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Abstract      

The purpose of the master’s thesis is to compare and analyze momentum strategies using a broad 

selection of futures contracts from equity, bond and commodity asset classes. Momentum can be seen 

as a pervasive asset pricing anomaly and it is found in academic studies to exist in practically all major 

asset classes. Momentum challenges directly efficient-market hypothesis and currently there is no 

agreement as to the underlying cause of momentum.  

 

Literature in momentum divides into two approaches: cross-sectional- and time-series momentum. 

The former was introduced by Jegadeesh and Titman (1993) and the latter by Moskowitz, Ooi and 

Pedersen (2012). Momentum can be applied in several different forms and whereas most studies in 

momentum applies only one of the two approaches, this study examines both by examining the most 

conventional strategies from the cross-sectional- and time-series momentum literature. Also volatility 

weighed and linearized versions of momentum are examined.  

 

We analyze the performance of momentum strategies by summary statistics and also through risk 

adjusted performance. Strategy returns are regressed against conventional factor models, which 

include momentum factors. Volatility weighted versions of momentum strategies are more capable of 

producing better risk adjusted returns than regular or linearized versions. From strategy specifications, 

generally the 12-month lookback and 1-month holding strategy brings higher returns that 6-month 

lookback and 6-month holding alternative. These results are also presented on asset class level and it 

can be seen that momentum strategies are more successful when aggregated on all assets.  

 

The study also examines market conditional performance during different economic cycles. No 

statistically significant difference can be seen for momentum returns during different economic cycles.  

Also momentum performance in comparison to market return is analyzed and we a see peculiar 

momentum “smirk” for regular strategies and more typical momentum “smile” for volatility weighted 

strategies. Momentum strategies returns cannot be seen as compensation for crash risk.  

 

A decomposition of momentum returns shows that the sources of the returns are different for each of 

the approaches. However, cross-sectional and time-series momentum share also similarities – they 

have similar exposures against conventional momentum factors as well to one another and cross-

sectional asset-class specific momentum strategy returns can explain the returns of corresponding 

asset-class specific returns from time-series momentum. 

 

This study provides information on how asset managers use momentum and what are the practical 

implications of applying these strategies on futures contracts. The strategies presented apply to other 

asset classes as well. Compared to traditional 60/40 portfolio, addition of momentum can improve 

expected returns and risk/return tradeoff. Also as individual investing strategy, momentum is viable 

option to enhance the performance assets and portfolios.  
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1 INTRODUCTION 

Investors today face a lot of uncertainties, for example, in the form of dependency on 

central banks’ actions on monetary policy, unprecedented levels of interest rates, troubled 

banking sector and rising global political tensions. Also, a number of valuation models 

(for example P/E ratios), say that markets are expensive by historical standards, while the 

level of interest rates makes it difficult to attain reasonable returns for investments outside 

of the stock market. These are some of the reasons, which support asset management, that 

systematically picks out winning assets and avoid assets, which are on a negative trend. 

Momentum is such an investment strategy. It has been found profitable in multitude of 

studies and it is supported by several academics as the most robust and persistent market 

factor. Momentum can be implemented practically in any asset class and there are no 

other styles of investing that can cover momentum. 

According to Daniel and Moskowitz (2013) momentum has been shown to be strong, 

pervasive and has consistently generated large Sharpe ratios through zero-investment 

strategies. It remains a puzzle as it has little correlation with standard proxies for 

macroeconomic risk and its returns are challenging to be explained by standard rational-

expectations framework. Defining aspect of momentum is that it clearly contradicts 

market efficiency. Investors can earn abnormal profits by buying past winning securities 

and selling short past losing securities with zero investment costs. Some attribute it to 

investors’ behavioural inconsistency, rather than market inefficiency but these theories 

can hardly be used to explain momentum in its entirety. But in turn neither can risk-based 

explanations, which assume market efficiency. This underlines that we have yet to 

identify what are the rational- or theoretical foundations of momentum anomaly. 

Momentum can also be seen as an asset pricing anomaly as there is ample evidence from 

several asset classes and out-of-sample tests on the profitability of momentum strategies 

and there are plausible economic stories behind the phenomena. 

But momentum comes in many forms of different strategies and it can be applied in 

several different ways. In this study we investigate momentum characteristics using 

conventional strategies defined in literature. Whereas most key studies of momentum, 

irrespective of asset classes they use, only apply one of the two approaches to momentum, 
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namely cross-sectional- or time-series momentum, this study analyses and compares the 

characteristics of both to understand what the underlying drivers for their returns are. 

1.1 Research on momentum 

Cross-sectional momentum ranks assets according to past returns and assumes that 

relative over performance among securities will continue in the future time period. The 

strategy is market-neutral as it buys assets with high past returns and sells assets with low 

past return. The long-short portfolio also has little exposure to established markets and 

can capture trend following prices and diversify asset specific risk. The strategy benefits 

from dispersion of returns in the underlying assets. Cross-sectional momentum is 

documented in various asset classes and markets. It was first introduced by Jegadeesh and 

Titman (1993), who analyse US stocks by sorting them into decile portfolios according 

to past returns and then buy the assets in the top portfolio and sell the stocks in the bottom 

portfolio. They find that stocks which have high past short term returns outperform stocks 

with low past short term returns. Since then cross-sectional momentum strategies have 

been successfully applied in other equity markets (Rouwenhorst 1998). Asness, Liew and 

Stevens (1997) find that similar one-year past returns predict future returns in national 

equity indices. Currencies also show similar momentum pattern as shown by LeBaron 

(1999) where two foreign exchange series can be meaningfully forecasted using a simple 

momentum model. Erb and Harvey (2006) show profitable momentum investment 

strategies in commodity futures. Similarly for high-yield corporate bonds, successful 

momentum strategies are identified by Jostova, Niklova, Philopov and Stahel (2013) as 

well as for government bonds by Luu and Yu (2012). 

The second approach to momentum is time-series momentum, which can also be referred 

to as a trend following strategy. As such, it is a market-directional approach and benefits 

from lengthened trends in market prices. A unified time-series momentum strategy is a 

collection of individual strategies and its success relies on the predictability or auto-

covariance of returns. Instead of analysing performance relative to similar assets, as with 

cross-sectional momentum, time-series momentum uses the asset’s own past return to 

provide information about future returns. In its simplest setting, the strategy assumes that 
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assets with positive (negative) past returns will provide positive (negative) returns also in 

the future. Thus the strategy buys (sells) assets with positive (negative) returns.  

While the initial empirical studies of time-series momentum have been presented quite 

recently by Moskowitz, Ooi and Pedersen (2012), the phenomenon of auto-covariance in 

asset returns had been documented already in the 1980s (Fama & French 1988, Lo & 

MacKinlay 1988). However, largely viewed as the first time-series momentum paper, 

Moskowitz et al. (2012) report that time-series momentum performs better than cross-

sectional momentum using 58 futures contracts from four asset classes and spanning 25 

years of data. Their unified time-series momentum strategy achieves a Sharpe ratio of 

over 1.0, which can also provide for a hedge against extreme market movement, as its 

best returns come when markets are either up or down. Hurst, Ooi and Pedersen (2012) 

find that time-series momentum can profitably be traced back 110 years using various 

types of futures contracts. Also reported are the improved returns, reduced volatility and 

maximum drawdown when time-series momentum strategy is used with a traditional 60% 

stock and 40% bond portfolio. Using futures contracts dating from 1974 to 2002, Baltas 

and Kosowski (2012) find Sharpe ratios over 1.20 for their broad grid of time-series 

momentum strategies where they combine monthly, weekly and daily rebalancing 

frequencies. 

1.2 Research goals and outline of the study  

Regarding the above theory as a backdrop and building, especially on the time-series 

momentum paper by Moskowitz et al. (2012), this thesis concentrates on the following 

research goals. Most importantly, it focuses on analysing and comparing a number of 

conventional cross-sectional- and time-series momentum strategies detailed in literature. 

Using a broad sample of 78 futures contracts, ranging from 1980 to 2015, it finds that 

momentum returns are not driven by a single asset class and also finds that generally the 

aggregate strategy is more than the sum of its parts, producing higher Sharpe ratios than 

for individual asset classes. It also examines the effect of volatility weighing of time-

series momentum strategies, which is commonly applied in literature. Volatility weighing 

the positions taken in assets greatly improves the returns, with average Sharpe ratios 
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increasing from 0.76 to 1.08 between regular and volatility weighed strategies. Linearized 

strategies in turn perform overall poorly with average Sharpe ratio being 0.32.  

Generally, the unconditional mean returns for the strategies are significantly higher than 

alphas from the regression models employed. However, it is observed that most of the 

analysed strategies still produce abnormal returns after controlling for standard asset 

pricing factors and significant part of returns cannot be explained by these exposures. The 

strategies, however, have highly significant coefficients on cross-sectional momentum 

factors of Carhart (1997) and Asness, Moskowitz and Pedersen (2010), which confirm 

that the strategies investigated build upon the momentum phenomenon in asset returns. 

The exposure to the same global cross-sectional momentum factors also indicate that 

time-series- and cross-sectional momentum are related. This connection is also supported 

by the highly significant regression results of strategy returns against each other and 

within asset classes. Examining the performance under extreme market conditions, there 

is evidence of a peculiar volatility smirk, which suggests that momentum strategies 

perform the best when the markets are performing worst. This makes the strategies good 

diversifiers of risk and the return they generate are not compensation for crash risk.  

To understand the underlying sources for both strategies, a decomposition of returns 

indicates that they are different in nature. For the cross-sectional momentum strategy, the 

largest part of profits come from cross-sectional covariance, meaning returns across 

stocks. For the time-series momentum strategy, the largest part of profits come from auto-

covariance of returns. All of the components in these decompositions are positive. It is 

also investigated whether the momentum returns could be explained by exposures to 

different macroeconomic factors and no general patterns of exposure are found. Also 

measures of liquidity and volatility do not explain momentum returns. The difference in 

returns in different economic cycles is as well insignificant.  

Long-short analysis of momentum returns indicates that the returns come, for the most 

part, from assets which are bought under both type of strategies. Shorted assets generate 

approximately one fifth of the returns. Momentum is thus clearly applicable for investors 

who are short-sales constrained. This makes momentum also practically interesting for 

investors as one can use conventional strategies to enhance their portfolio returns.  
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Chapter 2 gives an introduction. Chapter 3 describes the data and specifications on 

strategies. Chapter 4 presents the results of all strategies and market conditional 

performance, while Chapter 5 concentrates on the comparison of the main momentum 

approaches. Chapter 6 gives the conclusions.  
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2 INTERPRETING MOMENTUM 

Momentum trading means the process of buying and selling assets depending upon if they 

have increased or decreased in value, respectively (Jegadeesh & Titman 1993). As such, 

the strategy aims to identify short term future winners as well as losers. These are assets 

which during a recent time period have gained or lost most in value. Since its inception 

from US equities as cross-sectional variant, momentum has been found to be a pervasive 

asset pricing anomaly encompassing various different asset classes and different markets. 

Asness, Moskowitz and Pedersen (2013) study cross-sectional momentum and value in 

conjunction and suggest that there is a set of globally applicable risk factors related to 

momentum but no economic explanation is available currently for momentum premia. 

Several economic theories or stories have been put forward which stress the importance 

of behavioural- or rational/risk based explanation of momentum. However, the jury is still 

out on its underlying cause. 

Literature on momentum has largely been centred on the cross-sectional viewpoint. A 

newer branch of momentum research is provided by Moskowitz et al. (2012), which 

concentrates on time-series momentum. Even though the two methodologies relate to the 

same concept of momentum in assets, they have fundamental differences, which are 

important to identify. While cross-sectional momentum looks at the relative performance 

of different assets by identifying trading signals based on the assets’ performance against 

similar securities, time-series momentum is more statistical in nature. It is a signal based 

solely on the assets’ historical performance. Despite the differences in the strategies, the 

two approaches are also connected as they have a strong correlation structure, and time-

series momentum factor can explain returns from cross-sectional strategies and vice 

versa. Decomposition of momentum profits indicates that positive auto-covariance in 

returns is seen as the main driver of both time-series and cross-sectional momentum 

returns. The effects of cross-correlations and variation in mean returns are small, even 

negligible. Lewellen (2002), however, finds that cross-correlations are the most important 

component of cross-sectional momentum returns.  

While cross-sectional momentum research is centred in equities, time-series momentum 

is largely studied using futures contracts, which are highly liquid, exchange traded 
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securities. Some argue that momentum strategies are not achievable because the strategies 

cannot be implemented profitably after transaction costs (Barroso & Santa-Clara 2014). 

However, futures are cheap to trade and this makes them also economically viable 

(Bhardwaj, Gorton & Rouwenhorst 2009). Compared to, for example, equities, taking 

long- and short positions in futures is non-trivial and they allow the use of non-equity 

securities in a portfolio (Baltas 2015). The amount of individual futures contracts used in 

momentum studies range between 10 to a little over 70. Increasing the amount of different 

assets broadens the distribution of average returns and this is beneficial for an asset 

pricing model to try to provide an explanation. (Asness et al. 2013).  

2.1 Momentum strategies defined 

Commonly for both approaches of cross-sectional and time-series momentum, strategies 

use lookback period (k) returns as signals for buying and selling of assets effective for a 

holding- or investment period (h). Lookback period refers to the length of time from 

which past returns are calculated. Holding period, in turn, refers to the length of time 

during which assets are held based on the signal from the lookback period. Strategies can 

be formed by using various rebalancing periods and frequencies of holding and lookback 

periods. (Baltas & Kosowski 2012). Natural rebalancing frequencies are monthly, weekly 

or daily. According to Moskowitz et al. (2012), to uncover predictability inherent in return 

series, it is important to allow holding- and lookback periods to differ in length. The most 

typical momentum strategy studied in both cross-sectional and time-series variant, uses a 

12-month lookback- and a 1-month holding period, which stems from the cross-sectional 

momentum research (Ahmerkamp & Grant 2013). Also, according to Jegadeesh and 

Titman (2001), the importance of a 6-month cross-sectional strategy in their original 1993 

study is reflected by the fact that this strategy represents well the results of other strategies 

where lookback- and holding periods are allowed to vary from 3 to 12 months. The aim 

of this thesis is to use these established strategies mentioned above to analyse the 

structures and differences of both types of momentum strategies.  

In order to negate the effects of short term reversal in stock returns, some studies skip the 

last month return when calculating returns from the holding period. Asness et al. (2013) 

attribute short term reversal to liquidity and microstructure issues. Asness, Ilmanen, Israel 
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and Moskowitz (2015) also skip last month returns in case of stocks, but highlight that 

with assets other than stocks this is not relevant and use a strategy that does not skip the 

last month. 

Each individual combination of lookback (k) and holding (h) periods is, thus, a trading 

strategy. For example, in a monthly rebalancing frequency, past positive k-months returns 

indicate a long position for h-month holding period and a short position if the k-month 

lookback period return is negative. For each k- and h-month strategy a single monthly 

return series of non-overlapping returns can be formed even though the holding period is 

longer than one month. Here time t monthly return is the average of all active k-month 

portfolios at time t. (Moskowitz et al. 2012). Typically the 12-month lookback and 1-

month holding period is also used to create a factor for a unified momentum strategy. 

Also, the most prominent combinations of lookback-, holding and rebalancing periods 

can be uncovered by analysing the generated time series of returns through basic statistics 

such as mean return and Sharpe ratio and by calculating alphas through regression model. 

Baltas and Kosowski (2012) use the Carhart four factor model: 

𝑅𝐾𝑡

𝐻 = α + β
1
(𝑀𝑆𝐶𝐼𝑡-𝑟𝑓𝑡) + β

2
*𝑆𝑀𝐵𝑡 + β

3
𝐻𝑀𝐿𝑡 + β

4
𝑈𝑀𝐷𝑡 + ε𝑡                    (1) 

where 𝛼 is the intercept, ε𝑡 is the error term, 𝑀𝑆𝐶𝐼𝑡 is MSCI World total return and 𝑟𝑓𝑡 is 

the risk free rate in month t, 𝑆𝑀𝐵𝑡 and 𝐻𝑀𝐿𝑡  are the portfolios of monthly returns of big 

stocks minus small stocks and high book-to-market minus low book-to-market stocks 

respectively and finally 𝑈𝑀𝐷𝑡  is the momentum factor of winner minus loser stocks 

(Carhart 1997). 𝑅𝐾𝑡

𝐻  is by definition a series of excess returns as the returns of individual 

momentum strategies have been created using excess returns from futures contracts. 

While meticulously calculating the most prominent combination of lookback, holding and 

rebalancing period might be indicative of data mining, Baltas and Kosowski (2012) 

uncover return series, which exhibit low mutual cross-correlation. This implies that the 

different strategies capture different return patterns and offer additional diversification 

benefits. Asness et al. (2013) state that their intention is not to uncover the best strategies 

for uncovering predicted returns. Instead, they use simple strategies to maintain 

consistency across different assets.  
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Different strategies’ returns can also be evaluated against risk parity portfolios where 

different assets have the same amount of risk. That is, more volatile assets have lower 

allocation in the portfolio than less volatile assets. The theory of leverage aversion states 

that if some investors avoid using leverage, less risky assets will generate higher risk-

adjusted returns and, conversely, more risky assets will generate lower risk-adjusted 

returns. (Frazzini & Pedersen 2013). A less risk averse investor can earn higher returns 

by applying leverage in a portfolio, which outweighs less risky assets. In time-series 

momentum research different assets returns are adjusted for volatility. According to 

Ahmerkamp and Grant (2013) this might lead to excess returns because of leverage 

aversion. They create a risk parity portfolio from the long-only portion of their trading 

strategy and use it as a benchmark to compare results against their trading strategy. 

2.1.1 Cross-sectional momentum trading strategies 

Cross-sectional momentum is typically examined using portfolio sorts where assets are 

ranked according to their lookback period returns and past winning stocks are bought and 

losing stocks are sold. This effectively creates a zero-cost, long-short portfolio. This 

spread portfolio does not have to use the entire cross section of assets, as ranking can be 

made on quantiles. The choice for the amount of portfolios to use in the sort depends upon 

the type and amount of assets used in the study and also the research setting. The portfolio 

sorts can be further modified by choosing to value- or equally weight the returns of 

different portfolios. Again, this reflects the types of assets used. For non-stock assets 

equal weighting of returns is used. (Asness et al. 2013).  

Specifically a quantile cross-sectional momentum strategy can be defined as follows: 

𝑤𝑖,𝑡 =
1

𝑛𝑡
 𝟏{𝑟𝑎𝑛𝑘(𝑟𝑖,𝑡−𝑘,𝑡)>𝑁𝑡−𝑛𝑡}

− 𝟏{𝑟𝑎𝑛𝑘(𝑟𝑖,𝑡−𝑘,𝑡)<𝑛𝑡}
                (2) 

where the weight of each asset is given by ranking assets based on the returns of the 

lookback period. The number of assets in each quantile is 𝑛𝑡. The strategy goes long in 

the top quantile and shorts the bottom quantile and equally weighs the asset returns. The 

number of assets in each portfolio is the total number of assets divided by the number of 

quantiles used. (Du Plessis 2013).  
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A generalized strategy that considers all the 𝑁𝑡 securities available at time t is formed by 

equally weighing the returns from the holding period for both top and bottom portfolio 

and forming the zero cost benchmark momentum portfolio for a combination of k and h 

periods.    

In earlier cross-sectional research involving US equities, Jegadeesh and Titman (1993) 

use the portfolio sort method by ranking stocks according to lookback periods of 3, 6, 9 

and 12 months. Based on this ranking equally weighted decile portfolios are formed along 

with a relative strength, winner minus loser portfolio (henceforth WML). Their findings 

indicate that selling past losers and buying winners creates higher returns up until a year 

after portfolio formation, after which the positive returns start to dissipate. Using a one 

year past cross-sectional momentum approach Asness, Liew and Stevens (1997) expand 

the momentum research from individual stocks into country equity indices and find that 

equity markets with higher momentum have, on average, higher returns than markets with 

low momentum. Asness et al. (2013), analysing momentum- and value portfolios, rank 

assets into terciles (low, middle and high) according to a 12-month lookback period while 

excluding the most recent month. Also, a linearized version of the same strategy is created 

that uses the entire cross-section of all securities within asset classes in the spread 

portfolio. Here more weight is given to an asset with higher or lower past returns. 

Applying these weights a winner minus loser spread portfolio is formed and it is also used 

as a factor in a pricing model. The research finds high return premiums for global 

momentum strategies in several asset classes. 

2.1.2 Time-series momentum trading strategies 

While cross-sectional momentum looks at relative performance of assets, time series 

momentum- or trend following strategies, in turn, examine absolute performance. 

Typically, assets with positive returns in the lookback period are bought and, in turn, sold 

if returns are negative (Moskowitz et al. 2012). Also other thresholds can be used to 

indicate buy and sell signals than this benchmark. For example, market return can be used 

as a cut-off point, where an asset is bought (sold) if it exceeded (did not exceed) market 

return during the lookback period. Also, moving average crossovers and breakouts can 
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be used to identify a starting trend. In its simplest form time-series momentum is defined 

as follows, where the weight of each asset at time t is: 

𝑤𝑖,𝑡 = 𝑠𝑖𝑔𝑛(𝑟𝑖,𝑡−𝑘,𝑡)/𝑁𝑡             (3) 

where 𝑠𝑖𝑔𝑛(𝑟𝑖,𝑡−𝑗,𝑡) is the buying or selling signal from the lookback period k. Here, all 

assets with positive returns are bought and asset with negative returns are sold short. 𝑁𝑡 

is the total number or assets at time t. Moskowitz et al. (2012) define the return of a 

diversified time-series momentum strategy with lookback period k and holding period h 

as: 

 𝑟𝑡,𝑡+ℎ =
1

𝑁𝑡
∑ 𝑠𝑖𝑔𝑛(𝑟𝑖,𝑡−𝑘,𝑡)

𝑁𝑡
𝑛=1 𝑟𝑡,𝑡+ℎ

𝑛             (4) 

where the strategy return is the equally weighted average based on the buying and selling 

signals. Most momentum researches using futures contracts use volatility weighing to 

refine the results of momentum strategies and this aspect will be introduced in chapter 

2.2.2. 

Moskowitz et al. (2012) document the strong predictability of future returns from the 

basis of previous 12-month excess returns of each of the 58 futures contracts they study. 

This applies to different time periods of the sample they use as well as to various lookback 

and holding periods. The pricing anomaly they find is very profound as the 12-month 

time series momentum profits are positive for all assets examined and not only on average 

for all assets. Using a volatility weighted aggregate time-series momentum strategy with 

12-month lookback- and 1-month holding period they find little correlation to market 

betas or size (SMB) and value (HML) asset pricing factors of Fama-French (1993), while 

having a significantly positive loading on cross-sectional momentum factor (UMD).  The 

regression produces a large and significant annualized alpha of 18.96%. Even though 

having significantly positive loading, the UMD factor is clearly not fully capable of 

explaining the returns of the diversified time-series momentum strategy. The SMB, HML 

and UMD factors are all based on US stocks. Running the same regression as above but 

using Asness et al. (2010) value (VAL) and momentum (MOM) everywhere factors, 

produces again a large and significant annualized intercept of 13.08% and loads 
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significantly on the MOM factor. The market beta and coefficient on VAL are both 

insignificant. The VAL and MOM factors are much more diversified than Fama-French 

factors as they are based on stock indices, bond-, currency- and commodity futures and 

represent more closely the investment opportunity set of a broad selection of futures 

contracts. Factors (MOM, UMD) created from the basis of winner minus loser portfolios 

generally have large regression coefficients on momentum strategy returns (Cochrane 

2011).     

Arguing for the use of more diversified and structured approach in asset management than 

the traditional 60/40 portfolio or similarly contrived risk parity portfolios offer, Clare, 

Seaton, Smith and Thomas (2015) find that trend following portfolios offer higher Sharpe 

ratios and lower maximum drawdowns than these buy and hold style portfolios. They 

highlight the importance of using trading rules, such as momentum trading, to overcome 

the perilous effects of investors’ behavioural biases. Some examples of these are herding, 

regret and conservatism, which are introduced in section 2.4. With the exception of bonds, 

where performance between trend following and buy and hold strategies is not improved, 

other asset classes (equities, commodities and REITs) show significantly improved risk-

adjusted performance and higher Sharpe figures. This is mainly attributed to significantly 

reduced volatility, by around 50%, of the trend following portfolios over the equally 

weighted counterparts. The annualized returns for these remaining asset classes are 

between 1-3% using the trend following strategy. 

Managed future strategies have been known to be employed by professional money 

managers and hedge funds since the 1970s. Among managed futures, trend following 

strategies are the primary frameworks that are used.  (Hurst, Ooi & Pedersen 2010). 

Explaining the returns of Managed Futures funds and commodity trading advisors 

(CTAs), Hurst, Ooi and Pedersen (2013) apply time series momentum strategies with 

weekly balancing frequency that is more closely followed by Managed Futures than the 

more usually applied monthly rebalancing frequency. They find strong continuation in 

returns in various lookback periods and a diversified time-series momentum strategy (8) 

over commodity-, bond-, and equity futures and currency forwards achieves a Sharpe 

ratio of 1.8. In similar vein, Baltas and Kosowski (2013), examining futures markets, 

report that CTAs do follow time-series momentum strategies. Benchmarking different 
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strategies of varying lookback-, holding and rebalancing periods by various metrics, they 

indicate that standard 12-month lookback and one month holding (henceforth 12,1 

strategy) is the best strategy from the monthly rebalancing frequency.  

2.1.3 A simplifying illustration 

Even though cross-sectional- and time-series momentum strategies will create similar 

buying and selling signals as they both measure performance from past returns of assets, 

there are also differences in the portfolios they generate. As stated, time-series momentum 

is more market directional in its approach as it will buy more stocks when markets have 

been performing well and vice versa. In the case of cross-sectional momentum, the 

strategy will always generate a portfolio with even number of assets bought and sold. 

With time-series momentum portfolios, the amount of stocks bought and sold in a given 

period varies according to the general performance of the underlying market (Ron, Gao 

& Yeung 2013). This chapter illustrates these basic concepts behind momentum and 

highlights the differences of time-series- and cross-sectional momentum using very 

simplified scenarios. As stated, examining momentum means recognizing a signal in the 

underlying asset’s most recent returns – whether the asset is trending up or down. In most 

simplified situations time-series momentum would identify the sign of the returns and 

cross-sectional strategy ranks the returns into portfolios where the top (winner) portfolio 

contains assets with highest returns and, correspondingly, the bottom (loser) portfolio 

contains assets with lowest returns in the examined time period. Secondly, momentum 

strategy identifies the strength of the trend, based on the size or rank of assets returns. 

Finally, an allocation decision distributes investments in the underlying assets. Linear 

time-series momentum strategy would allocate in proportion to past returns, and cross-

sectional strategy goes long in the winning portfolio and shorts the loser portfolio. (Du 

Plessis 2013).  

Figure 1 depicts the formation period for momentum strategies and highlights the 

underlying differences of time-series- and cross-sectional momentum using a very 

simplified scenario using only two assets and one time period. There are three different 

outcomes for the two assets. In a) both assets trend up, meaning that both of the returns 

are positive. In b) one asset trends up and another down, and finally in c) both assets trend 
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down. A time-series strategy would always invest in the asset that has created positive 

returns and short the asset with negative returns. In turn, a cross-sectional strategy always 

goes long in the asset which has a higher return and shorts the asset with a lower return. 

In b) both strategies would invest similarly, while in a) and c) the investment decisions 

differ. In these scenarios, a time-series strategy invests according to the trend and profits 

from trend continuation, while a cross-sectional strategy would short the asset with a 

lower, yet positive trend in a) and go long in an asset with the higher yet negative trend 

in c). These scenarios highlight the disadvantage of cross-sectional momentum investing. 

(Du Plessis 2013). 

 

Figure 1. Formation period (Du Plessis 2013).  

Figures 2 and 3 are a continuation from Figure 1 and add the holding period while 

maintaining a simple setup of only two assets. They again highlight the differing results 

between time-series- and cross-sectional strategies including now whether or not the 

identified trends from the formation period continue to the holding period. The scenario 

of one asset trending up and another down from Figure 1 is not considered in Figures 2 

and 3 as both strategies take similar positions after the formation period and, thus, the 

returns are the same after the holding period.    

In Figure 2 formation period returns are positive for both assets and there are now four 

possible outcomes after the holding period. In all of the outcomes time-series strategy 

would have invested in both of the assets and cross-sectional strategy would gone long in 

the asset with a higher return and shorted the asset with a lower return. In a) there are no 

return reversals and clearly time-series momentum generates a higher return over cross-

sectional momentum. In b) time-series momentum again is the winner as cross-sectional 

momentum would generate a loss due to going long in the asset, which ends up producing 

negative returns and shorting the asset with positive returns in the holding period. In 

a) b) c)
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scenarios c) and d) cross-sectional momentum, in turn, delivers higher holding period 

returns over time-series momentum as the long/short strategy succeeds in c) and there is 

full return reversal in d) when time-series momentum has gone long in both assets. (Du 

Plessis 2013). 

 

Figure 2. Holding period, scenario 1 (Du Plessis 2013).  

Figure 3 summarizes the holding period outcomes for the mirroring situation from 

scenario c) in Figure 1. Here, time-series momentum strategy wins if there are no return 

reversals for either asset in a) and also if the bottom asset reverses in b). In turn, cross-

sectional momentum generates higher returns in the holding period if the upper asset 

reverses in c) or if there if full reversal in d) where time-series strategy would face a loss 

with both assets. In general time-series momentum is a more successful strategy when 

there is strong continuation of the trends for all assets and cross-sectional strategy is more 

successful when mean reversion takes place. (Du Plessis 2013). 

 

Figure 3. Holding period, scenario 2 (Du Plessis 2013).  

2.1.4 Momentum crashes and market conditional performance  

Even though most studies do find momentum strategies extensively profitable in both 

time domain and different markets, they do experience periods of strong losses. This 

happens because the returns of momentum strategies are negatively skewed – the return 

series is characterized by frequent positive returns and infrequent but relatively large and 

d)c)b)a)

d)c)b)a)
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persistent negative returns or “crashes”. In the case of cross-sectional momentum, these 

typically take place after long declines. Daniel and Moskowitz (2013) find that in a 

sample of U.S. equities ranging from 1927 to 2013, their WML-portfolio had worst 

performing months consecutively in July and August of 1932. During this time, the 

shorted loser portfolio return was 232% and best past performance winners portfolio that 

was bought had a return of only 32%. Also from March to May 2009, when markets were 

rebounding from the heavy losses of the financial crisis, the loser portfolio had a return 

of 163% compared to the 8% return of the winner portfolio. These periods of market 

recovery are examples of when cross-sectional momentum has experienced a “crash” 

while the market has been performing well. An explanation for this is straightforward and 

intuitive. Portfolios sorted on past returns have significant time-varying exposure to 

systematic factors. Thus, during a market decline, stocks with high betas loose value more 

than stocks with low betas. A cross-sectional momentum strategy will then buy stocks 

with low betas and short stocks with high betas. Following a decline, if the market prices 

rise rapidly, this strategy would face heavy losses, because it has negative loading on the 

market. Consequently, after bull markets, cross-sectional momentum strategy would have 

a positive loading on the market. (Grundy & Martin, 2001). For time-series momentum 

strategies, Hutchinson and O’Brien (2014) find that the performance of trend following 

strategies is greatly diminished during and following a financial crisis. Analysing a 

sample of 51 futures contracts ranging from 1921 to 2013 indicates that average trend 

following returns during the first 24 months after the beginning of a crisis are one third 

of non-crisis period returns. Performance during 4 years following the beginning of crisis 

is 50% lower compared to average non-crisis periods. Also, return predictability, as 

measured by the serial correlation of returns up to 12 months, is greatly reduced during 

crisis periods.   

Whereas the previous paragraph described the performance right after an increase or 

decline in market valuations, the market conditional performance during prolonged bull 

or bear market periods tends to benefit from the performance of time-series momentum 

strategies. These strategies benefit from trends in market valuations and, as the previous 

chapter showed, they actually only work if trends continue more often than they do not. 

Again the intuition is simple.  Time-series momentum strategies buy assets when they 

have increased in value and if those valuation then continue to increase, the strategy pays 
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off. The same applies when valuations decrease. Practically, this can be illustrated by 

plotting strategy returns against market returns (for example S&P 500 index) from the 

corresponding period. This produces the time-series momentum “smile” (Moskowitz et 

al. 2012, Hurst et al. 2014), which shows that the strategy has had its best returns during 

the largest increases or decreases in valuations.  

2.2 Enhancing strategy performance 

Momentum strategies can be optimized to, for example, improve the Sharpe ratio of a 

momentum portfolio or to hedge market beta exposure during bear markets. As returns 

from momentum strategies vary through time, there are measures that can be taken to 

optimize their performance. Trading rules for momentum portfolios can be either static 

or dynamic. In the former approach the initial asset weights stay the same whereas in the 

latter, asset weights are adjusted according to a predefined trading rule. There are also 

other, more refined variations to momentum strategies. For example, according to Daniel 

and Moskowitz (2013), one of the reasons why optimal momentum strategies can be 

formed is that the payoffs to momentum are predictable and also its volatility can be 

forecasted and is distinct from its mean return. They optimize cross-sectional momentum 

strategy by adjusting the leverage applied in each rebalancing period. The objective is to 

adjust the portfolio conditional volatility to be proportional to the conditional Sharpe ratio 

of the portfolio. This dynamic strategy more than doubles the static version Sharpe ratio 

of the momentum strategy they apply. Below, a few strategy variations are introduced, 

which are grouped into linear- and volatility weighed methods.  

2.2.1 Linear strategies 

Cross-sectional momentum bet sizes can be altered by linearizing the investment in each 

asset based on a method of adjustment inferred from past returns. For example, Lewellen 

(2002) forms buy and sell portfolios and leverages most heavily those assets, which 

performed the best or worst. Specifically, asset weights are: 

𝑤𝑖,𝑡 =
1

𝑁𝑡
(𝑟𝑖,𝑡−1

𝑘 − 𝑟𝑚,𝑡−1
𝑘 )          (5) 
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where 𝑟𝑖,𝑡−1
𝑘  is a measure of assets previous k-month returns ending in t-1 and 𝑟𝑚,𝑡−1

𝑘  is 

the return for an equal weighted index at time t-1 for the same lookback period and N is 

the total number of assets. As the asset returns are measured against an equally weighted 

index the weights, 𝑤𝑖,𝑡 sum to zero. Lewellen (2002) also adjusts the portfolio weights so 

that the amount of investment in each leg (long and short) is equal to a notional amount 

of capital.   

Similarly for time-series momentum the investment proportions can be adjusted 

according to the returns of the lookback period. Specifically, the asset weights in this 

variation are:  

𝑤𝑖,𝑡 =
1

𝑁𝑡
𝑟𝑖,𝑡−1
𝑘             (6) 

where 𝑟𝑖,𝑡−1
𝑘  is the return of asset i for lookback period k and N is the total number of 

assets. Again, the weights sum to 1 in this variation. (Du Plessis, 2013).  

2.2.2 Volatility weighting 

Without exception, time-series momentum portfolios normalize asset risks according to 

past return volatilities. This is done by adjusting bet sizes, where most volatile assets get 

smaller positions and least volatile assets get larger positions. With inverse-volatility 

weighted positions, the momentum portfolio achieves similar risk across assets. (Hurst et 

al. 2010). According to Baltas & Kosowski (2011), standardizing futures’ returns is very 

common and it enables comparisons across assets with varying amounts of volatility. 

Combining assets into a single portfolio is feasible when the volatilities of different assets 

are equalized and prevents single assets from dictating the returns in the portfolio, as there 

is unsurprising dispersion in the volatilities of different assets. For example, in the sample 

of Moskowitz et al. (2012) the annualized volatilities range from 1.53% for a 2-year 

EURO bond future to 53.30% for a natural gas commodity future. Naturally, more volatile 

assets have a much larger impact on the profits of a portfolio.  

Moskowitz et al. (2012) apply an exponentially weighed lagged squared daily returns 

model to estimate the ex-ante volatility for each futures’ contract in their research. This 
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is essentially a simple univariate GARCH-model. Specifically, they calculate variance 𝜎𝑡
2 

as follows:  

𝜎𝑡
2 =  261∑ (1 − 𝛿)𝛿𝑖(𝑟𝑡−1−𝑖�̅�𝑡)

2∞
𝑖=0                                                    (7) 

where 261 annualizes the variance, (1 − 𝛿)𝛿𝑖 are weights which sum to one and is 

centered to 60 days with parameter 𝛿, which is selected so that ∑ (1 − 𝛿)𝛿𝑖𝑖 =  
𝛿

1−𝛿

∞
𝑖=0 =

60. Finally, �̅�𝑡 is the exponentially weighted average return. This is applied to (4) to create 

a unified time-series momentum strategy portfolio, which normalizes each assets’ 

volatility and uses lookback period k and holding period h:    

𝑟𝑡,𝑡+ℎ
𝑇𝑆𝑀𝑂𝑀,𝑛 =

1

𝑁𝑡
𝛴𝑖=1

𝑁𝑡  𝑠𝑖𝑔𝑛(𝑟𝑡−𝑘,𝑡
𝑛 )

40%

𝜎𝑡
𝑛 𝑟𝑡,𝑡+ℎ

𝑛          (8) 

Here 𝑟𝑡,𝑡+ℎ
𝑇𝑆𝑀𝑂𝑀,𝑛

 is the time-series momentum return for asset n at time t for holding period 

from t to h, 𝑠𝑖𝑔𝑛(𝑟𝑡−𝑘,𝑡
𝑛 ) is the sign of the return over the past k months lookback period, 

𝜎𝑡
𝑛 is an estimate of the time t realized volatility of asset n, 40% is a scaling factor for 

returns and it generates 12% annualized volatility ex-post when the equally-weighted 

returns of the time-series momentum portfolio assets are averaged. Moskowitz et al. 

(2012) explain that the size of the scaling factor is trivial and the purpose is to make the 

portfolio returns comparable to others used in literature. The 40% scaling factor matches 

riskiness of equities and the resulting annualized volatility of 12% of their main 12,1 

strategy matches several risk factors of their sample period of 1985-2009, for example 

the value and momentum everywhere factors (Asness et al. 2013). Baltas and Kosowski 

(2012) use the same scaling factor and confirm that this leads to volatility in their primary 

momentum strategies, which are reasonably close to HML and SMB factors of Fama and 

French (1993) and UMD factor Carhart (1997). In Hurst et al. (2013), using a 60% scaling 

factor leads to 9% volatility in the momentum strategy.  

Another approach that is similar to the GARCH model is exponentially-weighted moving 

average (EWMA). In its generalized form the EWMA is calculated as follows:  

 𝜎𝑡
2 = 𝜆𝜎𝑡−1

2 + (1 − 𝜆)𝑥𝑡−1
2         (9) 
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where 𝑥𝑡−1 is the return series value at time t-1 and 0 < 𝜆 < 1. Using daily data to 

calculate (9), given an initial estimate at t=0 and taking the square root gives the standard 

deviation, which is the volatility that can be applied similarly in (8). Scaling by √21 gives 

a monthly estimate of the volatility. 𝜆 gives weight to past observations and needs to be 

either chosen or estimated. The objective is to select a parameter value, which enables the 

volatility estimator to adapt to the most recent changes and which avoids sudden jumps 

or drops in the estimate. (Hull: 500–501). 

In Barroso and Santa-Clara (2012), a monthly estimate of realized- or simple volatility is 

calculated by taking m-past daily returns from a momentum strategy and scaling by 21/m: 

𝜎𝑡
2 = 21∑ 𝑟𝑑−1−𝑘

2𝑚
𝑘=0 /𝑚                             (10) 

which gives comparative results to the EWMA approach. Simple volatility is useful in 

that there is no overlapping data needed, and no parameters needed to be estimated. 

However, using simple variance can create artificial changes in volatility forecast as large 

data points enter/exit sample range. The benefit of EWMA is that it accurately tracks 

volatility as it changes and weighs more recent observations. (du Plessis 2013).   

2.3 Return decomposition 

Momentum profits can be divided between two main sources of returns: auto-covariance 

between lagged and future asset returns, and cross-covariance or lead-lag effect between 

assets. It is beneficial to separate between the sources of returns in order to understand 

the fundamental drivers of returns, and identify the structure of returns and how they 

affect momentum returns.  

Following Lewellen (2002), cross-sectional momentum strategy can be decomposed as 

follows. Starting with the same portfolio setting as in (5) and assuming an unconditional 

mean for returns µ ≡  𝐸[𝑟𝑡] and autocovariance matrix 𝛺 ≡ 𝐸[(𝑟𝑡−1 − µ)(𝑟𝑡 − µ)′], at 

time t the portfolio return is then: 

𝜋𝑡 = 𝛴𝑖=1
𝑁 𝑤𝑖,𝑡𝑟𝑖,𝑡 = 

1

𝑁
𝛴𝑖=1

𝑁 (𝑟𝑖,𝑡−1 − 𝑟𝑚,𝑡−1)𝑟𝑖,𝑡                          (11) 
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and the expected profit is: 

𝐸[𝜋𝑡] =
1

𝑁
𝐸[𝛴𝑖=1

𝑁 𝑟𝑖,𝑡−1𝑟𝑖,𝑡] −
1

𝑁
𝐸[𝑟𝑚,𝑡−1𝛴𝑖=1

𝑁 𝑟𝑖,𝑡]  

=
1

𝑁
𝛴𝑖=1

𝑁 (𝜌𝑖 + µ𝑖
2) − (𝜌𝑚 + µ𝑚

2 )                            (12) 

where 𝜌𝑖 is the autocovariance of asset i and 𝜌𝑚 is the autocovariance of the equally 

weighted index. This can be represented in matrix form as: 

𝐸[𝜋𝑡] =
1

𝑁
𝑡𝑟(𝛺) −

1

𝑁2 1
′𝛺1 + 𝜎µ

2  

=
𝑁−1

𝑁2
𝑡𝑟(𝛺) −

1

𝑁2
[1′𝛺1 − 𝑡𝑟(𝛺)] + 𝜎µ

2                            (13) 

where 
1

𝑁
𝑡𝑟(𝛺) is the average auto covariance, 

1

𝑁2 1
′𝛺1 is the auto covariance of the 

equally weighted market portfolio and 𝜎µ
2 is the cross-sectional variance of the 

unconditional mean returns. The value 1 is a vector (Nx1) of ones and tr is the sum of the 

main diagonal elements of a matrix. From (13) it can be seen that cross-sectional 

momentum returns can come from three sources. The first item is the serial auto-

covariance or time-series predictability between lookback- and holding period returns. 

This can generate momentum profits, for example, through positive autocorrelation, 

where high past returns for an asset imply high future returns and vice versa for negative 

correlation. The second term is the cross-covariance between assets, which can create 

momentum profits if, for example, high returns of an asset predict low returns for other 

assets (negative cross-serial covariance). The final term is the unconditional mean return, 

which also can create momentum returns, as momentum strategies go long in stocks with 

highest mean returns, which on average also have the highest future returns. Thus, cross-

sectional momentum profits do not necessarily require time-series predictability in 

returns, and momentum is not the same as positive auto-correlation in the case of cross-

sectional momentum. Grouping stocks according size, book-to-market ratio and industry, 

Lewellen (2002) finds that lead-lag effect in stocks is what drives cross-sectional 

momentum profits. In contrast, Moskowitz et al. (2012), comparing time-series- and 

cross-sectional momentum, analyse futures contracts and find cross-correlations 

insignificant and of the wrong sign to explain cross-sectional momentum. Instead, 
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positive auto-covariance is the main source of returns in their data for cross-sectional 

momentum.  

Similar to cross-sectional momentum, time-series momentum can also be decomposed 

into its components. Following Moskowitz et al. (2012) one can assume a time-series 

momentum strategy with portfolio weights 𝑤𝑖,𝑡 =
1

𝑁
𝑟𝑖,𝑡−𝑘,ℎ for which the expected return 

is: 

𝐸[𝜋𝑡] =
1

𝑁
𝑡𝑟(𝛺) +

µ′µ

𝑁
                             (14) 

Here it can be seen that time-series momentum return can be divided into an auto-

covariance term, which is the time-series predictability phenomenon, and a mean return 

component. It is imminent that in the case of time-series momentum, cross-serial 

covariance no longer matters as the only concern is an asset’s own return history.  

In general, market trends are beneficial for time-series momentum strategy while cross-

sectional momentum benefits from dispersion in cross-sectional mean returns. Both 

strategies benefit from positive auto covariance and cross-sectional momentum from 

negative serial auto covariance effects, where the high (low) returns of an asset predict 

low (high) returns for another asset. Uncorrelated asset prices leave only the effect of 

mean returns, which is questionable as to whether it implies momentum in asset returns. 

(Du Plessis 2013).   

2.4 Momentum explanations 

Currently, there is no general agreement, rational or behavioural, as to what the 

underlying cause or mechanism behind momentum effect in assets is. According to 

Moskowitz et al. (2012), time-series momentum corresponds directly with many 

behavioural and rational asset pricing theories. A common structure in momentum profits 

of various assets classes indicates rational explanation for the high returns of momentum 

strategies. In turn, if momentum returns are firm- or asset specific, then behavioural 

theories offer more suitable explanations. (Chordia & Shivakumar 2002). Cochrane 

(2011) asserts that momentum is one of the market anomalies which cannot be explained 
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in the context of Fama and French (1993) three factor model, which after CAPM failed, 

seemed to be able to explain the cross-section of returns. Rational explanations for 

momentum are challenged, as profitable trading rules and abnormal profits undermine the 

efficient market hypothesis (Chakrabarti 2015), and time-series return predictability 

challenges the random walk hypothesis as well (Baltas & Kosowski 2012).  

2.4.1 Behavioural theories 

Behavioural theories in finance try to provide explanations for the irrational behaviour of 

market participants. A sound behavioural theory, as an explanation for an asset pricing 

anomaly, needs to have a coherent theoretical base, which explains the phenomenon and 

has to be able to be tested with out of sample data. To be accepted as a theory in economics 

or finance, a behavioural model needs to be based on evidence of real actions of people. 

Critics of behavioural asset pricing theories claim that in an economic context, the number 

of irrational behavioural patterns is practically limitless. Consequently behavioural 

models will have little explanatory power in out of sample tests. (Daniel, Hirshleifer & 

Subrahmanyam 1998). 

Behavioural theories and market frictions offer an explanation of the creation of a trend 

or a lifecycle in asset prices, which starts with initial under-reaction to a change in the 

true value of an asset. The trend continues through a herding effect and finally comes to 

an end with a reversal. Initial under-reaction can be attributed to theories of anchoring, 

disposition effect, non-profit-seeking activities, frictions and slow moving capital. 

Herding, feedback trading, confirmation bias and representativeness as well as fund flows 

and risk management contribute to the continuation of the trend. Finally, the trend comes 

as asset prices decline when investors realize that asset prices are not supported by their 

fundamental value. (Hurst et al. 2013). 

Daniel, Hirshleifer and Subrahmanyam (1998) assert that momentum can be caused by 

biased self-attribution, which has its foundations in attribution theory. Here future events, 

which confirm ones’ actions, are too often credited to high ability and events, which 

disprove ones’ actions are attributed to noise or sabotage. When investors trade based on 

private signals, a future signal from the markets confirms this trade if, for example, good 
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news arrives after buying an asset and bad news after selling an asset. Confirming signals 

from the market raise investors’ confidence proportionately more than disconfirming 

signals reduce confidence. This means that, on average, public signals from the market 

are viewed as confirming and attributed to one’s own ability. This implies that public 

signals can cause overreaction to the initial private signal and induce more trading based 

on that signal. According to biased self-attribution theory, this causes short-run 

momentum and long-term reversals in asset prices as eventually future public information 

brings prices towards fundamental values. These assumptions of investor behaviour 

match closely to those of for example Moskowitz et al. (2012) who find a significant 

time-series momentum effect for the first 12 months after portfolio formation and 

subsequent return reversals, which are strongest in the year right after the positive trends. 

Similarly, confirming the reversals of momentum profits, Jegadeesh and Titman (2001) 

find that monthly momentum portfolio returns are significant and positive with 1.01% for 

the first year after formation while the average monthly return over years two to five is -

0.26%, which is also significantly different from zero. 

Barberis, Shleifer and Vishny (1998) explain underreaction and overreaction in asset 

prices with a model of investor sentiment, where investors form expectations of future 

earnings. The model is based on psychological evidence, according to which people are 

not able to correctly infer the statistical significance of new evidence and, instead, place 

too much weight on the strength of the evidence they are presented with. For example, 

stock prices seem to underreact to earnings announcements because the information is 

low in strength but highly statistically significant. This predicts that stock prices 

underreact to earning announcements. As new information is slowly infused in stock 

prices this creates positive autocorrelation or momentum in prices. In their model, 

overreaction can be caused by a series of confirming pieces of information, for example 

back to back good earnings announcements. This reflects information that is high in 

strength and low in weight. Investors extrapolate this series of confirming pieces of 

information too far into the future, thus creating overreaction and low expected returns 

thereafter. 

Hong and Stein (1999), offer an explanation as to why prices react slowly to new 

information, why trend chasing is successful in the short run and why eventually 
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overreaction takes place. Their model assumes two groups of agents – “news watchers” 

and “momentum traders”. Their theory assumes firstly that the former group of market 

participants are not conditioned to current or past prices while the latter group is and, 

secondly, that private information diffuses slowly among the “news watchers”. If the 

“news watchers” are initially the only acting group in the market, there is underreaction 

in prices. In turn, if the “momentum traders” are restricted to simple strategies, they 

cannot enforce efficient market prices and instead the initial, slow adjustment towards a 

fundamental level in prices is accelerated and eventually leads to overreaction.  

As seen, behavioural theories of momentum pertain to a single asset and they have a hard 

time in explaining momentum that is found in portfolios sorted by a certain company 

characteristic. Lewellen (2002) creates well diversified portfolios sorted by size and 

book-to-market ratio and finds significant evidence of momentum that is in some cases 

stronger than for individual stocks. This can mean that either momentum is not firm 

specific or there have to be several sources of momentum returns. 

2.4.2 Rational theories 

Rational or risk based theories explaining momentum pertain that the phenomenon is a 

compensation for risk. To explain momentum one does not have imply investor 

irrationality or market frictions. Johnson (2001) explains momentum in a model where 

growth rate risk increases with growth rates. Expected returns rise with growth rates, 

assuming risk exposure a carries positive price. Stocks exhibiting good recent price 

performance are more likely to be those, which have had positive growth rate changes 

and, correspondingly stocks with poor price performance are the ones most likely facing 

negative growth rate changes. Sorting stocks by momentum, will then be a sort by recent 

growth rate changes. As growth rate changes implied changes in expected returns, a 

sorting by momentum is a sorting by expected returns.  

In order to explain the seemingly anomalous returns of momentum, Berk, Green and Naik 

(1999) provide a rational model based on changes in the risks that companies face over 

time. Risk is related to the book-to-market ratio as an explanatory variable in the model, 

which summarizes its risk relative to its assets. Also, market value acts as a proxy for 
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relative importance of current assets and growth options. These firm characteristics are 

used to explain cross-sectional variation of expected returns. The economic risks of 

investments and growth rates can produce momentum through changes in cash flows and 

dividends. Stock returns are shown to be dependent on book-to-market ratio and market 

value, and replication of momentum strategies results over various time horizons can be 

reproduced.  

 

2.4.3  Relation to macroeconomic variables and liquidity risk 

This section introduces some of the possible macroeconomic variables driving the 

common variation among momentum strategies’ returns. Even though standard asset 

pricing models are not able to explain the returns of momentum strategies, a number of 

macro factors or predictive variables have been reported to have an effect on these returns. 

Chordia and Shivakumar (2002) analyse cross-sectional momentum returns in NYSE-

AMEX stocks from 1953 to 1994 using a one-month lagged set of common 

macroeconomic variables that are related to the business cycle and known to predict 

market returns. They find that momentum returns cannot be distinguished from zero once 

they are controlled for predictability using the macro variables, which include the yield 

on three month T-bill (RF), dividend yield (DIV), default spread (DEF) and term spread 

(TERM). RF is a proxy for future economic activity and DIV predicts future excess stock 

returns. DEF is the difference of yields between BAA and AAA rated bonds and it 

captures the effect of default premiums. This variable considers the long-term business 

cycle environment as it is higher during recessionary periods and lower during 

expansionary periods. TERM is the difference in yields of bonds with more than 10 years 

to maturity and the average yield of T-bills, and it proxies short term business cycles. 

Related to the above mentioned factors, Petkova (2006) explains that a factor model 

which uses the RF, DIV, DEF and TERM as independent variables is more capable of 

explaining a cross-section of returns than the Fama and French (1993) three factor model 

with SMB and HML factors. It is shown that HML proxies for TERM and SMB proxies 

for DEF, which provides a connection between factors that predict returns from cross-

sectional perspective and factors that predict returns from time-series perspective. This 
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validates also the use of these macroeconomic variables in comparing cross-sectional and 

time-series momentum. Asness et al. (2013) report that macroeconomic variables in 

general are not significantly related to their cross-sectional momentum strategy, except 

for DEF and a dummy variable for recession, which have significant negative relation to 

momentum returns.   

Related to previously mentioned variables are interest rates, which have been shown to 

predict changes in the macro variables. They also provides information about the supply 

of resources to banks and proxies extremely well central bank actions and monetary 

policy. Its effects are felt in the real economy. For example, when the FED funds rate 

rises and bank reserves are reduced, the access to lending is tightened for consumers and 

businesses, which depend on this lending. Thus, spending and aggregate demand will fall. 

(Bernanke & Blinder 1992).  

Funding liquidity risk is shown to have explanatory power over cross-sectional 

momentum returns. Assessing liquidity risk exposure can be done by regressing 

momentum returns on TED spread, which is essentially a measure of credit risk and 

calculated as the difference between interbank LIBOR interest rate and the 3-month 

government rate. The TED spread is significantly positively related to cross-sectional 

momentum returns. (Asness et al. 2013). Moskowitz et al. (2012), however, show no 

significant relationship between time-series momentum strategy and TED-spread. Also, 

they show that the VIX index, which is a measure of market volatility and often referred 

to as the fear index, has no significant relationship with time-series momentum returns. 

Also related to liquidity is the repurchase agreement (REPO) market. REPO rates define 

the cost at which market participants are getting funding for their operations from the 

central bank. It can be used to finance leveraged positions and in short selling. (Jordan & 

Jordan 1997).  
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3 DATA SET, RETURNS AND RESEARCH SETTING 

In this section the sample used in this study is described and an explanation is offered of 

how returns are calculated. Then, the research setting used throughout the empirical 

analysis is given.  

The strategies will be referred to by their abbreviations. Two benchmark strategies are 

created for both time-series (henceforth TS) momentum and cross-sectional (henceforth 

XS) momentum, which are the baseline strategies used in Jegadeesh & Titman (1993) 

and Moskowitz et al. (2012). These are the 12-month lookback and one month holding 

(121) strategy and 6 month lookback and 6 month holding (66). Also, two versions of the 

strategies are constructed, namely regular (REG), which equally weights the returns as in 

equations (2) and (4), and linearized (LIN) as in equations (5) and (6), which leverages 

most heavily those assets which have done the best in lookback period. Finally, volatility 

weighted (VOL) versions of the strategies are constructed, which take into account the 

riskiness of asset past returns and assign weighs according. For example, the strategy 

named 121LINXS refers to a linearized, cross-sectional momentum strategy with twelve-

month lookback- and one month holding periods.  

The study is also restricted by the time-lines of the underlying sample. As the data 

available in the sample does not start at the same time for all classes, the momentum 

strategies that are created are obviously driven by bond- and commodity futures from the 

beginning of the sample up to when equity futures information is available from 1988 

onwards. It is deemed that using this sample, however, gives a realistic interpretation of 

the investment opportunities of the momentum strategies during this time-frame. 

Naturally this applies to all of the results depicted in the rest of this analysis. The results 

will specify the underlying time-period used if relevant to the analysis in question. Also, 

the creation of various momentum strategies limits the start date of summary statics and 

regressions from January 1982 onwards.  
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3.1 Futures contracts 

Table 1 reports the summary statistics of the used sample, consisting of 78 individual 

contracts from three different contract types. Of these, 23 are interest rate/bond futures, 

27 are commodity futures and 28 are equity futures. The contracts’ range is from January 

1980 to April 2015. The data set is obtained from Bloomberg. The sample includes the 

most actively traded contracts suggesting that main results are not hampered by illiquidity 

issues. The start dates for individual contracts vary significantly. Equity contracts first 

come into the sample significantly later than other contracts. The contracts are a 

heterogeneous group according to their summary statistics as can be seen in Panel A of 

Table 1. Equity index contracts as a group have the highest annualized mean return, 

commodities are most volatile with annualized volatility of 29.51%. The average bond 

futures volatility is significantly lower at 6.84% and for equities it is 21.97%. The average 

Sharpe ratio is highest for bonds at 0.39, while it is lower for commodities and equities at 

0.09 and 0.30, respectively. Individual contracts are listed by contract type in Table 1, 

panels B through D. The mean annualized return is positive for all bonds and equity 

futures contract. However, nine of the 27 commodity futures contract have negative mean 

annualized returns. The most volatile contract in the dataset is natural gas from the 

commodities group at 57.76%.  

Table 1. Descriptive statistics on futures contracts.  

Futures contract Start date 
Number of 

observations 

Annualized 

mean 

t-statistic  

of mean 

Annualized 

volatility 

Sharpe  

ratio 

 Panel A: all assets 

 Bonds 198001 - 2.64 8.09 6.84 0.39 

 Commodities 198001 - 2.72 2.68 29.51 0.09 

 Equities 198803 - 6.64 6.68 21.97 0.30 

 Panel B: bonds 

 Us long bond 198001 425 2.69 1.34 11.94 0.23 

 Us 10yr note 198206 396 2.04 1.59 7.36 0.28 

 Long gilt 198212 389 3.09 2.32 7.56 0.41 

 Jpn 10y bond(tse) 198511 354 1.61 1.62 5.38 0.30 

 Aust 10y bond 198710 331 0.41 1.74 1.24 0.33 
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 Us 5yr note 198806 324 0.92 1.04 4.57 0.20 

 Can 10yr bond 198910 307 4.17 3.50 6.01 0.69 

 Aust 3yr bond  199001 304 0.51 1.82 1.40 0.36 

 Us 2yr note 199007 299 0.41 1.07 1.92 0.21 

 Euro-bund 199012 293 4.48 4.29 5.15 0.87 

 Euro-bobl 199111 282 3.03 4.59 3.20 0.95 

 Swiss fed bnd 199207 268 4.14 4.20 4.65 0.89 

 Can 5yr bond  199502 166 3.69 3.22 4.25 0.87 

 Euro-schatz 199705 216 0.93 3.00 1.31 0.71 

 Euro buxl 30y bond 199811 198 7.00 2.73 10.41 0.67 

 Korea 3yr bnd 199910 187 2.80 3.46 3.19 0.88 

 Swedish 10yr 200404 133 3.21 0.51 20.88 0.15 

 Can 2yr bond 200406 131 1.00 1.88 1.75 0.57 

 Korea 10yr bnd 200803 77 4.50 2.27 4.99 0.90 

 Euro-btp 200910 67 10.05 2.45 9.64 1.04 

 Short gilt 200912 65 0.75 2.31 0.75 1.00 

 Short euro-btp 201101 51 5.60 1.92 6.02 0.93 

 Euro-oat 201205 36 10.75 3.12 5.89 1.82 

  Panel C: commodities 

 Soybean oil 198001 425 0.44 0.10 26.03 0.02 

 Corn 198001 425 -3.07 -0.72 25.50 -0.12 

 Cocoa  198001 425 -3.26 -0.66 29.29 -0.11 

 Cotton no.2 198001 425 0.37 0.09 25.54 0.01 

 Cattle feeder  198001 425 3.88 1.62 14.22 0.27 

 Gold 100 oz 198001 425 -0.91 -0.30 18.01 -0.05 

 Fcoj-a  198001 425 1.20 0.23 30.64 0.04 

 Coffee 'c'  198001 425 0.40 0.06 37.87 0.01 

 Wheat (kcb) 198001 425 1.17 0.29 23.80 0.05 

 Live cattle 198001 425 4.16 1.73 14.29 0.29 

 Soybean  198001 425 2.71 0.69 23.53 0.12 
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 Sugar 198001 425 -1.36 -0.21 39.25 -0.03 

 Silver  198001 425 -2.10 -0.40 31.45 -0.07 

 Soybean meal  198001 425 7.99 1.87 25.40 0.31 

 Wheat (cbt) 198001 425 -5.20 -1.22 25.42 -0.20 

 Wti crude  198304 386 11.27 1.82 35.06 0.32 

 Lumber  198605 349 -3.36 -0.61 29.77 -0.11 

 Lean hogs  198605 349 -1.94 -0.43 24.58 -0.08 

 Palladium  198605 349 10.65 1.81 31.71 0.34 

 Platinum  198605 349 5.45 1.35 21.74 0.25 

 Heating oil 198608 346 16.33 2.43 36.02 0.45 

 Brent crude 198807 323 15.59 2.39 33.82 0.46 

 Copper  198901 317 7.13 1.41 26.00 0.27 

 Rough rice 198901 316 -5.45 -1.07 26.01 -0.21 

 Gas oil  198908 310 13.73 2.07 33.64 0.41 

 Natural gas 199005 301 0.19 0.02 57.76 0.00 

 Gasoline rbob  200511 115 11.94 1.03 35.57 0.34 

 Panel D: equities 

 Ftse 100 idx  198803 326 4.27 1.51 14.71 0.29 

 Nikkei 225 198810 319 0.95 0.23 21.53 0.04 

 Cac40 10 euro 198901 316 5.26 1.42 19.06 0.28 

 Amsterdam index 198902 315 7.97 2.06 19.76 0.40 

 Topix index  199006 297 0.09 0.02 19.65 0.00 

 Dax index 199012 293 7.67 1.80 21.03 0.36 

 Hang seng index 199205 276 11.35 2.06 26.44 0.43 

 Ibex 35 index  199208 273 9.35 2.10 21.23 0.44 

 Ftse/jse top 40 199410 246 6.30 1.37 20.79 0.30 

 Bovespa index 199509 236 4.12 0.62 29.28 0.14 

 OMXH25 in 199511 215 13.91 2.08 28.26 0.49 

 Kospi2 index  199606 227 10.66 1.34 34.57 0.31 

 MSCI Taiwan 199702 220 4.11 0.66 26.61 0.15 
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 S&P500 emini  199710 212 4.62 1.25 15.52 0.30 

 Euro stoxx 50 199807 202 3.22 0.67 19.76 0.16 

 MSCI sing ix et 199810 199 8.47 1.54 22.32 0.38 

 Mex bolsa index 199906 191 7.99 1.61 19.79 0.40 

 Nasdaq 100 e-min 199907 189 3.95 0.62 25.37 0.16 

 S&P/tsx 60 index 199910 187 5.86 1.55 14.90 0.39 

 Spi 200 s 200006 179 5.22 1.53 13.11 0.40 

 S&P mid 400 emin 200202 160 9.42 2.00 17.13 0.55 

 Djia mini e-cbot 200207 154 6.69 1.71 14.02 0.48 

 Russell 1000 min 200210 151 8.82 2.14 14.57 0.61 

 Omxs30 ind u 200503 122 10.56 1.92 17.43 0.61 

 Rts index  200509 117 9.79 0.83 36.69 0.27 

 Set50 s 200606 107 12.11 1.46 24.63 0.49 

 Russell 2000 min 200709 93 9.51 1.22 21.53 0.44 

 Mini MSCI eafe 200910 68 6.79 0.96 16.65 0.41 

This table reports the monthly return series of the 78 futures contracts used in the dataset. The table reports the start 

date of the individual contracts from the sample that ranges from January 1980 to April 2015, the number of 

observations for individual futures contract, the annualized mean, the t-statistic of mean, the annualized volatility and 

the Sharpe ratios. Panel A reports summary results for contract types, panel B for bond futures, panel C for commodity 

futures, panel D for equity index futures. 

A single return series for each futures contract is created by calculating the daily ratio-

adjusted price for the most actively traded futures contract. This enables the formation of 

tradable return series for monthly momentum strategies. Usually the most active contract 

is the one expiring next, until some days or weeks before the delivery. When the following 

contract becomes most actively traded, the short term is closed and longer-term contract 

is opened by rolling over the contracts. Calculating the daily ratio-adjusted price is done 

in order to avoid price gaps in the return series of each contract. These differences in price 

of successive contracts arise due to several factors, for example seasonal trends in the 

prices of goods. The adjustment ratio is calculated by dividing the price of the new 

contract by the price of the old contract, which creates a constant relation between the 

prices in the return series. Without the adjustment there would be artificial return present 

in the rollovers of the contracts. The returns of are calculated as follows: 
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𝑟𝑖,𝑡 = 𝑓𝑖,𝑡/𝑓𝑖,𝑡−1 − 1                                                   (15) 

where 𝑟𝑖,𝑡 and 𝑓𝑖,𝑡 are the return and price of the futures contract i at time t respectively. 

Even though the momentum strategies defined are in monthly frequency, the return series 

for individual contracts and volatility weighing is done using daily data. This improves 

the volatility estimates and correlation between strategies (Ahmerkamp & Grant 2013).   

The returns specified in equation (15) for individual contracts are by definition excess 

returns, which includes change in spot price and roll yield (Baltas & Kosowski 2012). 

Collateral yield in the margin account is not considered in this analysis.  

3.2 Strategy specifications and initial results 

This section describes the momentum strategies and their variations that have been 

selected for the analysis. As mentioned, the benchmark strategies for momentum analysis 

are the twelve-month lookback (k) and one month holding (h) strategy from both the time 

series- and cross sectional momentum literature as well as the six-month lookback and 

six-month holding strategy from cross sectional literature. The purpose is not to uncover 

the most successful k/h combination strategy but instead to compare variations of 

strategies that have been used extensively in literature and which are sufficiently different 

in premise. For both cross-sectional- and time-series momentum strategies, regular 

versions are created, which uses raw, unadjusted futures returns from equation (15) and 

linearized variants as per equations (5) and (6). Volatility weighing on time-series 

momentum strategies are also applied. Results on volatility weighing for cross-sectional 

momentum strategies are not reported. The volatility weighed time-series momentum 

strategies are created as follows. The EWMA are calculated from daily returns to 

calculate the volatility estimate and the scaling scheme of Moskowitz et al. (2012) is used. 

Specifically, equation (8) is applied where the variance 𝜎𝑡
2 is calculated for each futures 

contract as follows: 

𝜎𝑡
2 =  261√𝜆𝜎𝑡−1

2 + (1 − 𝜆)𝑟𝑡−1
2                             (16) 
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where 261 scales the variance to be annual and λ is 0.9836 which is the same parameter 

that Moskowitz et al. (2012) use. A sizing factor is also applied in equation (8) to adjust 

ex-ante annualized volatility to 40%. This results in annual volatility of 11.88% for the 

121VOLTS strategy which closely matches the volatility of risk factor of Fama and 

French (1993) and Asness et al. (2010) used in this analysis.   

To illustrate the predictability and autocorrelation in returns inherent in the futures 

contracts used in the sample, Figure 4 shows the annualized Sharpe ratios of 121REGTS 

strategy for individual contracts. As illustrated, the predictability in returns for individual 

contract presents stable results. All of the individual strategies for the bonds group have 

positive Sharpe ratio and all but two commodity contracts and all but three equity 

contracts have positive Sharpe ratio. All of the contract groups show promising initial 

results for applying momentum. In the following chapters, there will be details for 

aggregated momentum strategies, which use the whole sample available as well as asset 

classes separately.   

For the individual contracts in Figure 4 using 121REGTS strategy, bonds have the highest 

average Sharpe ratios followed by equities and commodities, respectively, and the 

121REGTS strategy Sharpe ratios are consistently larger than their long only 

counterparts. The average t-statistic for bond futures 121REGTS returns is 1.76 with nine 

of the 23 contracts are significant at 5% level. Similarly, the average t-statistic of returns 

are 1.43 and 1.41 for commodities and equities, respectively. Commodities have eight of 

26 contracts significant at 5% level and equities have seven of the 28 (see Table 2).  

Table 2. Average Sharpe figures for futures contract type.  

Futures contract type Long only Sharpe 121REGTS strategy Sharpe 
Average t-statistic of 

121REGTS strategy 

Bonds 0.39 0.65 1.76 

Commodities 0.09 0.11 1.43 

Equities 0.30 0.33 1.41 

To measure the extent and robustness of cross-sectional and time-series momentum 

strategies across different lookback periods, Table 3 presents the t-statistics of alphas 

estimated from the following regression model: 
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Figure 4. Sharpe ratios of 121REGTS strategy. 
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𝑅𝐾𝑡

1 = α + β
1
(𝑀𝑆𝐶𝐼𝑡-𝑟𝑓𝑡) + β

2
* 𝐵𝑂𝑁𝐷 𝑃𝑅𝑂𝑋𝑌𝑡 + β

3
* 

𝐶𝑂𝑀𝑀𝑂𝐷𝐼𝑇𝑌 𝑃𝑅𝑂𝑋𝑌𝑡 + β
4
*𝑆𝑀𝐵𝑡 + β

5
𝐻𝑀𝐿𝑡 + β

6
𝑈𝑀𝐷𝑡 + ε𝑡                   (17) 

where exposures to the market are controlled with excess return on the MSCI world index 

and use bond- and commodity return proxies, created from the assets available in the 

sample. Also controlled are exposures to SMB, HML and UMD factors. Each column 

thus represents a separate momentum strategy, where the holding period is always one 

month and the lookback period k varies between one to twelve months. As reported in 

Panel A of Table 3, the cross sectional momentum strategies which encompass all asset 

classes have highly significant alphas, except for 71REGXS strategy. For all assets, the 

significance of momentum is highest among the short end of the lookback periods. The 

results are somewhat more mixed for individual asset classes. In general, t-statistics are 

not as high for all assets and even negative in five of the equity strategies. Equities in 

general are insignificant because of the UMD factor, which is the premium on winner- 

minus loser stocks.  

A clear pattern is evident in the robustness of momentum anomaly, where it is strongest 

closer to one month- or twelve-month lookback period. Clearly, it is also strongest when 

diversified across all assets. The same regressions for time-series momentum strategies 

are reported in panel B of Table 3, where t-statistics of alphas are again higher for all 

assets than separate groups. When comparing to Panel A results, time-series momentum 

seems to be more robust through the different lookback periods. All of the t-statistics of 

alphas are positive for time-series strategies. 

Using a similar regression as in equation (8), Moskowitz et al. (2012) find comparable 

patterns for the same lookback- and holding periods of their time-series momentum 

strategies. In general, their t-statistics are somewhat larger, especially for equities, where 

only one of the strategies produce insignificant alpha at 5% level. Their study uses nine 

equity futures contracts, six of which are shared with this study. More broad selection of 

equity futures seems to be more able to capture momentum effect in stocks than a smaller 

one. While no results for individual asset classes are provided Baltas and Kosowski 

(2012) also report significant, albeit smaller, t-statistics for their monthly frequency time-

series momentum strategy. Considering also the results of this study, time-series 
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momentum effect seems to be robust. Results in Table 3 for cross-sectional momentum 

strategy significance using futures contracts seem to be novel. 

Table 3. T-statistics of alphas of momentum strategies. 

Lookback period 1 2 3 4 5 6 7 8 9 10 11 12 

 Panel A: Cross-sectional strategies 

All assets 4.09 3.66 3.38 3.19 2.28 2.28 1.67 2.19 2.31 2.78 3.42 2.62 

Bonds 1.76 0.26 1.19 0.79 0.77 0.61 1.31 1.09 1.40 0.74 1.01 2.05 

Commodities 2.90 2.44 2.78 2.30 1.45 1.75 1.11 1.73 1.50 2.13 3.13 2.53 

Equities 0.59 0.09 -0.58 -1.79 -1.16 -1.17 0.11 -0.11 0.44 0.78 1.24 0.99 

 Panel B: Time-series momentum 

All assets 3.21 4.28 4.50 4.39 3.62 3.25 3.33 3.12 3.53 4.19 4.42 4.15 

Bonds 2.28 1.00 0.85 1.99 1.91 1.26 1.33 1.41 0.98 0.72 1.72 2.34 

Commodities 2.21 3.31 4.03 4.65 3.24 3.22 3.19 2.68 2.96 3.58 4.39 3.67 

Equities 1.61 2.13 1.52 1.56 0.89 0.96 1.34 1.20 1.15 1.79 1.67 1.59 

Panel A reports the alpha t-statistics of cross-sectional momentum strategy regressions and Panel B of time-series 

momentum strategy regressions where holding period is a constant 1 month and lookback period varies between 1 to 

12 months. Regressions use the following independent variables: excess return on MSCI World index, commodity-, 

and bond proxies created from the underlying asset returns in the sample as well as the Fama and French factors SMB, 

HML and UMD. Regressions use Newey-West corrected t-statistics to account for serial correlation. 
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4 ANALYSING MOMENTUM RETURNS  

This chapter reports summary statistics and time-series regression results for the 

momentum strategies created according to the specifications of the previous chapter. 

Momentum return relation to different macroeconomic variables and market conditional 

performance are analysed to understand the drivers of momentum returns more in depth.  

4.1 Performance of conventional- and linearized momentum strategies 

Table 4 presents summary statistics for various momentum strategies for all assets and 

separately for each asset class. Throughout Panels A to D one can see that the 121REGXS 

strategy is the most profitable according to average yearly returns with the exception of 

equities where the most profitable is the 121REGTS strategy. 121REGTS also has the 

highest Sharpe ratio among the diversified strategies as well as individual asset classes, 

ranging from 0.85 in all asset to 0.46 in equities. The same applies to cross-sectional 

strategies, where the Sharpe ratio is highest among strategies that use all assets. This 

illustrates the benefit of applying momentum across several different asset classes. In 

general, the 66 strategies seem to be inferior compared to 121 strategies, especially in the 

case of cross-sectional momentum strategies. Volatility is lower with time-series 

strategies and highest with linearized strategies. Return variation across asset classes is 

higher among cross-sectional strategies than time-series strategies. The returns for all 

strategies are approximately symmetric with the exception of the 121REGXS strategy for 

equities, which is moderately positively skewed with skewness of 0.73.   

Table 5 reports the risk adjusted performance for the same strategies as in Table 4. Here 

the excess returns of momentum strategies are regressed against established risk factors, 

where the first specification in Panel A includes excess return on MSCI World index and 

SMB, HML and UMB factors of Fama-French, and the second specification includes 

excess return on MSCI World index and value and momentum factors everywhere 

(Asness et al. 2013) in Panel B. Appendix 1 gives the same results for each asset class 

separately.  
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Table 4. Summary statistics of regular- and linearized momentum strategies. 

Strategy 

  

Sharpe Worst month Best month Skewness 

 Panel A: all assets 198201 – 201504 

121REGXS 11.46 % 15.65 % 0.73 -12.48 % 13.01 % 0.09 

66REGXS 6.16 % 12.79 % 0.48 -12.94 % 9.17 % 0.22 

121REGTS 5.57 % 6.57 % 0.85 -7.44 % 5.48 % -0.03 

66REGTS 3.61 % 5.43 % 0.67 -6.48 % 4.19 % -0.01 

121LINXS 9.65 % 25.45 % 0.38 -29.54 % 19.19 % -0.31 

121LINTS 7.54 % 12.61 % 0.60 -13.01%  9.5 % -0.06 

 Panel B: commodities 198201 - 201504 

121REGXS 12.31 % 19.61 % 0.63 -24.51 % 14.46 % -0.02 

66REGXS 4.95 % 15.48 % 0.32 -14.78 % 11.76 % 0.10 

121REGTS 6.21 % 8.94 % 0.70 -10.50 % 6.50 % -0.24 

66REGTS 3.57 % 7.27 % 0.49 -9.75 %  5.30 % -0.21 

 Panel C: equities 199007 – 201504 

121REGXS 4.77 % 16.67 % 0.28 -22.79 % 10.84 % -0.64 

66REGXS 3.15 % 11.72 % 0.27 -16.99 % 9.37 % -0.49 

121REGTS 6.27 % 13.61 % 0.46 -13.72 % 11.28 % 0.15 

66REGTS 4.71 % 11.33 % 0.42 -13.72 % 8.80 % -0.30 

 Panel D: bonds 198412 – 201504 

121REGXS 2.94 % 7.04 % 0.42 -7.10 % 5.98 % 0.73 

66REGXS 0.66 % 6.54 % 0.10 -6.38 % 5.24 % 0.12 

121REGTS 2.37 % 4.21 % 0.56 -5.98 % 4.04 % 0.42 

66REGTS 0.53 % 1.18 % 0.29 -1.93 % 1.29 % -0.03 

This table presents the annualized return and volatility of different momentum strategies, Sharpe ratio and best- and 

worst month returns and skewness. Strategy abbreviations used in this table: 121 means 12-month lookback- and one 

month holding strategy. 66 means 6-month lookback- and 6-month holding strategy. REG and LIN refer to regular- 

and linearized momentum strategies.  XS refers to cross-sectional and TS to time-series momentum. 

 

µ̂ ∗ 12 �̂� ∗ √12 
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From Panel A in Table 5 we can see that four out of six momentum strategies produce 

significant annualized alphas. Strategies using 12-month lookback- and 1 month holding 

periods have the largest intercepts with 121REGXS strategy having the highest alpha of 

8.45% and 121REGTS 4.83% against the Fama-French factors. Even though both 

strategies load very heavily and significantly on cross-sectional momentum factor, UMD, 

it seems than neither of these strategies is fully explained by cross-sectional factors on 

US equities. The same can be said for 66REGTS strategy, which produces a quite low but 

significant intercept of 2.74%. 66REGXS strategy can be quite well explained by these 

factors given the insignificant annualized alpha of 3.10% with t-statistic of 1.34. None of 

the regular momentum strategies have significant loadings on the SMB or HML factors. 

The linearized time-series strategy 121LINTS follows closely the performance of the 

regular strategies whereas cross-sectional 121LINXS seems to be fully priced by this 

regression. It has a highly significant loading on the market factor and insignificant 

loading on the UMD factor. 

Panel B uses the cross-sectional value and momentum everywhere factors comprised of 

several international markets and includes futures contracts on bonds, commodities, 

currencies and equities. As such, it should be much more suitable to price the diversified 

momentum strategies. This is indeed the case as only 121REGTS has a significant, yet 

very low annualized alpha of 2.06%. All of the strategies with the exception of 121LINXS 

have very significant coefficients on the momentum everywhere factor and also quite 

significant loading on the value everywhere factor. The R-squared values are significantly 

higher with these factors compared to the Fama-French specification, with the former 

ranging between 34%-37% and the latter between 13%-15%, excluding 121LINXS. 

Based on this analysis it seems that known cross-sectional momentum factors have 

capabilities to price nearly all of the cross-sectional and time-series momentum return 

streams.  

Back testing their earlier results from 1993 on US stocks, Jegadeesh and Titman (2001) 

find their cross-sectional momentum strategy, which uses six-month lookback- and six-

month holding periods (similar to 66REGXS in Table 5), to have very weak and negative 

slope coefficients in the Fama-French three factor model and a very high and significant 

alpha. Their model does not use the momentum factor UMD, which in the regression of 
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66REGXS returns produces a very large coefficient and in turn this strategy has an 

insignificant alpha. Including a cross-sectional factor based on US stocks in Jegadeesh’s  

Table 5. Time-series regression performance of regular and linearized momentum strategies. 

Explanatory 

variable 
121REGXS 66REGXS 121REGTS 66REGTS 121LINXS 121LINTS 

 

 

Intercept 8.45% * 3.10 % 4.83% * 2.74% * 3.29 %  5.14 % * 

 (3.18) (1.34) (4.09) (2.69) (0.79) (2.40) 

MSCI World 

index 
-0.01 0.04 -0.02 0.01 0.71 * -0.01 

 (-0.16) (0.94) (-0.46) (0.34) (5.15) (-0.09) 

SMB 0.05 0.08 0.01 0.04 0.15 -0.00 

 (0.78) (1.37) (0.41) (1.71) (1.42) (-0.08) 

HML 0.05 0.11 -0.00 0.04 0.10 0.07 

 (0.65) (1.83) (-0.04) (1.18) (0.86) (0.99) 

UMD 0.45 * 0.34 * 0.17 * 0.14 * -0.05 0.33 * 

 (7.51) (7.11) (8.09) (6.99) (-0.60) (8.92) 

R2 0.15 0.14 0.15 0.13 0.18 0.15 

       

Intercept 3.15% -1.45 % 2.06 % * 0.54% 0.65 % 0.91 % 

 (1.25) (-0.68) (2.01) (0.59) (1.38) (0.47) 

MSCI World 

index 
-0.00 0.04 -0.02 0.00 0.70 * -0.02 

 (-0.03) (1.20) (-0.52) (0.18) (5.17) (-0.20) 

Value 

everywhere 
0.36 * 0.39 * 0.18 * 0.17 * -0.41 0.32 * 

 (2.72) (3.55) (2.62) (3.23) (-1.57) (2.54) 

Mom. 

everywhere 
1.49 * 1.25 * 0.64 * 0.53 * -0.33 1.18 * 

 (13.08) (13.45) (11.20) (10.71) (-1.24) (11.93) 

R2 0.36 0.34 0.37 0.35 0.19 0.34 

Panel A gives time-series regression results, t-statistics and annualized alphas of selected momentum strategies on 

MSCI World index, Fama & French factors SMB, HML and UMD which represent size, value and cross-sectional 

momentum in US equities. Fama & French factors are retrieved from Kenneth French’s website. Panel B gives time-

series regression results, t-statistics and annualized alphas on MSCI World index and Value and Momentum 

everywhere factors which are retrieved from AQR website. All regressions use time period 198201 – 201504. 

Regressions use Newey-West corrected t-statistics to account for serial correlation. * = 0.05 level of significance.  

𝑃𝑎𝑛𝑒𝑙 𝐴:  𝑅𝑃,𝑡 = 𝑎𝑃 + 𝛽𝑃 ∗ 𝑀𝑆𝐶𝐼𝑀,𝑡 + 𝑠 ∗ 𝑆𝑀𝐵𝑡 + ℎ ∗ 𝐻𝑀𝐿𝑡 + 𝑚 ∗ 𝑈𝑀𝐷𝑡 +  휀𝑃,𝑡  

𝑃𝑎𝑛𝑒𝑙 𝐵:  𝑅𝑃,𝑡 = 𝑎𝑃 + 𝛽𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 + 𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡+ 휀𝑃,𝑡  
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and Titman’s regression specification would most likely bring down the significance of 

the size of their alpha. Time-series- and linearized momentum results and Panel B as a 

whole in Table 5 seem to be novel. 

4.2 Performance of volatility weighed time-series momentum strategies 

This section studies the effect of volatility weighing of time-series momentum strategies. 

This is routinely done in time-series momentum literature so it is interesting to see the 

practical implications of volatility weighing. No comparison is made across cross-

sectional and time-series strategies due to the different nature of the volatility weighing 

scheme. 

Table 6 reports the performance and risk metrics for volatility weighed time-series 

strategies, Panel A for all assets and Panels B to D for each asset class separately. 

Compared to 121REGTS and 66REGTS strategies from previous section, volatility 

weighing greatly improves both raw- and risk adjusted returns while the exposure to 

Fama-French- and value and momentum everywhere factors maintain similar 

composition. Average annual return and Sharpe increase significantly for 121VOLTS 

strategy for all assets to 14.24% and 1.20. Volatility of the strategy and best- and worst 

performing monthly returns increase but this is more than offset by the increase in 

profitability. 66VOLTS strategy performance also improves similarly. As with regular 

strategies, it remains still inferior to the 121VOLTS. For individual asset classes, the 

performance is as well improved, most significantly with bonds. Those are the least 

volatile assets and they clearly benefit from volatility weighing. Compared to 121REGTS 

strategy for bonds, the average return and Sharpe ratios improve from 2.37% to 17.26% 

and from 0.56 to 0.70. Again, the volatility of the return series is greatly increased. For 

example, for bonds, the annualized volatility increases more than fivefold from 4.21% to 

24.67%.  

Looking at risk adjusted performance, the regressions specified in Table 5 are repeated 

for the volatility weighed time-series strategies in Table 7. In Panel A, both strategies 

produce large and significant intercept and load significantly positively on the UMD 

momentum factor. The specifications in Panel B, which mostly succeeded in pricing the 
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regular- and linearized strategies in Table 5, produce a large and significant alpha and 

similarly load significantly on both value- and especially on momentum factor and 

insignificantly on the market factor. Clearly, the returns to volatility weighed time-series 

strategies are not fully captured by either of the cross-sectional factor specifications. 

Regression results for each asset class are reported in Appendix II.  

Table 6. Summary statistics of volatility weighed time-series momentum strategies. 

Strategy 

  

Sharpe Worst month Best month Skewness 

 Panel A: all assets 198201 – 201504 

121VOLTS 14.24 % 11.88 % 1.20 -8.92 % 9.15 % -0.03 

66VOLTS 9.69 % 10.26 % 0.95 -7.94 % 8.22 % 0.12 

 Panel B: commodities 198201 - 201504 

121VOLTS 12.32 % 12.75 % 0.97 -14.23 % 8.96 % 0.19 

66VOLTS 8.25 % 10.34 % 0.80 -8.61 %  8.44 % 0.22 

 Panel C: equities 199007 - 201504 

121VOLTS 14.20 % 24.47 % 0.58 -22.54 % 20.03 % 0.19 

66VOLTS 11.68 % 20.01 % 0.58 -20.12 % 16.02 % -0.08 

 Panel D: bonds 198412 – 201504 

121VOLTS 17.26 % 24.67 % 0.70 -25.27 % 20.25 % 0.07 

66VOLTS 7.16 % 20.03 % 0.36 -23.07 % 18.51 % 0.12 

This table presents the annualized return and volatility of different momentum strategies, Sharpe ratio and best- and 

worst monthly returns and skewness. Strategy abbreviations used in this table: 121 means 12-month lookback- and 1- 

month holding strategy. 66 means 6-month lookback- and 6-month holding strategy. REG and LIN refer to regular- 

and linearized momentum strategies.  XS refers to cross-sectional and TS to time-series momentum. 

Other studies of time-series momentum also indicate that conventional risk factor models 

are not fully capable of explaining their returns. Moskowitz et al. (2012) find 

corresponding results to this study when regressing their time-series momentum 

(henceforth TSMOM, similar to 121VOLTS in Table 7) strategy returns against Fama-

French factors and value and momentum everywhere factors. The biggest difference 

between TSMOM and 121VOLTS comes in the size and significance of MSCI World 

Market-, UMD- and Momentum everywhere coefficients. While TSMOM has higher and 

more significant loading on the market factor, 121VOLTS has small and insignificant 

µ̂ ∗ 12 �̂� ∗ √12 
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loading in both regression specifications. Coefficients on the UMD and Momentum 

everywhere in turn are higher and more significant for 121VOLTS than for TSMOM, 

which means that the UMD factor is able to capture more return variation from 

121VOLTS than TSMOM strategy. Also the intercepts for the TSMOM specifications 

are somewhat larger and more significant than for 121VOLTS specifications. One reason 

for this difference might be that TSMOM uses also currencies as an asset class, which 

might not respond to cross-sectional momentum factors of UMD and momentum 

everywhere. Also, currency asset class might respond to market return higher, given the 

higher betas on the market.  

Table 7. Time-series regression performance of volatility weighed momentum strategies. 

Explanatory variable 121VOLTS 66VOLTS 121VOLTS 66VOLTS 

Intercept 12.33 % * 9.73 % * 7.92 % * 9.24 % * 

 (5.59) (5.06) (3.74) (4.53) 

MSCI World index 0.02 0.01 0.03 0.01 

 (0.25) (0.27) (0.17) (0.17) 

SMB 0.02 -0.00   

 (0.41) -0.02   

HML -0.00 -0.03   

 (-0.12) (-0.61)   

UMD 0.28 * 0.30 *   

 (7.28) (7.41)   

Value everywhere   0.33 * 0.27 *  

   (2.74) (2.51) 

Mom. everywhere   1.06 * 1.01* 

   (11.47) (10.56) 

R2 0.11 0.12 0.29 0.29 

This table reports coefficients, t-statistics and annualized alphas of selected momentum strategies on MSCI World 

index, Fama & French factors SMB, HML and UMD which represent size, value and cross-sectional momentum in US 

equities. Fama & French factors are retrieved from Kenneth French’s website and on value- and momentum everywhere 

MSCI World index and Value and Momentum everywhere factors which are retrieved from AQR website. All 

regressions use time period 198201 – 201504. Regressions use Newey-West corrected t-statistics to account for serial 

correlation. * = 0.05 level of significance.  
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Clare et al. (2015) use a diversified trend following strategy (MOM EW), which does not 

directly compare against the time-series strategies of Table 7, but it does use similar asset 

classes made up of 95 different indices on commodities, bonds and equities. As such, 

their results provide an interesting comparison against the Fama-French regression results 

for 121VOLTS strategy in Table 7. Unlike 121VOLTS, MOM EW produces an 

insignificant alpha and loads extremely highly and significantly on the market. While for 

UMD coefficient is highly significant for 121VOLTS, it is insignificant for MOM EW, 

which, in turn, loads significantly on HML coefficient. These results indicate that 

momentum returns are dependent on the type of assets used creating the strategies.  

4.3 Market conditional performance and macroeconomic exposure

To analyse the performance of different momentum strategies during expanding and 

contracting economic periods in the United States, Table 8 presents summary statistics 

for different momentum strategies during these two states. Expansion in the economy is 

defined as months leading from a previous peak to following trough and recession as 

those months leading from a previous trough to a following peak in gross domestic 

product. Data for the economic cycle indicator is taken from the National Bureau of 

Economic Research website and it encompasses the US economy. For all assets in panel 

A, between 198201 and 201504, the share of expansionary months was 88.75% and the 

share of recessionary months was 11.25%. For all of the 12-month lookback and 1-month 

holding strategies, the annualized returns are larger during expansionary months and 

smaller in recessionary months. For the strategies using 6-month lookback- and holding 

periods, it is the opposite, whereby the expansionary periods have smaller returns. 

However, none of the mean monthly return pairs are statistically different even at 0.10 

level of significance. For the skewness of the return series, there are no real patterns 

emerging from the return series. For all assets, all of the strategies have approximately 

symmetric return series under differ economic cycles.     

In Panels B through D the only significant difference between the monthly returns is for 

the 66VOLTS strategy for bonds but this is not enough to draw conclusions about the 

strategies performance differences during different economic states. Also no real patterns 

emerge for skewness for separate asset classes under different economic states.  
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Table 8. Momentum returns during economic cycles.  

Strategy         Exp.        Rec. Skewness exp. Skewness rec. 

 Panel A: all assets 198201 - 201504 

% Share 88.75 % 11.25 %   

121REGXS 18.76 % 10.47 % 0.46 -0.17 

66REGXS 5.28 % 6.26 % 0.35 0.18 

121REGTS 8.60 % 5.19 % -0.06 -0.15 

66REGTS 2.98 % 3.69 % -0.28 0.24 

121VOLTS 18.97 % 13.64 % 0.11 0.11 

66VOLTS 8.88 % 9.91 % 0.11 0.07 

 Panel B: Commodities 198201 - 201504 

% Share 88.51 % 11.49 %   

121REGXS 12.62 % 12.26 % 1.27 -0.20 

66REGXS -0.00 % 5.63 % -0.39 0.13 

121REGTS 6.72 % 6.15 % 0.40 -0.41 

66REGTS -0.01 % 4.12 % 0.15 0.04 

121VOLTS 17.26 % 11.70 % 1.21 -0.29 

66VOLTS 8.21 % 8.26 % 0.51 0.15 

 Panel C: Equities 199007 – 201504 

% Share 88.59 % 11.41 %   

121REGXS -6.46 % 6.22 % -0.98 -0.58 

66REGXS -4.65 % 4.16 % -0.33 -0.48 

121REGTS 7.90 % 6.06 % 0.21 -0.05 

66REGTS 1.91 % 5.07 % -0.14 -0.27 

121VOLTS 18.20 % 13.68 % 0.54 -0.11 

66VOLTS 7.49 % 12.22 % 0.07 -0.11 

 Panel D: bonds 198412 - 201504 

% Share 90.68 % 9.32 %   

121REGXS -1.31 % 3.70 % -0.60 0.78 

µ̂ ∗ 12 µ̂ ∗ 12 
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66REGXS -2.60 % 2.39 % -0.32 0.10 

121REGTS 1.46 % 2.85 % 0.75 0.31 

66REGTS 0.97 % 1.00 % -0.21 0.65 

121VOLTS 9.98 % 17.35 % 0.07 0.09 

66VOLTS -10.12 % 8.88 % * -0.83 0.15 

This Table reports the average annualized excess returns of selected momentum strategies, divided into expansionary 

and recessionary periods. An expansionary period is defined as months when the US GDP increases and a recessionary 

period as months when the US GDP decreases. The % share means the percentage of expansionary- and recessionary 

months. Skewness exp. and -rec. mean the skewness of momentum strategy returns under different economic cycles. 

Panel A gives statistics for all assets and Panels B through D for commodities, equities and bonds respectively. * = 

0.05 level of significance. 

Continuing from the setting in Table 8, which explains momentum returns under different 

economic periods, Figure 5 plots the monthly returns of 121REGXS in the top panel and 

121REGTS in middle panel and 121VOLTS in the bottom panel against 

contemporaneous returns of MSCI World index. For the regular strategies one can see an 

indication of a volatility “smirk”, which shows as higher returns for momentum strategies 

when the market is down. For the 121VOLTS strategy the returns are high also when the 

market is up. In the bottom panel of Figure 5 this can be seen as the “volatility smile” 

typically found for time-series momentum strategies. For all strategies, it is feasible that 

the returns are not a compensation for a crash risk. Also, Figure 5 shows how the cross-

sectional strategy returns are more dispersed than the two time-series strategies.  

In order to test the statistical significance of the results in Figure 5, the three strategy 

returns are regressed on MSCI World index return and the squared MSCI World index 

return. The results are presented in Table 9. The coefficients of all squared market returns 

are significant at 0.02 level. The market beta in all momentum specifications is 

insignificant. These results confirm that these momentum strategies have their highest 

payoffs when the market has its lowest or highest returns.  
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Figure 5. Momemtum “smirk” and “smile”. This figure shows monthly momentum strategy returns 

plotted against contemporaneous MSCI World Index returns. The top panel plots 121REGTS, the middle panel 

121REGXS and the bottom panel 121VOLTS.  
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Table 9. Volatility smile tests. 

Strategy MSCI World index MSCI World index squared 

121REGTS -0.01 1.56 * 

 (-0.25) (3.46) 

 121REGXS -0.05 2.23 * 

 (-0.55) (2.37) 

121VOLTS 0.03 

 

2.63 * 

 (0.50) (3.94) 

This table presents regression results of three momentum strategies against the MSCI World Index and squared value 

of MSCI World Index. Regressions are calculated over the period 198201 and 201504 and use Newey-West corrected 

t-statistics to account for serial correlation. T-statistics in parenthesis. * = 0.02 level of significance. 

Figure 6 illustrates the excess returns for the strategies in Table 9 as well as for passive 

aggregate long positions in all of the futures contracts in the sample from 198201 to 

201504 for the notional amount of €1. 121VOLTS has clearly the highest returns, 

followed by 121REGXS and 121REGTS, which barely has exceeded the long passive 

return. Almost midway into the sample, performance is meager for all strategies, which 

underlines the limitations of the sample used. Also visible is the drop in performance 

during the Financial Crisis and subsequent high performance that has also been reported 

by CTA hedge funds following momentum strategies.  

Several papers indicate that momentum strategies are prone to crash risk. For example, 

Daniel and Moskowitz (2013) assert that momentum faces significant crash risk after 

market declines when they are long in low-beta assets, which do not increase in value as 

fast as high-beta assets. These results are based on stocks. Using futures contracts, Figure 

5 tells a bit different story. While they have their highest returns during bear markets, 

regular cross-sectional- and time-series strategies used in this study, are not necessarily 

on average prone to crash risk even when market valuations increase. Generally, the 

momentum crash studies highlight the apalling returns to momentum after the financial 

crisis during 2008-2009, the results of this section are based on more than 30 years of 

data. This recession period did affect momentum returns of this study considerably, they 

also recovered very quickly. Time-series momentum volatility smile using futures 

contracts is widely reported in other studies and it seems to also highlight further that 

perhaps not all momentum strategies are inclined towards crash risk. Here, 121TSVOL 

brings higher returns during bull markets than the market on average.  
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Figure 6. Excess returns of momentum strategies and passive long position. This figure illustrates the 

excess returns for a notional €1 initial amount using the 121REGXS, 121REGTS and 121VOLTS strategies as well as 

for a passive long position that equally weights all the returns of the futures contract in the sample.  Returns are 

calculated for period between 198201 and 201504. 

Table 10 presents time-series regression results which explores momentum connection to 

various macroeconomic variables. Here the explanatory variables are TED-spread 

representing liquidity, VIX-index representing volatility, FED funds rate, and repurchase 

rate. Each is separately regressed as the only explanatory variable against the momentum 

strategies’ returns. Both of the regular cross-sectional strategies load significantly 

positively on repurchase rate and 66REGXS strategy as well significantly positively on 

FED funds rate. 121LINXS strategy loads significantly negatively on VIX-index. Besides 

these, there is no significant relation between momentum strategy returns and previously 

mentioned variables. 
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Table 10. Momentum performance against liquidity, volatility and interest rates. 

Strategy TED-spread VIX-index FED funds rate REPO-rate 

   

 

 

121REGXS 0.000 -0.000 0.001 0.003 * 

  (0.63) (-0.30)  (1.13) (2.54) 

66REGXS 0.000 -0.001 0.001 * 0.003 * 

  (0.59) (-1.48) (2.04) (2.78) 

121REGTS 0.000 -0.000 0.000 0.001 

  (1.37) (-0.19) (0.97) (1.31) 

66REGTS 0.000 -0.000 0.001 0.001 

  (0.91) (0.62)  (1.73) (1.75) 

121VOLTS 0.000 -0.000 0.000 0.001 

  (1.37) (-0.48) (0.44) (1.28) 

66VOLTS 0.000 -0.000 0.001 0.001 

  (1.10) (-0.73) 1.63 (1.43) 

121LINXS -0.000 -0.003 * -0.001 -0.001 

  (-1.87) (-2.20) (-0.76) (-0.22) 

121LINTS 0.000 -0.000 0.001 0.002 

  (1.44) (-0.40) (1.12) (1.80) 

This table reports time-series regression results of momentum strategies on measures of liquidity (TED-spread), 

volatility (VIX-index) and interest rates (FED funds rate and REPO-rate). Regression time periods: TED-spread 

199306-201504, VIX-index 200401-201504, FED funds rate 198201-201504, REPO-rate 199312-201504. * = 0.05 

level of significance.  

4.4 Long-short analysis 

Momentum investing is said to be usable only for investors who are willing to go short 

on assets. Table 11 investigates this proposition, where in Panel A 121REGXS strategy 

is divided to its long- and short-leg components and the same is done for 121REGTS 

strategy in panel B. From Panel A it clear that the bulk of the strategy’s profits come from 

the long-leg, meaning assets which have had positive past returns and are thus bought for 

the holding period. The annualized return is 9.48% with a Sharpe figure of 0.75 while the 

short leg returns are negative. This means that the strategy correctly assigns futures 

contracts to be shorted as they have negative equally weighted returns. Summary statistics 

in panel B indicate that also in the case of time-series momentum the long-leg provides 

most of the strategy’s overall returns. Here the annualized return is 7.77% and Sharpe 

figure 0.83. The short-leg is non-negative. This strategy has thus incorrectly assigned 

assets according to past return to be shorted and thus the overall return for 121REGTS 

𝑅𝑃,𝑡 = 𝑎𝑃 + 𝛽𝑃𝐹𝐴𝐶𝑇𝑂𝑅𝑀,𝑡+ 휀𝑃,𝑡  
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strategy is lower than for long-leg. Thus, an investor only going long in investment can 

profit from both cross-sectional- and time-series momentum strategy. 

Table 11. Long-short summary statistics. 

Portfolio 

  

Sharpe 

 Panel A: 121REGXS strategy, long- and short leg 

Long 9.48 % 12.69 % 0.75 

Short -1.92 % 12.78 % -0.15 

121REGXS 11.41 % 15.67% 0.73 

 Panel B: 121REGTS strategy, long- and short leg 

Long 7.77 % 2.71 % 0.83 

Short -1.38 % 3.35 % -0.12 

121REGTS 5.57 % 6.57 % 0.85 

Panel A reports the summary statistics 121REGXS strategy as well as its long- and short leg components. Panel B gives 

the same information for 121REGTS strategy. Long-leg refers to assets which have had positive returns in the lookback 

period and short-leg refers to assets which have had negative returns in the lookback period.  

The regressions in Tables 12 and 13 repeat those of Table 5, where the specifications uses 

firstly the excess return on MSCI World index and SMB, HML and UMD as independent 

variables, and the second specification uses the MSCI World index and value and 

momentum everywhere factors as independent variables. In Table 12, which concentrates 

on the 121REGXS strategy, the Fama-French factors are not able to price the long-leg of 

121REGXS strategy as it leaves a very significant annualized alpha of 5.29%. The 

momentum factor, UMD, is larger for the short-leg of the strategy. The short leg alpha is 

insignificant. The second regression specification is more capable in explaining the 

returns for the different legs of 121REGXS strategy, while the significance of 

momentum- and value factors are more pronounced for the short leg. Turning to Table 

13, which focuses on the time-series strategy, we can see that for both regression 

specifications, the cross-sectional factors in these regressions are not able to price the 

long-leg, which produces a significant alpha. Interestingly the short legs have 

insignificant alphas and correspond more closely to the cross-sectional factors of the 

regressions, especially for the momentum factors which have t-statistics that are much 

µ̂ ∗ 12 �̂� ∗ √12 



59 

 

higher than for the long-leg. In general, for all regression in Tables 12 and 13, the R-

squares are higher for the short-legs than for the long-legs.  

Table 12. Long-short analysis of 121REGXS strategy. 

Explanatory variable Long Short 121REGXS Long Short 121REGXS 

Intercept 5.29% * -3.19 % 8.45% * 4.01 % 0.79 % 3.15 % 

 (2.52) (-1.46) (3.18) (1.88) (0.33) (1.25) 

MSCI World index 0.34 * 0.35 * -0.01 0.34 * 0.34 * 0.00 

 (4.61) (6.11) (-0.16) (5.05) (6.40) (0.03) 

SMB 0.09 0.04 0.05    

 (1.87) (0.72) (0.78)    

HML 0.06 0.01 0.05    

 (1.11) (0.17) (0.65)    

UMD 0.15 * -0.27 * 0.42 *    

 (3.15) (-6.35) (7.51)    

Value everywhere    -0.03 -0.39 * 0.36 * 

    (-0.23) (-3.25) (2.72) 

Mom. everywhere    0.55 * -0.94 * 1.49 * 

    (4.70) (-10.77) (13.08) 

R2 0.17 0.31 0.15 0.23 0.41 0.36 

This table reports the estimated coefficients and standard errors of Fama-French 4-factor model as well as Value and 

Momentum everywhere factors for 121REGXS strategy as well as its long- and short leg components. The intercept is 

annualized. Regressions are calculated over the period 198201 and 201504 and use Newey-West corrected t-statistics 

to account for serial correlation. * = 0.05 level of significance. 
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Table 13. Long-short analysis of 121REGTS strategy. 

Explanatory variable Long Short 121REGXS Long Short 121REGXS 

Intercept 4.79% * 3.52 % 4.83% * 3.82% * 0.12 % 2.06%* 

 (3.10) (1.84) (4.09) (2.42) (0.05) (2.01) 

MSCI World index 0.26* 0.36* -0.02 0.26* 0.35 * -0.02 

 (4.25) (6.77) (-0.46) (4.55) (6.57) (-0.52) 

SMB 0.04 -0.07 0.01    

 (1.24) (-1.43) (0.41)    

HML 0.03 -0.08 -0.00    

 (0.77) (-1.70) (-0.04)    

UMD 0.10 * -0.20 * 0.17 *    

 (2.78) (-5.94) (8.09)    

Value everywhere    -0.03 0.28 * 0.18 * 

    (-0.37) (2.54) (2.62) 

Mom. everywhere    0.37 * -0.71 * 0.64 * 

    (4.45) (-8.49) (11.20) 

R2 0.18 0.32 0.15 0.24 0.39 0.37 

This table reports the estimated coefficients and standard errors of Fama-French 4-factor model as well as Value and 

Momentum everywhere factors for 121REGTS strategy as well as its long- and short leg components. The intercept is 

annualized. Regressions are calculated over the period 198201 and 201504 and use Newey-West corrected t-statistics 

to account for serial correlation. * = 0.05 level of significance. 

 



61 

 

5 MOMENTUM COMPARISON 

Previous results indicate that cross-sectional- and time-series momentum strategies share 

similarities, for example in exposures to known momentum factors. This chapter analyses 

this connection further to see how much a time-series momentum strategy is able to 

explain a cross-sectional strategy and what the differences between the strategies are. 

Also the correlation structure of both types of strategies is explored.  

5.1 Momentum return decomposition  

Table 14 reports momentum return decomposition according to Section 2.3. It uses all 

assets from the sample during time the period between 199007 and 201504 to have a 

meaningful representation of all asset classes in the calculations. Reported are the three 

components that contribute to cross-sectional momentum, namely auto, which refers to 

an asset’s own autocovariance in its return series; cross, which means the cross-serial 

covariance between assets; and mean component, which is the unconditional mean return 

of an asset. For time-series momentum there are auto and squared mean components as 

well as for both momentum strategies the total contribution of the parts.  

Most of the contribution in profits for cross-sectional momentum comes from the cross 

constituent, the largest one being for commodities but this applies to bonds and equities 

as well. There is quite a lot of variation in the size of the cross component. All of the 

constituents are positive for all asset classes, but their contribution is relatively small to 

total profits, except for the auto component in equities. For time series momentum the 

main component of the profits is the auto component with mean squared being 

comparatively small. The results show that the strategies are different as bulk of the 

profits for either strategy comes from a different component.  

Large part of the theoretical research on momentum argue that momentum returns (at 

least in stocks) is created through positive autocorrelation. Moskowitz et al. (2012) report 

that the main component and driver for both momentum types is the auto component. 

This differs considerably from above results, which suggest that the cross component as 

the most important factor contributing to cross-sectional momentum returns, which is 
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negative and of the “wrong” sign in Moskowitz et al. (2012). In both studies, the mean 

component is the smallest contributor for momentum returns. Similar conclusions cannot 

be drawn from the basis of these two studies whether in fact time-series and cross-

sectional momentum share the same underlying structure of returns. In contrast, analysing 

US stocks, Lewellen (2002) finds that for cross-sectional momentum returns of portfolios 

sorted on industry, size and B/M ratio, auto components are negative and cross component 

positive. These notions makes it difficult to agree upon a certain branch of behavioural 

theories to explain momentum.  

Table 14 Momentum decomposition. 

 
Cross-sectional momentum 

decomposition 
 

Time-series momentum 

decomposition 

 Auto Cross Mean Total  Auto Mean2 Total 

All 0.06 % 0.52 % 0.02 % 0.60 %  0.53 % 0.03 % 0.56 % 

Equities 0.16 % 0.26 % 0.01 % 0.43 %  0.35 % 0.03 % 0.38 % 

Commodities 0.00 % 0.69 % 0.03 %  0.72 %  0.72 % 0.04 % 0.76 % 

Bonds 0.01 % 0.02 % 0.00 % 0.03 %  0.03 % 0.01 % 0.03 % 

This table reports decomposition results of momentum strategies specified in section 2.3. The auto component refers 

to the part of profits coming from auto-correlation in asset returns, the cross component refers to the part of profits 

coming from cross-covariance in asset returns, the mean is the cross-sectional variance in unconditional mean returns, 

and the mean2 is part of profits coming from squared mean returns. Decomposition calculations are done over the period 

199007 and 201504. 

5.2 Correlation structure 

Table 15 shows the correlation structure across asset classes for 121REGXS- and 

121REGTS momentum strategies as well as for passive long only positions in the 

underlying assets. Here, the average mutual correlation is calculated using the momentum 

strategies for each asset class. All of the correlations are positive for both types of 

momentum strategies and generally larger for time-series momentum. For 121REGTS 

strategy the correlations are also larger than among long-only positions in assets, whereas 

for 121REGXS they are smaller for equities and commodities. This suggests a common 

structure in time-series momentum strategies that is not seen in the long-only positions of 

assets. The effect concerns less the cross-sectional strategy.  
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Table 15. Momentum explaining momentum. 

Strategy Bonds Equities Commodities 

121REGXS 0.13 0.12 0.10 

121REGTS 0.16 0.20 0.14 

Long only -0.06 0.16 0.12 

This table reports coefficients of time-series momentum strategy regressed on the same cross-sectional momentum 

strategy. Regressions are calculated over the period 199007 and 201504 and use Newey-West corrected t-statistics to 

account for serial correlation. T-statistics in parenthesis. The intercept is annualized.  * = 0.05 level of significance.  

5.3 Joint regressions of strategies 

To understand the commonalities and the relationship between the different momentum 

strategies, Panel A of Table 16 provides results of mutual regressions of regular-, 

volatility weighted and linear strategies, which share the same lookback- and holding 

periods. All of the strategies in this Table are diversified over all assets in the sample. The 

first item in Panel A shows the regression results where the dependent variable is 

121REGTS and the independent variable is 121REGXS. One can see that these two 

momentum strategies are very significantly related to one another. The loading on 

121REGXS is 0.41, it has a t-statistic of 23.49, and the annualized alpha is insignificant 

at 0.78%. The R-square is very high at 84%. This means 121REGTS strategy is practically 

fully encompassed by 121REGXS strategy. Similarly, for the second item in the Table, 

66REGXS produces a very significant loading on 66REGTS of 0.41 with t-statistic of 

18.58. Here, however there is a significant annualized alpha at the 0.05 level of 2.03. 

121VOLTS and 121VOLXS are very much interconnected, while R-square does decrease 

to 24%. For the volatility weighed 6-month lookback- and holding strategies as well as 

for the linearized strategies there appears no connection and these regressions produce 

significant alphas. Clearly, adjusting the raw returns of the underlying assets in the 

momentum strategies does decrease the significance of their relationship.  

Table 17 concentrates on 121REGTS and 121REGXS strategies and shows time-series 

regression results also for each of the separate asset classes. We can see that when 

regressing 121REGTS over asset classes following the 121REGXS strategy, all the 

coefficients are highly significant. Also the annualized alpha of the regression is  

significant at 0.05 level and suggests that 121REGTS is not fully explained by the asset  
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Table 16. Momentum regressions on momentum. 

Strategy 121REGXS 66REGXS 121VOLXS 66VOLXS 121LINXS Int. R2 

121REGTS 0.41 *     0.78 % 0.84 

 (23.49)     (1.15)  

66REGTS   0.41 *    1.04%* 0.84 

  
(18.58) 

 
   (2.03)  

121VOLTS   0.24 *   -0,90 % 0.20 

   (6.34)   (-0.75)  

66VOLTS    -0.03  5.76%* 0.00 

    (-0.53)  (3.10)  

121LINTS     0.10 7.15%* 0.04 

     (1.39) (3.20)  

This table reports coefficients of time-series momentum strategy regressed on the same cross-sectional momentum 

strategy. Regressions are calculated over the period 199007 and 201504 and use Newey-West corrected t-statistics to 

account for serial correlation. T-statistics in parenthesis. The intercept is annualized.  * = 0.05 level of significance.  

classes following the cross-sectional strategy. The rest of Table 17 repeats the analysis 

using each asset class following 121REGTS strategy also as an explained variable. The 

strategies are significantly related also using separate asset classes. All of the regressions 

which use corresponding asset class also as the explanatory variable produce very 

significant coefficients. Expanding the explanatory variables to include also other asset 

classes following the cross-sectional strategy does not decrease this significance of 

corresponding asset class as the most significant regressor. R-squares range between 24% 

and 55% and are lower than for regressions which use the diversified momentum 

strategies. The regressions of time-series strategy created on bonds also produces 

significant alphas in both specifications. Clearly, however, the correlation structure is 

significantly related for the momentum strategies also on the level of individual asset 

classes. 

The results of this section extends the findings of Moskowitz et al. (2012) who report that 

time-series momentum is related to cross-sectional momentum by regressing TSMOM 

returns on the returns of cross-sectional momentum strategy (henceforth XSMOM) 

returns. Corresponding asset class returns are strongly related to one another between  
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Table 17. 121 regular strategy mutual regressions. 

Strategy 121REGXS 
121REGXS 

EQUI 

121REGXS 

BONDS 

121REGXS 

COMM. 
Int. R2 

121REGTS 0.41 *    0.78 % 0.84 

 (23.49)    (1.15)  

121REGTS  0.11 * 0.34 * 0.16 * 0.26%* 0.46 

  
(6.56) (4.10) (7.99) (2.15)  

121REGTS 

EQUI 
 

0.40 *   0.44 % 0.24 

  
(8.22)   (1.58) 

 

 

121REGTS 

EQUI 
 

0.37 * 0.63 * 

 

0.02 0.33 % 0.30 

  
(9.39) (4.09) (0.63) (1.19)  

121REGTS 

BONDS 
 

 0.44 *  1.12%* 0.54 

  
 (16.00)  (2.43)  

121REGTS 

BONDS 
 

-0.00 0.44 * -0.00 1.16%* 0.54 

  
(-0.16) (15.59) (-0.52) (2.45)  

121REGTS 

COMM. 
 

  0.35 * 0.20 % 0.54 

  
  (19.60) (1.61)  

121REGTS 

COMM. 
 

0.05 * 0.06 0.34 * 0.18 % 0.55 

  
(2.67) (0.51) (19.50) (1.36) 

 

 

This table reports coefficients of 121REGTS strategy and its components regressed on the same cross-sectional 

momentum strategies. Regressions are calculated over the period 199007 and 201504 and use Newey-West corrected 

t-statistics to account for serial correlation. The intercept is annualized. T-statistics in parenthesis. * = 0.05 level of 

significance.  

121REGTS and 121REGXS strategies. The findings of this study indicate however some 

resemblance in return streams also across asset classes as for example regressing 

121REGTS equity returns on all asset class returns of 121REGXS, generates highly 

significant coefficients not only with the corresponding asset class but on bonds as well. 

This decreases the size of the alphas, which are all very highly significant in Moskowitz 

et al. (2012). As an addition to current understanding of the relation of the two types of 

momentum strategies, this effect diminishes the further the raw strategy returns are 

adjusted, whether through volatility weighing or linearization. 
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6 SUMMARY 

Momentum is widely used by professional asset managers and it is a systematic approach 

to investing, which can be applied similarly across asset classes. It provides a challenge 

to efficient markets- and random walk hypothesis and it has been applied successfully in 

theory and in practise. These are some of the reasons why momentum is considered one 

of the most prominent asset pricing factors along with value and size. Momentum 

research mostly concentrates on one of these two approaches to momentum, namely 

cross-sectional or time-series, whereas this study applies them both on futures contracts, 

focusing on comparison of the two momentum approaches. Despite the inherent and 

profound differences, similarities are also found between these two approaches. 

This study confirms the robustness of time-series- and, as a novel result, cross-sectional 

momentum strategies for different lookback periods up to one year. Momentum strategies 

on separate asset classes of futures contracts indicate less significant returns than 

strategies, which use all asset classes. While Moskowitz et al. (2012) provide results on 

the nature of cross-sectional- and time-series momentum, we extend this further by also 

applying volatility weighing and linearization to both of these approaches. In all analysed 

strategies momentum is more than the sum of its parts, as the diversified strategies, which 

use the whole sample perform better than the asset class specific strategies in both 

absolute and risk adjusted basis. However, the performance is also consistent throughout 

the different asset classes and no single asset class drives the returns of the strategies. 

Similarly to Moskowitz et al. (2012), cross-sectional- and time-series momentum are 

found to share similar exposures to well-known cross-sectional momentum factors, as all 

of the strategies analysed with the exception of one have extremely large and significant 

co-efficients on these factors. The analysed strategies still, however, produce abnormal 

returns after controlling for the standard asset pricing factors. Cross-sectional- and time-

series momentum are similar in that the various regular- and volatility weighed strategies 

are able to explain each other’s returns in mutual regressions with the exception of 

linearized strategies. Concentrating on the 121REG strategies, the two versions have 

significant exposure to one another and asset-class specific strategies explain the returns 

of corresponding asset-class of the other strategy. The amount of asset classes used in 
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momentum research does not seem to affect the returns of studied strategies. This study 

uses equities, commodities and bonds and for example Moskowitz et al. (2012) also apply 

currencies with largely similar outcomes.  

The two approaches are, however, also distinct. Decomposing the momentum returns, 

one can see that the auto-covariance component is the most important contributor to time-

series momentum returns, while cross-serial covariance brings most of the return in the 

case of cross-serial momentum. This result contrasts to that of Moskowitz et al. (2012), 

which base their support of several behavioural theories of momentum on their result of 

auto-covariance being the most important component in either type of momentum returns. 

Across asset classes, time-series momentum strategy seems to be more mutually 

correlated than long-only correlations. This suggests that time-series momentum shares a 

common structure that is not visible in the assets themselves.  

The strategies are also not a compensation for a crash risk as their market conditional 

performance indicates that regular versions of the strategies produce a peculiar volatility 

“smirk”, whereby the strategies have their best returns when the market produces its worst 

returns. In turn, a volatility weighted time-series momentum strategy produces the more 

widely reported volatility “smile”. This relates to resent research on momentum (Barroso 

& Santa-Clara 2015, Daniel & Moskowitz 2013), which argues that momentum returns 

are very vulnerable to crashes – especially during market rebounds. This seems to apply 

to stocks, whereas using futures seems to avoid these crashes as the strategies analysed in 

this study do not seem to be on average prone to crashes during bull markets. 

Momentum investing implies taking a short position on assets, which have been losing 

value or producing negative returns. However, in some cases, investors can be short-sale 

constrained. According to the results of this study, an investor can earn approximately 

abnormal returns using only the long leg of regular 121 time-series- and cross-sectional 

momentum strategies. In the case of time-series strategy, using just the long-leg brings 

better results as the strategy incorrectly assigns contracts with positive future returns to 

be shorted. This result, however, might also indicate a lack of dispersion in the returns of 

futures contracts of this sample, which is what time-series momentum benefits from. 

Regular 121 cross-sectional strategy generates profits for the aggregate strategy from both 
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short- and long legs. Interestingly, the short-leg returns for both strategy specifications 

load more heavily on the cross-sectional momentum factors UMD and momentum 

everywhere and long-leg produces much more significant alphas.  

As novel approach, we apply non-volatility weighed time-series momentum and compare 

these results against the volatility weighed returns, which is uniformly used in time-series 

momentum literature. Volatility weighing time-series strategies greatly improves their 

returns, which otherwise would be meagre to say the least. Average annualized return and 

Sharpe ratio for non-volatility weighed strategies analysed in this study are 4.59 % and 

0.76 respectively. The volatility weighed counterparts are 11.97 % and 1.08. This 

improved performance is dependent on the volatility estimation process and application 

on the aggregated time-series strategy and also confirm why time-series momentum 

literature volatility weights futures contracts. Interesting development for future studies 

would be to examine if the volatility weighing is suitable for leverage averse investors as 

it involves significant leveraging of the least volatile assets. Enhancing strategy 

performance by linearizing the position sizes does not improve performance.  

From the basis of these results, both rational- and behavioural explanations of momentum 

are definitely challenged as well as the random walk hypothesis as past returns carry 

information about future returns of the assets in this sample. Practical implications of 

momentum for the average investor can be considered beneficial as the long-leg of the 

strategies brings most of their returns and the methods applied in this analysis are largely 

conventional.  
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Commodities 198201-201504

Strategy Alpha t(Alpha) MSCI t(MSCI) SMB t(SMB) HML t(HML) UMD t(UMD) R2

121REGXS 9.59%* 2.95 0.05 0.57 -0.02 -0.16 0.27* 2.48 0.19* 2.73 0.04

66REGXS 8.12%* 3.32 -0.02 -0.74 -0.04 -1.11 0.03 0.58 0.04 1.25 0.02

121REGTS 5.42%* 3.63 0.01 0.27 0.00 0.09 0.06 1.33 0.11* 3.59 0.04

66REGTS 5.76%* 4.62 -0.03 -1.42 -0.02 -0.77 -0.02 -0.77 0.01 1.11 0.02

Strategy Alpha t(Alpha) MSCI t(MSCI) VAL t(VAL) MOM t(MOM) R
2

121REGXS 6.72 % 1.84 0.04 0.47 0.17 0.80 0.99* 5.55 0.11

66REGXS 1.09 % 0.34 0.14* 2.32 0.38* 2.24 0.30* 2.09 0.03

121REGTS 3.02 % 1.70 0.01 0.21 0.13 1.43 0.57* 5.99 0.16

66REGTS 1.26 % 0.83 0.01 0.34 0.05 0.60 0.44* 5.77 0.16

Equities 199007 - 201504

Strategy Alpha t(Alpha) MSCI t(MSCI) SMB t(SMB) HML t(HML) UMD t(UMD) R2

121REGXS 3.61 %* 1.22 -0.08 -0.87 0.24* 2.97 0.13 1.33 0.21* 2.50 0.06

66REGXS 1.86 %* 0.78 -0.03 -0.36 0.18* 2.83 0.13* 2.10 0.16* 2.62 0.07

121REGTS 4.74 %* 1.60 -0.04 -0.27 0.07 1.20 -0.1 -1.10 0.40* 7.98 0.22

66REGTS 2.88 %* 1.06 0.04 0.40 0.07 1.42 0.01 0.12 0.03* 7.23 0.19

Strategy Alpha t(Alpha) MSCI t(MSCI) VAL t(VAL) MOM t(MOM) R
2

121REGXS -1.76 % -0.63 -0.01 -0.17 0.63* 2.41 1.13* 6.21 0.16

66REGXS -1.26 % -0.62 0.01 0.11 0.39* 2.42 0.76* 6.23 0.15

121REGTS -0.94 % -0.33 0.00 0.01 0.51* 3.07 1.34* 9.27 0.38

66REGTS 2.64 % -1.03 0.07 0.64 0.63* 5.16 1.21* 9.67 0.37

BONDS 198412 - 201504

Strategy Alpha t(Alpha) MSCI t(MSCI) SMB t(SMB) HML t(HML) UMD t(UMD) R2

121REGXS 3.05%* 2.82 -0.02 -0.73 0.01 0.20 -0.04 -1.39 0.06* 2.42 0.02

66REGXS 1.26 % 0.99 -0.06* -2.05 -0.04 -1.07 -0.05 -1.51 0.04 1.59 0.04

121REGTS 1.99%* 2.88 0,02 0.77 -0.02 -0.57 -0.04* -2.06 0.05* 3.38 0.05

66REGTS 0.46 % 0.71 0.00 0.53 -0.02 -1.93 -0.02 -1.90 0.01 0.92 0.02

Strategy Alpha t(Alpha) MSCI t(MSCI) VAL t(VAL) MOM t(MOM) R
2

121REGXS 1.57 % 1.32 -0.02 -0.55 0.07 0.75 0.29* 3.96 0.08

66REGXS 0.22 % 0.16 -0.06* -2.02 0.03 0.36 0.20* 2.78 0.07

121REGTS 0.89 % 1.14 0.03 1.08 0.09 1.41 0.22* 3.71 0.10

66REGTS 0.66 % 1.14 0.00 0.53 -0.04 -1.46 -0.01 -0.69 0.01

𝑃𝑎𝑛𝑒𝑙 𝐵: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐴: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃 ∗𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑠 ∗ 𝑆𝑀𝐵𝑡 +ℎ ∗ 𝐻𝑀𝐿𝑡 +𝑚 ∗𝑈𝑀𝐷𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐵: 𝑅𝑃,𝑡 = 𝑎𝑃+ 𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐴: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃 ∗𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑠 ∗ 𝑆𝑀𝐵𝑡 +ℎ ∗ 𝐻𝑀𝐿𝑡 +𝑚 ∗𝑈𝑀𝐷𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐵: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐴: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃 ∗𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑠 ∗ 𝑆𝑀𝐵𝑡 +ℎ ∗ 𝐻𝑀𝐿𝑡 +𝑚 ∗𝑈𝑀𝐷𝑡 +  𝑃,𝑡
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APPENDIX II 

 

Commodities 198201-201504

Strategy Alpha t(Alpha) MSCI t(MSCI) SMB t(SMB) HML t(HML) UMD t(UMD) R2

121VOLTS 10.89%* 4.57 0.04 0.70 0.02 0.41 0.07 1.16 0.15* 3.54 0.03

66VOLTS 7.03%* 3.51 0.03 0.83 0.05 1.12 0.08 1.5 0.12* 3.11 0.03

Strategy Alpha t(Alpha) MSCI t(MSCI) VAL t(VAL) MOM t(MOM) R
2

121VOLTS 8.06%* 3.16 0.04 0.84 0.16 1.39 0.72* 6.21 0.13

66VOLTS 5.18%* 2.48 0.03 0.77 0.06 0.58 0.56* 5.80 0.13

Equities 199007 - 201504

Strategy Alpha t(Alpha) MSCI t(MSCI) SMB t(SMB) HML t(HML) UMD t(UMD) R2

121VOLTS 9.65 % 1.78 0.11 0.47 0.22* 2.02 -0.02 -0.10 0.62* 6.45 0.14

66VOLTS 6.53 % 1.38 0.31 1.66 0.20* 2.22 0.08 0.67 0.51* 6.46 0.17

Strategy Alpha t(Alpha) MSCI t(MSCI) VAL t(VAL) MOM t(MOM) R
2

121VOLTS 0.01 % 0.02 0.20 0.95 1.12* 3.81 2.27* 7.94 0.28

66VOLTS -1.91 % -0.42 0.36* 2.14 1.10* 5.16 1.94* 8.33 0.31

BONDS 198412 - 201504

Strategy Alpha t(Alpha) MSCI t(MSCI) SMB t(SMB) HML t(HML) UMD t(UMD) R2

121VOLTS 16.85%* 3.79 -0.06 -0.50 -0.18 -1.05 -0.20 -1.35 0.21* 2.33 0.03

66VOLTS 5.41 % 1.31 0.04 0.42 0.02 0.16 -0.02 -0.14 0.21* 2.68 0.02

Strategy Alpha t(Alpha) MSCI t(MSCI) VAL t(VAL) MOM t(MOM) R
2

121VOLTS 13.08%* 2.60 -0.03 -0.26 0.20 0.58 0.87* 3.28 0.05

66VOLTS 1.89 % 0.43 0.06 0.61 0.36 1.32 0.81* 3.49 0.06

𝑃𝑎𝑛𝑒𝑙 𝐵: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐴: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃 ∗𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑠 ∗ 𝑆𝑀𝐵𝑡 +ℎ ∗ 𝐻𝑀𝐿𝑡 +𝑚 ∗𝑈𝑀𝐷𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐵: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐴: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃 ∗𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑠 ∗ 𝑆𝑀𝐵𝑡 +ℎ ∗ 𝐻𝑀𝐿𝑡 +𝑚 ∗𝑈𝑀𝐷𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐵: 𝑅𝑃,𝑡 = 𝑎𝑃+ 𝑃𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑣 ∗ 𝑉𝐴𝐿𝑡 +𝑚 ∗ 𝑀𝑂𝑀𝑡 +  𝑃,𝑡

𝑃𝑎𝑛𝑒𝑙 𝐴: 𝑅𝑃,𝑡 = 𝑎𝑃 + 𝑃 ∗𝑀𝑆𝐶𝐼𝑀,𝑡 +𝑠 ∗ 𝑆𝑀𝐵𝑡 +ℎ ∗ 𝐻𝑀𝐿𝑡 +𝑚 ∗𝑈𝑀𝐷𝑡 +  𝑃,𝑡


