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1. Introduction 

 

In a recent paper, Moskowitz, Ooi, and Pedersen (2012) introduce a “time-series 

momentum” (TSMOM) trading rule.1 They find these rules, which generate a buy signal when 

the price is higher than a historical, say 200 days prior, price have strong predictive power.2 We 

compare and contrast TSMOM rules and moving average (MA) rules that involve buying an 

asset when its price moves above its average price over a prior period. By comparing these rules 

we are able to provide insight into the sources of the returns they generate. While similar, these 

rules do not always generate buy and sell signals at the same time. Figures 1a and b give an 

example of a faster MA buy signal using S&P 500 data. Price moves above the 200-day moving 

average (signalling a buy) much sooner than the point where the 200-day return turns positive 

(necessary for a time-series momentum buy signal). We investigate TSMOM and MA rules in 

the US and internationally, in different economic and market states, and consider their 

susceptibility to crash risk.  

 

[Insert Figures 1a and 1b about Here] 

 

There is a puzzling disconnect between the popularity of past price based trading rules 

with the investment community (e.g. Hutchinson and O’Brien, 2014) and academic papers such 

as Olson (1999) which find these rules have not added value in the last few decades. We 

                                                            
1 This is different to the Jegadeesh and Titman (1993) momentum anomaly which focuses on cross-sectional return 
comparisons. Here an asset would be purchased if it was among those with the strongest past returns, even if the 
asset’s price had declined during the evaluation period and the relative out-performance was simply due to its 
returns being less negative than its peers. In contrast, a time-series momentum strategy would not buy this asset until 
it had positive past returns. 
2 Other papers also find support for time-series momentum. Baltas and Kosowski (2013) show volatility estimators 
can be used to improve the performance of time-series momentum strategies and Antonacci (2013) shows time-
series momentum or “absolute momentum” as they call it has value as a stand-alone or overlay strategy.    
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investigate whether this may be due to trading rules being less effective on large stock dominated 

market indices that many tests have been conducted on. 

Brown and Jennings (1989) were among the first to provide theoretical support for 

technical analysis. They show that investors can use past prices to gain insight into private 

information in situations where there is incomplete information.  More recently, Zhu and Zhou 

(2009) show that moving average trading rules can improve asset allocation decisions by 

capturing return predictability. The theoretical work that underpins cross-section momentum also 

helps explain TSMOM. Hong and Stein (1999) suggest prices can move in trends when 

information diffuses slowly into prices as a result of “news watchers” in the market. Barberis, 

Shleifer, and Vishny (1998) show the behavoral biases of conservatism and anchoring lead to 

underreaction, while Daniel, Hirshleifer, and Subrahmanyam (1998) suggest investors can be 

overconfident about the accuracy of their private information and this leads to momentum. 

TSMOM and MA rules are clearly closely related. TSMOM rules signal a buy (sell) 

when price moves above (below) a historical price at a certain historical point, while MA rules 

signal a buy (sell) when price moves above (below) the average price over a historical period. 

However, there are important differences in the timing of the signals generated by TSMOM and 

MA rules. We formalize the relation between TSMOM and MA rules and show that TSMOM 

entry and exit signals are generated when a MA changes direction. Given that a MA is the 

average of multiple prices, a price change is more likely to result in price moving above (below) 

the MA, as required for a MA entry (exit) signal, than a MA direction change as required for a 

TSMOM signal. As such, the signals generated by MA rules are likely to occur before TSMOM 

signals.  
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Our empirical results are consistent with these notions. The correlation of the returns 

generated by long-only TSMOM and MA rules are 0.78 or higher. However, while there is a 

strong relation between the returns from TSMOM and MA rules, there is a consistent pattern of 

MA rules generating larger returns, and larger Sharpe Ratios and Fama and French (1993) / 

Carhart (1997) four-factor alphas.3 Our core results are from “long-only” rules which lead to 

stock market investment following buy-signals and T-bill investment following sell-signals. 

However, we verify our results also hold for rules that take short market positions.  

We decompose the periods where MA and TSMOM rules are not in the market together 

and find periods where either MA or TSMOM strategies enter the market before the other rule 

are characterised by relatively large positive daily returns on average. MA rules generates earlier 

buy signals more frequently which contributes to its return advantage over TSMOM rules. 

Moreover, TSMOM strategies are more likely to result in a position remaining open longer than 

MA strategies. When this occurs daily returns are negative on average. The earlier closing of 

MA positions in these instances is of further benefit to MA rules.  

The majority of MA rules generate breakeven transaction cost levels that appear to be 

larger than the actual transaction costs an investor would face. These one-way breakeven costs 

range from 42 to 69 basis points for rules with 10 to 150 look-back periods. These are larger than 

the 40 basis points transaction cost which we estimate for our sample period, based on the Jones 

(2002) estimate of one-way transaction costs (half spread + NYSE commission) of around 100 

basis points in 1970 and 20 basis points in 2000. This indicates the rules generate profits after 

transaction costs. The higher breakeven costs for TSMOM rules reflects that fact that these 

typically lead to positions being held for longer than their MA equivalents and this lower 

                                                            
3 These results are not inconsistent. The average monthly return on cross-sectional momentum winner stocks (from 
Ken French’s website) over the 1963 – 2011 period is 1.51% compared to 0.88% for the CRSP value-weighted 
index. However, the correlation between these two series is 0.85.  
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portfolio turnover results in larger breakeven transaction costs even though the gross of 

transaction cost TSMOM returns are lower than their MA equivalents.  

We compare and contrast the performance of TSMOM and MA rules on CRSP size 

quintile indices.4 Previous empirical tests of MA and TSMOM on equity markets have mostly 

focused on market indices.5 However, there is good reason to believe these techniques, which 

capture price continuation, may be more successful on stocks other than the large stocks which 

dominate market indices. Bhushan (1989) shows analysts focus on large stocks, while Hong, 

Lim, and Stein (2000, p. 267) suggest “stocks with lower analyst coverage should, all else equal, 

be ones where firm-specific information moves more slowly across the investing public.” More 

recently, Han, Yan, and Zhou (2012) find that size and volatility indices are closely related and 

that MA rules are particularly profitable in volatile assets. This is consistent with Zhang (2006) 

who finds that greater information uncertainty, which can be measured by the standard deviation 

of returns, leads to greater short-term price continuation. Our results indicate both MA and 

TSMOM rules perform much better on stocks other than those in the largest quintile. Their good 

performance is not limited to the smallest stocks but rather is absent in the largest stocks. This 

finding could help explain why technical analysis remains popular with investors despite 

academic studies, which tend to focus on market index data, typically finding these rules add no 

value.6 

The issue of data snooping is ever present when investigating return predictability. It is 

always possible that a trading rule appears to be profitable by chance when it is applied to a 

                                                            
4 We thank Ken French for making these data available on his website. 
5 MA examples include Brock, Lakonishok, and LeBaron (1992) for the US and Ratner and Leal (1999) for Asian 
and Latin American markets. The TSMOM paper of Moskowitz, Ooi, and Pedersen (2012) is also based on equity 
indices / futures contracts on these indices. A MA exception is Lo, Mamaysky, and Wang (2000) who consider US 
stocks from different size quintiles. 
6 The results of Neely, Rapach, Tu, and Zhou (2010) suggest another explanation. They find technical trading rules 
complement predictions based on fundamental factors.     
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particular data series. Lakonishok and Smidt (1988, p. 404) suggest a good way to avoid this is to 

test anomalies “in data samples that are different from those in which they were originally 

discovered.” The important technical analysis paper of Brock, Lakonishok, and LeBaron (1992) 

finds moving average rules like the ones we test add value when they are applied to the Dow 

Jones Industrial Average (DJIA) over the 1897 – 1986 period. We therefore consider the 1987 – 

2013 sub-period to ensure we have an out-of-sample test. The MA alphas for series other than 

the large stock series remain statistically significant in this period, while the TSMOM alphas are 

statistically significant on the smallest and middle stock portfolios. MA alphas are larger than 

their TSMOM equivalents in both sub-periods, however the differences are more marked in the 

earlier period. Our results are also robust in the ten international markets studied by Rapach, 

Strauss, and Zhou (2013). While MA and TSMOM strategies both generate statistically 

significant alphas, there is a consistent pattern of larger alphas to MA rules. 

Daniel and Moskowitz (2011) and Barroso and Santa-Clara (2014) show cross-sectional 

momentum is susceptible to periods of persistent negative returns. This “crash risk” arises 

following periods of large market declines when the past loser portfolio (where a momentum 

investor is short) strongly out-performs the past winner long portfolio. These momentum crash 

risk papers are related to the work of Cooper, Gutierrez, and Hameed (2004) who show 

momentum returns are positive (negative) when the past three-year market return is positive 

(negative). We show that neither TSMOM nor MA rules are very susceptible to crash risk. The 

worst monthly returns from these rules are rarely much worse than those to a buy-and-hold 

strategy. The worst MA rule returns are frequently better than their TSMOM equivalents so there 

is no evidence that the larger MA alphas are compensation for crash risk.  
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The rest of this paper is structured as follows: Section 2 contains a description of the MA 

and TSMOM trading rules and data. The key tests are described and the results are presented and 

discussed in Section 3. Additional results are presented and discussed in Section 4, while Section 

5 concludes the paper. 

 

2. Trading Rules and Data 

 

The MA rules and TSMOM rules we study are both easy to implement. The MA rules are 

the popular “moving average” rules. Our base tests are conducted on what Brock, Lakonishok, 

and LeBaron (1992) refer to as “variable-length moving average rules”, which is calculated as 

follows: 

,
⋯

        (1) 

 

A buy signal is generated on day t when: 

 

, , 0  or       (2a) 

     

,
⋯

0      (2b) 

 

where n is the length of the moving average or “look-back period”. This long equity 

market position is maintained until price moves below the moving average. The returns 

following a buy signal are therefore Rt+1, Rt+2,…, Rt+k+1. In our core test, we follow Han, Yan, 

and Zhou (2011) and invest in the risk-free asset at times when there is no buy signal. An 
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alternative approach, which is also applied in the literature, is to take a short position during 

these times. This assumes that short sale positions can always be entered, which may not be 

accurate, so we limit our analysis of this approach to a robustness check. We also generate 

results for what Brock, Lakonishok, and LeBaron (1992) calls a “fixed-length moving average” 

rule. Here a position is held for a pre-determined number of days regardless of whether price has 

remained above the moving average of past prices or not.  

The TSMOM rule we implement generates a buy signal on day t when: 

 

, 0        (3) 

 

 A sell signals occurs when the price moves below the historical price. This results in the 

returns Rt+1, Rt+2,…, Rt+k+1. While Moskowitz, Ooi, and Pedersen (2012) test the statistical 

significance of trend following strategies using a time series regression model involving the 

returns in a current period regressed on the returns in a previous period, they implement the 

trading rule by going long (short) if the returns in the previous period are positive (negative). 

Our base test involves an investment in the risk-free asset when there is no buy signal. 

However we also test a rule that enters short positions during these periods. This approach is 

particularly appropriate in markets where short positions are readily established, such as the 

futures markets studied by Moskowitz, Ooi, and Pedersen (2012). We also test a TSMOM rule 

that leads to investors remaining in the market for a fixed period regardless of where the current 

price is in relation to the historical price. 

We follow Han, Yan, and Zhou (2012) and Moskowitz, Ooi, and Pedersen (2012) and 

test rules with a variety of look-back periods. The longest look-back period is 200 days which is 
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consistent with the longest interval in Han, Yan, and Zhou (2012) and similar to the 12-month 

look-back period that Moskowitz, Ooi, and Pedersen (2012) focus on for the majority of their 

analysis. We also test periods of 10, 50, and 100 days. A 10-day look-back period is the focus of 

Han, Yan, and Zhou (2012). Brock, Lakonishok, and LeBaron (1992) consider periods from 50 

to 200 days in their seminal paper. 

Equations 4a, 4b, and 5 prove it can be shown mathematically that TSMOM rule buy 

signals are related to changes in MA direction.7 

 

 , ,
	

        (4a) 

or 

 , ,
,         (4b) 

 

so 

 , , ,       (5) 

 

Given equations 3 and 5, we can see a buy signal occurs when there is a movement from: 

 

 , , 0        (6a) 

to 

 , , 0        (6b) 

As equations 6a-6b show, a TSMOM buy signal does not occur until the MA changes 

direction (passes an inflection point).  Since a MA buy signal only requires price to move above 

                                                            
7 We are grateful to Henry C. Stern for explaining the equations and discussion in this section to us. 
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the moving average, whereas a TSMOM buy signal requires the MA itself to change direction, 

MA buy and sell signals are likely to occur before TSMOM buy and sell signals. Moving 

averages are most likely to change direction following a more sustained change in price over 

consecutive days. 

We use value-weighted size quintile portfolios from Ken French’s website for the 1963 – 

2013 period for our base tests. As part of our analysis we want to document the similarity and 

differences between the returns to TSMOM and MA rules across the portfolios of different size 

after well-known factors like size, value, cross-sectional momentum, and the market factor are 

accounted for, so we obtain these data from  Ken French’s website. We also run tests on the ten 

international markets studied by Rapach, Strauss, and Zhou (2013). These include Australia, 

Canada, France, Germany, Italy, Japan, the Netherlands, Sweden, Switzerland, and the United 

Kingdom. The international sample period is 1973 – 2013. The equity index data are Thomson 

Reuters Datastream indices in local currency, while the T-bill data are from Global Financial 

Data. As a final step, we consider a World ex US index which is the total world market 

excluding the US from Thomson Reuters Datastream. The risk free proxy for this analysis is the 

equal weight of the risk free rate from the ten countries we mention above. 

 

3. Main Results  

3.1. Correlations and Raw and Risk-Adjusted Returns Comparison 

  

In Table 1 Panel A, we report the monthly return correlations of the long-only MA and 

TSMOM strategies for the four look-back periods we consider (10 days, 50 days, 100 days, and 

200 days). The correlations tend to be larger in the small stock portfolio and for the 10-day look-
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back period. However, the correlations are all high (0.78 and above). It is evident that MA and 

TSMOM rules are closely related.  

The mean monthly returns in Panel B clearly demonstrate that both MA and TSMOM 

rules generate the largest returns on the smallest quintile one portfolio and the smallest returns on 

the largest quintile five portfolio. The average return across the eight MA and TSMOM rules is 

1.64% for the quintile one portfolio compared to 0.80% for the quintile five portfolio. The rules 

based around shorter look-back periods also produce larger returns than their longer look-back 

period equivalents. The mean monthly return across the five quintile portfolios for MA and 

TSMOM is 1.56% for the 10-day look-back period compared to 1.06% for the 200-day look-

back period. The mean returns generated by all the MA and TSMOM rules are statistically 

significantly different to zero. It is also clearly evident that MA rules consistently generate larger 

returns than their TSMOM equivalents and that these differences are typically statistically 

significant. We use *, **, and *** to indicate MA and TSMOM means that are statistically 

significantly different to each other at the 10%, 5%, and 1% level respectively. The out-

performance of MA rules is stronger in smaller stock series and for shorter look back periods. 

This out-performance averages 0.33% in the quintile one portfolio and 0.14% in the quintile five 

portfolio.  

MA rules consistently generate larger Sharpe ratios than their TSMOM equivalents and 

both methods give larger Sharpe ratios when they are applied to smaller stock series and when 

shorter look-back periods are used. For instance, the Sharpe ratio of MA (TSMOM) rules for a 

10-day look-back period on the quintile one portfolio is 0.46 (0.40) compared to Sharpe ratios 

for MA (TSMOM) rules of 0.15 (0.12) for a 200-day look-back period on the quintile five 

portfolio.  



13 
 

Panel D contains the alphas from the Fama and French (1993) / Carhart (1997) four-

factor model. As such, these alphas are net of market, size, value, and cross-sectional momentum 

effects. These monthly alphas show a similar trend to the Sharpe ratios. MA alphas are 

consistently larger than their TSMOM equivalents. We highlight in bold alphas that are 

statistically significant to zero at the 10% level or more, while *, **, and *** indicate MA and 

TSMOM alphas that are statistically significantly different to each other at the 10%, 5%, and 1% 

level respectively (based on the Wald test in a system of equations approach). Both rules 

generate larger alphas on the smaller stock portfolios with shorter look-back periods. The 

monthly MA (TSMOM) alphas for the 10-day look-back period on the quintile one portfolio are 

1.52% (1.25%) and these decline to 0.12% (-0.01%) for 200-day look-back periods and the 

quintile five portfolio. In Section 4 we present results which indicate that the conclusions from 

the Table 2 results are robust in different sub-periods, across the business cycle, in international 

markets, when short-positions are entered following sell signals, and when positions are held for 

fixed holding periods. 

 

[Insert Table 1 About Here] 

 

3.3. Return Difference Decompositions 

 

 It is clear from the holding period correlations in Table 1 that long market or T-bill 

positions signalled by MA and TSMOM strategies are consistent for the majority of the time. 

The return differences we document in Table 1 come from periods when one rule has signalled a 

long market position and the other has not, so we examine these instances in detail in Table 2. 



14 
 

Both the MA and TSMOM strategies involve a look-back period of 50 days.8 The first scenario 

“Same” includes days when both MA and TSMOM strategies are long the equity market or 

invested in the T-bill at the same time. This is the most common situation. For example, in the 

small stock portfolio Same occurs in 11,114 out of a total of 12,334 sample days, which 

represents 90% of the time. Once these situations occur, they last for a relatively long time (11 

days) and the average return on these days is 0.06%. The days when MA and TSMOM rules 

generate different signals can be classified into six mutually exclusive scenarios. Scenarios “MA 

Early” and “TSMOM Early” are periods when MA (TSMOM) rules signal long positions first 

and TSMOM (MA) long position signals follow. Scenarios “MA Late” (“TSMOM Late”) are 

periods when just the MA (TSMOM) rule remains in the market following a period when both 

MA and TSMOM have signalled long positions. Scenario “MA Only” (“TSMOM Only”) are 

periods when MA (TSMOM) strategies have signalled long market positions and the other rule 

has not. 

In the small stock portfolio, the average returns on MA Early and TSMOM Early days 

are 0.42% and 0.61% respectively, which are much larger than those in the Same Scenario. 

Establishing a long equity market position early that is subsequently followed by the other 

strategy leads to positive returns for both strategies. However, the MA rule is far more likely to 

be in this situation (34% of all days where the strategies signal different positions, compared to 

just 3% for TSMOM rules). MA Late (TSMOM Late) is when the MA (TSMOM) rule is in the 

market last following a period when both MA and TSMOM rules have signalled long positions. 

It is much more common for TSMOM strategies to stay in the market longer (41% of all days 

with deviations). Moreover, the market returns are -0.11% on these days on average. Staying in 

                                                            
8 We present results for the 50-day look-back period as it is in between the shortest (10 days) and longest (200 days) 
look-back periods. Results for the other look-back periods are available on request.  
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the market longer tends to hurt TSMOM investors. MA rules are less likely to signal positions 

staying open longer than TSMOM rules (just 6% of deviation days) so the negative returns 

associated with these periods have less of an impact. Both MA Only and TSMOM Only occur 

relatively infrequently (11% and 5% of deviation days respectively). However, when they do 

occur, market returns are negative on average (-0.70% and -0.40% respectively). 

It is important to note that the returns in Table 2 are not directly comparable to the mean 

returns in Table 1. The Table 1 returns include those earned from being invested in the T-bill and 

they are monthly returns which have been generated from compounding daily returns. However, 

the Table 2 returns can be used to get insight into the difference between the Table 1 mean MA 

and TSMOM rule returns. These differences are most pronounced for the small stock portfolio 

and the size of the difference decreases monotonically as the portfolio size increases. There is 

very little difference between the mean MA and TSMOM rule returns in the large stock 

portfolio. As such, we would expect the very apparent differences between MA and TSMOM 

returns in Panel A of Table 2 to reduce in Panels B – E. The results indicate this is the case. The 

main difference in Panel E over Panel A is that the mean TSMOM return in TSMOM Early is 

higher. This higher return in periods when the TSMOM rule is first to enter a long position 

offsets some of the negative relative performance of the TSMOM strategy in the other scenarios. 

It is also clear that the losses from the unique MA signals are larger those to TSMOM signals. 

However, the net weighted average return, which is obtained by multiplying the unique MA 

strategy returns by the proportion of times they occur and deducting the product of the unique 

TSMOM strategy return and the proportion of times they occur, is still relatively large.  

 

 [Insert Table 2 About Here] 
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 We also investigate whether a combined strategy that only enters and exits positions 

when both MA and TSMOM rules are in agreement performs better than individual MA and 

TSMOM strategies. The Appendix 1 results indicate this is not the case. The mean returns and 

Jensen alphas of the combined strategy are typically lower than those for the standalone MA 

strategy, as documented in Table 1. 

 

3.4. Transaction Cost Analysis 

 

 We estimate the one-way breakeven transaction costs by comparing TA and TSMOM 

rule returns to the returns to a buy-and- hold strategy and present the results in Table 3. These are 

larger for smaller quintile portfolios and 50-day look-back periods. While the 10-day look-back 

rules generate the larger pre-transaction cost returns, the more frequent turnover that these rules 

require often results in lower breakeven transaction costs than rules with longer look-back 

periods and less frequent trading. Jones (2002) estimates one-way transaction costs (half spread 

+ NYSE commission) of around 100 basis points in 1970 and 20 basis points in 2000 for NYSE 

stocks. Given transaction costs have likely declined further since 2000, it seems reasonable to 

assume average transaction costs of around 40 basis points over our sample period. The average 

breakeven transaction cost for 10-day, 50-day, and 150-day look-back periods for MA rules 

range from 42 to 69 basis points so these rules appear to generate positive returns after 

transaction costs. The breakeven transaction costs for TSMOM rules are never larger than 28 

basis points so these rules do not appear to result in profits after transaction costs. Some rules 

have negative breakeven transactions which they do not generate returns over and above buy-

and-hold returns even before transaction costs are accounted for. The results in panels C and D 
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indicate TSMOM rules typically lead to positions being held for longer than their MA 

equivalents. However, in spite of this, TSMOM rules have smaller breakeven transaction costs 

on account of their lower pre-transaction cost returns.  

 

[Insert Table 3 About Here] 

 

3.5. Downside and Higher Moment Risk 

 

Daniel and Moskowitz (2011) and Barroso and Santa-Clara (2014) both document that 

cross-sectional momentum is susceptible to “crash risk”. These periods of persistent negative 

returns can be a substantial risk for cross-sectional momentum investors. In Table 4 we focus on 

the lowest monthly returns generated by TSMOM (MA) strategies and compare them to the 

returns experienced by a MA (TSMOM) investor in that same month. We also document the 

returns a buy-and-hold investor would have earned in each of these months. Finally, we present 

the returns to TSMOM and MA strategies in the months when the buy-and-hold returns are the 

lowest. We present results for a look-back period of 50 days for the small portfolio and the 

middle size portfolio. As documented previously, neither MA nor TSMOM strategies perform 

well on the large portfolio. The results also indicate that neither the TSMOM nor MA approaches 

are particularly susceptible to crash risk. It is clear that both MA and TSMOM rules typically 

move the investor to the T-bill investment prior to sustained market declines. Moreover, the 

downside returns of MA rules are less severe than their TSMOM rule equivalents. Crash risk 

compensation is not driving the higher MA rule returns. 
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The Panel A results indicate the lowest monthly return for the MA rule in the small stock 

portfolio is -8.77%, which occurred in March 2000. In this month the buy-and-hold return was -

10.51%. The MA rule return is not as low because it was invested in T-bills for some of the days 

in the month where the buy-and-hold investor earned negative returns from the equity market. Of 

the ten negative MA strategy return months there are only two situations when the buy-and-hold 

return is positive. The four months with the most negative MA rule returns coincide with more 

negative TSMOM returns which is some indication that MA is less susceptible to crash risk.  

The Panel B results relate to the lowest ten TSMOM monthly rule returns. The worst 

TSMOM return is a loss of 14.02%, which is clearly a larger loss than the worst MA monthly 

loss (-8.77%). Moreover, the TSMOM strategy returns are consistently lower than the MA 

strategy returns. This further emphasizes that MA rules are less susceptible to downside risk than 

TSMOM.  

The Panel C results show that both TSMOM and MA approaches have considerably less 

downside risk than a buy-and-hold strategy. The lowest buy-and-hold return in the small 

portfolio was October 1987. In this month the loss was 29.62%. Investors adopting a TSMOM or 

MA trading rule would have lost less than 1% in this month. In the second worst buy-and-hold 

return month (August 1998) both TSMOM and MA generated small positive returns. 

 

[Insert Table 4 About Here] 

 

Barroso and Santa-Clara (2014) point out cross-sectional momentum strategies can 

experience large crashes. Although such strategies may be profitable on average they may not be 

appealing to an investor with a reasonable level of risk aversion. They suggest it is therefore 
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important to consider the higher moments of any trading strategy. The Table 5 results show the 

MA and TSMOM strategies generate larger returns on the size quintile indices (other than the 

top two quintiles) than the returns from the size, value, or cross-sectional momentum factors. As 

Barroso and Santa-Clara (2014) document, cross-sectional momentum has large negative 

skewness, but this is not present in the MA or TSMOM rule results. Rather, the MA rule 

generates relatively large positive skewness. MA strategy returns have lower kurtosis than their 

TSMOM equivalents but both rules have kurtosis that is considerably lower than that in the 

cross-sectional momentum rules. 

 

[Insert Table 5 About Here] 

 

Daniel and Moskowitz (2011) also consider market timing and the sources of crash risk 

in cross-sectional momentum portfolios using a number of models. We apply the logic behind 

these models to investigate crash risk in both TSMOM and MA rules. The results are presented 

in Table 6. 

 

, , , , ,   (7) 

 

, , ,     (8) 

 

Where9: 

 ,  is the return on either the TSMOM or MA portfolio in month t. 

                                                            
9 See Daniel and Moskowitz (2011) for more detail on these variables. 
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 ,  is the return on the Treasury bill in month t. 

,  is the return on the CRSP VW portfolio in month t. 

 is an ex-ante indicator variable for bear-markets. If the CRSP VW index return is 

negative (positive) in the prior 24 months prior to month t, the variable is 1 (0). 

 is a contemporaneous up-month indicator variable. If the CRSP VW index return 

is positive (negative) in month t, the variable is 1 (0). 

 is an ex-ante market volatility estimate for the next month. We use the standard 

deviation of the CRSP VW index return over the 50 days prior to month t. 

 

[Insert Table 6 About Here] 

 

The conditional CAPM in equation 7 examines the alpha and beta differences in bear 

markets versus other periods. For the TSMOM portfolio, the alpha difference between the bear 

periods and other periods, , is not significantly different from zero in any of the size quintile 

portfolios. The change in alphas driven by the bear periods are also insignificant for the size 

quintile 1 portfolio for the MA rule. However, the impact of the bear period significantly reduces 

the alphas of the medium and large size MA strategy portfolios.  

During the bear period, the betas have a statistically significantly decline across all size 

quintile portfolios for both TSMOM and MA rules, which indicates that the portfolio returns 

become less sensitive to the downside market movement. This implies the TSMOM and MA 

strategies tend to switch to the T-bill during bear periods. The coefficient ,  captures the 

sensitivity of the strategy return to changes in market direction. The significantly positive ,  
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suggests that the portfolio exposure increases with the contemporaneous positive market 

movement. This confirms the market timing ability of both TSMOM and MA strategies.  

Equation 8 examines the impact of market stress on the TSMOM and MA strategies.  

When the market volatility is high in bear periods, the estimated coefficients   in all 

size quintile portfolios are not statistically different from zero, so both TSMOM and MA are 

immune to the high market stress periods in bear markets.    

 

4. Additional Results 

 

4.1. Sub-Period Results 

 

We test the robustness of our claims, based on the full-sample Table 1 and 2 results, in 

different periods in Appendix 2. We consider two sub-periods. The most recent sub-period of 

1987 – 2013 is chosen to ensure we have an “out-of-sample” period that follows the 1887 – 1986 

period used by the important moving average technical analysis paper of Brock, Lakonishok, and 

LeBaron (1992).  Lakonishok and Smidt (1988) note that an effective tool to combat data mining 

bias is to use datasets different from those researchers use to first document the same 

anomalies.10  

The Panel A results show the correlations are large in both the early sub-period and the 

more recent one, but they are marginally larger in the earlier sub-period (average = 0.91) than the 

more recent period (average = 0.86). MA rules are profitable in both sub-periods. The alphas are 

consistently positive and statistically significantly different from zero in all but the large stock 

portfolio. The TSMOM alphas are statistically significant in the small and medium portfolios. 
                                                            
10 The international market results we generate also address this issue. 
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The lack of robust predictability for MA in the recent period for the large stocks is consistent 

with Olson’s (1999) finding that moving average trading rules are not profitable in the 1990s. 

MA alphas are larger than their TSMOM equivalents in both sub-periods. These differences are 

statistically significant for the first four portfolios in the 1965 – 1986 period and for the small 

portfolio in the 1987 – 2013 period. 

Henkel, Martin, and Nardari (2011), Dangl and Halling (2012), and Rapach, Strauss, and 

Zhou (2013) all find that predictability is stronger in recessions than expansions. Cooper, 

Gutierrez and Hameed (2004) find the cross-sectional momentum strategy is only profitable if 

the market has been going up over the previous 36 months. The MA and TSMOM rule results for 

these states, which we report in Appendix 3, are consistent with the core results. The correlation 

between MA and TSMOM rule returns are high in all states and the MA alphas are consistently 

larger than their TSMOM equivalents.  

 

4.2. International Results 

 

We repeat our core analysis for the ten international markets considered by Rapach, 

Strauss, and Zhou. (2013). These are Australia, Canada, France, Germany, Italy, Japan, the 

Netherlands, Sweden, Switzerland, and the UK. We also include the MSCI World excluding US 

index. The results are for the long-only strategy and a look-back period of 50 days. The Table 7 

Panel A results indicate the correlation between MA and TSMOM rule returns are large in each 

market. The correlations range from 0.81 in Australia to 0.91 in Sweden. Mean returns to MA 

rules are generally larger than those to TSMOM rules, which is also in accordance with the US 

results. MA and TSMOM rules perform the best in Sweden, Italy, and Australia and the worst in 



23 
 

Japan. The Sharpe ratio and Jensen alpha results are similar to the mean results in that they are 

higher for MA than TSMOM rules in the majority of countries. 

 

[Insert Table 7 About Here] 

 

Table 8 contains results which decompose return differences between MA and TSMOM 

rules for the MSCI World excluding US index. These results confirm those documented in Table 

2 for the US. The “Same” scenario, where both the MA and TSMOM rules are in the equity 

market or T-bills on the same day occurs in 9,227 out of a total of 10,697 days, or 86% of the 

time. “MA Early” is over five times more common than “TSMOM Early”, so while the average 

return on days when the MA rule is long the equity market first are lower than those when 

TSMOM is in the market first, the fact that “MA Early” occurs more frequently results in a 

return advantage to the MA rule. Similar to the US results, “MA Late” is far less common than 

“TSMOM late” and the returns on days when the TSMOM rule is long the equity market and the 

MA has exited are negative, which contributes to the higher relative MA returns. The “MA 

Only” and “TSMOM Only” results are also similar to their US equivalents in that the average 

daily equity returns are negative when one rule signals a long equity market position and the 

other does not. 

 

[Insert Table 8 About Here] 
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4.3. Short Position Results 

 

If MA and TSMOM rules are as effective at signalling declines in the equity market as 

they are at signalling equity market increases then entering short equity market positions 

following market declines rather than investing in T-bills should generate larger returns than 

those in our base tests. In other words, the gains from short positions in the long / short approach 

will exceed the returns from being in T-bills in the long-only approach. The Appendix 4 results 

show that both MA and TSMOM rules do typically generate larger returns when short positions 

are permitted. In particular, the scenarios where the largest returns are generated, such as the 10-

day look-back on the small portfolio, show a marked increase.  

The MA (TSMOM) monthly Jensen’s alpha increases from 1.52% (1.25%) in the long-

only 10-day look-back scenario to 2.92% (2.33%) in the long / short approach. Lower returns are 

generated by long / short rules for some longer look-back rules on larger stock portfolios. 

However, what is clear is that the relation between MA and TSMOM strategy returns for any 

given size portfolio and look-back period are very similar regardless of whether the long-only or 

long / short settings are used. MA rules consistently have larger returns, larger Sharpe ratios, and 

larger Jensen alphas than their TSMOM equivalents. The statistical significance of the Jensen 

alpha differences also shows the same pattern of being stronger for rules with shorter look-back 

periods on smaller portfolios. Although the results in Appendix 4 are more appealing than those 

in Table 1, short-selling constraints often limit the ability of investors to take short positions in 

reality (e.g., Barberis and Thaler (2002)).  
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4.4. Fixed Holding Period Results 

 

Another approach to implementing MA and TSMOM rules is to hold positions for a fixed 

period, ignoring any sell signals that occur before the end of this period. This period is the 

minimum holding period as a buy signal at the end of this period would result in the position 

being maintained. i.e., in reality, an individual would not sell a position one day and open a new 

position on that day. Rather, they would just keep their position open. Brock, Lakonishok, and 

LeBaron (1992) also test such a strategy, which they refer to as a “fixed-length moving average” 

approach, alongside the more flexible holding period approach we use for our base tests and did 

not find material differences between the two. We present results for a 50-day look-back period 

and a ten-day holding period in Appendix 5. These results are very similar to those in Table 1 in 

that the MA strategy consistently has higher returns, Sharpe ratios, and Jensen alphas than 

TSMOM.  

 

5. Conclusions 

 

Moving average trading rules and time-series momentum have developed as two separate 

parts of the return predictability literature. Moving averages rules generate a buy signal when the 

price moves above the average historical price over a defined number of days. Time-series 

momentum rules generate buy signals when the return over a past period is positive. This is 

distinct from cross-sectional momentum which generates buy signals based on the return of a 

security relative to the return of other securities.  
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We show moving average technical trading rules and time-series momentum rules are 

closely related. The returns generated by each method frequently have correlations that are in 

excess of 0.8. There are, however, important differences between the two. We document the 

relation between TSMOM and MA rules. TSMOM rule entry and exit signals are generated 

when a MA changes direction, which suggests that TSMOM rules tend to take longer than MA 

rules to give a buy or sell signal. After all, a price change is more likely to result in price moving 

above (below) the MA, which is required for a MA entry (exit) signal, than it is to cause a MA 

direction change, as required for a TSMOM signal.  

Our empirical results are consistent with this finding. MA rules are more likely to signal a 

buy signal sooner and exit long positions more quickly, which lead to larger returns on average. 

MA rules also tend to generate larger Sharpe ratios and larger Jensen alphas than their TSMOM 

equivalents. We find that both trading rules are most profitable on stocks other than largest 

quintile stocks. Previous studies have shown moving average rules are not profitable on equities 

since the mid-1980s. We show this result holds for the largest stocks but not for mid-

capitalization or small stocks. This may reconcile the puzzle of the continuing popularity of these 

rules with the investment community despite the lack of supportive evidence for these rules in 

studies using market indices dominated by large stocks. 

Unlike cross-sectional momentum, neither MA nor TSMOM strategies are particularly 

susceptible to crash risk. Both these rules exit long positions prior to sustained market 

downturns. MA rules are better at this than their TSMOM equivalents so there is no evidence 

that larger returns accruing to MA rules are compensation for higher crash risk.  
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Table 1 
Time-Series Momentum and Technical Analysis Performance and Comparison 
Look- Q1 (Small) Q2 Q3 Q4 Q5 (Large) 
back MA TSMOM MA TSMOM MA TSMOM MA TSMOM MA TSMOM 

Panel A: Correlations 

10 0.91 0.86 0.85 0.85 0.78 
50 0.90 0.87 0.90 0.88 0.85 
100 0.91 0.89 0.88 0.86 0.89 
200 0.88 0.85 0.83 0.87 0.88 

Panel B: Mean Returns 

10 2.31*** 2.05*** 1.95*** 1.62*** 1.86*** 1.45*** 1.64*** 1.26*** 0.88*** 0.62*** 
50 1.93*** 1.50*** 1.63*** 1.23*** 1.45*** 1.22*** 1.30*** 1.10*** 0.80 0.72 
100 1.60*** 1.27*** 1.35*** 1.09*** 1.26* 1.15* 1.15 1.11 0.80 0.85 
200 1.36*** 1.08*** 1.17* 1.01* 1.10 1.04 1.11* 0.98* 0.90 0.85 

Panel C: Sharpe Ratios 

10 0.46*** 0.40*** 0.40*** 0.31*** 0.42*** 0.29*** 0.37*** 0.25*** 0.16*** 0.07*** 
50 0.37*** 0.25*** 0.31*** 0.21*** 0.29*** 0.22*** 0.26*** 0.20*** 0.13* 0.10* 
100 0.28*** 0.19*** 0.23*** 0.16*** 0.23* 0.19* 0.21 0.19 0.13 0.14 
200 0.21*** 0.14*** 0.18** 0.13** 0.18 0.15 0.19** 0.15** 0.15 0.12 

Panel D: Jensen Alphas 

10 1.52*** 1.25*** 1.21*** 0.87*** 1.17*** 0.73*** 0.98*** 0.57*** 0.29*** 0.02*** 
50 1.14*** 0.61*** 0.87*** 0.37*** 0.70*** 0.43*** 0.58*** 0.30*** 0.18* 0.03* 
100 0.73*** 0.27*** 0.51*** 0.16*** 0.48*** 0.25*** 0.39* 0.24* 0.12 0.12 
200 0.32*** -0.09*** 0.20*** -0.11*** 0.16* -0.05 0.23** -0.01** 0.12 -0.01 

Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period. Panel A contains 
monthly correlations of the returns produced by the long-only TSMOM and MA strategies for the four 
look-back periods (ranging from 10 days to 200 days). The mean and Sharpe ratios of monthly returns 
are in Panels B and C respectively. Panel D contains monthly alphas based on the four-factor model. 
Statistical significant means, Sharpe ratios, and alphas at the 10% level or more are in bold. *, **, and 
*** denote MA and TSMOM denote means, Sharpe Ratios, and alphas that statistically significantly 
different to the equivalent MA or TSMOM metric at the 10%, 5%, and 1% level respectively.  
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Table 2 
Time-Series Momentum and Technical Analysis Difference Decomposition 

Scenario Same 
MA 

Early 
TSMOM 

Early 
MA 
Late 

TSMOM 
Late 

MA 
Only 

TSMOM 
Only 

Panel A: Q1 (Small) 

Number of Instances 1,003 284 33 85 414 122 60 
Number of Days 11,114 586 45 109 708 197 79 
Proportion of Daily Deviations 34% 3% 6% 41% 11% 5% 
Average Return 0.06% 0.42% 0.61% -0.19% -0.11% -0.70% -0.40% 

Panel B: Q2 

Number of Instances 1,088 291 39 104 466 124 59 
Number of Days 10,951 597 51 141 797 226 75 
Proportion of Daily Deviations 32% 3% 7% 42% 12% 4% 
Average Return 0.06% 0.51% 0.69% -0.10% -0.14% -0.80% -0.49% 

Panel C: Q3 

Number of Instances 1,114 299 39 99 499 117 55 
Number of Days 10,878 604 47 135 890 205 79 
Proportion of Daily Deviations 31% 2% 7% 45% 10% 4% 
Average Return 0.05% 0.49% 0.78% 0.15% -0.11% -0.75% -0.37% 

Panel D: Q4 

Number of Instances 1,131 308 40 98 501 118 60 
Number of Days 10,855 603 52 133 894 220 81 
Proportion of Daily Deviations 30% 3% 7% 45% 11% 4% 
Average Return 0.05% 0.51% 0.87% 0.04% -0.12% -0.72% -0.33% 

Panel E: Q5 (Large) 

Number of Instances 1,255 301 45 131 543 140 89 
Number of Days 10,782 558 61 170 913 226 128 
Proportion of Daily Deviations 27% 3% 8% 44% 11% 6% 
Average Return 0.04% 0.51% 0.93% 0.08% -0.06% -0.79% -0.40% 
  

Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period. The MA and 
TSMOM strategies involve a look-back period of 50 days and investing in the equity market (T-bill) 
following a buy (sell) signal. Scenario “Same” is when both MA and TSMOM rules are long the equity 
market or T-bill at the same time. Scenario “MA Early” (“TSMOM Early”) is periods when MA 
(TSMOM) rules signal long positions first and TSMOM (MA) rule long position signals follow. 
Scenario “MA Late” (“TSMOM Late”) is when MA (TSMOM) rules are in the market last following a 
period when both MA and TSMOM rules have signalled long positions. Scenario “MA Only” 
(“TSMOM Only”) is periods when MA (TSMOM) rules have signalled long market positions and 
TSMOM (MA) rules have not. “Number of Instances” and “Number of Days” are the number of 
occasions that each scenario occurs and the total number of days of each scenario. The “Proportion of 
Daily Returns” is percentage of total days across scenarios 1-6 that each scenario represents. The 
“Average Return” is the average daily return (as a percentage) across the days in each scenario. 
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Table 3 
Breakeven Transaction Costs 

Q1 Q2 Q3 Q4 Q5 

Panel A: Breakeven Transaction Costs - MA 

10 80 50 46 35 1 

50 170 92 55 36 -8 

100 147 46 26 17 -10 

200 92 -5 -17 11 15 

Panel B: Breakeven Transaction Costs - TSMOM 

10 80 36 25 14 -16 

50 91 10 16 5 -20 

100 37 -29 -1 8 -1 

200 -72 -118 -66 -56 -4 

Panel C: Holding Periods - MA 

10 8 8 8 7 6 

50 27 24 22 19 16 

100 41 33 29 30 24 

200 60 47 40 45 44 

Panel D: Holding Periods - TSMOM 

10 11 10 10 9 8 

50 34 26 27 25 18 

100 46 39 39 36 29 

200 86 83 70 68 62 

Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period. Panel A and B 
contain one-way breakeven transaction costs which reduce returns to those of the buy-and-hold 
strategy. Panel C and D show the average number of days each position is held for.  
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Table 4 
Worst Month Performance 

Panel A: Rank by MA 
Date Q1 (Small)  Q3 

(YYYYMM) MA TSMOM BH Date MA TSMOM BH 
         

200003 -8.77% -9.60% -10.51% 200003 -8.77% -9.60% -10.51% 
197010 -7.47% -7.83% -7.96% 197010 -7.47% -7.83% -7.96% 
200809 -7.18% -10.15% -8.33% 200809 -7.18% -10.15% -8.33% 
201005 -7.10% -12.04% -8.34% 201005 -7.10% -12.04% -8.34% 
200804 -6.56% 0.11% 1.76% 200804 -6.56% 0.11% 1.76% 
200903 -6.06% 0.02% 9.94% 200903 -6.06% 0.02% 9.94% 
197308 -6.04% -6.26% -5.57% 197308 -6.04% -6.26% -5.57% 
200501 -5.95% -3.90% -4.07% 200501 -5.95% -3.90% -4.07% 
201308 -5.68% -2.78% -2.83% 201308 -5.68% -2.78% -2.83% 
199710 -5.58% -2.99% -3.09% 199710 -5.58% -2.99% -3.09% 

Panel B: Rank by TSMOM 
Date Q1 (Small)  Q3 

(YYYYMM) MA TSMOM BH Date MA TSMOM BH 
         

200004 0.46% -14.02% -15.23% 200004 0.46% -14.02% -15.23% 
201005 -7.10% -12.04% -8.34% 201005 -7.10% -12.04% -8.34% 
198003 -1.89% -10.90% -18.74% 198003 -1.89% -10.90% -18.74% 
200809 -7.18% -10.15% -8.33% 200809 -7.18% -10.15% -8.33% 
200003 -8.77% -9.60% -10.51% 200003 -8.77% -9.60% -10.51% 
201111 -5.00% -8.65% -1.48% 201111 -5.00% -8.65% -1.48% 
200910 -2.55% -8.33% -8.42% 200910 -2.55% -8.33% -8.42% 
200806 -4.43% -7.92% -8.50% 200806 -4.43% -7.92% -8.50% 
197010 -7.47% -7.83% -7.96% 197010 -7.47% -7.83% -7.96% 
197910 -2.67% -7.22% -10.59% 197910 -2.67% -7.22% -10.59% 

Panel C: Rank by BH 
Date Q1 (Small)  Q3 

(YYYYMM) MA TSMOM BH Date MA TSMOM BH 
         

198710 -0.27% -0.51% -29.62% 198710 -0.27% -0.51% -29.62% 
199808 0.42% 0.42% -21.81% 199808 0.42% 0.42% -21.81% 
197810 -1.92% -5.27% -20.82% 197810 -1.92% -5.27% -20.82% 
200810 0.09% 0.09% -20.22% 200810 0.09% 0.09% -20.22% 
197311 -2.18% -6.81% -19.19% 197311 -2.18% -6.81% -19.19% 
198003 -1.89% -10.90% -18.74% 198003 -1.89% -10.90% -18.74% 
197004 0.51% 0.51% -18.10% 197004 0.51% 0.51% -18.10% 
200004 0.46% -14.02% -15.23% 200004 0.46% -14.02% -15.23% 
200207 0.15% 0.15% -14.61% 200207 0.15% 0.15% -14.61% 
196906 -1.50% -2.55% -13.53% 196906 -1.50% -2.55% -13.53% 

         
Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period. The MA and 
TSMOM strategies involve a look-back period of 50 days and investing in the equity market (T-bill) 
following a buy (sell) signal. Panel A contains the lowest ten monthly returns for the TSMOM strategy 
and the corresponding MA strategy and buy-and-hold returns. Panel B contains the lowest monthly 
returns for the MA strategy and the corresponding TSMOM rule and buy-and-hold returns. The lowest 
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ten monthly buy-and-hold returns and corresponding TSMOM and MA rule returns are in Panel C. 
Each part of the analysis is conducted separately for the small and middle stock portfolios.  
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Table 5 
Higher Moment Risks 

Max Min Mean SD Skewness Kurtosis 

       

RM-RF 0.161 -0.232 0.005 0.045 -0.517 4.769 

SMB 0.220 -0.164 0.003 0.031 0.515 8.345 

HML 0.139 -0.127 0.004 0.029 0.005 5.470 

UMD 0.184 -0.347 0.007 0.043 -1.404 13.664 

MA1 - RF 0.251 -0.092 0.015 0.041 1.160 5.978 

MA2 - RF 0.173 -0.178 0.012 0.039 0.511 5.140 

MA3 - RF 0.164 -0.147 0.010 0.036 0.438 4.641 

MA4 - RF 0.159 -0.130 0.009 0.034 0.575 4.427 

MA5 - RF 0.109 -0.130 0.004 0.030 0.366 4.354 

TSMOM1 - RF 0.251 -0.145 0.011 0.042 0.738 6.076 

TSMOM2 - RF 0.173 -0.112 0.008 0.039 0.468 4.290 

TSMOM3 - RF 0.157 -0.136 0.008 0.037 0.229 4.263 

TSMOM4 - RF 0.144 -0.154 0.007 0.035 0.242 4.584 

TSMOM5 - RF 0.126 -0.118 0.003 0.031 0.097 4.595 

       
Fama and French factor data are from Ken French’s website. Other data are CRSP quintile value-
weighted size portfolios for the 1963 – 2013 period.  
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Table 6 
Crash Risk 

Market Timing Market Stress 
MA TSMOM  MA TSMOM 

Panel A: Q1 (Small) 
      

α0 0.011*** 0.008*** γ0 0.026*** 0.029*** 
αB -0.002 -0.002* γB 0.011 0.002 
β0 0.502*** 0.530***   
βB -0.214** -0.164**   
βB,U 0.411** 0.208***   

 γsd -0.004*** -0.005*** 
 γhighstress 0.001 0.002 

Adjusted R2 0.317 0.294 0.041 0.055 
  

Panel B: Q2 
      
α0 0.008*** 0.005*** γ0 0.022*** 0.024*** 
αB -0.007* -0.005 γB 0.016** 0.006 
β0 0.527*** 0.584***   
βB -0.238** -0.271**   
βB,U 0.537*** 0.333*   

γsd -0.003*** -0.005*** 
γhighstress -0.001 0.001 

Adjusted R2 0.409 0.406 0.050 0.062 
  

Panel C: Q3 
      
α0 0.007*** 0.005*** γ0 0.020*** 0.022*** 
αB -0.009*** -0.007** γB 0.015** 0.007** 
β0 0.539*** 0.580***   
βB -0.268*** -0.307***   
βB,U 0.541*** 0.436***   

γsd -0.003*** -0.004*** 
γhighstress -0.001 0.001** 

Adjusted R2 0.481 0.466 0.054 0.057 
  

Panel D: Q4 
      
α0 0.005*** 0.003*** γ0 0.019*** 0.022*** 
αB -0.012*** -0.004 γB 0.010 0.004 
β0 0.542*** 0.593***   
βB -0.386*** -0.318***   
βB,U 0.723*** 0.371**   

γsd -0.003*** -0.005*** 
γhighstress 0.000 0.002 

Adjusted R2 0.544 0.508 0.046 0.070 
  

Panel E: Q5 (Large) 
      
α0 0.000 -0.001 γ0 0.014*** 0.018*** 
αB -0.011*** -0.003 γB 0.002 -0.003 
β0 0.515*** 0.608***   
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βB -0.445*** -0.483***   
βB,U 0.646*** 0.377**   

γsd -0.003*** -0.005*** 
γhighstress 0.001 0.003 

Adjusted R2 0.548 0.564 0.042 0.070 
      

Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period. The MA and 
TSMOM strategies involve a look-back period of 50 days and investing in the equity market (T-bill) 
following a buy (sell) signal. The equation specifications are as per Daniel and Moskowitz (2011). 
Statistical significance at the 10%, 5%, and 1% level (based on Newey and West (1987) standard 
errors) are denoted by *, **, and *** respectively. 
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Table 7 
International Evidence 

Australia  Canada France Germany Italy Japan Netherlands Sweden Switzerland UK 
MSCI World 

x US 
 

Panel A: Correlations 
 

Return 0.81 0.86 0.85 0.86 0.88 0.85 0.84 0.91 0.83 0.87 0.86 
Holding Period 0.71 0.84 0.82 0.84 0.83 0.82 0.82 0.86 0.80 0.86 0.82 

 
Panel B: Mean Returns 

 
MA 1.10***  1.01* 1.05** 0.89** 1.36** 0.93 0.66 1.59*** 0.78* 0.85 1.11 
TSMOM 0.87***  0.87* 0.83** 0.71** 1.09** 0.78 0.68 1.33*** 0.64* 0.79 1.03 

 
Panel C: Sharpe Ratios 

 
MA 0.32**  0.31** 0.26** 0.24** 0.27** 0.26** 0.18 0.34*** 0.25** 0.21 0.41 
TSMOM 0.23**  0.26** 0.20** 0.19** 0.21** 0.20** 0.18 0.28*** 0.19** 0.21 0.38 
             

Panel D: Jensen Alphas 
 

MA 0.79**  0.69 0.68** 0.60** 0.95** 0.67 0.36 0.96*** 0.51* 0.45 0.78 
TSMOM 0.51**  0.56 0.45** 0.43** 0.67** 0.52 0.35 0.70*** 0.35* 0.42 0.70 
             

International results are calculated for the countries studied by Rapach, Strauss, and Zhou. (2013). Equity data are obtained from 
Thomson Reuters Datastream. T-Bill Data are from Global Financial Data. The data covers the 1973 – 2013 period. Returns are in 
local currency. The results are for the long-only strategy and a look-back period of 50 days. Statistical significant means, Sharpe 
ratios, and alphas at the 10% level or more are in bold. *, **, and *** denote MA and TSMOM denote means, Sharpe Ratios, and 
alphas that statistically significantly different to the equivalent MA or TSMOM metric at the 10%, 5%, and 1% level respectively.  
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Table 8 
International Time-Series Momentum and Technical Analysis Difference Decomposition 

Scenario Same 
MA 

Early 
TSMOM 

Early 
MA 
Late 

TSMOM 
Late 

MA 
Only 

TSMOM 
Only 

Number of Instances 421 59 27 64 155 66 44 
Number of Days 9,227 324 57 163 574 233 119 
Proportion of Daily Deviations  22% 4% 11% 39% 16% 8% 
Average Return 0.04% 0.31% 0.62% -0.04% -0.07% -0.35% -0.22% 

This is as per Table 2. MSCI World (Excluding U.S.) equity data are obtained from Thomson Reuters 
Datastream. T-Bill Data are from Global Financial Data. The data covers the 1973 – 2013 period. 
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Figure 1 
S&P 500 Index - 200-day Moving Average Trading Rule 

   

Figure 1b: S&P 500 Index - 200-day Time Series Momentum Trading Rule 
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Appendix 1 
Combining Time-Series Momentum and Technical Analysis  
Look-back Q1 (Small) Q2 Q3 Q4 Q5 (Large) 

Panel A: Holding Periods 

10 10 8 8 8 7 
50 28 23 23 21 16 
100 43 36 34 30 25 
200 65 48 42 47 46 
      

Panel B: Mean Returns  

10 2.21 1.80 1.61 1.42 0.72 
50 1.66 1.37 1.32 1.19 0.73 
100 1.45 1.25 1.23 1.13 0.82 
200 1.18 1.06 1.02 1.04 0.85 

Panel C: Sharpe Ratios 

10 0.47 0.40 0.38 0.33 0.12 
50 0.32 0.27 0.27 0.25 0.11 
100 0.26 0.22 0.24 0.22 0.14 
200 0.18 0.16 0.17 0.18 0.14 

Panel D: Jensen’s Alphas 
      
10 1.45 1.10 0.91 0.76 0.15 
50 0.85 0.61 0.61 0.47 0.11 
100 0.56 0.42 0.44 0.35 0.16 
200 0.16 0.10 0.10 0.17 0.07 
      

The results are as per Table 1, except that buy and sell signals are only implemented when both MA 
and TSMOM rules are in agreement. Statistical significance at the 10% level or better (based on Newey 
and West (1987) standard errors) is denoted by bold numbers. 
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Appendix 2 
Performance and Comparison by Period 

Panel A: Correlations 
1965 - 1986  1987 - 2013  

     
Q1 (Small) 0.93  0.87  
Q2 0.91  0.84  
Q3 0.92  0.88  
Q4 0.91  0.87  
Q5 (Large) 0.87  0.84  

Panel B: Jensen Alphas by Time Period 
MA MA TSMOM TSMOM MA v TSMOM p-values 

1965 - 1986 1987 - 2013 1965 - 1986 1987 - 2013 1965 - 1986 1987-2013 

Q1 (Small) 1.34# 0.99# 0.68 0.54 0.00 0.00 
Q2 1.23# 0.62# 0.57# 0.23# 0.00 0.00 
Q3 1.06# 0.45# 0.56 0.34 0.00 0.34 
Q4 0.89# 0.39# 0.47 0.22 0.00 0.05 
Q5 (Large) 0.35# 0.07# 0.06 0.01 0.04 0.63 

Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period from Ken French’s 
website. The MA and TSMOM strategies involve a look-back period of 50 days and investing in the 
equity market (T-bill) following a buy (sell) signal. Panel A contains return correlations by sub-period. 
Monthly alphas, based on the four-factor model, are in Panel B. Statistical significant alphas at the 10% 
level or more are in bold. p-values from a test of the statistical significance of the differences in MA 
and TSMOM alphas are also provided. We also run a t-test to determine whether the difference in MA 
(TSMOM) alphas between the two sub-periods are statistically significant. Those that are (at the 10% 
level or stronger) are denoted by a #. 
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Appendix 3 
Performance and Comparison by Economic and Market State 

Panel A: Correlations 
Recession Expansion  36 Month Up 36 Month Down  

     
Q1 (Small) 0.82 0.92  0.91 0.88  
Q2 0.81 0.89  0.89 0.83  
Q3 0.90 0.90  0.90 0.90  
Q4 0.86 0.89  0.89 0.89  
Q5 (Large) 0.76 0.87  0.86 0.82  

Panel B: Jensen Alphas by Business Cycle 
Recession Expansion MA v TSMOM p-values 

MA  TSMOM  MA  TSMOM  Recession Expansion 

Q1 (Small) 1.45*** 0.50 1.09*** 0.63***             0.00              0.00  
Q2 1.30*** 0.64* 0.80*** 0.32***             0.00              0.00  
Q3 1.14*** 0.85*** 0.62*** 0.36***             0.26              0.00  
Q4 1.16*** 0.79*** 0.48*** 0.21*             0.08              0.00  
Q5 (Large) 0.79*** 0.62** 0.07 -0.08             0.48              0.07  

Panel C: Jensen Alphas by Up and Down Markets 
Previous 36 Month Up Previous 36 Month Down MA v TSMOM p-values 

MA  TSMOM  MA  TSMOM  36 Month Up 36 Month Down 

Q1 (Small) 1.54*** 0.83*** 1.03*** 0.54***             0.00              0.00  
Q2 0.93*** 0.48** 0.86*** 0.34***             0.03              0.00  
Q3 0.81*** 0.68*** 0.67*** 0.36***             0.52              0.00  
Q4 0.86*** 0.79*** 0.50*** 0.16             0.69              0.00  
Q5 (Large) 0.61*** 0.53** 0.06 -0.12             0.60              0.07  

Data are CRSP quintile value-weighted size portfolios for the 1963 – 2013 period from Ken French’s 
website. The MA and TSMOM strategies involve a look-back period of 50 days and investing in the 
equity market (T-bill) following a buy (sell) signal. Panel A contains return correlations NBER 
business cycle and market return over the prior 36 months. Monthly alphas, based on the four-factor 
model, are in Panels B and C. Statistical significance at the 10%, 5%, and 1% level (based on Newey 
and West (1987) standard errors) are denoted by *, **, and *** respectively. p-values from a test of the 
statistical significance of the differences in MA and TSMOM alphas are also provided.  
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Appendix 4 
Long / Short Time-Series Momentum and Technical Analysis Robustness 
Look- Q1 (Small) Q2 Q3 Q4 Q5 (Large) 
back MA TSMOM MA TSMOM MA TSMOM MA TSMOM MA TSMOM 

Panel A: Correlations 

10 0.80 0.71 0.68 0.67 0.56 
50 0.78 0.74 0.78 0.76 0.69 
100 0.79 0.77 0.75 0.70 0.76 
200 0.71 0.67 0.64 0.72 0.75 

Panel B: Mean Returns 

10 3.21 2.67 2.45 1.77 2.28 1.45 1.88 1.11 0.50 -0.01 
50 2.44 1.60 1.82 1.02 1.48 1.02 1.22 0.84 0.39 0.25 
100 1.80 1.16 1.27 0.78 1.11 0.90 0.95 0.88 0.43 0.55 
200 1.35 0.83 0.97 0.68 0.85 0.76 0.92 0.69 0.67 0.61 

Panel C: Sharpe Ratios 

10 0.51 0.44 0.38 0.27 0.40 0.22 0.32 0.15 0.02 -0.10 
50 0.37 0.21 0.26 0.11 0.21 0.12 0.17 0.09 -0.01 -0.04 
100 0.25 0.13 0.15 0.07 0.14 0.10 0.11 0.09 0.00 0.03 
200 0.16 0.07 0.10 0.04 0.08 0.06 0.11 0.05 0.06 0.04 

Panel D: Jensen's Alphas 

10 2.92*** 2.33*** 2.16*** 1.44*** 2.00*** 1.11*** 1.56*** 0.74*** 0.12*** -0.42*** 
50 2.13*** 1.07*** 1.49*** 0.49*** 1.08*** 0.53*** 0.79*** 0.24*** -0.07* -0.35* 
100 1.31*** 0.42*** 0.76*** 0.10*** 0.63** 0.19** 0.44 0.14 -0.15 -0.13 
200 0.53*** -0.25*** 0.21** -0.40** 0.05 -0.33 0.16** -0.27** -0.11 -0.30 

The results are as per Table 1, except that short equity market positions are entered following sell 
signals. Statistical significant (based on Newey and West (1987) standard errors) alphas at the 10% 
level or more are in bold. *, **, and *** denote MA and TSMOM denote alphas that statistically 
significantly different at the 10%, 5%, and 1% level respectively.  
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Appendix 5 
50-Day Look-Back Period and Ten-Day Minimum Holding Periods 

Q1 (Small) Q2 Q3 Q4 Q5 (Large) 
MA TSMOM MA TSMOM MA TSMOM MA TSMOM MA TSMOM 

Correlations 0.75 0.71 0.68 0.67 0.65 
Mean Returns 2.08 1.23 1.63 0.85 1.09 0.88 0.89 0.70 0.45 0.42 
Sharpe Ratio 0.31 0.14 0.23 0.08 0.13 0.09 0.10 0.06 0.01 0.00 
Jensen’s Alpha 1.46*** 0.43 1.09*** 0.10 0.54** 0.18 0.31 -0.01 -0.11 -0.25 

The results are as per Table 1, except that long equity market positions are held for a minimum of ten days regardless of whether there 
is a sell signal during this time or not. If there is still a buy signal after the ten day period the position is maintained. Statistical 
significant (based on Newey and West (1987) standard errors) alphas at the 10% level or more are in bold. *, **, and *** denote MA 
and TSMOM denote alphas that statistically significantly different at the 10%, 5%, and 1% level respectively.  
 


