

Exchange market volatility index. Sentiment factors are obtained from Jeffrey Wurgler‘s NYU website. 

Quantile regressions are carried out for all extremes. Intercepts and R
2
 are omitted. The t-statistics are 

reported in parentheses. * denotes significance of 5% or better. The sample covers the period February 

1977 through July 2013. 

Independent Conventional momentum 
 

52-week high momentum 
 

52-week low momentum 

Variables Winners Losers W-L 
 

Winners Losers W-L 
 

Winners Losers W-L 

            US Liquidity 0.08 0.02 0.06 

 

0.10 0.03 0.07 

 

0.113* 0.05 0.07 

 
(1.37) (0.42) (1.21) 

 
(1.95) (0.55) (1.40) 

 
(2.01) (1.01) (1.21) 

Top 20% -0.02 -0.07 -0.13 

 

0.03 -0.04 -0.08 

 

0.01 -0.05 0.02 

 
(-0.39) (-1.61) (-1.87) 

 
(0.62) (-0.81) (-1.13) 

 
(0.22) (-1.44) (0.22) 

            TED Spread -1.51 -2.01* 0.50 
 

-0.54 -2.68* 2.14* 
 

-1.45 -2.18* 0.73 

 

(-1.18) (-2.53) (0.64) 

 

(-0.49) (-3.23) (3.07) 

 

(-1.13) (-2.66) (0.85) 

Top 20% 0.95 -0.62 0.56 

 

1.36 -0.76 2.91* 

 

0.26 -0.78 1.25 

 
(0.94) (-0.94) (0.48) 

 
(1.24) (-1.02) (2.55) 

 
(0.23) (-1.00) (0.90) 

            VIX -0.06* -0.04* -0.01 
 

-0.03* -0.05* 0.01 
 

-0.06* -0.03* -0.02 

 

(-3.46) (-2.61) (-1.08) 

 

(-2.27) (-2.57) (0.99) 

 

(-3.30) (-2.11) (-1.65) 

Top 20% -0.05* -0.01 -0.04* 

 

-0.02 -0.02 -0.01 

 

-0.05 -0.03 -0.05* 

 
(-2.10) (-0.41) (-2.21) 

 
(-1.03) (-0.93) (-0.25) 

 
(-1.96) (-1.64) (-2.92) 

            Sentiment -0.01* -0.01* 0.00 
 

-0.01* -0.01* 0.00 
 

-0.01* -0.01* 0.00 

 

(-3.04) (-4.03) (0.36) 

 

(-2.89) (-4.09) (0.94) 

 

(-3.57) (-3.41) (-0.74) 

Top 20% -0.01* 0.00 0.00 
 

-0.02* -0.01 0.01 
 

-0.02* 0.00 0.00 

 

(-2.07) (-0.93) (0.64) 

 

(-3.37) (-1.32) (0.68) 

 

(-2.78) (-1.08) (-0.48) 

Bottom 20% -0.01 -0.01* 0.00 

 

-0.01* -0.01* 0.01 

 

-0.01 -0.02* 0.00 

 
(-1.59) (-2.91) (0.65) 

 
(-2.66) (-2.96) (1.56) 

 
(-1.81) (-4.24) (0.20) 

            Changes in Sentiment 0.00 0.01 0.00 
 

0.00 0.00 0.00 
 

0.00 0.00* 0.00 

 

(0.94) (1.93) (-0.35) 

 

(1.18) (1.71) (-0.21) 

 

(0.81) (1.99) (-0.24) 

Top 20% 0.01 0.00 0.01 

 

0.01 0.00 0.01 

 

0.00 0.00 0.00 

 
(1.26) (1.72) (1.11) 

 
(1.27) (0.47) (1.57) 

 
(0.91) (0.94) (0.21) 

Bottom 20% 0.00 0.00 -0.01 

 

0.00 0.01 -0.01* 

 

0.00 0.00 0.00 

 
(1.05) (0.63) (-1.80) 

 
(1.13) (1.28) (-3.17) 

 
(0.85) (1.25) (-1.17) 
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 U.S. liquidity denotes the aggregate liquidity factor constructed by Pastor and Stambaugh (2003). 

The TED spread is the difference between the yield on 3-month T-bill and LIBOR. VIX denotes 

changes in the Chicago Board Options Exchange market volatility index. Sentiment factors are obtained 

from Jeffrey Wurgler‘s NYU website (see Baker and Wurgler, 2007). Quantile regressions are estimated 

for all extremes. Intercepts and R
2
 are omitted. 
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The results in Table 5-8 show that the 52-week low winners (the only portfolio 

in all strategies) load positively on the U.S. liquidity factor with an R
2
 of only 0.011.

134
 

Consistent across strategies, the losers portfolios exhibit significantly negative 

loadings on the TED spread with an R
2
 of around 0.056. Strikingly, the profitability of 

the 52-week high momentum strategy is completely subsumed by the TED spread as 

the intercept becomes negative, and the momentum portfolio loads strongly positively 

on the TED spread with an R
2
 of 0.024. The relation with the TED spread suggests that 

global funding liquidity plays a key role in determining the profitability of the 52-week 

high momentum strategy.
135

 Moreover, both winners and losers portfolios across 

strategies appear to be negatively related to the VIX, suggesting a symmetrical (as 

opposed to an asymmetrical) response between winners and losers to changes in stock 

market volatility.
136

 However, the effect disappears when winners and losers portfolios 

are combined in a momentum portfolio. 

The results on the sentiment regressions in Table 5-8 are interesting. By 

definition, sentiment is the investors‘ perception of market conditions, whereas the 52-

week high and low momentum represent investors‘ anchoring behaviour around the 

52-week high and the 52-week low futures price levels. Consistent across strategies, 

the winners and losers portfolios seem to be negatively related to sentiment. However, 

no such effects are observed in the winners-losers (momentum) portfolios. This finding 

is particularly interesting because the results imply that commodity investors not only 

make use of past returns but also the 52-week high and low prices for the anticipation 

of market movements. Furthermore, the 52-week high momentum is negatively related 

to the bottom 20% of the changes in sentiment, suggesting that the 52-week high 

momentum strategy tends to perform well during the episodes of small shifts in 
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 In addition to regression analysis, we also examine whether the profitability of these active strategies 

can be explained the illiquidity of individual commodities in our sample. To achieve this, we exclude 

seven relatively illiquid commodities from the sample including feeder cattle, Kansas wheat, orange 

juice, tin, soybean meal, soybean oil and palladium. The profitability based on the restricted sample 

appears to be almost identical compared to the full sample results. Clearly, the results suggest that the 

profits cannot be accounted for by the illiquidity of individual commodity futures. 
135

 Our findings in relation to the TED spread are consistent with Asness et. al., (2013) who find that the 

TED spread is related to the returns of a global, multi-markets momentum portfolio, however, the TED 

spread only offers a partial explanation. 
136

 Li et. al., (2008) finds that winners and losers respond to news in an asymmetric fashion in the U.K. 

stock market. Using a GJR-GARCH-M model, they show that losers respond to news (volatility) more 

slowly but to a greater extent than the winners. Our findings of a symmetrical response of winners and 

losers to market volatility suggest that the dynamics of loser commodities may be very different from 

losers in the stock market. 
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sentiment in the markets.
137

 Finally, Table 5-8 also reveals that U.S. market aggregate 

liquidity and the VIX (ie. market volatility) cannot explain the profitability of 

commodity momentum strategies.  

5.3.4    Sub-period Results and the Adaptive Market Hypothesis 

As a robustness check, GH demonstrate that the 52-week high momentum 

strategy still dominates when compared to conventional momentum strategies 

constructed using alternative look-back periods. However, such variation is not 

necessary in this study, since the ‗look back‘ period (12 months) selected is already 

producing the strongest result among the other periods (1, 3, 6 and 9 months). GH also 

consider conditional beta estimates, however, no sub-sample analysis is performed or 

even mentioned in the study. Gupta et. al., (2010) and Liu et. al., (2011) also omit the 

sub-period analysis when testing the 52-week high momentum in international stock 

markets. It is surprising that no studies have examined the sub-period performance of 

the 52-week high momentum. The sub-period analysis is an important method of 

robustness as it provides information on the persistence of momentum strategy returns 

across different times in the sample. 

Table 5-9 reports the profitability of the conventional, 52-week high and 52-

week low momentum strategies across three sub-periods: 1978-1986, 1987-1999 and 

2000-2013, along with the full sample results from 1978 through 2013. Based on the 

sub-samples, it appears that the profitability of all momentum strategies has declined 

considerably. Most notably, the annualised average return of the 52-week high 

momentum strategy is significantly higher in the pre-1987 sample, strongly 

dominating the other two strategies. During the period 1987-1999, the 52-week high 

momentum still appears to perform the best, however, the profitability has declined 

substantially. In the most recent sample, the profitability of the 52-week high 

momentum continues to decline, underperforming the conventional and 52-week low 

momentum strategies. Whilst the profits of the conventional strategy remain 
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 Antoniou et. al., (2013) find that loser stocks become under-priced under optimism and winner 

stocks become under-priced under pessimism. They conclude that momentum in stock markets is 

strengthened only during optimistic periods because of the short-selling constraints on losers. Although 

the short-selling constraint is not an issue in commodity futures, our results are not directly comparable 

to Antoniou et. al., (2013) due to differences in sentiment measures. 
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statistically significant, the 52-week high strategies are no longer significant. Unlike 

the 52-week high strategy, the 52-week low momentum strategy becomes both 

statistically and economically stronger in the most recent sample. 

Table 5-9 Sub-period results 

This table presents the profitability and statistical significance of conventional, 52-week high 

and 52-week low momentum strategies in sub-periods. Conventional strategy ranks 

commodities based on their prior 12-month returns whereas the 52-week high/low 

momentum strategies rank commodities based on their nearness to 52-week high/low price 

levels. For each strategy, all commodities are sorted into terciles (Winners, Middle, and 

Losers). The momentum strategies take long positions in the winners portfolio and short 

positions in the losers portfolio regardless of the ranking criteria used.  All returns are 

annualised and are the arithmetic mean returns in each period. The full sample covers the 

period February 1978 through July 2013. Three sub-periods are present. The t-statistics are 

reported in parentheses. 

 Annualised return 

 

1978-2013 

 

1978-1986 

 

1987-1999 

 

2000-2013 

Conventional momentum 12.58% 

 

15.77% 

 

12.49% 

 

10.81% 

 

(3.38) 

 

(1.59) 

 

(2.30) 

 

(1.97) 

        52-week high momentum 14.54% 

 

28.06% 

 

13.87% 

 

7.35% 

 

(3.99) 

 

(2.89) 

 

(2.71) 

 

(1.33) 

            52-week low momentum 11.36% 

 

17.86% 

 

8.21% 

 

10.83% 

 

(3.07) 

 

(1.81) 

 

(1.53) 

 

(1.96) 

 

 

Figure 5-3 Cumulative absolute profits 

This figure illustrates the value of $1 invested in the conventional, 52-week high and 52-week 

low momentum strategies, benchmarked against the long only portfolio (Passive long) which 

equally weights all commodities. The left figure depicts the strategies‘ performance in 1978-

1986 sample (Panel A), the middle and right figures exhibit the results for 1987-1999 (Panel B) 

and 2000-2013 sample (Panel C), respectively. 
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The decline in profitability in commodities momentum can be more directly 

observed in Figure 5-3. The left, middle and right figures depict the performance of all 

strategies in 1978-1986, 1987-1999 and 2000-2013 sample periods, respectively. 

Conventional, 52-week high and low momentum strategies are also benchmarked 

against the passive long only strategy, which equally weight all commodities in each 

sub-period. Clearly, the profitability of all strategies has declined from the early years 

to the more recent years of the entire sample period. In the second sub-period 

particularly, the 52-week high strategy which has seen a large decline in profitability, 

does not dominate the other strategies anymore. Instead, the 52-week high strategy 

exhibits sizeable underperformance compared to the conventional strategy.
138

 

Interestingly, the 52-week low momentum strategy appears to perform exceptional 

well in the recovery period subsequent to the 2008 global financial crisis (GFC). 

 

Figure 5-4 Backward-looking rolling one-year returns 

This figure illustrates the rolling one-year return of conventional, 52-week high and 52-week 

low momentum strategies. The horizontal lines denote the first half sample (1977-1995) mean 

return, the second half sample return (1996-2013), and a zero line. The vertical line denotes the 

end of the first half sample. The diagonal line represents the fitted values of the strategy 

returns from a regression with a constant and the time trend. 

 

Furthermore, Figure 5-4 depicts the rolling one-year return of the conventional, 

the 52-week high and the 52-week low momentum strategies. As illustrated, the 

profitability of all strategies has declined gradually, especially for the 52-week high 
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 This is largely caused by the relatively less weight the 52-week high momentum strategy assigned to 

energy commodities during the energy boom period from 2001 to 2005, a few years leading up to the 

Global Financial Crisis of 2008. 
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strategy, which appears to perform poorly in the second half of the sample. Also worth 

noting is that the profits in all strategies, on average, have been negative in the past 

few years subsequent to the GFC. 

It is unclear why the 52-week high momentum has declined in profitability in the 

second half of the sample. Since all prior studies on the 52-week high momentum 

monotonically omitted the sub-period analysis, prior literature provides little guidance 

on this issue. However, one immediate explanation may be that the anchoring 

behaviour of commodity traders has changed over time, which may have been 

attributable to the explosive growth of the commodity investment industry (ie. 

commodity index funds, hedge funds, CTAs and managed futures) from the early 

1990s. Since these strategies still generate statistically significant profits even after 

controlling for various risks across asset classes, the efficient market hypothesis leaves 

little room for such conjecture. On the other hand, existing behavioural theories on 

momentum do not provide any clear guidance on the reason for the decline in the 

profitability of these momentum strategies. However, the findings uncovered in this 

study seem to be remarkably consistent with the recently proposed adaptive market 

hypothesis (AMH). 

The AMH by Lo (2004) suggests that irrational agents portrayed by the 

behavioural theorists can exist in the world of efficient markets. Lo (2012) argues that 

the irrationality of market agents are actually adaptive behaviours taken out of their 

natural context. Lo (2004, 2012) asserts that the ‗sub-optimal‘ behaviours (anchoring, 

heuristics, underreaction and etc.) are persistent because they help ease the pressures 

from ‗extinction‘. Accordingly, agents must adjust their behaviours in order to 

‗survive‘ in a market environment that is constantly changing and evolving. Although 

still in its infancy, the AMH has generated immense interest from both academia and 

the investment profession. Amilon (2008) and Kim, Shamsuddin and Lim (2011) 

present supporting evidence of the AMH in the stock market. Furthermore, Neely, 

Weller and Ulrich (2009) and Charles, Darne and Kim (2012) show that the foreign 

exchange rates can also be explained by the AMH. In this study, we argue that 

commodity futures are also adaptive. 

The AMH presents two predictions that have direct implications to our results. 

First, profit opportunities generally exist in markets, and investment strategies will 
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perform well in certain environments but poorly in others. Second, the learning and 

competition pressures will gradually erode the profits of successful investment 

strategies. Predicted by the AMH, as more and more professional traders enter the 

commodity futures markets, competition for survival intensifies, thus more profit 

opportunities are gradually eroded or will disappear. This may also explain why the 

profitability of the 52-week high momentum strategy has declined more than the 

conventional and 52-week low momentum strategy, because the 52-week high 

momentum is far more profitable than the other strategies in the earlier part of the 

sample. Alternatively, since the conventional momentum profits are more stable, it 

may also imply, at least in commodity futures, that the conventional momentum is not 

driven by behavioural biases, but instead, are caused by bearing systematic risks.  The 

identification of these systematic risks in commodity futures continues to remain 

elusive. 

5.4    Conclusion 

In this Chapter, we examined the profitability of the 52-week high and 52-week low 

momentum strategies in comparison to the conventional momentum strategy in 

commodity futures. Consistent with the Grinblatt and Han (2002) prediction on 

investors‘ anchoring behaviour, the findings in this study indicate that both the 52-

week high and low momentum strategies are profitable in commodity futures. 

Furthermore, through extensive comparative analysis, we show that the nearness to the 

52-week high is indeed a superior predictor of past returns in comparison to the 

nearness to the 52-week low. The 52-week high and low momentum strategies 

combined can explain almost three quarters of the variation of returns of a 

conventional momentum strategy. The findings suggest that conventional momentum 

can largely be explained by the anchoring behaviour of investors around the 52-week 

high and the 52-week low of commodity futures prices. Furthermore, we find that the 

52-week high momentum profits do reverse in a relatively short period of time (1 to 

2.5 years). Unlike in the stock market where 52-week high momentum profits do not 

reverse, this finding implies that momentum and reversal can co-exist in commodity 

futures, as predicted by behavioural models such as Barberis et. al., (1998), Daniel et. 

al., (1998) and Hong and Stein (1999). 
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Although the design of the 52-week high momentum strategy relies largely on 

the assumptions that investors exhibit anchoring bias, we found the 52-week high 

momentum strategy is closely related to global funding liquidity. In addition to global 

liquidity risk, our results suggest that there is a symmetrical response between winners 

and losers (not momentum) to changes in market volatility. Furthermore, the 52-week 

high momentum is also shown to be negatively related to the bottom 20% of the 

changes in investor sentiment, suggesting that the 52-week high momentum strategy 

tends to perform well during episodes of smaller shifts in sentiment in the markets. 

Finally, our sub-period analysis reveals an overall decline of the strategies‘ 

profitability, especially in the second half of the sample. While the profits to the 

conventional strategy remain statistically significant, the 52-week high momentum 

strategy is no longer significant over the last decade. Since these findings cannot be 

grounded easily by either the efficient market hypothesis or behavioural theories, we 

conjecture that the anchoring behaviour of commodity traders has changed over time, 

likely caused by the rapid growth of the commodity investment industry (hedge funds, 

CTAs and managed futures) since the early 1990s. Such conjecture is remarkably 

consistent with the recently proposed adaptive market hypothesis (Lo, 2004, 2012). 

In the world of adaptive markets, irrational agents portrayed by behavioural 

theorists can exist in a market environment that is informationally efficient. The 

adaptive markets hypothesis predicts that investors‘ behavioural biases (anchoring, 

heuristics, underreaction and etc.) are persistent because they do so to ‗survive‘ in a 

market environment that is rapidly changing and evolving. Predicted by the AMH, as 

more and more professional traders enter the commodity futures markets, competition 

for survival intensifies, thus profit opportunities are gradually eroded or even disappear. 

Our sub-period results may not be sufficient to test the AMH in commodity futures, as 

it is not within the scope of this study. However, the AMH offers a sound explanation 

for the results observed. A more rigorous and complete test of the AMH in commodity 

futures presents an interesting avenue for future research. 
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Chapter 6   Conclusion  

6.1    Concluding Remarks 

This thesis investigated momentum investment strategies in commodity futures 

markets. The thesis proposed and examined the performance of three novel momentum 

strategies in commodity futures. Chapter 2 conducted an extensive literature review 

which covered the key strands of momentum and the long-term return reversal 

literature. The last section of Chapter 2 reviewed the emerging asset pricing literature 

for commodity futures and particularly the commodities momentum literature. 

As one of the most puzzling asset pricing anomalies in modern finance, the 

momentum literature is extensive. Under an efficient capital market, returns to 

momentum strategies must be explained by bearing systematic risks. However, despite 

a large number of attempts, the literature has not yet settled on a universally accepted 

risk factor(s) that can explain momentum. As the search for rational explanations 

continues, a number of behavioural based explanations have become increasingly 

popular. Moreover, the vast majority of these studies focus exclusively on the stock 

markets, relatively less attention has been devoted in alternative asset classes such as 

commodities. Investments in commodity related instruments have experienced 

tremendous growth over the last decade due to the diversification benefits and ‗equity-

like‘ returns it offers. Not only have commodity futures instruments been widely 

employed in strategic asset allocation, large inflows of actively managed funds have 

invested funds into commodity futures. However, it was only until recently that the 

momentum strategies were considered as viable tools for tactical asset allocation. The 

commodities momentum literature is still at its early stages of development; however, 

it is rapidly becoming one of the most actively researched areas in empirical finance. 

This thesis seeks to contribute to this rapidly growing literature. In the first 

empirical study (Chapter 3), the thesis proposed a novel strategy termed ‗microscopic 

momentum‘, which decomposes conventional 12-month momentum into 12 

microscopic components. The decomposition not only revealed that returns from all 

past 12 months are important in determining conventional momentum profits, but a 

new momentum-based anomaly. The ‗11,10 microscopic momentum‘, constructed 
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using past returns 11 to 10 month returns prior to portfolio formation generates 

statistically significant profits that are quantitatively similar to returns of a 

conventional 12-month momentum strategy. The superiority of the 11,10 strategy 

cannot be explained by sector-specific nor month-of-year commodity seasonality 

effects and is robust across sub-periods and out-of-sample analysis. Furthermore, the 

thesis found that the superior performance of the intermediate momentum claimed by 

Novy-Marx (2012) may be an illusion created by the 11,10 microscopic momentum.  

The second empirical study (Chapter 4) examined the long-term reversal effect 

of commodity futures momentum and its usefulness in improving conventional 

momentum strategies. The study found that commodity momentum profits consistently 

reverse from 12 to 30 months after portfolio formation. Compared to equities 

momentum, the findings suggest that the correction for overreaction (reversal) in 

commodity futures is more rapid. Using these insights, the novel double-sort trading 

strategy in Chapter 4 that combines momentum and the observed reversal signal 

generated economically and statistically significant profits, which substantially 

outperformed conventional momentum strategies even on a risk-adjusted basis. To 

better understand the return patterns of the proposed strategy, the study demonstrated 

that global funding liquidity risk plays a vital role when momentum and reversal are 

being considered in a unified framework. A decomposition of returns confirmed that 

the interactions between momentum and reversal may be driving the link with liquidity. 

The third empirical study (Chapter 5) examined the performance of the 52-week 

high and low momentum strategies. This study found that commodity investors exhibit 

anchoring biases around both the 52-week high and the 52-week low price levels. 

Since such anchoring behaviour around the 52-week low is not present in the stock 

market, the findings suggest that commodity investors exhibit different behaviour from 

stock investors around the 52-week low price level. Furthermore, the study found that 

the 52-week high momentum is a better predictor of future performance than the 

conventional and the 52-week low momentum in commodity futures. Interestingly, the 

study found that conventional momentum can largely be explained by the anchoring 

behaviour of investors around the 52-week high and the 52-week low of commodity 

prices. Furthermore, the study found that global funding liquidity again plays a 

significant role in understanding the return dynamics of these active strategies. In the 
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end, the sub-period results revealed a significant declining trend in the momentum 

profits of the 52-week high. This finding is remarkably consistent with the predictions 

of the Adaptive Market Hypothesis (AMH). Proposed by Lo (2004), the AMH argues 

that investors must adjust their behaviours in order to ‗survive‘ in a market 

environment that is rapidly evolving. The profitability of successful investment 

strategies will be eroded when market competition intensifies. 

6.2    Relevance and Implication 

The findings uncovered in this PhD thesis are relevant to both academia and the 

investment profession. The findings are relevant to academia because the thesis makes 

a number of original contributions to the growing literature in commodities momentum. 

Although this thesis does not claim to have solved the momentum puzzle, the findings 

provide new insights in our understanding of momentum in commodity futures. 

Since the decomposed components of microscopic momentum do not fully 

capture the conventional momentum effect, it may also imply that the term structure of 

momentum (at least in the commodity futures market) is more complex than 

previously thought, due to the possible interactions among past returns that are 

embedded in the conventional momentum signal. These interactions are not 

immediately apparent because the cross correlation test suggests the microscopic 

momentum components exhibit different time series properties. Consequently, the 

findings could be used to hint why previous studies have been unsuccessful at 

explaining the conventional momentum anomaly. Prior studies generally construct JT 

momentum portfolios using the entire 12 months of past returns. Although the profits 

from conventional strategies are reported on a monthly basis, they may contain 

complex structures of interactive information from the previous months that are not 

captured by the dynamics of the explanatory variables. Therefore, instead of trying to 

explain momentum which often contains complex interactive information from 

multiple months prior to portfolio formation, future studies may attribute rational risk 

factors to single-month microscopic momentum strategies. 

Extensive post-holding analyses reveal that conventional commodity momentum 

profits consistently reverse from 12 to 30 months after portfolio formation and trend 

back up again from 30 to 60 months. This finding suggests that commodity momentum 
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may be better explained in behavioural terms, but the market correction for 

overreaction in commodity futures is more rapid than in the equities market, which 

typically takes up to five years after portfolio formation. Another possible explanation 

of the observed reversal pattern may lie within the term structure of commodity futures. 

Miffre and Rallis (2007) conclude that momentum strategies buy backwardated 

contracts and short sell contangoed contracts and conjecture that ‗commodity futures 

markets do not switch over horizons of 2–5 years from backwardation to contango (or 

conversely)‘ (p1882). The conclusion of Miffre and Rallis (2007) does not rule out the 

possibility that the switches could take place more quickly within 2 years. However, 

the profit accumulation from 30 to 60 months also implies that commodity momentum 

is uniquely distinctive from that of the equities market. 

The findings in Chapter 5 revealed that nearly three quarters of the variation in a 

conventional momentum portfolio can be explained by the 52-week high and low 

momentum combined. This finding suggests that conventional momentum can largely 

be explained by the anchoring behaviour of investors around the 52-week high and the 

52-week low of commodity prices. In line with the results of overreaction in Chapter 4, 

the findings in this thesis imply that commodities momentum may be better explained 

by behavioural biases rather than by risk premia. Furthermore, the fact that excess 

returns can be consistently achieved by purely exploiting the past prices clearly 

suggests the rejection of the Random Walk Hypothesis in commodity futures. 

However, it does not necessarily lead to the automatic rejection of the more 

sophisticated, Efficient Market Hypothesis (EMH). Although none of the standard 

systematic risks can be used to explain this apparent profitability, a missing risk 

factor(s) that drive these profits have yet to be discovered. 

While the profits of the conventional momentum strategy remain statistically 

significant, the 52-week high momentum strategy is no longer significant over the last 

decade. Since these findings cannot be grounded easily by either the efficient market 

hypothesis or behavioural theories, we conjecture that the anchoring behaviour of 

commodity traders has changed over time, likely caused by the explosive growth in the 

commodity investment industry (Hedge Fund CTA and Managed Futures) since the 

early 1990s. Such conjecture is remarkably consistent with the recently proposed 

adaptive market hypothesis (Lo, 2004, 2012). In the world of adaptive markets, 



189 

 

irrational agents portrayed by behavioural theorists can exist in a market environment 

that is informationally efficient. The adaptive markets hypothesis predicts that 

investors‘ behavioural biases (anchoring, heuristics, underreaction and etc.) are 

persistent because they do so to ‗survive‘ in a market environment that is rapidly 

changing and evolving. Predicted by the AMH, as more and more professional traders 

enter the commodities market, competition for survival intensifies, thus profit 

opportunities are gradually eroded or even disappear. The findings imply that 

commodity futures markets are also adaptive. 

For the investment profession, these findings should be particularly relevant to 

Managed Futures, Commodity Trading Advisors (CTAs), and also Global Tactical 

Asset Allocation (GTAA) teams at institutional funds. CTAs and Managed Futures 

have traditionally employed trend-following strategies in both physical and derivatives 

markets in stocks, bonds and alternative investments such as currencies and 

commodities. CTAs are allowed to take both long and short positions when managing 

their portfolios. The proposed long-short active trading strategies are previously 

unseen in the literature. As shown in this thesis, these strategies exhibit strong 

profitability (alpha) potential while offering return dynamics that are unique not only 

to long-only commodities exposure, but also to long-short conventional momentum 

strategies in commodity futures. 

From a practical perspective, the results in the first empirical study imply that 

CTAs and active commodity fund managers must not consider intermediate 

momentum as a viable substitute for conventional momentum strategies. Instead, the 

11,10 microscopic strategy, which offers similar magnitude but unique dynamics of 

returns to conventional momentum strategies, may be a feasible alternative. 

Furthermore, as shown in the second empirical study, systematically and tactically 

allocating wealth towards medium-term winner but long-term loser commodities and 

medium-term loser but long-term winner commodities generates economically and 

statistically significant profits, which substantially outperforms the conventional 

momentum strategies on a risk-adjusted basis. The third empirical study suggests that 

the 52-week high momentum strategy that buys commodities that are nearest to their 

52-week high and short sells commodities that are furthest away from their 52-week 
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high also generates statistically and economically significant profits which are superior 

to conventional momentum strategies. 

Meanwhile, the correlation results imply that the proposed novel strategies can 

be employed to improve not only traditional passive investments (stocks, bonds) but 

also active commodity funds that employ conventional momentum strategies. As 

shown in all empirical studies, the correlations between returns from active strategies 

and those of traditional investments (stocks, bonds and currencies) are low given the 

long-short nature and alternative asset exposures. Thus, incorporating the proposed 

strategies enhances returns and reduces overall risks of traditional investments, 

providing much needed diversification benefits especially during market turbulences. 

Furthermore, the three novel strategies proposed in this thesis also exhibit return 

dynamics that are distinct from the conventional momentum strategies. These findings 

imply that active commodity funds that exploit simple return continuation can be 

improved by employing one of the proposed double-sort or the 52-week high 

momentum strategies.
139

  

6.3    Limitation and Avenues for Future Research  

Despite the careful design and execution of this research, readers must be aware of the 

limitations and shortcomings. While a number of previous momentum studies employ 

raw futures contracts obtained from commodity exchanges, this thesis employs GSCI 

and UBS individual futures indices. Given the differences between the data sources, 

the thesis has shown that the results on conventional momentum are consistent with 

the prior literature. Although this implies that our data and estimates are reliable, a few 

major differences between the data must be highlighted. First, previous studies employ 

an immediate roll approach. On a pre-set date before the current contracts expire, all 

                                                 
139

 This thesis examined an extensive number of novel momentum strategies (microscopic, double-sort 

momentum and reversal, 52-week high and low momentum) in commodity futures markets. Profitability 

of two of these strategies exhibit links with global funding liquidity. This leads to the question of how 

similar or dissimilar do these strategies perform. A pairwise correlation analysis reveals that the double-

sort strategy (Mom12-Ctr18) is indeed sharing some similarities (0.28, significant at the 5% level) with 

the 52-week high momentum. The 52-week high momentum also appears to be related to the 11,10 

microscopic momentum (0.18, significant at the 5% level), whereas the microscopic momentum exhibits 

no correlation (0.02) with the double-sort momentum strategy. The analysis and interaction between 

these three investment strategies would constitute an independent study in itself and is outside the scope 

of this PhD thesis, however, it provides new avenues for future research. 
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positions in the current contracts are liquidated and new positions are entered into the 

next nearest contract that is expiring in a later date. Based on our data, as opposed to 

rolling all futures positions on one day, the thesis employed a gradual rolling approach 

by switching gradually from the expiring futures contracts towards the next nearest 

contracts in a pre-defined period of five to seven business days. Although this seems to 

be a minor issue, a problem may arise as a consequence of the ‗gradual rolling‘. This is 

because that gradual rolling approach requires the entire futures positions to be rolled 

proportionally in the roll period. However, as futures contracts cannot be traded as 

fractions, achieving a 100% perfect rollover may not be possible in reality. Second, it 

is also important to note that the inception dates of each commodity between the data 

sources may be different. 

Furthermore, although transaction costs are explicitly accounted for by using 

proxies, certain components of transaction costs are explicitly ignored. For example, 

the turnover ratios considered in this thesis only includes the rolling over of futures 

contracts and changes in portfolio composition. Price impact, commissions and 

monthly rebalancing to equal weights are not considered in this thesis.
140

 Furthermore, 

no leverage is imposed in the thesis, therefore the reported profits could be potentially 

understated. 

Upon completing the thesis, a number of interesting issues have emerged. These 

issues are far beyond the scope of the thesis but constitute promising avenues for 

future research. First, the 11,10 microscopic strategy is almost as profitable as the best 

performing conventional momentum strategy, but a relatively low correlation of 0.375 

sets these two seemingly close strategies apart. Why does the 11,10 microscopic 

strategy (which uses only one month worth of past information) produce a similar level 

of return compared to a conventional 12-month momentum strategy (which uses 12 

month worth of past information)? Second, when microscopic momentum portfolios 

were formed using single month returns beyond the past 12-month period, an abrupt 

reversal in profits was observed. Why is this cut-off point in the 12-month formation 

period so important?  

                                                 
140

 After consulting with H3 Global Advisors Pty Ltd, they have confirmed that these factors are 

negligible in real time. Also see Fuertes et. al., (2010) and Miffre and Rallis (2007), who provide 

academic support to the notion that transaction costs in commodity futures is negligible. 
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Third, the global funding liquidity risk is found to play a critical role in 

understanding the profits to the 52-week high momentum and the combined 

momentum-reversal. Future research may look into this issue further. Particularly in 

the second empirical study (Chapter 4), the combined strategy was found to perform 

better when funding liquidity risk was at its extreme highs. Future research may 

endeavour to investigate the usefulness of the combined strategy in market crisis 

periods. Moreover, the combined strategy proposed in this thesis is non-parametric 

(cross-sectional) in nature. Recent advances in time-series momentum literature 

suggest that combining momentum and reversal parametrically (time-series) may be a 

promising area of future research. Furthermore, the combined strategies may also yield 

some interesting results in analysing the behaviour of hedge funds. 

Finally, the 52-week high momentum results presented in this thesis (Chapter 5) 

may not be sufficient to test the AMH in the commodity futures market, as it is not 

within the scope of the study. However, the AMH offers a sound explanation for the 

results observed. As the theory continues to gain support, a more rigorous and 

complete test of the AMH in the commodity futures market presents an interesting 

avenue for future research. 
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Appendix 1 Performance of single-sort momentum strategies in sub-periods 

This table reports the performance of 13 single-sort momentum strategies in sub-periods. Panel A reports 1977 to 1990 and Panel B shows 1991 to 2011 using GSCI data. 

Panel C shows UBS data from 1991-2011. All Panels report the long-short (momentum) portfolio only. J and K represent ranking and holding periods. Sortino is 

benchmarked at 0%. Reward/risk is equivalent to Sharpe ratio in this case. 
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K=1 

 

K=1 K=3 K=9 

 

K=1 K=3 K=6 K=9 

 

K=1 K=3 K=6 

 

K=1 K=3 Benchmark 

                   
Panel A: GSCI 1977-1990 

                  Annualised arithmetic mean 0.1538 
 

0.1843 0.1297 0.1045 
 

0.1823 0.1675 0.1445 0.1011 
 

0.2210 0.1783 0.1365 
 

0.2255 0.1564 0.0247 
t-statistics 2.17 

 
2.52 2.1 2.37 

 
2.56 2.53 2.49 2 

 
3.04 2.71 2.22 

 
3.14 2.33 0.67 

Annualised volatility 0.2639 
 

0.2704 0.2273 0.1587 
 

0.2609 0.2408 0.2093 0.1801 
 

0.2636 0.2371 0.2192 
 

0.2578 0.2399 0.1383 
Annualised downside volatility 0.1496 

 
0.1397 0.1316 0.1024 

 
0.143 0.1406 0.1221 0.1042 

 
0.1383 0.135 0.1163 

 
0.1336 0.1227 0.0806 

Reward/Risk Ratio 0.5829 
 

0.6815 0.5706 0.6583 
 

0.6987 0.6956 0.6906 0.5615 
 

0.8385 0.7518 0.6229 
 

0.8747 0.6519 0.1787 
Sortino Ratio 1.1042 

 
1.4361 1.0464 1.0708 

 
1.3874 1.2876 1.2652 1.0165 

 
1.7697 1.4333 1.2503 

 
1.8738 1.3697 0.3103 

Skewness 1.0455 
 

1.305 1.6942 1.1502 
 

1.3722 1.4249 1.2163 0.8734 
 

1.5095 1.3992 1.0301 
 

1.1368 1.209 0.2524 
Kurtosis 8.9444 

 
8.7496 13.3448 9.6375 

 
9.6717 11.0759 9.3147 7.0326 

 
10.0043 10.9119 7.3055 

 
7.5358 7.9896 3.7975 

99%VaR(Cornish-Fisher) 0.4031 
 

0.4155 0.416 0.252 
 

0.4178 0.4084 0.329 0.2485 
 

0.4309 0.4006 0.311 
 

0.3772 0.3549 0.1402 
Maximum Drawdown -0.3801 

 
-0.3295 -0.234 -0.2018 

 
-0.3123 -0.2898 -0.2879 -0.3202 

 
-0.2545 -0.3923 -0.4147 

 
-0.3701 -0.4015 -0.5786 

Drawdown Length (months) 15 
 

20 5 3 
 

7 7 20 20 
 

9 20 20 
 

17 16 58 
Max Run-up (consecutive) 0.7701 

 
0.7186 0.6868 0.4387 

 
0.7286 0.7022 0.5726 0.4616 

 
0.7264 0.6919 0.5515 

 
0.675 0.6403 0.384 

Runup Length (months) 5 
 

3 3 2 
 

3 3 2 2 
 

3 3 2 
 

3 3 6 
                   
Panel B: GSCI 1991-2011 

                  Annualised arithmetic mean 0.0559 
 

0.1194 0.0962 0.0624 
 

0.0900 0.0419 0.0475 0.0652 
 

0.0823 0.0998 0.0890 
 

0.1399 0.1005 0.0431 
t-statistics 1.32 

 
2.79 2.69 2.71 

 
2.15 1.11 1.49 2.27 

 
1.95 2.56 2.5 

 
3.17 2.57 1.42 

Annualised volatility 0.194 
 

0.1957 0.1623 0.1033 
 

0.1899 0.1711 0.1433 0.128 
 

0.1905 0.1751 0.1588 
 

0.1975 0.1749 0.139 
Annualised downside volatility 0.1103 

 
0.1118 0.0954 0.0654 

 
0.1091 0.1086 0.094 0.0812 

 
0.1164 0.1086 0.0983 

 
0.123 0.1107 0.1196 

Reward/Risk Ratio 0.2879 
 

0.6104 0.5927 0.6035 
 

0.474 0.2446 0.3314 0.5097 
 

0.4322 0.5697 0.5605 
 

0.7082 0.5748 0.3099 
Sortino Ratio 0.5196 

 
1.129 1.0534 0.9815 

 
0.8594 0.393 0.5163 0.8282 

 
0.7345 0.9617 0.9434 

 
1.2127 0.9515 0.3672 

Skewness 0.1399 
 

0.2133 0.2249 0.1401 
 

0.3772 -0.0598 -0.1095 0.0017 
 

0.1264 -0.0492 -0.0188 
 

-0.0884 -0.1669 -1.4873 
Kurtosis 2.9518 

 
3.6164 4.1876 4.0403 

 
4.6454 3.6544 3.7726 3.5211 

 
3.7136 3.521 3.271 

 
3.4888 3.4826 13.8262 

99%VaR(Cornish-Fisher) 0.1815 
 

0.201 0.1732 0.107 
 

0.2137 0.1575 0.132 0.1219 
 

0.1896 0.1649 0.1482 
 

0.1856 0.1585 0.1962 
Maximum Drawdown -0.4724 

 
-0.3205 -0.249 -0.2561 

 
-0.3103 -0.3808 -0.4439 -0.3689 

 
-0.4471 -0.5059 -0.4822 

 
-0.4154 -0.4589 -0.4849 

Drawdown Length (months) 19 
 

12 34 12 
 

33 12 12 12 
 

12 12 12 
 

25 25 6 
Max Run-up (consecutive) 0.1875 

 
0.3861 0.2865 0.2471 

 
0.3089 0.2786 0.3768 0.4008 

 
0.4244 0.4736 0.4658 

 
0.4332 0.4973 0.1767 

Runup Length (months) 2 
 

8 4 4 
 

4 4 7 7 
 

7 7 7 
 

7 7 4 
                   
Panel C: UBS 1991-2011 

                  Annualised arithmetic mean 0.0522 
 

0.1075 0.0592 0.0481 
 

0.0994 0.0415 0.0406 0.049 
 

0.0518 0.0718 0.0637 
 

0.1388 0.0988 0.0406 
t-statistics 1.15 

 
2.56 1.67 1.94 

 
2.31 1.06 1.19 1.59 

 
1.23 1.81 1.77 

 
3.3 2.53 1.37 

Annualised volatility 0.2095 
 

0.1935 0.1623 0.1124 
 

0.1964 0.1778 0.1551 0.1386 
 

0.1914 0.1793 0.1621 
 

0.1901 0.1757 0.1368 
Annualised downside volatility 0.1352 

 
0.1105 0.1056 0.0754 

 
0.1224 0.1172 0.1001 0.0927 

 
0.1287 0.1163 0.1063 

 
0.1278 0.1127 0.1063 

Reward/Risk Ratio 0.2492 
 

0.5558 0.3646 0.4278 
 

0.5062 0.2336 0.2618 0.3534 
 

0.2707 0.4004 0.3928 
 

0.7299 0.5626 0.2968 
Sortino Ratio 0.3954 

 
1.0229 0.5757 0.6522 

 
0.8507 0.3615 0.4133 0.5401 

 
0.4121 0.6382 0.617 

 
1.1577 0.9177 0.3888 

Skewness -0.0864 
 

0.0999 0.0257 0.0271 
 

-0.0849 -0.1505 -0.0886 -0.1584 
 

-0.235 -0.1817 -0.1235 
 

-0.3781 -0.1666 -0.6982 
Kurtosis 3.4837 

 
3.2342 4.3537 5.415 

 
3.8342 4.5673 4.1571 4.9469 

 
4.8589 4.8184 4.7067 

 
5.2435 5.1104 7.4005 

99%VaR(Cornish-Fisher) 0.1889 
 

0.1869 0.1629 0.1215 
 

0.186 0.1699 0.1469 0.137 
 

0.1829 0.1753 0.1598 
 

0.1873 0.1783 0.1413 
Maximum Drawdown -0.6877 

 
-0.5345 -0.3815 -0.2203 

 
-0.3276 -0.4164 -0.4017 -0.357 

 
-0.4701 -0.4134 -0.4343 

 
-0.3168 -0.3372 -0.4904 

Drawdown Length (months) 127 
 

36 44 12 
 

29 29 25 25 
 

61 25 25 
 

7 25 8 
Max Run-up (consecutive) 0.2203 

 
0.3106 0.2305 0.1905 

 
0.2017 0.1934 0.1961 0.1918 

 
0.2377 0.2365 0.1972 

 
0.2366 0.2415 0.2058 

Runup Length (months) 3 
 

6 5 5 
 

3 2 2 3 
 

2 5 4 
 

3 3 3 
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Appendix 2 Performance of double-sort momentum strategies in sub-periods 

This table reports the performance of double-sort strategy in two sub-periods 1977-1990 and 1991 to 2011.First sort ranking period is 12 months. Four second-sort ranking 

periods are 18, 24, 36 and 48 months. Panels A and B show the long and short portfolios respectively, whereas Panel C reports the long-short portfolio. These double-sort 

strategies are benchmarked against their respective single-sort momentum strategies within the respective sub-periods. Performance of double-sort strategies based on 26 UBS 

commodities futures is also reported. 

 
1977-1990 GSCI 

  
1991-2011 GSCI 

  
1991-2011 DJUBS 

 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

Mom12-

Ctr48  Mom12-1 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

Mom12-

Ctr48  Mom12-1 

 

Mom12-

Ctr18 

Mom12-

Ctr24  

Mom12-

Ctr36 

Mom12-

Ctr48  Mom12-1 

                 
Panel A: Long Portfolio 

                Annualised arithmetic 

mean 

0.1881 0.2214 0.1169 0.0563 0.1533 
 

0.1802 0.1488 0.147 0.0787 0.1229 
 

0.2006 0.2106 0.1787 0.1639 0.1268 
t-statistics 2.39 2.21 1.2 0.65 2.2 

 
3.76 2.86 2.6 1.5 2.75 

 
4.52 4.45 3.46 3.09 3 

Annualised volatility 0.2773 0.3452 0.3231 0.271 0.2506 
 

0.212 0.2276 0.2404 0.2162 0.2003 
 

0.1981 0.2086 0.2217 0.221 0.1908 
Reward/Risk Ratio 0.6785 0.6414 0.3618 0.2076 0.6118 

 
0.8497 0.6536 0.6114 0.3639 0.6137 

 
1.0124 1.0094 0.8059 0.7416 0.6647 

Sortino Ratio 1.7846 1.6292 0.858 0.4484 1.2996 
 

1.2806 0.9847 0.9136 0.5003 0.8329 
 

1.5755 1.5802 1.2099 1.1017 0.9274 
Skewness 1.8993 2.5695 2.4239 2.3164 1.5136 

 
-0.279 -0.3425 -0.3573 -0.8503 -0.8917 

 
-0.2968 -0.3782 -0.6034 -0.4501 -0.6297 

Kurtosis 9.207 15.0543 13.7956 15.5922 9.4455 
 

7.4935 8.1478 8.933 8.48 8.1754 
 

5.0397 4.9334 6.126 4.9201 6.014 
                 
Panel B: Short Portfolio 

                Annualised arithmetic 

mean 

-0.0964 -0.075 -0.1318 -0.1269 -0.0722 
 

-0.0777 -0.0153 -0.031 -0.0264 -0.0169 
 

-0.076 -0.0214 -0.0289 0.0024 -0.0119 
t-statistics -1.92 -1.36 -2.4 -2.1 -1.57 

 
-1.87 -0.33 -0.63 -0.53 -0.46 

 
-1.81 -0.47 -0.56 0.04 -0.33 

Annualised volatility 0.177 0.19 0.1814 0.1907 0.1649 
 

0.1842 0.2001 0.211 0.2073 0.1639 
 

0.1873 0.1993 0.2208 0.2213 0.1657 
Reward/Risk Ratio -0.5444 -0.3947 -0.7262 -0.6657 -0.4377 

 
-0.4221 -0.0767 -0.1471 -0.1275 -0.1033 

 
-0.4059 -0.1072 -0.131 0.0107 -0.0721 

Sortino Ratio -0.8611 -0.6247 -1.0186 -0.9409 -0.7617 
 

-0.5695 -0.1053 -0.2029 -0.1705 -0.1466 
 

-0.5999 -0.1721 -0.204 0.0171 -0.1106 
Skewness 0.242 0.1593 -0.1373 -0.0179 0.3264 

 
-0.0641 -0.2123 -0.4295 -0.5999 -0.0505 

 
0.1812 0.323 0.4738 0.4398 0.4049 

Kurtosis 3.3285 3.4256 3.2857 3.6462 3.6736 
 

6.5505 6.9279 7.8799 8.2051 7.3415 
 

5.341 5.048 6.3471 6.9738 7.3474 
                 
Panel C: Long-Short Portfolio 

                Annualised arithmetic 

mean 

0.2845 0.2964 0.2486 0.1832 0.2255 
 

0.2579 0.1641 0.178 0.1051 0.1399 
 

0.2766 0.232 0.2076 0.1615 0.1388 
t-statistics 3.42 2.84 2.29 1.87 3.14 

 
4.76 2.82 2.99 1.92 3.17 

 
5.73 4.44 3.55 2.78 3.3 

Annualised geometric 

mean 

0.2449 0.2393 0.1913 0.1391 0.1944 
 

0.23 0.1326 0.1468 0.0798 0.1205 
 

0.2538 0.2059 0.1758 0.1312 0.1206 
Annualised volatility 0.2933 0.3603 0.3588 0.3078 0.2578 

 
0.2399 0.2545 0.2528 0.2264 0.1975 

 
0.2154 0.2301 0.2513 0.2425 0.1901 

Downside volatility 0.1313 0.1663 0.1595 0.153 0.1336 
 

0.1392 0.1393 0.1433 0.1302 0.123 
 

0.1287 0.1368 0.1757 0.1801 0.1278 
Reward/Risk Ratio 0.97 0.8227 0.693 0.5951 0.8747 

 
1.075 0.6449 0.7041 0.4643 0.7082 

 
1.2845 1.0081 0.8262 0.6658 0.7299 

Sortino Ratio 2.473 2.0455 1.7497 1.3036 1.8738 
 

2.0874 1.2706 1.3487 0.8471 1.2127 
 

2.4435 1.8885 1.3013 0.9661 1.1577 
Skewness 1.2446 2.0111 1.7932 1.2274 1.1368 

 
0.3117 0.3559 0.2852 0.1335 -0.0884 

 
-0.1035 -0.0828 -0.427 -0.6968 -0.3781 

Kurtosis 6.5628 12.0356 10.0298 8.6637 7.5358 
 

3.9162 3.8841 3.9264 3.1341 3.4888 
 

3.3142 3.0676 4.4487 6.1086 5.2435 
Max monthly gain 0.4079 0.6161 0.5543 0.4921 0.397 

 
0.2583 0.2583 0.2646 0.2115 0.1848 

 
0.1926 0.2153 0.1963 0.1704 0.1665 

Max monthly loss -0.2046 -0.244 -0.2046 -0.1868 -0.178 
 

-0.1631 -0.1952 -0.1715 -0.1552 -0.1601 
 

-0.1737 -0.1734 -0.3072 -0.3557 -0.2677 
95%VaR 0.1156 0.1464 0.1496 0.1309 0.1036 

 
0.0924 0.1072 0.1052 0.0987 0.0821 

 
0.0792 0.0899 0.102 0.1017 0.0787 

99%VaR(Cornish-Fisher) 0.4139 0.6246 0.5777 0.4682 0.3772 
 

0.2665 0.2757 0.2716 0.2175 0.1856 
 

0.2092 0.2158 0.2334 0.237 0.1873 
% of positive months 0.6242 0.6713 0.7023 0.8151 0.671 

 
0.6468 0.6026 0.6866 0.722 0.6266 

 
0.6402 0.6567 0.733 0.7368 0.6408 

Maximum Drawdown -0.3898 -0.4899 -0.5201 -0.5443 -0.3701 
 

-0.3365 -0.5177 -0.5435 -0.5468 -0.4154 
 

-0.3284 -0.3713 -0.4273 -0.4187 -0.3168 
Drawdown Length 

(months) 

39 17 38 38 17 
 

19 28 43 28 25 
 

7 7 7 4 7 
Max Run-up (consecutive) 0.8935 1.1778 0.7314 0.3106 0.675 

 
0.457 0.4274 0.3788 0.3632 0.4332 

 
0.642 0.5148 0.3826 0.3944 0.2366 

Runup Length (months) 5 6 2 4 3 
 

5 3 7 5 7 
 

10 6 3 5 3 
Max 12M rolling return 1.5182 1.5074 0.942 0.8845 1.0677 

 
0.8253 0.633 0.8412 0.6132 0.6626 

 
0.8248 0.6936 0.8024 0.7571 0.6619 

Min 12M rolling return -0.3609 -0.4649 -0.3949 -0.3157 -0.4228 
 

-0.2174 -0.45 -0.604 -0.451 -0.4695 
 

-0.2251 -0.3153 -0.4277 -0.365 -0.2258 
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Appendix 3 Data-snooping test for strategy superiority 

This table reports Reality Check (White, 2000) and SPA (Hansen, 2005) test consistent 

p-values for superior performance. The parameter q is the geometric distribution that 

determines the block-length in the bootstrap samples, where the expected block length 

is given by 1/q. The consistent (not pairwise) p-values are reported for both the RC and 

SPA tests. For each test, the bootstrap is replicated 10,000 times. The stationary and 

circular bootstrap is based on Polities and Romano (1994) and Polities and Romano 

(1992) respectively. There are in total 25 strategies, which include 13 single-sort and 

12 double-sort strategies. Panel A reports all strategies against the equally weighted 

long-only benchmark. Panel B reports 13 single-sort strategies against the passive 

benchmark and Panel C reports 12 double-sort strategies against the benchmark. Panel 

D reports 12 double-sort strategies against the most profitable single-sort active 

strategy as the benchmark. Significant p-values indicate that the strategies outperform 

the benchmark. 

Bootstrap Dependence Bootstrap Method Reality Check 

 

SPA test 

  

Consistent p-values 

 

Consistent p-values 

   

Panel A: All strategies versus passive long benchmark 

  q=0.05 Stationary 0.0336 

 

0.0341 

 

Circular 0.0362 

 

0.0388 

q=0.1 Stationary 0.0487 

 

0.0456 

 

Circular 0.0479 

 

0.0420 

q=0.5 Stationary 0.0729 

 

0.0751 

 

Circular 0.0733 

 

0.0705 

     Panel B: All single-sort strategies versus passive long benchmark 

q=0.05 Stationary 0.0350 

 

0.0366 

 

Circular 0.0349 

 

0.0358 

q=0.1 Stationary 0.0442 

 

0.0479 

 

Circular 0.0417 

 

0.0470 

q=0.5 Stationary 0.0706 

 

0.0762 

 

Circular 0.0762 

 

0.0688 

     Panel C: All double-sort strategies versus passive long benchmark  

q=0.05 Stationary 0.0000 

 

0.000 

 

Circular 0.0000 

 

0.000 

q=0.1 Stationary 0.0000 

 

0.000 

 

Circular 0.0000 

 

0.000 

q=0.5 Stationary 0.0000 

 

0.000 

 

Circular 0.0000 

 

0.000 

     Panel D: All double-sort strategies versus Momentum12-1 benchmark  

q=0.05 Stationary 0.0000 

 

0.000 

 

Circular 0.0000 

 

0.000 

q=0.1 Stationary 0.0000 

 

0.000 

 

Circular 0.0000 

 

0.000 

q=0.5 Stationary 0.0000 

 

0.000 

 

Circular 0.0000 

 

0.000 
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