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Abstract

A reversal pattern in the time series context from 12 to 24 months after the forma-

tion of trend following signals is observed in a universe of 55 liquid futures instru-

ments. We find that instruments with sell signals in the trend following portfolio

(i.e. “losers”) contribute to this type of reversal, even if their profits are not realised.

The instruments with buy signals in the trend following portfolio (i.e. “winners”)

contribute much less. A double-sorted strategy based on both return continuation

and reversal yields to an average return of 18% per annum, which is significantly

higher compared to its corresponding trend following strategy.
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1. Introduction

The time series continuation of financial asset returns1 has been widely studied in

the academic literature, through investigating serial correlation (Fama and French,

1988; Lo and MacKinlay, 1988; Lewellen, 2002; DeMiguel et al., 2014), and time

series momentum (Moskowitz et al., 2012; Menkhoff et al., 2012; Georgopoulou and

Wang, 2016). One practical application of time series continuation is trend following

strategy which is increasingly popular among hedge funds or so called Commodity

Trading Advisors (CTAs) in recent years. However, the reversal effect that presents

after the continuation pattern, although has been mentioned in some studies in the

literature2, has yet to be examined exhaustively.

This paper empirically investigates the reversal property of various financial assets

and its relationship with continuation in the time series context. This type of reversal

differs from reversals in traditional momentum literature, or cross-sectional momen-

tum and reversals, which focuses on the relative returns of stocks, see, e.g., Bondt and

Thaler (1985), Lo and MacKinlay (1990), Jegadeesh and Titman (1993), Jegadeesh

and Titman (1995) and Fama and French (1996). It is caused by a security’s own

time series autocorrelation rather than cross-sectional correlation. Therefore, we call

it time series reversal.

Return continuation and reversals are usually closely related and discussed simul-

taneously in literature. Historically, the majority of studies focus on cross-sectional

momentum and reversals, which have been documented internationally and in vari-

ous financial assets3. Theoretically, according to a number of well-known behavioural

theories by Barberis et al. (1998), Daniel et al. (1998) and Hong and Stein (1999)

among others, the rationale behind momentum and reversals is related to the short-

1Return continuation is seen in finance literature as an analogue of momentum; see, among
others, Rouwenhorst (1998) and Fama (1998). Sometimes these two words are used interchangeably.
However, return continuation is applicable across a wider range of dynamics.

2For example, Moskowitz et al. (2012) uncover a long term reversal beyond one year of time
series momentum signals.

3Cross-sectional momentum and reversals are extensively studied, not only in the previously
mentioned US stock markets, but also in international stock markets; see, e.g., Fama and French
(1998) and Rouwenhorst (1998), country indices see, e.g., Bhojraj and Swaminathan (2006), various
asset classes see, e.g., Asness et al. (2013) and commodities see, e.g., Miffre and Rallis (2007) and
Gorton et al. (2013).
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term under-reaction and delayed over-reaction. In the time series context, Moskowitz

et al. (2012) also attribute time series momentum effect to these behavioural expla-

nations. Hence, we believe there exists a certain linkage between time series contin-

uation and time series reversal as well.

Recently, Conrad and Yavuz (2017) show that the cross-sectional momentum

and reversals are not pervasively linked to each other, which raises our interest in

investigating time series continuation and reversals. This finding contradicts the

conventional view that, if momentum and reversals are linked, the securities which

exhibit momentum, should also exhibit reversals after that. Through our empirical

study based on a portfolio consisting of 55 of the world’s most liquid commodity

and financial futures, we arrive at conclusion similar to Conrad and Yavuz (2017).

Interestingly, by exercising a portfolio segmentation, we observe that the instruments

with sell signals (past losers) contribute to this type of reversal, no matter whether

their profits are realised or not. However, the instruments with buy signals (past

winners) contribute much less.

One of the simplest way to examine time series reversal in financial assets is to

employ contrarian trend following strategies. This is due to the fact that the trading

signals depend on its own past returns without a cross-sectional comparison. Moving

average is one of the simplest and most intuitive trend following strategies based on

technical analysis. Recently, researchers attribute the profitability of trend following

strategies to time series continuation, and introduce more advanced methods such

as time series momentum by Moskowitz et al. (2012) and return signal momentum

introduced in Papailias et al. (2017). Therefore, these strategies are also included in

our investigation.

To capture the timing of time series reversal, we use different trend following

strategies based on simple moving average (SMA), time series momentum (TSM)

and return signal momentum (RSM). We find that in most cases, time series re-

versal occurs from 12 to 24 months after the formation of the trading signals. This

finding differs from the traditional cross-sectional momentum reversals which usually

last longer, between 2-5 years after the portfolio formation date4. Moskowitz et al.

4Cross-sectional reversals require a long term ranking period from 2-5 years in stock markets
(Bondt and Thaler, 1985) and in commodity markets from 1.5-3 years suggested by Bianchi et al.
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(2012) document a strong short-term (1-12 month) time series momentum, but a not

statistically significant long-term (2-5 years) reversal.

In a similar fashion to Conrad and Yavuz (2017), we classify instruments in trend

following strategies in four groups: “realised winner”, “realised loser”, “contrarian

winner” and “contrarian loser”. The “realised winner” sub-portfolio consists of in-

struments with positive trend following trading signals which realise their profits in

the short run investment horizon (1-12 months). The “realised loser” sub-portfolio

consists of instruments with negative trading signals and also realise their profits over

the investment horizon. Similarly, the “contrarian winner” includes instruments with

positive trading signals that fail to gain profits. While the “contrarian loser” includes

instruments with negative trading signals that fail to gain profits. The construction

of the above four sub-portfolios allows us to see which part of the trend following

returns contributes more to time series reversal.

Next, to properly investigate the relationship between time series continuation

and reversal in portfolio segmentation, we perform both sign analysis and sub-

portfolio evaluation. In the sign analysis, we find that the “losers” sub-portfolios, no

matter whether their profits are realised or not, i.e. “realised loser” and “contrar-

ian loser”, experience strong subsequent reversal. In contrast, the results from the

“winners” subgroup lead to mixed answers: the “realised winner” exhibits strong

reversal, while the “contrarian winner” does not.

Then, we further track the subsequent performance of the four sub-portfolios

over a post momentum holding period of 13-60 months. We confirm that the “loser”

subgroups, especially the “contrarian loser”, contribute the most to the time series

reversal. The results are consistent with the study of Conrad and Yavuz (2017) on

cross-sectional reversal who observe not statistically significant returns when per-

forming “realised portfolios” (“realised winner” minus “realised loser”) and signif-

icant returns when performing “contrarian portfolios” (“contrarian winner” minus

“contrarian loser”). To take a step further, we provide evidence that both the “re-

alised winner” and the “realised loser” exhibit positive returns, but which offset each

other when considered together. However, reversal of the “contrarian loser” is much

(2015). Bhojraj and Swaminathan (2006) found that the reversals of country indices occur from
2-3 years after the 1 year momentum effect.
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stronger than the “contrarian winner”, which makes “contrarian portfolios” more

statistically significant.

A trading strategy is then constructed by holding the four decomposed trend fol-

lowing strategies previously mentioned. We call it “trend following reversal strategy”

as it combines time series continuation and reversal. Empirical results suggest that

holding the “realised winner” and the “contrarian loser” subgroups can obtain annu-

alised returns as high as 22% and 24% respectively. These strategies are liquid and

well diversified when considered in real market trading. We also try to understand

the risk exposure of these strategies by running factor regressions on the trend fol-

lowing reversal returns against a series of standard financial market risk factors. The

regression output reveals that the trend following reversal returns are highly related

to the market as well as the momentum factors. However, certain strategies, espe-

cially the “contrarian loser” sub-portfolios, produce significant alphas which are not

explained by the popular risk factors. Moreover, the “contrarian loser” subgroups

are effective for investors to avoid momentum risks due to its low correlation with

trend following factors.

To sum up, the contribution of this paper to the literature is threefold. First, we

generalise the concept of time series continuation and reversal to include other trend

following strategies apart from momentum. Furthermore, we find that the timing of

time series reversal occurs between 12 and 24 months after the formation of trend

following strategies. Second, we demystify which part of the trend following compo-

nent that contributes more to the reversal profits. To do so, we classify instruments

in trend following strategies into four subgroups, in order to establish which of the

groups generates significant reversal. Third, we document a trend following reversal

strategy earning significant abnormal returns based on both time series continuation

and reversal.

The rest of the paper is organised as follows. In Section 2 we describe our data

collection and transformation methods, and explain the intuitions of different trend

following trading signals. Section 3 presents the performance results of multiple trend

following strategies and uncovers the timing of time series reversal. Then, in Section

4 we perform two sets of analysis: sign analysis and sub-portfolio performance, to

investigate the reversal property of each subgroup via a decomposition of portfolios.

Section 5 introduces the trend following reversal strategy and explores its factor
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loadings. Finally, Section 6 summarises the conclusions.

2. Data and Trading Signals

2.1. Future Contracts and Other Data

We collect data for 55 of the world’s most liquid exchange traded futures instru-

ments from January, 1985 to March, 2015. Such a dataset is similar to that in TSM

studies by Moskowitz et al. (2012), which is also seen in other trend following stud-

ies, e.g., Hutchinson and O’Brien (2015), Kim et al. (2016) and Baltas and Kosowski

(2013). The pool consists of 24 commodity futures, 9 foreign exchange futures, 9 eq-

uity indexes of developed countries, and 13 government bonds of various maturities

for 6 developed countries. The data is sourced from Bloomberg and DataStream; see

Appendix A for more details.

Futures prices of the nearest contracts are concatenated to form long time series

for reasons of tractability. For robustness, we also splice the futures prices based on

the trading volume. To mimic a real-life trading situation, once the trading volume

of the second nearest contract exceeds the nearest one, we do not allow the nearest

contract to be chosen again even if its trading volume subsequently becomes higher.

The results show that the descriptive statistics for our spliced data does not vary a

lot from that using the nearest contract data.

As in Moskowitz et al. (2012) and Papailias et al. (2017), we compute the daily

excess returns for each instrument and calculate its cumulative returns. This allows

us to proxy for prices and compute our periodic returns. In this paper, we focus

on monthly returns which are calculated from the previously mentioned daily excess

cumulative return series. This allows us to directly compare our results with the

literature.

In Table 1, we summarise the descriptive statistics of the original series. It

presents the date of the first available data for each series, the annualised arithmetic

mean, standard deviation, skewness and kurtosis of the monthly excess returns of

each individual instrument. The last available month for all series is March, 2015.

Most futures have positive long term annualised mean, while some of the currency

futures show slightly negative values. Regarding volatility, we find that it varies

across different asset classes. The volatility of commodities and equities is much
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higher than that of currencies and bonds. To illustrate, Natural Gas futures have

a volatility of 54.39% and the two-year maturity US bond (US2) offers the lowest

volatility at 2.84%.

For factor regression analysis, we collect from Bloomberg the monthly returns

of four major financial asset class indices including MSCI world Index, S&P GSCI,

Barclays Aggregate Bond Index and the US Dollar Index. The well-known factors of

the percentage changes of Fama and French (1993) small market capitalization minus

big (SMB), high book-to-market ratio minus low (HML), Carhart (1997) premium

on winners minus losers (UMD) as well as the risk free rate are downloaded from

Kenneth French’s website5. Finally, the Moskowitz et al. (2012) TSM factors are

available from the AQR website6. Data for all the above is available for January,

1985 to March, 2015. This subsequently is also the time period for the regression

analysis.

2.2. Trend Following Trading Signals

Three methods are employed to proxy the trend following strategies in this study,

price SMA, TSM and RSM. Previous studies suggest that 12 months is the optimal

look-back period (j) for trend following strategies7. Hence, in this study we adopt a

12-month look-back period (j) for all the benchmark strategies.

In the SMA strategy, a long position for security s is generated if the current

price is above or equal to the average of the last j periods. In our case, we choose

the last 12 months (j = 12). Hence, the SMA returns are given below:

Rs
t |p̄st−12,t−1 =

{
+rst , pst−1 > p̄st−12,t−1

−rst , pst−1 < p̄st−12,t−1

, (1)

where p̄st−12,t−1 is the arithmetic average of the past 12 prices.

The TSM signals are generated in the same way as in Moskowitz et al. (2012)

where a long position is indicated if the period return is positive, i.e. the annual

5http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
6https://www.aqr.com/
7See, among others, (Moskowitz et al., 2012; Zhou and Zhu, 2013; Papailias et al., 2017). We

also test the trend following strategies with other j values which further confirm our statement.
The results are available upon request.
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return using j = 12 setting, otherwise the investor goes short on security s. The

TSM returns are given as follows:

Rs
t |PRs

t−12,t−1 =

{
+rst , PRs

t−12,t−1 > 0

−rst , PRs
t−12,t−1 < 0

, (2)

where PRs
t−12,t−1 is the period return of instrument s during time t− 12 to t− 1 as

is suggested by our look-back period j = 12.

Finally, the RSM signals are generated when the probability of the positive past

12 months returns exceeds a certain threshold value. Following Papailias et al. (2017),

we calculate the RSM returns using the following equation:

Rs
t |P s

t−12,t−1, q =

{
+rst , Pt−12,t−1 > q

−rst , Pt−12,t−1 < q
. (3)

where P s
t−12,t−1 denotes the past 12 period probability of positive returns, and q is the

threshold value. For simplicity, we select the most intuitive value q = 0.5 indicating

that a long position is established when the probability P s
t−12,t−1 is greater than 0.5,

whereas a short position is established when this probability is smaller than 0.5.

When studying the post trend following holding period, the portfolios are con-

structed using an equally weighted method for tractability. However, market practi-

tioners generally calculate the portfolio weights, or the position sizes for individual

instrument in a time-varying way. In an effort to improve the strategy performance

and align our results with the literature, we control the position sizes of each instru-

ment to be inversely proportional to its volatility8. Therefore, the volatility adjusted

portfolio weights are used when implementing the trend following reversal strategies.

Following Moskowitz et al. (2012), we use an ex-ante realised volatility method

to scale the returns of each instrument. This method is an annualised exponentially

weighted variance of the past returns and is calculated as follows:

σ2
t = 261

∞∑
i=0

(1− δ)δi(rt−1−i − r̄t)2 (4)

8The volatility scaling method is also used in, see, e.g., Moskowitz et al. (2012) and Papailias
et al. (2017).
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where the parameter δ is defined when the center of mass is equal to 60 days. The

benefit of doing so, i.e. controlling for volatility, is that it can lead to more profitable

investment strategies, because it plays a crucial role in adjusting the position size

of momentum strategies (Barroso and Santa-Clara, 2015; Kim et al., 2016; Papailias

et al., 2017).

To form a portfolio of various instruments we calculate the trend following po-

sition signals in the same way as in Equations 1, 2 and 3, and allow the portfolio

weight for each instrument to be given as a function of its ex-ante realised volatility

σ2
t . We use the same critical value for the annual volatility of 40% as in Moskowitz

et al. (2012). This aligns our results with the current literature and also mimics a

real-world trading scenario with a capital margin of about 5-20%. Then, the SMA,

TSM and RSM position returns for asset s are given by:

Rs
t |p̄st−12,t−1 =

 +rst
40%
σs
t−1
, pst−1 > p̄st−12,t−1

−rst 40%
σs
t−1
, pst−1 < p̄st−12,t−1

, (5)

Rs
t |PRs

t−12,t−1 =

 +rst
40%
σs
t−1
, PRs

t−12,t−1 > 0

−rst 40%
σs
t−1
, PRs

t−12,t−1 < 0
, (6)

Rs
t |P s

t−12,t−1, q =

 +rst
40%
σs
t−1
, Pt−12,t−1 > q

−rst 40%
σs
t−1
, Pt−12,t−1 < q

. (7)

Finally, for a universe of S assets, the portfolio return is calculated as:

Rp
t =

1

S

S∑
s=1

Rs
t |P s

t−12,t−1, q (8)

where Rs
t is the risk adjusted return of each trend following strategy for each indi-

vidual instrument using the above volatility scaling method. And Rp
t is the mean of

all the Rs
t .

3. Time Series Reversal

A clear way to motivate this research is to look at Figure 1. In this figure we

see the predictive power of RSM signals on these 55 futures contracts subsequent
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returns. We run a pooled regression using the same equation as in (Papailias et al.,

2017):
rst
σst−1

= α + βhPt−h−11,t−h + εst (9)

where rst is the excess return of asset s in month t adjusted by its available ex ante

volatility σst−1. Pt−h−11,t−h is the lagged RSM signal, or the probability of positive

12 period returns. 60 models are run based on different lags h from 1 to 60.

In Figure 1, we observe not only a short horizon positive predictive power of

RSM signals, but a persistent reversal from month 11 to 22 at the 5% significance

level as well. This sheds light on our study of time series reversal effect following the

short-term return continuation.

3.1. Return Decays of Multiple Holding Periods Strategies

In an attempt to evaluate trend following strategies with multiple holding periods

(i.e. holding the underlying assets for more than 1 month), we find that these

strategies never outperform the same strategy using 1 month holding period. A

similar result is also found in Moskowitz et al. (2012). The authors test the alphas of

different TSM strategies with various holding periods. They demonstrate that the 1

month holding period strategy specification outperforms all other specifications with

holding periods more than 1 month. The longer the holding period, the lower the

alpha, indicating trend following profits are gradually being offset by the subsequent

reversals9.

To thoroughly investigate the phenomenon of return decays, we perform three

trend following trading strategies including SMA, TSM and RSM based on a look-

back period of j = 12. Figure 2 illustrates the decay in trend following strategies as

the holding period h gets larger. We report the annualised returns of the above strate-

gies under different holding periods, for h = {1, 2, 3, 6, 9, 12, 18, 24, 30, 36, 48, 60}
months. From this figure we can see that returns gradually decrease when mov-

ing from h = 1 to h = 24, indicating that the benefit of return continuation is largely

offset by the subsequent time series reversal. The average returns remain stable

after a holding period of more than 24 months, meaning that the reversal pattern

9See Table 2 in Moskowitz et al. (2012).
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stops after the end of the second year. These results are consistent across the three

strategies.

3.2. Timing of Time Series Reversal

If the time series reversal exists after the formation of trend following signals,

when does it occur and end? To answer this question, we implement the three afore-

mentioned contrarian trend following strategies using different time lags. We always

take the opposite positions as suggested by the trend following strategy signals.

Therefore, a total of 105 (35x3) lagged (from 2 to 36 months) contrarian strategies

are implemented using the trading signals with a holding period of h = 1.

In Figure 3, we plot the annualised mean returns of the 105 strategies which reveal

the timing of the time series reversal. In the short run, contrarian strategies pro-

duce negative returns (2-10 months for SMA and TSM, 2-12 months for RSM). The

negative short-term returns are followed by an intermediate reversal which usually

lasts for more than a year (12-28 months for SMA, 12-26 months for TSM and 13-25

months for RSM). The portfolio returns turn back to negative after the intermediate

term reversal. More specifically, the reversal pattern of SMA has a double-humped

shaped, where the returns from month 18 to 20 are close to zero. TSM and RSM

are similar in both their first-year momentum and second-year reversal patterns.

Besides, none of these contrarian strategies produce statistically significant returns

that outperform a näıve 1/N buy-and-hold strategy. Hence, simple contrarian trend

following strategies do not outperform the market.

In summary, time series reversal is a pervasive but not statistically significant

phenomenon across different trend following strategies and time spans. Normally,

it occurs between the end of the first year and the end of the second year after the

trend following signal is generated. The results differ from existing literature where

the long term reversals, cross-sectional or time series, usually last 3-5 years. Time

series reversal vanishes after 24-28 months depending on different signals.

4. Linkage Between Time Series Momentum and Reversal

4.1. Sign Analysis

To investigate the relationship between time series continuation and reversal, we

further track the trend following portfolio beyond the conventional trend following
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holding period of 1-12 months. The performance evaluation period is extended to

a post-holding period of 13-60 months after the signal10. Hence, the time horizon

is divided into three parts: the 12 months signal formation period prior to month

1 (j), 1-12 months trend following holding period (k) and 13-60 months post trend

following holding period. As before, the same three trend following strategies, SMA,

TSM and RSM, are performed. A rolling method is employed to generate and renew

the trading signals every month.

Analogous to Conrad and Yavuz (2017), we decompose the trend following portfo-

lio into four subgroups: “realised winner”, “realised loser”, “contrarian winner” and

“contrarian loser”. The “realised winner” denotes a sub-portfolio with instruments

that are past winners during period j, and continue to generate positive returns

during period k. The “realised loser” denotes a sub-portfolio that consists of past

losers during period j, and that keep generating negative returns during period k.

In contrast, the “contrarian winner” denotes a sub-portfolio comprised of past win-

ners during period j, but then fail to generate positive returns during period k. The

“contrarian loser” denotes a sub-portfolio with past losers, but then generate positive

returns during k. These four subgroups cover all the assets in the trend following

portfolio as either a positive (winner) or a negative (loser) signal is assigned to each

instrument at each point in time.

Based on the four sub-portfolios for each of the SMA, TSM and RSM trend

following strategies, we calculate the probability of positive signs for individual in-

struments during the post trend following holding period (13-60 months). More

specifically, we divide it into four periods representing four years during the post-

holding period. These are 13-24 months, 25-36 months, 37-48 months and 49-60

months after the formation of regular SMA, TSM and RSM signals. This allows us

to see which subgroup exhibits strong time series reversal, and during which period

the reversal occurs.

We leave k = 1 − 12 months, i.e. the trend following holding period, as an

evaluation period to determine which subgroup an individual instrument falls into.

10Post-holding period study of momentum strategies is first seen in Jegadeesh and Titman (2001),
who track the cross-sectional momentum performance up to 60 months after the formation of
momentum signals. This is the first time that post-holding analysis is applied to trend following
strategies.
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We consider k = {1, 2, 3, 6, 12} as SMA, TSM and RSM effects last from 1 to 12

months. The (j, k) sub-portfolios are established for further analysis, where j = 12

is the trend following ranking period and k is the trend following holding period. For

instance, in a (12, 12) scheme, the trend following signals (winner/loser) at time t is

based on the returns during month t− 11 to t, which are formed for each individual

instrument. Then, we determine whether the winners or losers are realised or not. To

do so, we observe whether the period excess returns during the next k = 12 periods,

i.e. t+ 1 to t+ 12 are positive or not. Finally, we calculate how many instruments in

each subgroups generate positive returns over t+ 13 to t+ 60 months and report the

rate of positive returns. The same process is followed for each month from January,

1985 to March 2015.

As shown in Table 2, the “realised winner” accounts for most of the total SMA,

TSM and RSM signals. In particular, 31.4-34.1% of SMA signals, 32.3-34.1% of

TSM signals and 34-36.2% of the RSM signals belong to the “realised winner” group

depending on the value of k. The “realised loser” takes 17.9-21.1% of SMA signals,

16.4-20.6% of TSM signals and 16.4-20.2% of the RSM signals which is the smallest

subgroup among the four. The “contrarian winner/loser” portfolios are in-between.

The trend following signals do not provide a high success rate when 52-52.5% (SMA),

50.5-52.9% (TSM) and 52.6-54.2% (RSM) of the total observations falling into the

“realised winner” or “realised loser” subgroups. The success rates get lower as k

increases. This further confirms that trend following signals are more accurate using

the (12, 1) scheme11.

The probability analysis show that the “realised loser” and the “contrarian loser”

portfolios exhibit around 65-66% and 63% positive rate respectively for the first 12

months of the post trend following holding period (13-24 months). The success rates

are much higher than the unconditional positive rate of 58.7%, which is calculated

covering all the 55 individual instruments from January, 1985 to March, 2015. We

also employ a proportion test developed by Newcombe (1998a,b) to examine if the

success rates of these subgroups are statistically different from the unconditional rate.

11Trend following strategies usually renew the signals every month to achieve the optimum per-
formance, see, among others, Moskowitz et al. (2012), Baltas and Kosowski (2013) and Papailias
et al. (2017).
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Results suggest that the rates of both the “realised loser” and “contrarian loser” sub-

portfolios are significant at the 1% level. Moreover, the results are persistent across

different (12, k) schemes and strategies. The superior positive rates of the “‘realised

loser” and “contrarian loser” subgroups discontinue during the subsequent holding

periods of 25-36 months and 37-48 months. Finally, during 49-60 months, the rates

get slightly higher again at around 62% and 61% respectively.

In contrast, the “realised winner” and the “contrarian winner” subgroups expe-

rience lower positive rates than the unconditional rate at about 55-56% and 57%

respectively. The positive rates of the “realised winner” subgroup are significantly

lower than average at the 1% level, while those of the “contrarian winner” are not.

As time passes, the rates of the “realised winner” rebound to the unconditional rate

during 25-36 months and 37-48 months. Then, they fall back to approximately 57-

58% in 49-60 months. However, the positive rates of “contrarian winner” are not

statistically significant over the majority of the sample.

Our findings indicate that the instruments which contribute to the trend follow-

ing profits, or the instruments that fall into “realised winner” and “realised loser”

subgroups, do experience a strong reversal during the time series reversal period

(13-24 months). The remaining two portfolios, i.e. the “contrarian winner” and

“contrarian loser”, which do not generate trend following profits, behave differently

to each other. The “contrarian loser” still produces significant reversals, whereas the

“contrarian winner” does not.

4.2. Sub-portfolios Performance

To investigate how each sub-portfolio evolves during the 4 years post-holding

period (13-60 months), we evaluate the strategy performance holding the underlying

instruments of the 4 subgroups for 12 months. Four sets of strategies, 13-24 months,

25-36 months, 37-48 months and 49-60 months holding periods after the formation of

SMA, TSM and RSM signals, are run to match the previous analysis. The “realised

winner”, “realised loser”, “contrarian winner” and “contrarian loser” groups are

determined using the previously described (j, k) schemes, where j = 12 and k =

{1, 3, 6, 12}.
Table 3 summarises the performance of SMA, TSM and RSM strategies by sub-
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groups categorised using the (12, 12) scheme from January, 1985 to March, 201512.

Four different 12 months holding period trading signals are performed covering 13-

60 months after the formation of original SMA, TSM and RSM signals. Following

the methodology in the work of Jegadeesh and Titman (1993), we compute these

trend following strategy returns by renewing the signals every month, despite the

fact that the holding period h is more than one month (in our case h = 12). Then,

we calculate the average value of the single month strategy returns, 1st lag of the

same series and so on (up to 11th lag), to get the 12 months holding period returns.

The average returns at time t consists of the single month returns at time t itself,

the single month returns constructed at time t− 1 (previous month position but still

hold it), and so on up to time t − 11. Finally, for reasons of simplicity, we use an

equally weighted method to construct each sub-portfolio.

For each strategy, the annualised mean return, annualised volatility, Sharpe Ratio

and maximum drawdown are reported13. Throughout the strategy evaluation part

in this paper, we compute the t-statistics to check if the returns are significant or

not using the Newey-West standard error (Newey and West, 1986).

As shown in Table 3, the “contrarian loser” portfolio generates the highest returns

and Sharpe Ratio across the four subgroups during the first year of post trend follow-

ing holding period (13-24 months). The Newey-West t-statistics suggest that all the

trend following “contrarian loser” sub-portfolios produce positive returns at 1% level

of significance. The “realised loser” also displays strong reversals during both 13-24

months and 25-36 months. However, the reversal pattern is much stronger during

25-36 months, when all the returns of the three strategies are significant at 1% level.

Both of the two “loser” groups, which one would expect to perform poorly (short sig-

nals) during the trend following holding period, exhibit strong reversal during 13-24

and 13-36 months. These results are consistent with the previous sign analysis.

Next, we move on to the “winner” subgroups. The “realised winner” generally

does not exhibit strong returns except in the TSM case, where it barely produces an

annualised return of 4.4% (significant at the 10% level). The “contrarian winner”

12We also produce the same tables using (12, 1), (12, 3) and (12, 6) schemes which are available
in Appendix B. The results are also robust across different trend following holding periods k.

13Details of each strategy evaluation criteria is listed in Appendix C.

15



sub-portfolio which does not produce any significant returns during 13-24 months,

produces strong positive returns during 25-36 months. After the first and second

year of the post trend following holding period, neither time series continuation nor

reversal exists.

Conrad and Yavuz (2017) conclude that the “realised portfolio”, namely “realised

winner” minus “realised loser”, which contributes to the momentum profits, does not

contribute to the reversal. According to our results, the difference between “realised

winner” and “realised loser” during 13-24 months is very small (-0.032 for SMA, 0.002

for TSM and 0.001 for RSM) so that they offset each other when considering both

subgroups as a whole. They also claim that the “contrarian portfolio”, namely “con-

trarian winner” minus “contrarian loser” in our case, generates significant returns.

In our view, it is because of the “contrarian loser” solely.

In conclusion, during the first-year post trend following holding period (13-24

months), time series reversal is statistically significant when sub-portfolios are con-

sidered. The “realised winner” and the “contrarian winner”, which are supposed to

produce high returns, i.e. with buy signals, discontinue to earn significant profits

post the trend following holding period. On the other hand, the “realised loser”

and the “contrarian loser” generate high returns, indicating strong reversal. Among

the four subgroups, the “contrarian loser” subgroup leads to the strongest reversal

during 13-24 months. Most of these significant positive returns cease to hold beyond

the end of the second year of the post trend following holding period.

5. Trend Following Reversal Strategies

5.1. A Decomposition of Trend Following Strategies

It is clear from the previous section that the time series reversal generates high

abnormal returns during 13-24 months after the signals are generated. In order to

understand what causes time series reversal, we evaluate the profitability of a new

type of strategy based on time series continuation and reversal, called “trend follow-

ing reversal strategy”. Again we decompose the asset pool into four sub-portfolios:

“realised winner”, “realised loser”, “contrarian winner” and “contrarian loser” using

a (j, k) scheme, where j = 12 and k = {1, 3, 6, 12}. The trading signals, however,

are generated every month, so that the position sizes are rebalanced every month.
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The portfolio weight for each individual instrument is inversely proportional to their

realised ex-ante volatility.

Trend following reversal strategy is a type of double-sorted strategy in which the

trend following ranking (j) is the first sort and the realised/unrealised profit (k) is

the second sort14. The trend following reversal strategy keeps its tractability as the

work of Bianchi et al. (2015) which requires no external information other than the

price returns. It also makes more sense as the first ranking period is the conventional

trend following look-back period, and the second ranking period is the profit window.

Table 4 summarises the performance of the 12 decomposed sub-portfolios un-

der three trend following categories using (j, k) = {(12, 1), (12, 3), (12, 6), (12, 12)}
double-sorting periods. As suggested by the Newey-West t-statistics, the “realised

winner” and the “contrarian loser” sub-portfolios produce statistically significant re-

turns at 1% level in all cases regardless of the trend following strategies and the

ranking schemes we choose. The annualised mean returns of the “realised winner”

range from 14.4% to 26.6% and the returns of the “contrarian loser” range from

9.8% to 24.4%. The “contrarian winner” subgroup only shows significant profits

when (12, 1) and (12, 6) schemes are used. Finally the “contrarian winner” group

hardly produces any statistically significant returns. The profitability of the “re-

alised winner” decreases as k increases. On the contrary, the “contrarian loser”

performance improves as k value increases.

If investors go long in “realised winner” and “contrarian winner” and go short

in “realised loser” and “contrarian loser”, their positions are equivalent to a trend

following strategy (SMA, TSM or RSM) holding from 13-24 months. However, trend

following reversal strategies suggest that investors only take a long position in the

“realised winner” and the “contrarian loser” sub-portfolios. This means that the past

trend following winners (j = 12), which continue to generate profits (k = 1−12), will

keep the upward trend. While the past trend following losers, which earn positive

14There are numerous studies which employ and evaluate double-sorted momentum strategies.
Lee and Swaminathan (2000), Sagi and Seasholes (2007), Fuertes et al. (2010) and Conrad and
Yavuz (2017) combine momentum signals with the other external variables such as term structure,
firm-specific attributes, trading volume and value/book-to-market ratios as the second criteria,
while Bianchi et al. (2015) combine a long-term momentum ranking to a medium-term momentum
ranking and find superior abnormal returns.
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returns later, would also increase in the future.

Figure 4 plots the cumulative returns of the “realised winner” and the “con-

trarian loser” under SMA, TSM and RSM (12, 12) frameworks. Compared to their

corresponding trend following benchmarks, these two sub-portfolios exhibit superior

performance. A $1 investment in SMA, SMA realised winner and SMA contrarian

loser strategies would be worth $7.69, $35.24 and $631 respectively at the end of

the sample period. When following TSM and RSM frameworks, the “realised win-

ner” and the “contrarian loser” show similar performance, but much higher than the

original TSM and RSM returns.

Surprisingly, the “realised winner” produces significant returns persistently across

different ranking schemes, even though its frequency of positive returns is significantly

lower than the average as is shown in the sign analysis. To understand this result, we

compare the return densities between “realised winner” and “contrarian loser” across

different strategies which are reported in Figure 5. In the cases of SMA and TSM,

the distributions of the “realised winner” returns are slightly right skewed when

compared to the “contrarian loser”, indicating the majority of the returns are lower.

However, the RSM result shows contrary outcome. In addition, the “realised winner”

strategies exhibit fat tails when returns are around 30%, while the “contrarian loser”

strategies do not. These extreme returns contribute to the statistically significant

positive mean of the “realised winner”. Alternatively, we can also attribute these

positive returns to the volatility scaling benefit of momentum strategies, see, e.g.,

Ahn et al. (2003), Barroso and Santa-Clara (2015), Kim et al. (2016) and Papailias

et al. (2017).

For a more in-depth insight into the relationship of trend following reversal strate-

gies and standard trend following strategies, we calculate the correlation between dif-

ferent sub-portfolios and their corresponding trend following strategies as reported in

Figure 5, Panel A. Results suggest the returns of “realised winner” and “contrarian

loser” are always positively related to SMA, TSM and RSM returns, whereas those of

“realised loser” and “contrarian winner” show negative relationships. Moreover, the

“contrarian loser” exhibits lower correlation with SMA, TSM and RSM (0.44, 0.53

and 0.48) than the “realised winner”. This illustrates that the “contrarian loser” are

not as related to the mainstream trend following strategies. We also examine the

relationship across these trend following reversal strategies and report the results in
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Figure 5, Panel B. We find that there is no obvious co-movement between the two

components in the “realised portfolio”, with correlations from -0.07 to -0.05. We ob-

serve the same pattern in the case of “contrarian portfolio”, where the correlations

are negative from -0.12 to -0.08. The rest of the sub-portfolios are slightly positively

correlated with values around 0.2-0.3.

We contend that our trend following reversal strategies can be applied by prac-

titioners. Based on our dataset which consists of 55 instruments, each subgroup

has sufficient amount of assets allocated to it across time. As shown in Figure 6,

the number of instruments in each sub-portfolios of the TSM (12, 12) scheme almost

never drops to 0 which ensures that investors stay in the market over the investment

horizon15. Therefore, trend following reversal strategies are liquid and tradable as

the portfolios have at least 5 instruments in most of the cases. Figure 7 illustrates

the proportions of individual instruments fall into the 4 sub-portfolios under a TSM

trading strategy using (12, 12) scheme16. Generally, the 4 subgroups are allocated

evenly across different instruments, except that the “realised winner” accounts for

slightly larger proportion and the “realised loser” accounts for a smaller proportion.

This reflects the asset diversification of trend following reversal strategies.

5.2. Risk Exposure Analysis

To understand the dynamics of the trend following reversal strategies, we regress

the returns of these sub-portfolios for each of the SMA, TSM and RSM strategies

(12, 12) on three classes of market risk factors as shown in Table 6. First, Panel

A shows results of Fama-French and Carhart three factor models, representing the

size, value and momentum respectively as in Fama and French (1993) and (Carhart,

1997). Second, in Panel B, we detail the global asset class factors consisting of MSCI

World Index, S&P GSCI, Barclays US Aggregate Bond Index and US-Dollar Index.

Finally, the Time Series Momentum (Moskowitz et al., 2012) regressions are run to

examine the risk exposure to conventional trend following strategies.

In general, we observe approximately 40%-60% changes in most of these trend

15We observe similar patterns under SMA and RSM trading strategies and using different (12, k)
schemes. These results are available on request.

16Similar results observed under SMA and RSM trading strategies and using different (12, k)
schemes are also available on request.

19



following reversal strategies which are due to the change of the stock market as prox-

ied by MSCI. One special case is that the “contrarian loser” strategies reduce this

amount to 30% or even lower. In Fama and French three factor models, the SMB and

HML explain very little to the changes of these sub-portfolio returns. However, the

UMD which represents momentum, shows t-statistics which are statistically signifi-

cant at 5% and 1% levels. Overall, the “realised winner” and the “contrarian loser”

still generate statistically significant alphas which are not explained by the model.

The global asset class factor models allow us to examine how sensitive are these

sub-portfolios to changes of the international major asset class indices. It is clear

that the model explains the “realised winner” returns better than the others with

R-Squares from 0.28-0.33. Except USDI, most coefficients of the rest factors are

statistically significant at 5% and 1% levels. However, the explanatory power seems

to reduce on the “contrarian loser”. Moreover, the “contrarian loser” still displays

statistically significant alphas for SMA and TSM with t-statistics of 2.6 and 1.73,

though it is not the case for RSM.

Finally, we consider the TSM factor which is a proxy for trend following re-

turns. As decomposed trend following strategies, these sub-portfolios have strong

relationships with the TSM factor with the beta coefficients statistically significant

at the 1% level. The coefficients of the “realised winner” and the “contrarian win-

ner” are positively related to the TSM factor, while those of the “realised loser”

and the “contrarian loser” show negative relationships. It is worth noting that, the

“realised winner” returns are attributed entirely to the TSM factor with beta coef-

ficients almost equal to 1 and the intercepts not being statistically significant. On

the contrary, the TSM factor has a smaller impact on the “contrarian loser” returns

with lower betas and t-statistics. Moreover, the “contrarian loser” coefficients show

significant alphas in SMA and TSM frameworks with t-statistics of 2.829 and 1.854,

respectively17.

To conclude, we see that trend following reversal returns are related to other

momentum factors. This is because they are decomposed from the trend following

17The alphas for the “realised loser” returns are also statistically significant. This is because they
are negatively related to the TSM factor. We do not consider them here as they do not generate
statistically significant returns.
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strategies, which is caused by time series continuation. However, a part of the trend

following reversal returns are not explained by the known factors and generate sig-

nificant alphas. This is particularly true for the “contrarian loser” strategy, as it has

the lowest correlation with the market as well as with trend following factors. Due to

its relatively low co-movement with the momentum factors, it might be particularly

useful for investors who wish to avoid momentum risks18 and still produces persistent

high returns.

6. Concluding Remarks

This paper studies the time horizon and magnitude of time series reversal as well

as its relationship to time series continuation in an asset pool consisting of various

global commodity and financial futures across a time span of 30 years. By perform-

ing multiple trend following strategies, we observe a persistent but not statistically

significant reversal between the end of the first year and the end of the second year

after the trend following signals are generated. The timing of time series reversal is

much shorter than that of conventional cross-sectional reversal.

We show that the time series reversal effect varies across different subgroups

when we decompose the trend following portfolio into four sub-portfolios, namely

“realised winner”, “realised loser”, “contrarian winner” and “contrarian loser”. Our

findings suggest that the “loser” components of the trend following strategies (either

realised or not), generate significant post trend following reversal. The sub-portfolio

with instruments which are past losers, and later generate positive returns, or the

“contrarian loser” subgroup, contributes the most to time series reversal. In contrast,

the “winner” sub-portfolios do not show statistically significant reversal patterns.

Moreover, the “contrarian loser” strategy also displays a lower volatility and lower

maximum drawdown than the other three, indicating that it can potentially form

the basis of an efficient trading strategy.

Based on these results, a new type of double-sorted trading strategy is intro-

duced called “trend following reversal strategy”. It removes the part within the

traditional trend following strategy that does not produce strong price return con-

tinuation/reversal in the time series. The “realised winner” and “contrarian loser”

18See, e.g.,Barroso and Santa-Clara (2015) and Daniel and Moskowitz (2016).
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are the two most significant sub-portfolios within our trend following reversal strate-

gies. Moreover, the “contrarian loser” reduces the risk of the position by partially

mitigating the impact caused by momentum crashes.
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Table 1: Summary statistics.

Asset Start Date Annual Mean Annual Volatility Skewness Kurtosis

Commodity futures
Aluminum 1987/6/2 0.026 0.206 0.132 3.867
Brent 1988/6/24 0.100 0.322 0.454 6.156
Cocoa 1970/1/6 0.081 0.327 0.517 3.975
Coffee 1972/8/17 0.091 0.387 1.090 6.338
Copper 1986/4/2 0.082 0.254 0.110 6.607
Corn 1970/1/6 0.064 0.279 0.410 6.213
Cotton 1970/1/6 0.067 0.297 -0.402 7.419
Gas Oil 1989/7/4 0.104 0.331 0.327 4.867
Gold 1975/1/3 0.066 0.196 0.528 6.707
Heating Oil 1980/1/3 0.084 0.356 0.739 8.227
Lean Hogs 1986/4/2 0.073 0.343 0.191 4.519
Live Cattle 1970/1/6 0.057 0.197 0.037 4.078
Natural Gas 1990/4/4 0.165 0.544 0.494 4.044
Nickel 1987/1/6 0.135 0.418 2.531 20.747
Platinum 1984/1/27 0.039 0.229 0.024 7.909
RBOB 1986/8/22 0.130 0.401 0.707 6.006
Silver 1970/1/6 0.104 0.342 1.353 14.729
Soy Meal 1970/1/6 0.088 0.349 1.913 18.949
Soy Oil 1970/1/6 0.074 0.316 0.897 7.382
Soybeans 1970/1/6 0.071 0.291 0.776 9.254
Sugar 1970/1/6 0.123 0.459 1.659 9.671
Wheat 1970/1/6 0.069 0.291 0.592 5.091
WTI 1983/3/31 0.068 0.329 0.422 5.980
Zinc 1989/1/5 0.035 0.244 -0.053 4.887
Currency futures
AUD 1971/1/6 -0.002 0.110 -0.725 7.182
CAD 1971/1/6 -0.003 0.065 -0.289 8.058
EUR 1971/1/6 -0.002 0.111 -0.183 3.821
JPY 1971/1/6 0.022 0.114 0.480 5.175
NZD 1971/1/6 -0.002 0.120 -0.403 9.870
NOK 1971/1/6 0.009 0.104 0.081 4.571
SEK 1971/1/6 0.025 0.110 0.927 7.294
CHF 1971/1/6 0.016 0.124 0.076 4.301
GBP 1971/1/6 -0.005 0.101 -0.078 5.153
Equity index futures
SPI 1970/1/6 0.075 0.193 -0.670 10.241
CAC 1970/1/6 0.079 0.203 -0.114 3.911
DAX 1970/1/6 0.087 0.197 -0.506 5.119
FTSE/MIB 1970/1/6 0.074 0.238 0.409 4.169
TOPIX 1970/1/6 0.066 0.187 -0.172 4.279
AEX 1970/1/6 0.074 0.192 -0.556 5.474
IBEX 1970/1/6 0.070 0.209 -0.092 4.544
FTSE 1970/1/6 0.086 0.197 1.172 17.689
S&P 500 1970/1/6 0.080 0.154 -0.463 4.773
Bond futures
AUS3 1986/1/2 0.011 0.063 -3.391 37.454
AUS10 1986/1/2 0.009 0.048 -4.970 85.085
EURO2 1986/1/2 0.018 0.081 0.213 8.129
EURO5 1986/1/2 0.023 0.073 -0.002 9.478
EURO10 1986/1/2 0.037 0.078 0.235 5.771
EURO30 1986/1/2 0.037 0.124 -0.672 10.224
CA10 1986/1/2 0.023 0.074 -1.347 13.016
JP10 1985/10/22 0.016 0.054 -0.323 8.357
UK10 1982/11/19 0.010 0.091 -1.687 16.211
US2 1986/1/2 0.004 0.028 -0.053 8.363
US5 1986/1/2 0.008 0.047 -0.668 8.046
US10 1982/5/4 0.020 0.074 -0.305 6.311
US30 1977/8/23 0.019 0.118 -0.048 6.306

This table reports the start date, mean, volatility/standard deviation, skewness and kurtosis for the 55 instruments from their earliest
availability. The arithmetic monthly mean returns and standard deviation are both annualised. The detailed data sources are described
in Appendix A.
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Table 5: Correlation structure of trend following reversal strategies.

Realised Winner Realised Loser Contrarian Winner Contrarian Loser

Panel A: Correlation with trend following strategies
SMA 0.456 -0.320 -0.385 0.439
TSM 0.583 -0.360 -0.417 0.532
RSM 0.582 -0.205 -0.270 0.478
Panel B: Correlation across sub-portfolios (SMA)
Realised Winner 1
Realised Loser -0.056 1
Contrarian Winner 0.244 0.270 1
Contrarian Loser 0.237 0.202 -0.124 1
Panel C: Correlation across sub-portfolios (TSM)
Realised Winner 1
Realised Loser -0.071 1
Contrarian Winner 0.205 0.251 1
Contrarian Loser 0.247 0.205 -0.094 1
Panel D: Correlation across sub-portfolios (RSM)
Realised Winner 1
Realised Loser -0.051 1
Contrarian Winner 0.248 0.183 1
Contrarian Loser 0.202 0.195 -0.082 1

Panel A reports the correlations of different trend following reversal returns with SMA, TSM and RSM returns.
Panel B, C and D summarise the correlation structures across different sub-portfolios under SMA, TSM and RSM
framework, respectively. The strategy returns are calculated using our data sample from January, 1985 to March
2015.
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Figure 1: Predictability of 12 month probability of positive return signs.
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Reporting the t-statistics for lags from h = 1 to h = 60. The pooled regression consisting of all the 55 instruments
as in Equation 9 is run.
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Figure 2: Return decays of trend following strategies.
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Reported are the annualised mean returns of SMA, TSM and RSM strategies with different holding periods
(1,2,3,6,9,12,18,24,30,36,48,60 months). The strategies are performed using an asset pool with 55 futures from
January, 1985 to March, 2015.
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Figure 3: Timing of time series reversal.
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Reported are the annualised mean returns of the contrarian SMA, TSM and RSM strategies with different time lags
from h = 2 to h = 36. The strategies are performed using an asset pool with 55 futures from January, 1985 to March,
2015.
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Figure 4: Cumulative returns of trend following reversal strategies versus benchmarks (12, 12).
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Plotted are the cumulative returns of trend following reversal “realised winner” and “contrarian loser” strategies
compared to their corresponding trend following strategies (SMA, TSM and RSM) using (12, 12) scheme. The
cumulative returns are calculated as shown in Appendix C. The strategies are performed using an asset pool with
55 futures from January, 1985 to March, 2015.
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Figure 5: Return densities of trend following reversal strategies (12, 12).
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Plotted are the return densities of trend following reversal “realised winner” and “contrarian loser” strategy using
(12, 12) scheme. The strategies are performed using an asset pool with 55 futures from January, 1985 to March,
2015.
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Appendices

A. Data Sources

The asset pool consists of futures returns of 4 asset classes: commodity, currency,

equity index and government bond. It covers 24 commodity futures from different

exchanges (CBOT, CME, COMEX, ICE, LME, NYMEX and TOCOM), 9 devel-

oped countries currency futures to USD (AUD, CAD, EUR, JPY, NZD, NOK, SEK,

CHF and GBP), 9 equity index futures for 9 different countries (Australia, France,

Germany, Italy, Japan, Netherlands, Spain, UK and US), and 13 government bond

futures of 6 developed economies (Australia, Eurozone, Canada, Japan, UK and

US). Majority of the data is downloaded from Bloomberg and DataStream. We use

a similar data concatenation policy to those data who has shorter time availability

as Moskowitz et al. (2012). The details of all the data sources and splice method is

provided in Table A.1.
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B. Sub-portfolio Performance Using Other Ranking Schemes

Tables B1, B2 and B3 report the annualised mean returns, Newey-West t-statistics,

annualised standard deviations, Sharp ratios and maximum drawdowns of different

trend following sub-portfolios under (12, 1), (12, 3) and (12, 6) schemes. The dataset

spans from January, 1985 to March, 2015.

We observe a similar pattern as in table 3, where the ”loser” subgroups, and

especially the ”contrarian loser”, exhibit statistically significant reversal during 13-

24 months. The ”realised winner” also exhibits statistically significant in some cases,

whereas the ”contrarian winner” does not. The reversal pattern is strong only during

13-24 months, and then becomes statistically insignificant over 25-60 months.
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C. Strategy Evaluation

We evaluate the candidate trading strategies by considering both return and risk

context. The return measures include average returns, minimize/maximum returns

and cumulative net profits. While the risk related measures consist of standard

deviation and maximum drawdown. Besides the Sharpe Ratio (reward-to-risk ratio)

is also considered. Let Rs
t denotes the return of strategy s at month t ranging from

m1 to mn, the evaluation measures are calculated as follows:

1. The annualised average return

ARs def
=

1

n

mn∑
t=m1

Rs
t (10)

2. The cumulative net profit

CNP s def
=

{
t=mn∏
t=m1

(1 +Rs
t )

}
− 1 (11)

3. The annualised volatility/standard deviation

SDs def
=

√√√√ 1

n

mn∑
t=m1

(Rs
t − ARs)2 (12)

4. The gross Sharpe Ratio, annualised

SRs def
=
ARs

SDs
(13)

5. The maximum drawdown MDDs
t measures the maximum historical decline

over the investment horizon. The maximum value from an arbitrary peak of

the cumulative profit to any subsequent cumulative profit from time 0 to time

T is calculated . The formula of maximum drawdown can be expressed as:

MDDs
t =

maxT∈(0,t){0,maxCNP s
T − CNP s

t }
maxT∈(0,t) CNP

s
T

(14)
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where CNP s
t denote the cumulative profit at time t. maxT∈(0,t) CNP

s
T is the

highest cumulative profit from time 0 to time T .
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Table A.1: Data Sources.

Assets Start Date Bloomberg Ticker Splicing Information

Commodity futures
Aluminum 1987/6/1 LMAHDS03 Comdty
Brent 1988/6/23 CO1 Comdty
Cocoa 1959/7/1 CC1 Comdty
Coffee 1972/8/16 KC1 Comdty
Copper 1986/4/1 LMCADS03 Comdty
Corn 1959/7/1 C 1 Comdty
Cotton 1959/7/1 CT1 Comdty
Gas Oil 1989/7/3 QS1 Comdty
Gold 1975/1/2 GC1 Comdty
Heating Oil 1980/1/2 HO1 Comdty
Lean Hogs 1986/4/1 LH1 Comdty
Live Cattle 1964/11/30 LC1 Comdty
Natural Gas 1990/4/3 NG1 Comdty
Nickel 1987/1/5 LMNIDS03 Comdty
Platinum 1984/1/26 JA1 Comdty
RBOB 2005/10/3 XB1 Comdty Unleaded Gasoline from 21/08/1986 (Bloomberg)
Silver 1964/3/2 SI1 Comdty
Soy Meal 1960/1/22 SM1 Comdty
Soy Oil 1961/9/1 BO1 Comdty
Soybeans 1959/7/1 S 1 Comdty
Sugar 1961/1/3 SB1 Comdty
Wheat 1959/7/1 W 1 Comdty
WTI 1983/3/30 CL1 Comdty
Zinc 1989/1/4 LMZSDS03 Comdty
Currency futures
AUD/USD 1987/1/13 AD1 Curncy AUD spot from 05/01/1971 (Bloomberg)
CAD/USD 1977/1/18 CD1 Curncy CAD spot from 05/01/1971 (Bloomberg)
EUR/USD 1998/5/19 EC1 Curncy DEM 04/1986, DEM SPOT 01/1971 (Bloomberg)
JPY/USD 1976/8/3 JY1 Curncy JPY spot from 05/01/1971 (Bloomberg)
NZD/USD 1997/5/7 NV1 Curncy NZD spot from 05/01/1971 (Bloomberg)
NOK/USD 2002/5/16 NO1 Curncy NOK spot from 05/01/1971 (Bloomberg)
SEK/USD 2002/5/16 SE1 Curncy SEK spot from 05/01/1971 (Bloomberg)
CHF/USD 1975/2/14 SF1 Curncy CHF spot from 05/01/1971 (Bloomberg)
GBP/USD 1975/2/14 BP1 Curncy GBP spot from 05/01/1971 (Bloomberg)
Equity index futures
SPI 2000/5/2 XP1 Index MSCI Australia from 01/01/1970 (DataStream)
CAC 1988/12/7 CF1 Index MSCI France from 01/01/1970 (DataStream)
DAX 1990/11/23 GX1 Index MSCI Germany from 01/01/1970 (DataStream)
FTSE MIB 2004/3/22 ST1 Index MSCI Italy from 01/01/1970 (DataStream)
TOPIX 1990/5/16 TP1 Index MSCI Japan from 01/01/1970 (DataStream)
AEX 1983/1/3 FXNL Index MSCI Netherlands from 01/01/1970 (DataStream)
IBEX 1992/7/21 IB1 Index MSCI Spain from 01/01/1970 (DataStream)
FTSE 1988/2/26 Z 1 Index MSCI UK from 01/01/1970 (DataStream)
S&P 500 1982/4/21 SP1 Index MSCI USA from 01/01/1970 (DataStream)
Bond futures
AUS 3Y 1989/12/18 YM1 Comdty JPM Australia from 01/01/1986 (DataStream)
AUS 10Y 1987/9/18 XM1 Comdty JPM Australia from 01/01/1986 (DataStream)
EURO 2Y 1997/3/7 DU1 Comdty JPM Germany from 01/01/1986 (DataStream)
EURO 5Y 1991/10/4 OE1 Comdty JPM Germany from 01/01/1986 (DataStream)
EURO 10Y 1990/11/23 RX1 Comdty JPM Germany from 01/01/1986 (DataStream)
EURO 30Y 1998/10/2 UB1 Comdty JPM Germany from 01/01/1986 (DataStream)
CA 10Y 1989/9/15 CN1 Comdty JPM Canada from 01/01/1986 (DataStream)
JP 10Y 1985/10/21 JB1 Comdty
UK 10Y 1982/11/18 G 1 Comdty
US 2Y 1990/6/25 TU1 Comdty JPM USA from 01/01/1986 (DataStream)
US 5Y 1988/5/20 FV1 Comdty JPM USA from 01/01/1986 (DataStream)
US 10Y 1982/5/3 TY1 Comdty
US 30Y 1977/8/22 US1 Comdty

Reported is the detailed data sources used in this paper. The date of the earliest availability on Bloomberg/DataStream and the
corresponding tickers are listed for each future contracts. For those futures who has more than one data source, we provide the
splicing information prior to the availability of their latest data sources.
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