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Abstract 

 

Recent evidence suggests time-series (TS) momentum strategies outperform traditional cross-

section (CS) momentum strategies. We show that the TS strategy is effectively a combination of 

a zero-net investment long/short strategy and a time-varying net-long investment in the equal 

weighted index, while the CS strategy is a zero-net investment long/short strategy. Empirically, 

the zero-net investment part of the TS portfolio and the CS portfolio earn about equal returns 

indicating that their stock selection abilities are similar. The performances of these strategies 

differs because of the time-varying market investment portion of the TS strategy, which we 

further break down into risk premium and market timing components. Among TS and CS 

strategies on financial ratios, stocks selected by the TS approach perform better for profitability 

ratios but worse for book-to-market ratio. 
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Much of the literature that examines return predictability based on past returns uses cross-

sectional (CS) tests. For example, Jegadeesh and Titman (1993) rank the cross-section of stocks 

each month based on their return over the past six months and form decile portfolios each month. 

DeBondt and Thaler (1985) and Jegadeesh (1990) sort stocks at selected points in time based on 

past returns and find evidence of returns reversals. Numerous other studies also use such CS tests 

to examine stock return predictability based on stock characteristics such as size and book-to-

market ratios. Almost all of these studies use the cross-sectional ranking for portfolio formation. 

Recently, Moskowitz, Ooi, and Pedersen (2012, MOP henceforth) report that a time-series 

(TS) momentum strategy with multiple asset classes is significantly more profitable. The TS 

strategy takes a long or short position on an asset by only looking back at its own performance 

during the ranking period, and not based on its relative rank across a cross-section. Asness, 

Moskowitz, and Pedersen (2013) report that CS strategies, using the same set of assets as MOP, 

are also profitable. Asness, Moskowitz, and Pedersen also note that MOP’s TS strategy is a 

different phenomenon, separate from the CS momentum strategies that they examine.  

MOP present multiple comparisons of TS and CS to evaluate their relative performance. 

In one test, MOP regress the excess returns of one strategy against the other. They find that 

alphas are significantly positive when the TS strategy excess returns are regressed against the CS 

strategy excess returns but insignificant when regressed the other way around. Therefore, MOP 

conclude that TS momentum is not fully captured by CS momentum but it is able to fully explain 

CS momentum across all assets. 

The strong performance of the TS strategies has a number of economic implications. For 

instance, MOP state that TS strategies capture a significant feature of asset price behavior that 

can help us understand several economic phenomena. In that spirit, MOP recommend that a 

factor based on TS strategies be included in multifactor asset pricing models and suggest that this 

factor, TSMOM, can help explain existing asset pricing phenomena, such as CS momentum 

premiums. He and Li (2015) also echo this view. Koijen, Moskowitz, Pedersen, and Vrugt (2015) 

follow this recommendation and use the TSMOM factor in their analysis of carry strategies. 

This paper examines the performance of TS strategies for individual stocks. Much of the 

return predictability literature focuses on individual stocks but the recent TS tests use a sample of 

asset classes such as stock indices, bond indices, currencies, and commodities. The TS approach 
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potentially has much broader implications if it generalizes to individual stocks as well.
1
 For 

example, if TS strategies with individual stocks perform similarly as that to what MOP (2012) 

find for asset classes, then we may want to consider including TSMOM in multifactor asset 

pricing models. Also, MOP argue that many prominent behavioral and rational asset pricing 

theories have direct implications for TS, rather than CS, predictability. Behavioral biases are 

more likely to affect the trading behavior of individual investors than institutional investors, and 

the individual investors tend to trade stocks more than the asset classes examined by MOP. 

Therefore, the large return predictability literature that uses individual stocks can benefit from an 

analysis of TS predictability. 

MOP’s findings may also have implications beyond predictability tests that use past 

returns as signals. The evidence in MOP suggest that changing the threshold for assigning stocks 

to Buy and Sell portfolios from ranking period cross-sectional average returns as in the CS 

approach to a fixed zero excess return threshold as in the TS approach can have a big effect on 

portfolio performance. The predictability literature with individual stocks use a number of other 

predictor variable besides past returns and we may see similar benefits for these variables as well.  

Our first set of tests examines TS strategies with individual U.S. stocks. We use an 

approach similar to that in MOP and take long and short positions in each stock based on their 

past excess returns over horizons ranging from one to 60 months. For example, when we use a 

one-month ranking period, we take long positions in all stocks with positive excess returns over 

the previous month and short positions in other stocks. We evaluate the performance of this 

strategy and compare it with a CS strategy that takes long positions in stocks that have returns 

greater than the cross-sectional average and short positions otherwise. 

We find striking differences between the results for the TS strategies and the 

corresponding CS strategies. For example, a CS strategy that ranks stocks based on past one-

month return and holds it for one month (we will refer to this strategy as the 1x1 strategy; more 

generally, the first number is the ranking period, and the second number is the holding period) 

earns an annualized return of −5.09%. In contrast, the 1x1 TS strategy earns positive excess 

returns of 4.02%. Similarly, the 60x60 CS strategy earns significantly negative annualized returns 

of −2.08%, but the TS strategy earns significantly positive excess returns of 7.50%. For the 6x6 

                                                           
1
 Empirical regularities documented for indexes and asset classes need not carry over to individual stocks and vice-

versa because indexes diversify away firm-specific returns. 
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strategy, both CS and TS strategies earn significantly positive excess returns. 

To further evaluate the relative performance of TS and CS strategies, we implement a set 

of the tests proposed by MOP (2012). Specifically, we regress CS excess returns against TS 

excess returns, and vice versa, and test whether the alphas in these regressions are different from 

zero. We find that when we regress CS profits against TS profits, the alpha is significantly 

negative for short and long ranking periods. In contrast, the alphas are significantly positive when 

we regress TS profits against CS profits. 

Overall, our results for individual stocks are consistent with those for asset classes in 

MOP. To derive additional economic insights from the performance of TS strategies, we need to 

understand the sources of differences in the performance of TS and CS strategies. As we 

discussed earlier, a key difference between TS and CS strategies pertains to the threshold for 

taking long or short positions in an asset; zero excess returns in the case of TS and cross-sectional 

average returns in the case of CS. This difference in threshold could have a big impact on the 

composition of the long and short portfolios, particularly when the average ranking period return 

is large in magnitude. For example, if the ranking period cross-sectional average return were 

30%, a number of stocks with positive excess returns would be on the short side in a CS strategy 

but on the long side in the TS strategy. We can think of such differences as being due to 

stock/asset selection criterion. 

We show that there are two additional differences between TS and CS strategies due to (i) 

risk premium and (ii) market timing. The TS strategy takes the same dollar position in each risky 

asset, long if the past excess return is positive and short otherwise. If more than half the assets 

have positive past excess returns in any given month, the portfolio for that month would have a 

net long position in risky assets and net short position otherwise.
2
 If the average premium earned 

by risky assets is positive over the sample period, then the TS strategy takes an average net long 

active position. In contrast, the CS strategy takes a zero net active position because it invests 

equal amounts in long and short positions each period. Therefore, the net non-zero active 

investment taken by the TS strategy earns the corresponding risk premium relative to the CS 

                                                           
2
 Because we consider excess returns in our portfolio strategies, we implicitly borrow any investment in the risky 

assets at the riskfree rate and we invest all proceeds from short positions in the riskfree asset. Therefore, each leg of 

the strategy is a net zero-dollar position. However, the net position in the risky assets is in general non-zero for the 

TS strategy because the number of long stocks and short stocks are not equal. We will refer to net non-zero positions 

in risky assets as “net long” positions. 
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strategy. We show that this component is equal the return earned by investing the average net 

long position in the equal-weighted index of all assets over the entire sample period. 

A market timing component is also inherent in the TS strategy. Generally, the difference 

between the number of assets with positive and negative past excess returns is larger after an up 

market than after a down market. So the TS strategy takes a larger net long position in the risky 

assets following up markets than that in down markets and, therefore, inherently times the 

market. We show that market timing component equals the covariance between the net long 

position taken during a particular ranking period and the equal-weighted index return during the 

holding period. The sign of this component is, in general, the same as that of the correlation 

between equal-weighted index return during the ranking period and the holding period, and it 

equals zero if the equal-weighted return is unpredictable. We show that this component can be 

earned by investing the net long active position in each period in the equal-weighted index rather 

than in any of the constituent stocks. 

The asset selection component is a measure of how well the TS strategies identify 

individual assets that are future winners and losers relative to CS strategies. In contrast, the risk 

premium and market timing components pertain to the time-series behavior of the equal-weighted 

index and, therefore, are not related to the relative performance of individual stocks. 

Intuitively, the TS strategy forms portfolios that are a sum of a net-zero investment 

strategy plus a time-varying net long market portfolio. In contrast, the CS strategy is always 

forms a net-zero investment portfolio. Empirically, the net-zero investment part of the TS 

portfolio performs about the same as the CS portfolio although their compositions are not 

identical. The source of the performance difference between TS and CS is the time-varying 

market investment portion of the TS strategy, which we further break down into risk premium 

and market timing components. These findings shed new light on the relative performance of TS 

and CS strategies, and they have important economic implications that we discuss later.   

We also examine the sources of differences between TS and CS strategies with a sample 

of international assets classes ‒ equity and bond indexes, commodities, and currencies. We find 

that the excess returns for TS and CS strategies are significantly different only when we 

separately consider bond indexes and equity indexes, and not when we pool all assets or 

separately consider commodities and currencies. For both equity and bond indexes, the 
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differences are again mostly due to the risk premium and market timing components and not due 

to the asset selection component. 

Finally, we compare TS and CS strategies using financial ratios of individual U.S. stocks 

as predictor variables. The financial ratio-sorted CS portfolio returns are commonly used as 

factors in multifactor asset pricing models, such as the Fama and French three-factor (1993) and 

five-factor (2015) models, and the q-factor model of Hou, Xue, and Zhang (2015). For instance, 

the Fama and French HML factor is constructed using the book-to-market sorted CS portfolios. 

Therefore, as with TSMOM, a time-series book-to-market portfolio may be a more useful 

addition to asset pricing models than the traditional HML factor. 

The ratios that we consider are book/market, gross profit/assets, asset growth, and 

accruals/assets. The TS book/market strategy is profitable only because of the market timing and 

risk premium components, but the CS book/market strategy profits from stock selection. The TS 

strategy with asset growth is not profitable after accounting for the risk premium component. The 

stock selections components of the TS and CS strategies perform similarly with accruals/assets. 

When we use gross profit/assets as the predictor variable, the TS strategy is better at stock 

selection than the CS strategy. 

Our analysis of the sources of differences between TS and CS strategies leads to many 

economic insights. First, we show that a TS momentum factor is really a three-in-one factor. The 

first two components (risk premium and market timing) of such a factor are redundant in usual 

asset pricing models. The performance of the remaining component (related to a zero net-cost 

time-series strategy) is similar to that of a CS factor. Therefore, factors based on the TS approach 

are unlikely to be incrementally useful in multifactor asset pricing models that already include 

factors based on the CS approach. Second, we show that the practice of using alphas from a 

regression of one strategy on another, to check whether one strategy subsumes the other, should 

appropriately adjust for difference in risk to draw reliable inferences; the inherent risk differences 

between TS and CS strategies have been overlooked in the literature in the context of cross-

strategy regressions. Third, we clarify some of the misunderstanding in the literature. For 

instance, MOP (2012) compare Lo and MacKinlay (1990, LM henceforth)-type TS and CS 

portfolios to identify the properties of returns that contribute to their returns and “what features 
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are common and unique to the two strategies.”
3
 We show that the LM-type TS strategy is 

mathematically equal to the corresponding CS strategy plus a time-varying investment in the 

equal-weighted market index. Therefore, the differences between these strategies are entirely due 

to the time-series behavior of equal-weighted index returns; we cannot learn anything about the 

behavior of individual stock returns from the differences in these two strategies. In particular, 

using the LM approach, we cannot learn whether one strategy is better than the other at picking 

relative winners and losers among individual assets.
4
 Fourth, our findings also have implications 

for the necessary features of a model that could explain the profitability of TS strategies. We 

show that any model that potentially explains profitability of TS strategies should account for two 

components of predictability: time-series properties of the equal-weighted return and time-series 

properties of the firm-specific component of individual stock returns. In contrast, a model to 

explain profitability of CS strategies needs to account for only the second of these components of 

predictability. The most commonly used behavioral models (for example, Daniel, Hirshleifer, and 

Subrahmanyam, 1998, Barberis, Shleifer, and Vishny, 1998, and Hong and Stein, 1999), contain 

only one dimensional predictability. Therefore, CS strategies more directly match their 

predictions than TS strategies; none of these models can fully explain TS strategies. 

 

1. Profitability of past return based strategies: U.S. stocks 

Our main sample comprises common stocks in the CRSP database during the 1946 to 

2013 period. We include only common stocks with share codes 10 or 11 on CRSP. The share 

code criterion filters out American depository receipts, units, American trust components, closed-

end funds, preferred stocks, and real estate investment trusts. Our sample also excludes micro-cap 

stocks to avoid potential biases in computed returns, which are particularly severe for low priced 

stocks (see Blume and Stambaugh, 1983 and Lyon, Barber, and Tsai, 1999). Conrad and Kaul 

(1993) find that such biases lead to mistaken inferences. We therefore follow the literature (e.g. 

Jegadeesh and Titman, 1993) and exclude microcap stocks. A micro-cap stock is defined as a 

                                                           
3
 LM (1990) construct CS portfolios that weight stocks in proportion to their past returns minus returns on the equal-

weighted index. MOP (2012) compare the relative performance of such CS portfolios with TS portfolios that weight 

stocks in proportion to their past excess returns. 
4
The literature commonly uses relative stock selection skills to judge the importance of various CS strategies. For 

example, Zarowin (1990) compares the relative ability of size and past long-horizon returns to predict future returns 

to examine if one strategy subsumes that other. 
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stock below the 20
th

 percentile of NYSE market capitalization on the ranking period month. 

We examine the performance of a CS and a TS strategy similar to the one in MOP (2012). 

Specifically, we sort stocks based on prior returns during a ranking period ranging from one 

month to 60 months. All portfolios are kept for a holding period of one month to 60 months. We 

use overlapping portfolios, as in Jegadeesh and Titman (1993), for holding periods greater than 

one month. 

For the CS strategy, at each ranking date, we sort stocks into two equal-weighted 

portfolios based on their prior raw returns in excess of the cross-sectional average. We go long 

(short) in stocks with returns higher (lower) than the cross-sectional average. The returns to CS 

strategy are the difference between the returns to the long and short portfolios given by: 

 
1 1 1 1

1 1
,

it t it t

CS

t it itR R R R
R R R

N N   
  

    (1) 

where 1itR   is the ranking period excess return on the i
th

 stock, 1tR   is the cross-sectional equal-

weighted average of the ranking period returns, and ( )N N 
 is the number of stocks with returns 

higher (lower) than the cross-sectional average. By construction, the CS strategy invests $1 each 

month on both the long and the short sides. 

For the TS strategy, we sort stocks based on their prior raw returns in excess of the risk-

free rate. We go long (short) in stocks with excess returns higher (lower) than zero. Following 

MOP, the return to TS strategy is given by: 

  
1 10 0

2
,

it it

TS

t it itR R
R R R

N   
    (2) 

where N is the total number of stocks. We use a factor of two in the numerator of equation (2) to 

ensure that the TS strategy is comparable to the CS strategy. In months where the number of 

stocks with positive ranking period return is equal to the number of stocks with negative ranking 

period return, a factor of two ensures that the TS strategy invests $1 each month on both the long 

and short sides. 

The CS strategies that we examine are conceptually similar to those in the literature. 

However, our strategies form only two portfolios with the entire sample of stocks, while the 

literature typically examines the profitability of stocks with extreme returns during the ranking 
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period. We choose the two-portfolio strategy so that the results are more directly comparable with 

the TS strategy than those with the ones in the literature. 

Panel A of Table 1 presents the excess returns for various TS strategies that vary the 

ranking period and holding periods from one to 60 months. All strategies earn positive excess 

returns that tend to increase with the ranking period. For example, the annualized excess returns 

for a one-month ranking period and a one-month holding period strategy (which we will refer to 

as the “1x1” strategy) is 4.02%, compared with 9.25% for the 6x1 strategy and 6.42% for the 

60x1 strategy. 

Panel B of Table 1 presents the excess returns for the CS strategies.
5
 The 1x1 CS strategy 

earns −5.09%, which is reliably less than zero. Our result is consistent with the evidence of short-

horizon contrarian profits in Jegadeesh (1990). In contrast, the 1x1 TS strategy in Panel A earns 

positive excess returns of 4.02%. Similarly, the 60x60 CS strategy earns significantly negative 

returns of −2.00%, consistent with long-horizon return reversals that DeBondt and Thaler (1985) 

document. In contrast the 60x60 TS strategy earns significantly positive excess returns of 7.71%. 

Both CS and TS 6x6 strategies earn significantly positive excess returns, which is consistent with 

the momentum evidence in Jegadeesh and Titman (1993). 

 

1.1. Cross-alpha comparison 

MOP (2012) present the following comparison of TS and CS profits. They regress CS 

profits against TS profits and find that the intercept is insignificant, but when they regress TS 

profits against CS profits, the intercept is significantly positive. Therefore, they conclude that TS 

momentum explains CS momentum, but TS momentum is not fully captured by CS momentum. 

We conduct a similar test with our TS and CS profits to examine if one strategy fully captures the 

other. 

Table 2 reports the alphas from regression of excess returns for the TS strategies against 

the excess returns for CS strategies, and vice versa. When TS excess returns are the dependent 

variables, the intercepts are always positive and significant at short and long horizons. For 

example, the alphas for the 1x1 and 60x60 strategies are 10.77% and 10.86%. When we regress 

                                                           
5
 The excess returns for the CS strategies are the same as the raw returns since both long and short sides take equal 

active positions in stocks. 
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CS excess returns against TS excess returns, the alphas are significantly negative at short and 

long horizons. For example, the alphas for 1x1 and 60x60 strategies are −6.31% and −2.93%, 

respectively. The alpha for the 6x6 strategy is 1.79%, which is the only significantly positive 

alpha. 

The significantly positive intercepts when TS excess returns are dependent variables are 

similar to what MOP (2012) find. The intercepts when CS profits are the dependent variables are 

also significant in four out of six regressions. Although three of these significant intercepts are 

negative, the results indicate that TS profits do not fully capture CS profits. The significant alphas 

with TS strategies are larger in magnitude than the ones with the CS strategies. 

The primary difference between these strategies is that the TS strategy uses 

contemporaneous risk-free rate as the reference point for deciding on the long and short sides, but 

the CS strategy uses equal-weighted index returns. Why does this difference in reference point 

result in excess returns of opposite signs for TS and CS strategies at both the longest and shortest 

ranking and holding periods? Which of these strategies are more consistent with behavioral 

models for individual stocks? We need to understand the sources of these differences to answer 

such questions. 

 

2. Sources of difference between TS and CS strategy profits 

2.1. An analytic decomposition  

This section presents an analytic decomposition of difference in excess returns earned by 

TS and CS strategies and empirically estimates each of these components. Following equations 

(1) and (2), let the investment in the i
th

 stock for the TS (CS) strategy be denoted by 1 1( )TS CS

it itw w  , 

and let 1 1 1.
TS CS

it it itw w w     The difference in time t returns to TS and CS strategies is given by: 

 1 1 1 .TS CS TS CS

t t it it it it it iti i i
R R w R w R w R          (3) 

We first consider the contribution stock selection to this difference. Relative to the CS 

strategy, the TS strategy stipulates that 1itw  be invested at time 1t   in stock i. To evaluate the 

economic importance of this TS investment rule, we can compare it with a mechanical investment 

rule that invests 1itw   in a random stock j. Because j is selected at random, 
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  1 1E ,it jt it tw R w R     (4) 

where tR is the return at time t on the equal-weighted index of all stocks in the sample. 

Substituting equation (4) into equation (3), we get: 

    1 1 .TS CS

t t it it t it ti i
R R w R R w R         (5) 

The first term on the right-hand side of equation (5) is the return that the TS strategy earns 

relative to the CS strategy because it invests 1itw   in stock i rather than in a random stock. 

Therefore, this term is the stock selection component of the difference. 

The second term contributes to the difference because of the differences in aggregate 

dollar investments in the risky assets by the TS and CS strategies. The aggregate investments in 

the long side and the short each equal $1 under the CS strategy by construction, and hence 

1 0.CS

iti
w    For the TS strategy, the aggregate investments on the long and short sides are 

proportional to the number of stocks with positive and negative excess returns. Since these 

numbers are, in general, not equal, the TS strategy makes a non-zero aggregate investment in 

each period, which we refer to as the NetLong: 

 1 1NetLong .TS

t it iti i
w w      (6) 

Substituting equation (6) into equation (5), we get: 

 

 

 

1

Stock Selection Risk Premium Market Timing

NetLong cov NetLong ,

NetLong

SS ,
t t

TS CS

t t it it t t ti

TS CS

t t t t tR R

R R w R R R

R R



  

     

 


 (7) 

where NetLong andt tR  are the average NetLong and the average equal-weighted excess return 

over the sample period. Since the TS strategy on average invests NetLongt  in risky assets, the 

expected excess return for this position is given by the second term, which we refer to as the risk 

premium (RP) component. The contribution of this component of the difference in TS and CS 

strategy returns can be earned by investing NetLongt  position in the equal-weighted index of all 

assets in the sample. 
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Since relatively more stocks are expected to have positive ranking period excess returns in 

up markets, the net long position will tend to vary positively with ranking period market returns; 

the net long positon will tend to be more positive following up markets than following down 

markets. This time varying pattern of net long position taken by the TS strategy results in the 

market timing (MT) component.
6
 If future market returns drift in the same direction as the return 

during the ranking period (or equivalently, if market returns exhibit positive autocorrelation at the 

relevant horizons), then the market timing component will add to the performance of the TS 

strategy. The economic impact of the market timing aspect of the TS strategy is given by the third 

term in equation (7).
7
 

We can also express the TS strategy as a sum of a zero-investment strategy and a net long 

investment strategy. This decomposition provides a somewhat different perspective, and as we 

discuss later in Section 5, helps us assess the economic advantages of using the TS approach. A 

zero-net long strategy would require that we offset negative or positive net long positions in TS 

with offsetting trades in similarly risky assets. As with the decomposition above, we can short the 

equal-weighted index if net long is positive or buy the equal-weighted index if net long is 

negative. The return on this zero-net long TS portfolio, say TS0, is given by: 

  

0

0

Risk Premium Market Timing

NetLong cov NetLong ,

NetLong

.
t t

TS TS

t t t t

TS TS

t t t tR R

R R R

R R 

  

    (8) 

 Equation (8) shows that the TS strategy can be decomposed as the sum of a zero-net long 

strategy and a time-varying net long investment in the equal-weighted index. The risk premium 

and the market timing components arise entirely due to this net long investment; the stock 

selection component SSt  equals 
0 .TS CS

t tR R  

                                                           
6
 Incidentally, the NetLong component of the TS strategy is what practitioners refer to as “market breadth.” For 

instance, Investopedia defines market depth as a “technique used in technical analysis that attempts to gauge the 

direction of the overall market by analyzing the number of companies advancing relative to the number declining. 

Positive market breadth occurs when more companies are moving higher than are moving lower, and it is used to 

suggest that the bulls are in control of the momentum. Conversely, a disproportional number of declining securities is 

used to confirm bearish momentum.” See http://www.investopedia.com/terms/m/market_breadth.asp. 
7
 We use the term “market timing” in the sense commonly used in the mutual fund literature (see, for example, 

Merton and Henriksson, 1981). Mutual fund managers who time the market attempt to increase their market 

exposure when market is expected to do well and reduce exposure otherwise. This is different from identifying states 

of the market/economy when momentum performs better or worse (see, for example, Grundy and Martin, 2001, 

Lewellen, 2001, and Daniel and Moskowitz, 2014). 

http://www.investopedia.com/terms/m/market_breadth.asp
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The portfolio representation of the TS strategy in (8) provides a new perspective on the 

sources of differences between the TS and CS portfolios that MOP (2012) analyze in detail by 

constructing portfolios similar to that in LM (1990). Specifically, the LM-type portfolios’ 

investment in stocks is proportional to their past returns minus contemporaneous equal-weighted 

return for CS strategy and proportional to their past excess returns for TS strategy. In this special 

case, we show in the appendix A1 (please refer to equation (22)) that TS0 portfolios are identical 

to the corresponding CS portfolios in each period, and hence the stock selection component is 

always equal to zero. Therefore, for these portfolios: 

 
, , NetLong .TS CS

t LM t LM t tR R R    (9) 

The differences in these portfolio returns are, thus, entirely due to time-varying net long 

investments in the market index and not due to asset selection. 

 

2.2. Empirical results 

Table 3 presents the contribution of each of these three sources of difference. For ease of 

exposition, we present only the results for the six strategies with ranking and holding periods of 

the same length. We compute the standard errors for the risk premium and the market timing 

components using the formulas that we derive in Appendix A2. For the stock selection 

component, we use the conventional time-series standard errors to compute the t-statistics since 

we observe this component each month. 

The difference between TS and CS excess returns exhibit a U-shaped pattern, with the 

largest difference at the long and short ends. The differences are 9.12% and 9.71% for the 1x1 

and 60x60 strategies, respectively, which are both statistically significant. The differences for the 

6x6 and 12x12 strategies are 1.89% and 1.73%, which are insignificant. 

Table 3 also presents average net long positions for the TS strategies. The net long for the 

1x1 strategy is 12.40%, which indicates that on average for every $1 short in stocks, $1.124 was 

invested on the long side. Because more stocks on average earned positive than negative monthly 

excess returns during the sample period, the average net long position is positive. The net long 

increases monotonically with the ranking period, from 12.40% for the 1x1 strategy to 99.40% for 

the 60x60 strategy. Since the overall market’s excess returns was positive during the sample 
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period, the strategy takes on relatively bigger net long position as the ranking period length 

increases. 

The risk premium component of the difference is the equal-weighted market return on the 

net long position over the sample period. For example, the net long component for the 1x1 

strategy is 0.124 times the average return of the equal-weighted index constructed with the stocks 

in the sample.
8
 This component is significantly positive for all strategies, increasing 

monotonically from 1.09% for the 1x1 strategy to 9.69% for the 60x60 strategy. For long ranking 

period strategies, virtually all the difference between TS and CS strategies comes from the net 

long positions. 

The market timing component accounts for most of the difference between the 1x1 TS 

and CS strategies. Specifically, this component accounts for 6.85% of the 9.12% difference. The 

finding that this component is positive indicates that when the TS strategy takes a more active 

long position in the ranking period, the market returns is on average positive during the holding 

period. The correlation between the net long investment and the equal-weighted index return 

during the ranking period is 92%, and the first-order serial correlation of the equal-weighted 

index return is 14%; the source of the market timing component is this latter correlation. 

The risk premium and market timing components of the difference between the TS and 

CS strategy profits relate to the net long active position for the TS strategy. Figure 1 presents the 

net long positions for the 1x1, 6x6, 12x12, and 60x60 strategies. The net long positions become 

less volatile as the ranking period increases as a higher fraction of stocks has positive long-

horizon returns than short-horizon returns. In fact, the net long position is rarely negative for the 

60x60 strategy. 

The stock selection component is 1.18% for the 1x1 strategy, which is statistically 

significant. High frequency traders typically take contrarian positions to exploit return reversals at 

short horizons, and a positive stock selection component will hurt such strategies. Therefore, 

short-horizon contrarian strategies will be more profitable when past return sorts use average 

market return, rather than riskfree rate, as the reference point. For all the other strategies, the 

                                                           
8
 The samples of stocks each month differ slightly across ranking periods. For example, for a one-month ranking 

period, we include all stocks that meet our criteria and also have one-month returns data. For a six-month ranking 

period, our past return restriction requires all stocks to have data on six-month returns and hence excludes a few 

firms from the one-month sample. 
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stock selection component is insignificant. 

The profitability of TS and CS strategies in Section 1 has seemingly opposite implications 

for short- and long-horizon behavior of individual stock prices. However, when we examine the 

sources of these differences in this section, we find that different aspects of investments in the 

market portfolio account for the differences between these strategies. For the 1x1 strategy, the 

difference is due to market timing. Specifically, the TS strategy invests more in the market index 

following an up market and less following a down market, and thereby exploits the positive serial 

correlation in index returns. If the objective were to profit from market timing, one could directly 

take appropriate long or short positions in the market rather than indirectly achieve the same 

result through the TS strategy. Therefore, this component of the TS strategy should not be used to 

make inferences about behavior of individual stock prices. 

 

2.3. Seasonality 

The literature documents that all past returns-based CS strategies exhibit a pronounced 

January seasonality. For instance, short-horizon and long-horizon contrarian strategies are 

significantly more profitable in January than in other months (see DeBondt and Thaler, 1985 and 

Jegadeesh, 1990). The intermediate-term returns also exhibit reversals in January despite return 

continuation or momentum in other months (see Jegadeesh and Titman, 1993). One of the 

explanations that the literature frequently advances for the pronounced January reversals is the 

tax-loss selling hypothesis. This hypothesis posits that the tax-loss selling pressure in December 

depresses the prices of losers, which later rebound in January, leading to return reversals. Since 

capital gains and losses are related to a stock’s own price and not to contemporaneous market 

movements, the zero excess return threshold in the TS strategy may be a more appropriate cutoff 

for tax-loss selling than a cutoff based on market returns during the ranking period. Therefore, the 

tax-loss selling hypothesis would predict a bigger reversal for stocks selected by the TS strategy 

than by the CS strategy. 

Table 4 presents the TS and CS profits in January and non-January months. All CS 

strategies earn negative returns in January. For example, January returns for the 1x1 and the 

60x60 strategies are −21.48% and −5.40%, respectively. The CS returns monotonically increase 

in magnitude with ranking period, which indicates larger reversals of shorter horizon returns. The 
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non-January returns are similar to the results in Table 3. Overall, these results are consistent with 

related evidence in the literature. 

The TS strategies with ranking periods of 12 months or shorter earn negative excess in 

January compared with positive returns across all months. Although the point estimates of 

January excess returns are larger in magnitude than those in other months, they are not significant 

because of the smaller sample size. The differences between CS and TS profits in January exhibit 

a U-shaped pattern similar to that in other months. 

There are several interesting results when we consider sources of differences between TS 

and CS profits. Unlike in Table 3, the average net long position in January for the one-month 

ranking period is larger than that for three- to 12-month ranking periods. This result indicates that 

the cross-sectional distribution of returns during the ranking period (i.e. December) has a larger 

fraction of stocks with positive excess returns than in the latter ranking periods. 

The contribution of the risk premium component to difference in January is also larger 

than that in other months. For example, this component is 30.56% for the 60x60 strategy in 

January, compared with 7.79% in other months, although the magnitudes of the net long position 

are about the same in both subperiods. The reason is that the average annualized equal-weighted 

excess return in January is 30.67% compared with 7.84% in other months. As a result, the risk 

premium component is much larger in January than in other months. 

Another important difference is that the market timing component is not different from 

zero for the 1x1 strategy in January, while it is the most significant component in other months. 

This result indicates that the correlation between December and January equal-weighted index 

returns is not different from zero. This is indeed true in the data where we find that the correlation 

between December and January equal-weighted index returns is only −5% (this correlation is 

15% in other months). For longer ranking periods, the point estimate of the market timing 

components are large and negative in January, while they are close to zero in other months. The 

larger point estimates result from the January seasonality market return reversal that Jegadeesh 

(1990) documents. 

The stock selection components in January are positive for ranking periods of 12 months 

or shorter, although they are not statistically significant. These results indicate that the TS 

threshold results in smaller reversals than the CS threshold over these horizons. Therefore, even 
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in January, the differences between TS and CS strategies are mostly due to the pattern of 

correlation in market returns. The differences in characteristics or returns of specific stocks 

included in the long and short sides of the TS and CS portfolios do not have a significant 

economic impact on the difference in the returns to the TS and CS strategies. 

 

2.4. Zero net long decile strategies: TS0 and CS 

Our decomposition indicates that the average net long position leading to risk premium 

and the variations in the net long positions leading to market timing are the reasons why the 

profits of TS and CS strategies are different. Rather than rely on the decomposition, we can also 

directly examine the effect of time-varying net long positions taken by the TS strategies by 

constructing the TS0 strategy from Section 2.1. We do so by modifying TS so that the active 

dollar investment by this strategy is zero every month. In addition, this section also considers 

decile strategies for the TS strategies, similar to those that the literature uses for CS strategies. 

Specifically, we again sort stocks based on prior returns during a ranking period ranging 

from one month to 60 months and keep portfolios for a holding period of one month. For the CS 

strategy, at each ranking date, we sort stocks into ten equal-weighted portfolios based on their 

prior raw returns in excess of the cross-sectional average. Deciles one through five consist of 

stocks with prior returns lower than the cross-sectional average with decile one consisting of 

stocks with the prior returns lowest vis-à-vis the cross-sectional average. Deciles six through ten 

consist of stocks with prior returns higher than the cross-sectional average with decile ten 

consisting of stocks with the prior returns highest vis-à-vis the cross-sectional average. The TS0 

strategy changes the reference point to the risk-free return over the same holding period; the zero 

in TS0 serves also to highlight that all the deciles in TS0 strategies invest $1 every month in the 

same way as those in CS strategies. Apart from sorting in deciles, the TS0 strategies considered 

in this section are the same as those considered in the analytic decomposition of Section 2.1. 

Table 5 presents the excess returns for TS0 and CS decile portfolios. The winner minus 

loser portfolio is the zero net long portfolio for both TS0 and CS strategies. The returns on TS0 

decile portfolios are generally the same as those of the corresponding CS portfolios. The winner 

minus loser returns are also almost equal in most instances. For the 6x1 strategy, winner minus 

loser return is 9.56% for the TS0 strategy compared with 6.89% for the CS strategy. This 
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difference is entirely due to the loser portfolio returns, which is 2.71% for the TS0 strategy and 

5.72% for the CS strategy. By construction, decile one of TS0 strategy invests in more extreme 

losers than the CS strategy; the average ranking period return for decile one is −31% for TS0 

strategy and −26% for CS strategy. The loser TS0 decile, therefore, earns lower future returns, 

and, correspondingly, the winner minus loser portfolio earns higher returns for TS0 strategy 

versus CS strategy. Similar effects occur for the 12x1 strategy. Our findings here further show 

that TS and CS strategies perform differently largely due to the difference in their active exposure 

to the market index. 

 

2.5. Risk-adjusted returns 

This section examines the risk-adjusted returns (alphas) of the CS and TS strategies. We 

also examine the alphas for the various components of the decomposition of the difference given 

by equation (7). In order to calculate the various components each month, rather than just their 

averages, we define monthly risk premium (RPt) and the market timing (MTt) components as: 
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The time-series of these components allows us to calculate the time-series of returns to 

strategies, such as TSt − RPt and TSt − RPt − MTt. Table 6 then presents CAPM and three-factor 

alphas for TS, TS−RP, TS−RP−MT, and CS strategies. Recall from Section 2.1 that TS−RP−MT 

is equivalent to a zero net-cost TS0 strategy. This analysis allows us to further assess the extent to 

which aggregate market-driven components and individual stock-driven components of TS 

strategies contribute to their difference from CS strategies. 

The results indicate that TS alphas are significantly positive for the 1x1, 3x3, and 6x6 

strategies, and CS alphas are significantly positive only for the 6x6 strategy. CS alpha is 

significantly negative for the 1x1, 36x36, and 60x60 strategies, but none of the TS alphas are 

significantly negative. The table also shows that the alphas for the TS−RP are generally similar to 

the alphas for the TS strategy. Finally, looking at the alphas for TS−RP−MT (≡ TS0) strategy, we 

see that 1x1 alpha is now significantly negative, similar to that for the CS strategy. Unlike the 

pattern of TS alphas, the signs of the alphas for TS0 follow a similar pattern as CS alphas, 
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although the point estimates are sometimes different. These results further indicate that the 

differences between TS and CS strategies are largely due to the market related components of the 

TS strategy. 

 

2.6. Cross-alpha comparison revisited 

Our framework allows us to further examine the reasons why TS and CS profits do not 

fully capture each other in Table 2. To examine whether the CS strategy captures TS strategy 

profits after accounting for the risk premium component, we regress TS−RP excess returns 

against CS excess returns and present the results in Table 7. The only alpha that is significant 

after removing the risk premium component is for the 1x1 strategy. The alpha for TS−RP is 

10.03% compared with a TS alpha of 10.77%. These findings indicate that the superior 

performance of all TS strategies other than the 1x1 strategy is due to the fact that these strategies 

take on a net long position in the risky assets. Therefore, a rational explanation for the difference 

in performance for these strategies is that their alphas represent compensation for the additional 

risk of the TS strategies. 

We next examine whether the CS strategy captures TS strategy profits after accounting for 

both risk premium and market timing components by regressing TS−RP−MT (≡ TS0) excess 

returns against CS excess returns. The alpha for the 1x1 strategy is now −0.40%, which is not 

different from zero. Therefore, the market timing component explains the difference between the 

excess returns for this strategy. 

The TS0 alphas for the 6x6 and 12x12 strategies are significantly positive, and the alpha 

for the 60x60 is significantly negative. These results are likely explained by the fact that the TS 

strategy, on average, selects more extreme losers as we discussed in the last section. In any event, 

these differences are small in magnitude at about 1% per year, and they do not seem 

economically significant. Overall, these findings reinforce our previous conclusion that the 

differences in the profitability of TS and CS strategies are due to the fact that the TS strategy is, 

on average, net long in the market and because of its time-varying investment in the equal-

weighted index. The evidence that the stock selection component is insignificant indicates that TS 

and CS strategies are similar in their ability to identify future winners and losers. 
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3. International asset classes 

The literature sometimes finds differences in the performances of TS and CS strategies 

with international asset classes (e.g, MOP, 2012, and Menkhoff, Sarno, Schmeling, and Schrimpf, 

2012). Our analysis with individual U.S. stocks also finds differences between the performances 

of TS and CS strategies, but also shows that these differences are entirely attributable to the 

underlying pattern of investments in the aggregate market inherent in the TS strategies. This 

section compares the performance of TS and CS strategies with international assets. 

 

3.1. Data 

We collect data on similar asset classes as those in MOP. Specifically, we collect returns 

on 17 equity indices, 21 bond indices, 24 commodities, and 8 currencies. Data are collected from 

a variety of sources, details on which are provided in Appendix Table A1. Data availability varies 

depending on the index (also provided in Table A1), but, following MOP, we restrict the data 

sample to 1985 to 2013. All returns are denominated in U.S. dollars. Please note that these data 

are similar to, but not exactly the same as, those used by MOP. For instance, MOP construct 

returns by splicing returns from nearest-to-maturity futures contracts, while we use spot returns. 

While futures returns better reflect the tradability of these contracts, our use of spot returns is 

closer to that used in the traditional literature (see, for example, Chan, Hameed, and Tong, 2000, 

and Menkhoff, Sarno, Schmelling, and Schrimpf, 2012). We present descriptive statistics on the 

average return (constructed as the equal-weighted average of all available assets) for each asset 

class in Table 8. The average return on all asset classes is high during our sample period. 

Unsurprisingly, equity returns have a higher standard deviation than currency returns. We also 

report correlations between past and future returns for horizons of 1, 3, 12, and 60 months. The 

correlations are generally positive for shorter horizons but negative for horizons of 60 months. 

This means that a market timing strategy conditioning on past average returns will be profitable 

for shorter horizons but will lose money for longer horizon. However, the statistical significance 

of these correlations is low. The only exception is equities where one-month correlation of 0.11 

and 60-month correlation of −0.12 are statistically significant. 

 

3.2. Empirical results 
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We construct returns to TS and CS strategies as before. We do this analysis for all asset 

classes and separately for individual asset classes. Table 9 presents the raw returns for these 

strategies. Since we now have multiple asset classes, we report the results for four ranking and 

holding periods of 1, 3, 12, and 60 months and omit the other two for brevity. 

When we consider all assets, the raw returns are qualitatively similar for TS and CS 

strategies. For example, both strategies earn significantly positive returns for the 1x1, 3x1, and 

12x1 strategies but not for the 60x1 strategies. The TS strategies earn bigger returns than the 

corresponding CS strategies partly due to the fact that TS is a net long strategy. 

We see striking differences between TS and CS strategies when we consider equity 

indices and bond indices. For example, a number of equity index TS strategies earn significantly 

positive returns, but with the exception of the 3x12 strategy, none of the CS strategies earn 

significant returns. We see a similar pattern for the bond indices as well. In contrast, the TS and 

CS strategies earn qualitatively similar returns for commodities and currencies. 

Figure 2 plots the monthly net long positions for the TS strategies for each ranking period. 

The net long positions exhibit significant time-variations. For the one-month ranking period, the 

strategy often takes on 100% long or 100% short positions. For example, in 19% of the months, 

the TS strategy with equity indices is either all long or all short. The frequency of 100% long or 

short positions declines with the ranking period, and we do not observe such extreme positions 

for the 60-month ranking period. 

Table 10 reports the alphas for the TS, TS−RP, TS−RP−MT (≡ TS0), and CS strategies. 

The factors used in the computation of alphas are the MSCI world excess market return, U.S. 

SMB, HML, and UMD factors, Barclays U.S. aggregate bond index, and S&P/GSCI commodity 

index. The table reports the alphas for holding periods equal to the ranking periods, as in earlier 

tables, and also for holding periods of one month, as in MOP (2012). When the strategies use all 

asset classes, one-month holding period strategies are always more profitable than longer holding 

periods for both TS and CS strategies. For example, the excess returns for the 3x3 strategies are 

3.92% and 2.91%, compared with 8.43% and 6.55% for the 3x1 strategies. In fact, the alphas for 

the longer holding periods are not reliably different from zero. We find similar results when the 

strategies are implemented with each asset class as well. These results indicate that the 

profitability of past returns-based strategies is more short-lived for indices and other asset classes 
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than that for individual stocks. 

For a one-month holding period, both TS and CS strategies earn significantly positive 

alphas for one- and three-month ranking periods and significantly negative alphas for 60-month 

ranking periods. For example, the TS strategy alphas (t-statistic) are 8.43% (3.17) for the 3x1 

strategy and −6.32% (−2.52) for the 60x1 strategy, and 6.55% (2.95) and −6.95% (−3.28) for the 

corresponding CS strategies. 

Unlike in the case of all assets, TS and CS alphas are significantly different for equity 

indices. For example, the alpha (t-statistic) for the 1x1 TS strategy is 10.30% (2.05) compared 

with −1.58% (−0.89) for the CS strategy. Similarly, the alpha for the 60x1 TS strategy is 

−10.76% compared with −0.64% for the CS strategy. For bond indices, the TS strategy earns 

significantly positive returns for short ranking periods, while the alphas for corresponding CS 

strategies are not different from zero. 

The alphas with commodities and currencies are generally similar for both TS and CS 

strategies. For example, both TS and CS strategies with commodities earn positive returns for the 

1x1 and negative returns for the 60x1. For currencies, only the 3x1 strategy earns significantly 

positive alphas for both TS and CS strategies. 

Table 10 also presents the alphas after adjusting for the risk premium and market timing 

components. These components do not affect the alphas significantly for the strategies 

implemented with all assets, only commodities, or only currencies. The finding reflects the 

evidence that the alphas for TS and CS strategies were about equal to begin with, and hence the 

components that could potentially account for any differences are not significant. 

In the case of equity and bond indices, the alphas for the TS strategy and the TS−RP 

strategies are about equal. However, the TS−RP−MT (≡ TS0) alphas are smaller than the TS 

alphas for equity indices. For instance, the alpha (t-statistic) for the 1x1 strategy with equity 

indices is 10.30% (2.05) for TS compared with −1.90% (−1.49) for TS0. Therefore, as was the 

case with individual stocks, market timing accounts for a large part of the difference between TS 

and CS strategies at the short horizon. The alpha (t-statistic) for the 60x1 strategy with equity 

indices is −10.76% (−2.19) for TS compared with 0.73% (0.53) for TS0. Thus, unlike with 

individual stocks, negative market timing at long horizons explains the differences between TS 

and CS returns for equity indices; the latter is also consistent with the negative auto-correlation of 
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the equal-weighted equity index mentioned earlier. TS0 alphas are smaller than the TS alphas for 

both the 1x1 and 3x1 strategies with bond indices due to positive market timing at short horizons. 

The alphas for TS0 are about the same as the corresponding alphas for the CS strategies for both 

equity indices and bond indices. 

We also compare the profits of TS and CS strategies using the regression approach in 

Section 2.4, which is similar to an approach used by MOP (2012). In untabulated results, most of 

the alphas are not significant when TS0 excess returns are regressed against CS excess returns 

and when CS excess returns are regressed against TS excess returns. 

Therefore, as with individual U.S. stocks, the differences in the profitability of TS and CS 

strategies are due to the fact that the TS strategy is on average net long in the equal-weighted 

index of all assets, and because of its time-varying net long positions.
9
 We also find that scaling 

the positions by the assets’ standard deviations, as in MOP, results in larger and more time-

varying net long positions than the unscaled strategy that we examine, and hence it benefits more 

from the risk premium and market timing components. Our findings indicate that TS and CS 

strategies are similar in their ability to identify future winners and losers across asset classes or 

within each asset class. 

 

4. Time-series strategies with financial ratios 

The literature on stock return predictability uses financial ratios as predictors as well. 

Some of the popular ratios that predict returns are book/market, gross profit/assets, asset growth, 

and accruals/assets.
10

 This literature typically follows the cross-sectional approach, and ranks 

stocks based on selected ratios at a particular point in time to form predictive portfolios. We can 

also use a time-series approach and assign stocks to different portfolios by ranking stocks relative 

to their own past history. 

The behavioral as well as rational explanations for return predictability based on these 

ratios in the literature are consistent with both TS and CS strategies. For example, Fama and 

                                                           
9
 The TS0 strategy removes the time-varying market component. In untabulated results, we find that the volatility of 

TS0 and CS are about equal. 
10

 For example, Fama and French (1992) and Lakonishok Shleifer, and Vishny (1993) use book/market, Cohen, 

Gompers, and Vuolteenaho (2002) and Novy-Marx (2013) use profitability, Sloan (1996) uses accruals/assets, and 

Cooper, Gulen, and Schill (2008), Lipson, Mortal, and Schill (2010), and Titman, Wei, and Xie (2013) use asset 

growth. See Fama and French (2008) for a recent analysis of these and other anomalies. 
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French (1996) argue that high book/market ratio stocks (value stocks) earn higher return than low 

book/market ratio stocks (growth stocks) because they are riskier. However, Lakonishok, 

Shleifer, and Vishny (1993) argue that value stocks earn higher returns than growth stocks 

because they are relatively underpriced. These explanations suggest that a stock’s own historical 

ratio could be used to identify when it is in growth or value phase. For example, if the riskiness of 

a stock varies over time, then periods when the stock’s book/market ratio is large would suggest 

that the stock is underpriced and overpriced otherwise. The CS strategies typically implemented 

in the literature, however, use the cross-sectional distribution of book/market ratios to identify 

value and growth stocks. Whether the time-series distribution or the cross-sectional distribution 

of the ratios provides a better benchmark for categorizing stocks as value stocks or growth stocks 

can only be determined empirically. 

This section compares the performances of CS and TS strategies using the aforementioned 

four variables as predictors. Book/market is the ratio of the book value of equity to the market 

value of equity. The book value is calculated as in Fama and French (2008). Gross profit/assets is 

the ratio of gross profit to total assets. Accruals/assets is the ratio of accruals to assets, where 

accruals are defined as the change in (current assets − cash and short-term investments − current 

liabilities + short-term debt + taxes payable) less depreciation. Asset growth is the percentage 

change in total assets. All accounting variables are assumed to be known six months after the 

fiscal year-end. 

 For the CS strategy, at the end of June of each year, we sort stocks into two equal-

weighted portfolios based on their characteristic in excess of the cross-sectional average. The 

portfolios are kept for one year, from July of the ranking year to June of the next year. We go 

long (short) in stocks with returns higher (lower) than the cross-sectional average. The returns to 

CS strategy are the difference between the returns to the long and short portfolios then given by: 
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     (11) 

where X is the sorting characteristic and ( )N N 
 is the number of stocks with this characteristic 

higher (lower) than the cross-sectional average. By construction, the CS strategy invests $1 each 

month on both the long and the short sides. 

For the TS strategy, we sort stocks based on their characteristic in excess of their own 
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historical median over the last five years (using means instead of medians has no impact on our 

results). We go long (short) in stocks with excess returns higher (lower) than zero. The return to 

TS strategy is given by: 

  
1 61 2 1 61 2median( : ) median( : )

2
,

it it it it it it

TS

t it itX X X X X X
R R R

N       
     (12) 

where N is the total number of stocks. The TS strategy is, therefore, not a zero net long strategy in 

general. The portfolios are rebalanced at the end of June of each year and kept for the subsequent 

12 months. 

Please note that we sort stocks into only two portfolios, whereas the literature typically 

uses quintiles or deciles. This means that, since the spread in the sorting variable is less extreme 

for our strategies, the returns to our strategies are also going to be less than those reported in the 

extant studies.
11

 Finally, as before, we do a decomposition of the difference between TS and CS 

returns into risk premium, market timing, and stock selection component. 

Table 11 presents the results. For book/market, the excess returns (t-statistics) for the TS 

and CS strategies are 4.91% (2.43) and 2.56% (2.99), respectively. The TS strategy has a net long 

position of 15.15%, and the associated risk premium component is 1.46%.
12

 The market timing 

component of the book/market TS strategy is 4.16%, which is significantly positive. This result is 

consistent with the evidence in Kothari and Shanken (1997) and Pontiff and Schall (1998) who 

find that aggregate book/market ratios predicts future market returns. The TS book/market 

strategy takes a relatively bigger net long position when more individual stocks have book/market 

ratios greater than their historical medians. Empirically, when more individual stocks have 

book/market ratios greater than their historical median stocks, the book/market ratio is also bigger 

than its historical median. 

To evaluate the ability of the TS strategy to determine when a particular stock will earn 

relatively high or low returns, we compute TS−RP−MT (≡ TS0) returns for each strategy. TS0 for 

the book/market strategy is −0.71%, which is not statistically significant. Therefore, the cross-

sectional distribution of the book/market ratio provides a better benchmark to identify value and 

                                                           
11

 The correlation between our buy minus sell returns and the extreme decile buy minus sell returns is 94%. 

Therefore, we expect our results with our portfolios to carry over to decile portfolios as well. 
12

 The distribution of a stock’s monthly book/market ratio is more skewed to the right than the distribution of its 60-

month median book/market ratio. Therefore, on average there are more stocks in the long portfolio than the short 

portfolio, resulting in a net long position for the TS strategy. 
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growth stocks than the time-series distribution. 

However, the results are not identical across the other characteristics that we analyze. For 

instance, for gross profit/assets sorts, we find that the TS and CS strategies yield 2.08% (t-statistic 

= 2.00) and 1.00% (t-statistic = 1.27), respectively. TS profits are, thus, higher than those of CS 

even though negative average net long of −11.86% results in −1.10% risk premium component. 

Nevertheless, TS0 profits are 2.12% (t-statistic = 4.86), implying that the time-series benchmark 

is better than the cross-sectional benchmark for gross profit/assets-based strategies. 

Both TS and CS strategies give similar returns for sorts based on asset growth. However, 

the returns to TS0 are statistically insignificant, implying the superiority of cross-sectional 

benchmark. Finally, accruals-based strategies are roughly similar in terms of benchmark as the 

returns of −1.14% (t-statistic = −1.82) to TS0 are similar to those of returns of −1.25% (t-statistic 

= −2.01) to the CS strategy. To summarize, unlike for returns, for accounting ratios, TS and CS 

benchmarks yield different information. 

 

5. Results in perspective 

The literature broadly states that TS strategies are different from CS strategies. Our 

decomposition offers insights into how exactly TS strategies differ from CS strategies and the 

empirical importance of various components of this difference. In this section, we discuss the 

economic implications of these differences for asset pricing models and for understanding the 

phenomena documented in the literature. 

Time-series asset pricing factor 

Currently, researchers most often use the CS momentum factor (UMD) introduced by 

Carhart (1997) to control for momentum. One of MOP’s (2012) suggestions is that TSMOM is a 

useful factor to consider for inclusion in a multifactor asset pricing model, a suggestion that some 

researchers follow. For instance, Koijen, Moskowitz, Pedersen, and Vrugt (2015) use the 

TSMOM factor to evaluate the performance of carry-based strategies. 

Would TSMOM be incrementally useful in a multifactor asset pricing model? As we 

show in Equation (8), TSMOM is a sum of TS0 and time-varying investments in the equal-

weighted index. Therefore, the usefulness of the TSMOM factor depends on whether there are 
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specific advantages for such a composite three-in-one factor. The market factor already captures 

market risk, and, hence, the addition of an equal-weighted index factor through TSMOM is 

redundant. Regarding the market timing, it is not entirely clear when this component would serve 

as an incrementally useful benchmark. Recall that the market timing component is driven by past 

market returns.
13

 Therefore, if one were interested in controlling for the market timing that is 

captured by TSMOM, it may be better to use past market returns directly as a separate factor 

rather than as a part of a factor meant to capture momentum. Leaving these two components 

aside, one may perhaps consider a factor such as TS0, which is a zero-dollar net investment 

strategy. However, TS0 and CS strategies earn about equal returns, and they seem to capture the 

same effect (the average correlation across horizons of TS0 and CS is 90%). Therefore, factors 

based on the TS approach are unlikely to be incrementally useful in multifactor asset pricing 

models that already include factors based on the CS approach. 

Would the TS approach be useful for constructing financial-ratio based factors?
14

 The 

results in Table 11 indicate that the profits to the TS book/market strategy are significant because 

of the risk premium and market timing components. As we discussed in the context of TSMOM, 

it is not immediately clear why these components would be useful additions to a multifactor asset 

pricing model. Even if they were, we can capture them more directly using time-varying 

investments in an appropriately constructed market index. We can use the performance of the 

TS0 strategy with book/market ratios to assess the potential importance of a TS book/market 

factor purged of the risk and timing components. The evidence that TS0 excess return is not 

significant for book/market ratios indicates that this factor is not a priced risk factor. 

For asset growth, TS0 is smaller in magnitude than CS profits, and hence the TS asset 

growth factor is unlikely to be useful in a multifactor model. In contrast, for gross profits/assets, 

the CS strategy is not significantly profitable but TS0 is. Therefore, a TS-approach based factor 

could be a useful replacement for a CS-approach based factor to capture priced risk for this 

accounting variable. 

                                                           
13

 The mutual fund literature uses sensitivity to squared market returns proposed by Merton and Henriksson (1981) to 

measure manager’s market timing skills. While the market timing component of TSMOM is only related to timing 

based on past market returns, Merton and Henriksson’s approach applies more generally. 
14

 Book-to-market is the basis for the construction of the value factor in the Fama and French (1993) three-factor 

model. Asset growth is the basis for the construction of the investment factor, and the ratio of profit to assets is the 

basis for the construction of the profitability factor in the Fama and French (2015) five-factor model and Hou, Xue, 

and Zhang (2015) q-factor model.  
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Misspecified tests and misunderstandings in the extant literature  

Our decomposition also has important implications for the design of reliable empirical 

tests. For example, MOP’s (2012) method of using cross-strategy intercepts in judging whether 

TS or CS is the dominant strategy misses an important economic dimension. Since the TS 

strategy is a positive net investment strategy on average, the positive intercept in the regression of 

TS excess returns again CS excess returns is merely a reflection of the risk component inherent in 

the TS strategy, and it does not have any implications for whether one strategy fully captures the 

other. More generally, although it is well-known that comparisons of different strategies should 

appropriately adjust for differences in risk to draw reliable inferences, the inherent risk 

differences are not always apparent and hence may be overlooked in the case of cross-strategy 

regressions. 

The literature often uses LM (1990) decomposition to examine sources of profits to 

return-based CS strategies with investment in each stock equal to its past return minus equal-

weighted index returns. MOP construct LM-type TS portfolios with investments in each stock 

proportional to its past excess returns and compare them with corresponding LM-type CS 

portfolios to identify “what features are common and unique to the two strategies.” 

We show in Appendix A1 that the LM-type TS strategy is mathematically equal to the 

corresponding CS strategy plus a time-varying investment in the equal-weighted market index. 

Comparing these two strategies is the same as comparing any two strategies A and B, where B is 

A plus a time-varying investment in the market. We know that A is common to both strategies, 

and a time-varying market investment is unique to B strategy; beyond these facts, we cannot learn 

anything about the behavior of individual stock returns by comparing A and B. Nevertheless, 

MOP conclude that their findings that time series and cross-sectional momentum profits arise due 

to auto-covariances are consistent with various behavioral theories that they mention. But 

tautologically, whatever contributes to CS momentum will contribute in the exact same way to 

TS momentum, and this fact is neither consistent nor inconsistent with any theory. The LM 

framework is not useful if one were interested in assessing whether one strategy is better at 

picking relative winners and losers among individual assets than the other.  

There are also several suggestions in the literature that TS and CS strategies perform 
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differently because one uses an individual asset’s past returns while the other uses returns relative 

to other assets. For example, Bunn and Shiller (2014) screen sectors based on their own past 

returns and claim that their strategy is very close to MOP (2012) rather than to the commonly 

used CS strategy because their approach uses “the momentum of an individual asset to determine 

its impact on this specific asset’s future returns.” Empirically, we show that the TS strategy 

performs differently than the CS strategy only because of its time-varying net long investments in 

the market index, but Bunn and Shiller’s screening approach does not result in any net long 

positions. Therefore, in an economic sense, their approach is closer to CS strategies than TS 

strategies because the screening thresholds for categorizing past winners and loser per se do not 

really matter. 

 

Implications for behavioral theories 

Our findings also have implications for the necessary features of a model that could 

explain the profitability of TS strategies. Equation (17) in Appendix A1 shows that TS strategies 

profit from both the time-series properties of the equal-weighted return, ,tR  and the firm-specific 

component of individual stock returns, itU . In contrast, the CS strategies profit only from the 

time-series properties of itU . For example, the profits to the 1x1 CS strategy are negative because 

of the average negative serial correlation of itU . However, the profits to the 1x1 TS strategy are 

positive because the average negative serial correlation of itU  is more than offset by the market 

timing effect because of the positively serial correlation of .tR  

 Therefore, any model that potentially explains profitability of TS strategies should 

account for two components of predictability. The predictability of these two components could 

be different and even in opposite directions, as in the case of individual stocks over shorter 

horizons. In contrast, a model to explain profitability of CS strategies needs to account for only 

one component of predictability. 

 The behavioral models, including Daniel, Hirshleifer, and Subrahmanyam (1998), 

Barberis, Shleifer, and Vishny (1998), and Hong and Stein (1999), contain one dimensional 

predictability. These models are built on the time-series behavior of individual assets; the 
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literature, therefore, sometimes argues that the TS strategies match the predictions of these 

behavioral models more directly than do CS strategies. However, since the behavioral models are 

built to handle only a single source of predictability, the CS strategies match their predictions 

more directly than do TS strategies. 

 

6. Conclusions 

The literature on return predictability typically uses the cross-sectional distributions of 

selected variables to form predictive portfolios. Some recent papers examine the performance of 

strategies that form predictive portfolios based on the time-series distribution of past return of 

each individual asset. MOP (2012) find significant abnormal returns for their TS strategies with 

international assets after adjusting for the profitability of the corresponding CS strategies. 

We first examine TS and CS strategies with U.S. stocks using past returns as predictor 

variables. We also find striking differences in the excess returns earned by these strategies. We 

analytically decompose the differences between the TS and CS strategies into three components: 

(i) risk premium, (ii) market timing, and (iii) asset selection. 

Intuitively, the TS strategy forms portfolios that are a sum of a zero net investment 

strategy plus a time-varying net long market portfolio. In contrast, the CS strategy always forms a 

net-zero investment portfolio. The risk premium component of the difference between the two 

strategy returns is the compensation for the average net long position in the market. This 

component is neither related to any time-series pattern of individual assets nor related to any 

behavioral model about their prices. 

The TS strategy also takes bigger net long positions after up markets than after down 

markets. The market timing component is the profit to this time-varying investment in the equal-

weighted index of all assets. This component is relevant if one is interested in examining 

predictability of index returns but is not relevant for understanding the relative performance of 

individual asset prices. The asset selection component, however, is driven by the relative 

performance of individual asset prices. If TS strategies are able to better identify future winners 

and losers than CS strategies, the asset selection component would be significant. 

We find that for the U.S. stocks, the differences at the one-month horizon are largely due 



30 

 

to the market timing component. This component exploits the short horizon autocorrelation in 

equal-weighted index returns. The risk premium component is significant at all horizons, and it 

increases with the length of the ranking period. Except for the biggest losers, the stock selection 

component is not a significant source of difference between the returns to the TS and CS 

strategies. 

We also repeat our analysis for a sample of international asset classes and find evidence 

that the difference between the profitability of the TS and CS strategies is mostly due to risk 

premium and market timing components. Thus, while the existence of profitable strategies based 

on past returns for highly diversified and different asset classes remains a puzzle, the additional 

gains, if any, from using the time-series approach to forming these portfolios are due to 

mechanical market timing or additional risk-taking. 

Finally, we compare TS and CS strategies using financial ratios of individual U.S. stocks 

as predictor variables. The variables that we consider are book/market, gross profit/assets, asset 

growth, and accruals/assets. The TS book/market strategy is profitable only because of the market 

timing and risk premium components, but the CS book/market strategy profits from stock 

selection. The TS strategy with asset growth is not profitable after accounting for the risk 

premium component. The stock selection components of the TS strategy and the CS strategy 

perform similarly with accruals/assets. When we use gross profit/assets as the predictor variable, 

the TS strategy is better at stock selection than the CS strategy.  
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Appendix A1: A comparison with Lo and MacKinlay (1990) decomposition 

 

LM (1990) present a decomposition of returns for a cross-sectional trading strategy with 

investments in each stock proportional to its past returns. Specifically, the strategy’s investment 

1,

CS

it LMw   in stock i  at time 1t   is: 

  1, 1 1

1

1
,CS

it LM it t

t

w R R
N

  



    (13) 

where 1tN   is the number of stocks in the sample, and 1itR   and 
1tR 
 are the returns on stock i and 

the equal-weighted index, respectively. By construction, the sum of these weights is equal to 

zero, 1, 0.CS

it LMi
w    The return at time t to this strategy is given by: 
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The expected profit, say 
CS

LM , to this strategy is then given by: 

     2

, 1 1

1

1
cov , cov , ,CS CS

LM t LM it it t ti
t

E R R R R R
N

  



         (15) 

where 
2

  is the cross-sectional variance of expected returns across stocks. LM show that the 

expression can be rewritten as: 

 
   

2

1 1

1

, where

1
cov , and cov , .

CS

LM

it it t ti
t

O C

O R R C R R
N

 

 



  

 
  (16) 

LM refer to the term O as the profit due to own autocovariance and the term C as the profit due to 

cross-autocovariance, or lead-lag relation. For a one-week contrarian strategy (with weights 

1,

CS

it LMw   in equation (13)), LM conclude, based on this decomposition, that a majority of “profits 

are due to the cross effects among the securities.” 

 

This decomposition is based a particular mathematical rearrangement of the terms in 

equation (14). There are also other ways one could conceivably rearrange the terms in equation 

(14) that would result in other interpretations.
15

 For example, we can first decompose the return 

of each individual stock as follows: 

   ,it i t itR R U       (17) 

where i  is the expected return and itU  is the unexpected return over the unexpected return of 

the equal-weighted index. With this decomposition, we get: 

   2

1

1

1
cov , .CS

LM it iti
t

U U
N

 



    (18) 

In this decomposition, cross-covariances per se do not contribute to the CS strategy profits. Does 

this decomposition contradict the implications of the LM decomposition? No, because both are 

mathematically correct and, hence, cannot be mutually contradictory. However, we should 

                                                           
15

 See Jegadeesh and Titman (1995) for an alternative decomposition involving factor-model betas and a more 

detailed discussion of the limitations of LM (1990) decomposition. 
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exercise care in interpreting economic statements, such as a certain percentage of lead-lag 

relations “contributes to” CS profits. LM’s decomposition is about the contribution of the lead-

lag component if average covariances of raw returns were kept constant. In other words, if 

 1 1cov ,it it ti
R R N   were to be constant, then a change in cross-autocovariance would result 

in a corresponding change in CS profits. Of course, a change in cross-autocovariance keeping 

 1 1cov ,it it ti
R R N   constant would imply a corresponding change in  1 1cov , .it it ti

U U N   

 

In contrast to LM (1990), we provide a trading strategy-based decomposition that allows 

us to put two different strategies in perspective. Specifically, we show how one strategy can be 

implemented using a combination of the other strategy and investments in a market index. Our 

decomposition does not depend on a particular weighting scheme, nor does it need any implicit 

qualifications about keeping other things constant. We can directly illustrate the difference 

between our decomposition and the LM decomposition using TS trading strategies that follow the 

LM weighting schemes. For the TS strategy, consider investments given by: 

 1, 1

1

1
.TS

it LM it
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w R
N
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By construction, the sum of these weights is equal to the return on the equal-weighted index, 

1, 1,
TS

it LM ti
w R   which we referred to as NetLongt in Section 2.1. The return at time t to this 

strategy is given by: 
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and the expected profits are given by: 

   2 2
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When we consider the difference between TS and CS strategy profits, we get: 

    2

1 1cov , .TS CS

LM LM t t t tE R R R R         (22) 

The term 
2 is the risk-premium component. Intuitively, the average long position of the TS 

strategy equals the expected return on the equal-weighted index. The second term, 

 1C cov ,t tR R , is the autocorrelation of the equal-weighted index, which is the market timing 

component. 

 

Our decomposition highlights the fact that it is the cross-autocovariance term that the TS 

strategy actually gains from market timing. In other words, the TS strategy has larger or smaller 

dollar investments depending on past market returns, and such market timing helps the TS 

strategy if market returns are serially correlated. Index serial correlation does not contribute to CS 

profits since the CS strategy does not time the market. 

 

If we consider LM weights, no part of the difference in TS and CS strategy profits is due 

to asset selection. Intuitively, one could mimic the TS strategy using the CS strategy and making 

long or short investments in the index without directly altering the investments in individual 

stocks. Therefore, for these strategies, the difference in performance comes entirely from the 

behavior of index return, and one cannot gain insights into the behavior of an individual stock 
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return from such differences. The LM decomposition, which MOP (2012) use to examine the 

difference between TS and CS strategies, does not present a complete picture. 

 

Table A2 presents the returns to portfolio strategies using LM (1990) weights (equation 

(13) for CS weights and equation (19) for TS weights). As before, we find that all TS strategies 

earn positive excess returns.
16

 The returns to CS strategies are negative for 1, 36, and 60 month 

horizons and positive for 3, 6, and 12 month horizons consistent with short- and long-term 

reversal and medium-term momentum. 

 

We also present the decomposition of the difference in returns into the risk premium and 

the market timing component. The market timing component is positive at 0.44% and accounts 

for most of the difference between 1x1 TS and CS strategies. This component is negative and 

statistically insignificant for longer horizons. The risk premium component is significantly 

positive for all horizons and accounts for almost all the difference between TS and CS strategies 

at long horizons. In sum, mirroring the results in Table 3, we find that the risk premium and 

market timing components account for the difference between TS and CS strategies. The 

difference between Table 3 and Table A2 is the absence of the stock selection component, by 

construction, in the latter results. This difference allows us to reiterate that TS and CS strategies 

differ primarily in these two components. 

 

Our trading strategy-based decomposition in Section 2.1 is also more general than LM 

decomposition. We can apply it to more commonly used portfolio weighting schemes, such as the 

ones we and MOP use, as well as the LM-type weighting scheme. Our decomposition, unlike LM 

decomposition, also allows us to evaluate the extent to which asset selection contributes to the 

differences. 

 

  

                                                           
16

 The magnitudes of returns cannot be compared across ranking periods as the weights depend on ranking period 

returns, which have different magnitudes depending on the length of the ranking period. 
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Appendix A2: Standard error calculation for the decomposition of the difference between 

TS and CS 

 

Since we observe the stock selection (SS) component each month, we calculate the standard error 

of this component simply from its time-series values. For the standard error of the Risk Premium 

(RP) and Market Timing (MT) component, it is useful to recall the following facts from statistics. 

For any two random variables X and Y, define    
2 2

.XY X Yd E X Y    
 

 Then, it can be 

shown that: 
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where XYS  is the sample covariance between X and Y. Defining NetLongt tX  and t tY R  gives 

us the variance of the RP and MT component from the first and second rows of the above 

equation, respectively. 
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Table 1: Portfolio returns to prior return sorts based on time-series and cross-sectional 

strategies 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The TS 

strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. The table reports the annualized excess returns of 

these two strategies. Numbers in parentheses are the corresponding t-statistics. We use only non-

microcap stocks at the time of sorting. A stock is defined as non-microcap if it is above the 20
th

 

percentile of NYSE market capitalization. The sample period is 1946 to 2013. 

 

Ranking Holding period 

Period 1 3 6 12 36 60 

Panel A : Time-series strategy 

1 4.02 2.22 2.28 2.48 0.87 0.94 

 

(1.90) (1.59) (2.14) (3.14) (2.05) (2.90) 

3 6.12 4.65 4.35 4.28 2.02 2.25 

 

(2.68) (2.31) (2.59) (3.27) (2.66) (3.51) 

6 7.97 6.35 5.79 4.96 2.38 2.81 

 

(3.26) (2.75) (2.68) (2.83) (2.27) (3.17) 

12 9.25 7.36 6.20 3.45 2.58 3.29 

 

(3.59) (2.94) (2.61) (1.68) (1.92) (2.82) 

36 5.54 5.29 4.56 3.98 5.44 5.71 

 

(2.32) (2.24) (1.97) (1.82) (2.76) (3.13) 

60 6.42 6.31 6.17 5.90 7.04 7.71 

  (2.68) (2.62) (2.57) (2.51) (3.14) (3.61) 

Panel B: Cross-sectional strategy 

1 −5.09 −1.24 0.20 1.10 0.03 −0.05 

 (−5.03) (−1.67) (0.36) (2.65) (0.14) (−0.36) 

3 −0.77 1.12 2.06 2.43 0.24 0.04 

 (−0.62) (1.07) (2.33) (3.66) (0.69) (0.18) 

6 2.33 3.48 3.90 3.02 0.15 −0.04 

 (1.75) (2.79) (3.48) (3.45) (0.33) (−0.13) 

12 4.98 4.93 3.86 1.72 −0.45 −0.55 

 (3.56) (3.71) (3.13) (1.63) (−0.76) (−1.19) 

36 −0.08 0.24 −0.09 −0.80 −1.44 −1.62 

 (−0.07) (0.21) (−0.09) (−0.82) (−2.01) (−2.75) 

60 −0.61 −0.39 −0.53 −1.30 −1.97 −2.00 

  (−0.61) (−0.40) (−0.57) (−1.49) (−2.89) (−3.40) 
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Table 2: Cross-Alphas of portfolio returns based on time-series and cross-sectional 

strategies 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The TS 

strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. The table reports the annualized alphas following the 

strategies TS and CS. Alphas for the TS strategy are computed from time-series regressions with 

their profits as the dependent variable and CS profits as the only explanatory variable. Alphas for 

the CS strategy are computed from a time-series regression with CS profits as the dependent 

variable and TS profits as the only explanatory variable. Numbers in parentheses are the 

corresponding t-statistics. We report statistics only for those strategies where the holding period 

is equal to the ranking period (corresponding to diagonal entries in Table 1). We use only non-

microcap stocks at the time of sorting. A stock is defined as non-microcap if it is above the 20
th

 

percentile of NYSE market capitalization. The sample period is 1946 to 2013. 

 

Explanatory variable→ CS  TS 

Dependent variable→ TS  CS 

Holding/ranking 

Period    

1 10.77 

 

−6.31 

 

(6.46) 

 

(−8.02) 

3 3.18 

 

−0.55 

 

(2.17) 

 

(−0.71) 

6 0.52 

 

1.79 

 (0.33)  (2.23) 

12 1.29  0.58 

 (0.82)  (0.71) 

36 7.54  −2.49 

 

(4.51) 

 

(−4.09) 

60 10.86 

 

−2.93 

  (5.61)   (−5.47) 
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Table 3: Decomposition of the difference in portfolio returns based on time-series and 

cross-sectional strategies 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The TS 

strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. The table reports the difference in the annualized 

returns following these two strategies, as well as the decomposition of this difference into three 

components related to risk premium, market timing, and stock selection (please refer to text for 

details). ‘Net long’ is average net long position (in percentage) of the time-series strategy, while 

‘Equal-weighted return’ is the average annualized holding period return on an equal-weighted 

index of stocks included in the portfolio sorts. Numbers in parentheses are the corresponding t-

statistics. We report statistics only for those strategies where the holding period is equal to the 

ranking period (corresponding to diagonal entries in Table 1). We use only non-microcap stocks 

at the time of sorting. A stock is defined as non-microcap if it is above the 20
th

 percentile of 

NYSE market capitalization. The sample period is 1946 to 2013. 

 

Holding/ Time- Cross- Difference Decomposition  Equal- 

ranking 

period 

series sectional 

 

Risk 

Premium 

Market 

Timing 

Stock 

Selection 

Net 

Long 

weighted 

Return 

1 4.02 −5.09 9.12 1.09 6.85 1.18 12.40 8.80 

 

(1.90) (−5.03) (5.45) (2.70) (3.48) (2.56) (4.14) (4.08) 

3 4.65 1.12 3.52 2.43 0.70 0.40 27.32 8.90 

 

(2.31) (1.07) (2.35) (3.78) (0.38) (0.89) (9.95) (4.13) 

6 5.79 3.90 1.89 3.22 −1.37 0.03 35.95 8.97 

 

(2.68) (3.48) (1.19) (3.99) (−0.72) (0.05) (13.17) (4.16) 

12 3.45 1.72 1.73 4.35 −3.19 0.57 47.76 9.10 

 

(1.68) (1.63) (1.08) (4.20) (−1.76) (1.08) (18.59) (4.24) 

36 5.44 −1.44 6.88 7.63 −1.25 0.51 79.23 9.63 

 

(2.76) (−2.01) (4.05) (4.58) (−0.99) (0.97) (36.71) (4.60) 

60 7.71 −2.00 9.71 9.68 −0.48 0.51 99.40 9.74 

  (3.61) (−3.40) (4.98) (4.73) (−0.43) (0.94) (47.93) (4.75) 
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Table 4: Decomposition of the difference in portfolio returns based on time-series and 

cross-sectional strategies – January versus Non-January months 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The TS 

strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. The table reports the difference in the annualized 

returns following these two strategies, as well as the decomposition of this difference into three 

components related to risk premium, market timing, and stock selection (please refer to text for 

details). ‘Net long’ is average net long position (in percentage) of the time-series strategy, while 

‘Equal-weighted return’ is the average annualized holding period return on an equal-weighted 

index of stocks included in the portfolio sorts. Numbers in parentheses are the corresponding t-

statistics. We report statistics only for those strategies where the holding period is equal to the 

ranking period (corresponding to diagonal entries in Table 1). We use only non-microcap stocks 

at the time of sorting. A stock is defined as non-microcap if it is above the 20
th

 percentile of 

NYSE market capitalization. The sample period of 1946 to 2013 is divided into January and non-

January months in Panels A and B, respectively. 
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Holding/ Time- Cross- Difference Decomposition  Equal- 

ranking 

period 

series sectional 

 

Risk 

Premium 

Market 

Timing 

Stock 

Selection 

Net 

Long 

weighted 

Return 

Panel A: January months 

1 −10.73 −21.48 10.76 10.11 −0.89 1.53 37.24 27.15 

 

(−1.36) (−6.22) (1.69) (2.62) (−0.13) (1.23) (4.56) (3.24) 

3 −6.63 −14.79 8.16 6.09 0.52 1.55 21.94 27.75 

 

(−0.83) (−3.10) (1.45) (1.86) (0.09) (1.38) (2.38) (3.28) 

6 −14.31 −12.29 −2.01 5.69 −10.16 2.46 20.08 28.32 

 

(−1.34) (−2.47) (−0.27) (1.91) (−1.21) (1.45) (2.16) (3.31) 

12 −10.72 −12.05 1.34 13.99 −13.07 0.43 48.13 29.06 

 

(−1.09) (−3.21) (0.18) (3.19) (−1.49) (0.19) (5.31) (3.37) 

36 2.61 −9.85 12.45 24.26 −7.92 −3.89 79.49 30.52 

 

(0.32) (−3.30) (1.79) (3.58) (−1.16) (−1.83) (10.47) (3.58) 

60 11.98 −5.40 17.38 30.56 −8.79 −4.38 99.62 30.67 

  (1.44) (−2.19) (2.17) (3.72) (−1.24) (−1.86) (13.83) (3.64) 

Panel B : Non-January months 

1 5.37 −3.60 8.97 0.72 7.10 1.15 10.14 7.13 

 (2.45) (−3.46) (5.17) (2.08) (3.47) (2.34) (3.20) (3.21) 

3 5.67 2.57 3.10 2.00 0.81 0.29 27.81 7.18 

 (2.75) (2.45) (2.00) (3.05) (0.43) (0.61) (9.66) (3.25) 

6 7.61 5.37 2.25 2.70 −0.26 −0.19 37.39 7.21 

 (3.56) (4.78) (1.41) (3.17) (−0.15) (−0.37) (13.12) (3.27) 

12 4.74 2.97 1.76 3.48 −2.30 0.58 47.73 7.29 

 (2.31) (2.72) (1.10) (3.29) (−1.30) (1.09) (17.81) (3.32) 

36 5.70 −0.68 6.38 6.12 −0.65 0.91 79.20 7.73 

 (2.82) (−0.93) (3.66) (3.60) (−0.56) (1.69) (35.17) (3.62) 

60 7.32 −1.69 9.01 7.79 0.27 0.96 99.38 7.84 

  (3.33) (−2.81) (4.51) (3.74) (0.18) (1.72) (45.86) (3.75) 
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Table 5: Time-series strategy with zero net long position 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following a cross-sectional (CS) strategy and a zero net long time-series strategy (TS0). 

The CS strategy sorts stocks into five portfolios (numbers 1 to 5) with prior raw returns lower 

than the cross-sectional average and five portfolios (numbers 6 to 10) with prior raw returns 

higher than the cross-sectional average. The TS0 strategy sorts stocks into five portfolios 

(numbers 1 to 5) with prior raw returns lower than the risk-free rate and five portfolios (numbers 

6 to 10) with prior raw returns higher than the risk-free rate. Portfolios are kept for a holding 

period of one month. The table reports the annualized returns in excess of risk-free rate of all the 

deciles, as well as a long-short decile following these strategies. Numbers in parentheses are the 

corresponding t-statistics. We use only non-microcap stocks at the time of sorting. A stock is 

defined as non-microcap if it is above the 20
th

 percentile of NYSE market capitalization. The 

sample period is 1946 to 2013. 
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Ranking  Decile 

Period 

 

1 2 3 4 5 6 7 8 9 10 10−1 

1 CS 11.74 12.76 11.01 10.12 9.65 8.80 7.30 6.42 4.45 2.88 −8.85 

  

(3.80) (5.09) (4.88) (4.84) (4.76) (4.44) (3.71) (3.15) (2.01) (1.09) (−4.22) 

 

TS0 11.50 12.88 12.51 11.12 10.49 10.14 9.42 7.83 5.40 2.97 −8.53 

  

(3.71) (5.14) (5.60) (5.43) (5.37) (5.47) (4.94) (3.90) (2.51) (1.14) (−4.29) 

             3 CS 8.59 10.00 9.48 9.18 9.05 8.45 8.31 8.34 8.66 8.70 0.11 

  

(2.65) (3.93) (4.25) (4.44) (4.51) (4.23) (4.07) (4.00) (3.78) (3.22) (0.05) 

 

TS0 7.18 9.38 9.37 9.64 9.35 9.11 8.98 8.38 8.64 9.19 2.02 

  

(2.18) (3.63) (4.22) (4.72) (4.86) (4.89) (4.74) (4.28) (3.98) (3.52) (0.85) 

             6 CS 5.72 8.37 8.21 8.79 8.62 9.53 9.58 9.38 10.26 12.61 6.89 

  

(1.76) (3.34) (3.76) (4.31) (4.34) (4.77) (4.73) (4.38) (4.32) (4.37) (2.58) 

 

TS0 2.71 5.92 5.96 6.45 7.77 8.16 8.49 8.75 9.90 12.28 9.56 

  

(0.81) (2.35) (2.75) (3.26) (4.17) (4.53) (4.58) (4.49) (4.49) (4.45) (3.67) 

             12 CS 3.38 7.05 7.30 8.59 8.99 10.03 10.78 11.73 12.69 14.99 11.62 

  

(1.07) (2.90) (3.39) (4.31) (4.60) (5.05) (5.14) (5.27) (5.07) (4.94) (4.18) 

 

TS0 0.32 4.10 5.37 5.61 5.89 8.09 9.10 10.48 11.49 14.72 14.40 

  

(0.10) (1.62) (2.46) (2.91) (3.29) (4.59) (4.99) (5.36) (5.16) (5.13) (5.33) 

             36 CS 9.08 9.58 9.47 9.69 8.92 8.65 8.98 9.83 8.90 9.98 0.90 

  

(3.16) (4.32) (4.79) (5.08) (4.66) (4.28) (4.21) (4.40) (3.57) (3.42) (0.39) 

 

TS0 8.20 7.65 8.19 8.55 7.43 8.71 8.69 8.34 9.37 9.77 1.57 

  

(2.65) (3.18) (3.81) (4.27) (3.95) (4.82) (4.84) (4.42) (4.38) (3.64) (0.68) 

             60 CS 10.42 10.14 9.37 9.23 9.12 9.60 9.66 9.02 8.43 8.53 −1.89 

  

(3.83) (4.81) (4.84) (4.86) (4.82) (4.80) (4.63) (4.12) (3.53) (3.06) (−0.92) 

 

TS0 9.50 7.53 8.35 7.25 7.16 8.35 8.48 8.96 9.25 8.37 −1.13 

  

(3.15) (3.19) (3.83) (3.59) (3.74) (4.57) (4.69) (4.77) (4.49) (3.35) (−0.52) 
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Table 6: Alphas of portfolio returns based on time-series and cross-sectional strategies 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 months following either the time-series 

(TS) strategy or the cross-sectional (CS) strategy. The TS strategy sorts stocks based on their prior raw returns in excess of the risk-

free rate, and the strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-weighted portfolios 

based on their prior raw returns in excess of the cross-sectional average, and the strategy returns are given by equation (1) in the text. 

Portfolios are kept for a holding period of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. We decompose the difference in the returns into three components related to risk premium 

(RP), market timing (MT), and stock selection (SS) (please see text for further details). The table reports the annualized returns 

following the strategies TS, TS−RP, TS−RP−MT, and CS, as well as annualized CAPM alpha and Fama and French (1993) 3-factor 

model alpha. Numbers in parentheses are the corresponding t-statistics. We report statistics only for those strategies where the holding 

period is equal to the ranking period (corresponding to diagonal entries in Table 1). We use only non-microcap stocks at the time of 

sorting. A stock is defined as non-microcap if it is above the 20
th

 percentile of NYSE market capitalization. The sample period is 1946 

to 2013. 

 

Holding/ Return   CAPM alpha   3-factor alpha 

ranking 

period TS TS−RP 

TS0 ≡ 

TS−RP−MT CS   TS TS−RP 

TS0 ≡ 

TS−RP−MT CS   TS TS−RP 

TS0 ≡ 

TS−RP−MT CS 

1 4.02 2.93 −3.91 −5.09 

 

6.67 6.61 −3.20 −4.14 

 

6.88 6.93 −2.93 −3.72 

 

(1.90) (1.32) (−5.05) (−5.03) 

 

(3.28) (3.23) (−4.19) (−4.16) 

 

(3.32) (3.34) (−3.79) (−3.69) 

3 4.65 2.21 1.52 1.12 

 

5.15 4.98 2.10 1.70 

 

4.75 4.86 2.45 2.23 

 

(2.31) (1.04) (1.91) (1.07) 

 

(2.54) (2.44) (2.65) (1.61) 

 

(2.31) (2.34) (3.07) (2.10) 

6 5.79 2.56 3.93 3.90 

 

5.24 5.00 4.36 4.08 

 

5.24 5.39 4.83 5.04 

 

(2.68) (1.12) (4.69) (3.48) 

 

(2.41) (2.24) (5.19) (3.61) 

 

(2.37) (2.39) (5.71) (4.50) 

12 3.45 −0.90 2.29 1.72 

 

1.40 0.99 2.49 1.20 

 

3.01 3.22 3.91 3.53 

 

(1.68) (−0.42) (3.00) (1.63) 

 

(0.70) (0.47) (3.23) (1.13) 

 

(1.49) (1.56) (5.39) (3.73) 

36 5.44 −2.19 −0.93 −1.44 

 

−0.12 −1.41 −0.82 −2.54 

 

0.22 0.39 0.50 −0.45 

 

(2.76) (−1.43) (−1.92) (−2.01) 

 

(−0.08) (−0.92) (−1.68) (−3.79) 

 

(0.15) (0.27) (1.26) (−0.86) 

60 7.71 −1.97 −1.49 −2.00 

 

0.86 −1.06 −1.25 −3.06 

 

−0.20 −0.02 −0.41 −1.42 

  (3.61) (−1.46) (−3.90) (−3.40)   (0.66) (−0.79) (−3.28) (−5.74)   (−0.15) (−0.01) (−1.26) (−3.43) 
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Table 7: Alphas of components of portfolio returns to time-series strategy 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following the time-series (TS) strategy or the cross-sectional (CS) strategy. The TS 

strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. We decompose the difference in the returns into 

three components related to risk premium (RP), market timing (MT), and stock selection (SS) 

(please see text for further details). The table reports the annualized alphas following the 

strategies TS, TS−RP, and TS−RP−MT. These alphas are computed from time-series regressions 

with CS profits as the only explanatory variable. Numbers in parentheses are the corresponding 

t-statistics. We report statistics only for those strategies where the holding period is equal to the 

ranking period (corresponding to diagonal entries in Table 1). We use only non-microcap stocks 

at the time of sorting. A stock is defined as non-microcap if it is above the 20
th

 percentile of 

NYSE market capitalization. The sample period is 1946 to 2013. 

 

Dependent variable→ TS TS−RP TS−RP−MT(≡TS0) 

Holding/ranking period    

1 10.77 10.03 −0.40 

 

(6.46) (5.76) (−1.17) 

3 3.18 0.64 0.74 

 

(2.17) (0.41) (2.38) 

6 0.52 −2.97 1.29 

 (0.33) (−1.79) (3.62) 

12 1.29 −2.99 1.19 

 (0.82) (−1.76) (3.32) 

36 7.54 −0.96 −0.27 

 

(4.51) (−0.68) (−0.75) 

60 10.86 −1.04 −0.94 

  (5.61) (−0.78) (−2.69) 
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Table 8: Descriptive statistics on average returns for different asset classes 

 

We present descriptive statistics on excess returns (in excess of risk-free rate) on equal-weighted 

average return of various asset classes. Means, medians, and standard deviation are in percent 

per month. (k, k) are correlations between returns over prior k months and future k months. 

Numbers in parentheses are the corresponding t-statistics. Details on asset classes are provided in 

the text. The sample period is 1985 to 2013. 

 

 

All Equities Bonds Commodities Currencies 

Mean 8.87 13.77 8.88 6.23 4.59 

 

(6.95) (4.21) (6.20) (3.76) (6.36) 

Median 9.73 18.20 8.88 5.24 4.45 

 

(6.09) (4.44) (4.95) (2.52) (4.92) 

StdDev 6.87 17.63 7.71 8.93 3.88 

      

(1,1) 0.05 0.11 0.07 0.05 0.03 

 

(0.93) (2.14) (1.37) (0.95) (0.51) 

(3,3) 0.07 0.08 0.02 0.02 −0.06 

 

(1.28) (1.55) (0.28) (0.40) (−1.14) 

(12,12) 0.02 0.02 0.08 0.00 −0.02 

 

(0.44) (0.43) (1.43) (0.03) (−0.44) 

(60,60) −0.08 −0.12 −0.05 0.08 0.07 

 

(−1.38) (−2.13) (−0.82) (1.35) (1.22) 
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Table 9: Portfolio returns based on time-series and cross-sectional strategies 

for different asset classes 

 

We sort asset classes based on prior returns during a ranking period ranging from one month to 

60 months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The 

TS strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. The table reports the difference in the annualized 

returns following these two strategies. Numbers in parentheses are the corresponding t-statistics. 

Details on asset classes are provided in the text. The sample period is 1985 to 2013. 

 

 

Holding period 

 

Holding period 

Ranking 1 3 12 60 

 

1 3 12 60 

Period Time-series strategy  Cross-sectional strategy 

Panel A: All asset classes 

1 6.90 4.76 2.63 1.18 

 

5.71 3.51 2.15 0.78 

 

(2.95) (2.93) (2.99) (1.83) 

 

(2.79) (2.58) (2.91) (1.50) 

3 8.42 4.76 3.90 2.36 

 

6.94 4.01 3.20 1.58 

 

(3.34) (2.32) (2.92) (2.29) 

 

(3.28) (2.26) (2.87) (1.86) 

12 7.34 5.65 2.97 1.73 

 

6.26 4.01 1.24 0.05 

 

(2.81) (2.27) (1.40) (1.00) 

 

(2.78) (1.89) (0.72) (0.04) 

60 0.13 0.54 0.77 1.60 

 

−2.26 −2.33 −2.49 −0.73 

 

(0.05) (0.19) (0.27) (0.60)   (−0.99) (−1.03) (−1.13) (−0.38) 

Panel B: Equity indices 

1 7.31 6.94 4.69 3.10  −0.78 −0.08 1.07 0.39 

 (1.54) (2.09) (2.49) (2.11)  (−0.47) (−0.07) (1.71) (0.99) 

3 11.77 7.59 7.64 5.61  1.84 1.01 1.99 0.95 

 (2.28) (1.72) (2.65) (2.48)  (0.99) (0.67) (2.10) (1.62) 

12 11.00 10.97 6.36 3.10  2.27 1.77 1.57 0.24 

 (1.98) (2.03) (1.43) (0.84)  (1.25) (1.05) (1.12) (0.26) 

60 −1.28 −2.33 −2.82 1.97  0.16 0.58 0.04 −1.04 

 (−0.24) (−0.45) (−0.56) (0.44)   (0.09) (0.34) (0.02) (−0.78) 
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Holding period 

 

Holding period 

Ranking 1 3 12 60 

 

1 3 12 60 

Period Time-series strategy  Cross-sectional strategy 

Panel C: Bond indices 

1 6.46 3.19 2.30 1.08 

 

2.30 1.53 0.89 0.04 

 

(3.08) (2.35) (2.52) (1.55) 

 

(1.81) (1.83) (2.01) (0.17) 

3 5.50 3.66 3.40 2.32 

 

1.54 1.25 0.84 0.30 

 

(2.49) (1.92) (2.58) (2.39) 

 

(1.19) (1.18) (1.26) (0.63) 

12 5.95 4.63 3.52 2.26 

 

2.17 1.13 0.04 −0.22 

 

(2.61) (2.11) (1.69) (1.46) 

 

(1.54) (0.86) (0.03) (−0.26) 

60 4.11 3.90 3.76 3.85 

 

−1.70 −1.68 −2.30 −0.53 

 

(1.65) (1.58) (1.57) (1.73)   (−1.41) (−1.41) (−1.96) (−0.55) 

Panel D: Commodities 

1 8.41 5.27 1.82 −0.28  7.61 3.71 1.21 −0.43 

 (2.24) (2.20) (1.45) (−0.39)  (1.98) (1.64) (1.08) (−0.62) 

3 10.11 4.38 2.02 −0.40  6.24 2.21 −0.24 −1.18 

 (2.69) (1.57) (1.12) (−0.36)  (1.69) (0.80) (−0.16) (−1.29) 

12 7.14 3.75 0.16 −0.12  6.48 1.55 −2.54 −0.77 

 (1.80) (1.01) (0.05) (−0.06)  (1.71) (0.46) (−0.92) (−0.45) 

60 −4.03 −1.68 −0.22 −0.88  −7.23 −6.77 −4.58 −4.09 

 (−0.86) (−0.37) (−0.05) (−0.22)   (−1.72) (−1.67) (−1.20) (−1.33) 

Panel E: Currencies 

1 4.12 2.87 1.09 0.61  4.14 3.13 0.86 0.45 

 (1.85) (1.89) (1.22) (0.85)  (1.81) (1.99) (0.87) (0.57) 

3 4.42 1.57 1.38 1.57  5.72 3.01 1.65 1.62 

 (1.91) (0.82) (1.08) (1.70)  (2.45) (1.57) (1.36) (1.83) 

12 3.33 1.86 1.41 1.13  2.97 1.89 1.00 1.03 

 (1.34) (0.81) (0.73) (0.80)  (1.19) (0.81) (0.51) (0.70) 

60 2.47 2.29 2.11 1.34  2.12 0.94 0.75 0.64 

 (1.10) (1.04) (0.99) (0.68)   (0.89) (0.40) (0.33) (0.29) 
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Table 10: Alphas of portfolio returns based on time-series and cross-sectional strategies 

for different asset classes 

 

We sort asset classes based on prior returns during a ranking period ranging from one month to 

60 months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The 

TS strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (2) in the text. The CS strategy sorts stocks into two equal-

weighted portfolios based on their prior raw returns in excess of the cross-sectional average, and 

the strategy returns are given by equation (1) in the text. Portfolios are kept for a holding period 

of one month to 60 months. We use overlapping portfolios, as in Jegadeesh and Titman (1993), 

for holding periods greater than one month. We use overlapping portfolios, as in Jegadeesh and 

Titman (1993), for holding periods greater than one month. We decompose the difference in the 

returns into three components related to risk premium (RP), market timing (MT), and stock 

selection (SS) (please see text for further details). The table reports the annualized alphas 

following the strategies TS, TS−RP, TS−RP−MT, and CS. Numbers in parentheses are the 

corresponding t-statistics. The factors used in the computation of alphas are the MSCI world 

excess market return, U.S. SMB, HML, and UMD, Barclays U.S. aggregate bond index, and 

S&P/GSCI commodity index. Details on asset classes are provided in the text. The sample period 

is 1985 to 2013. 

 

 

Holding period = Ranking period 

 

Holding period = 1 month 

Ranking 

Period TS TS−RP 

TS0 ≡ 

TS−RP−MT CS 

 

TS TS−RP 

TS0 ≡ 

TS−RP−MT CS 

Panel A: All asset classes 

1 8.08 7.86 6.16 6.58 

 

8.08 7.86 6.16 6.58 

 

(3.27) (3.18) (3.24) (3.04) 

 

(3.27) (3.18) (3.24) (3.04) 

3 3.92 3.58 2.12 2.91 

 

8.43 8.09 5.70 6.55 

 

(1.84) (1.69) (1.30) (1.61) 

 

(3.17) (3.05) (2.79) (2.95) 

12 −0.91 −1.40 −0.92 −1.45 

 

4.34 3.87 3.54 3.57 

 

(−0.44) (−0.72) (−0.59) (−0.86) 

 

(1.75) (1.58) (1.81) (1.70) 

60 −4.32 −4.85 −3.65 −3.96 

 

−6.32 −6.91 −5.80 −6.95 

 

(−2.06) (−2.62) (−2.35) (−2.48)   (−2.52) (−2.95) (−3.07) (−3.28) 

Panel B: Equity indices 

1 10.30 9.80 −1.90 −1.58  10.30 9.80 −1.90 −1.58 

 (2.05) (1.94) (−1.49) (−0.89)  (2.05) (1.94) (−1.49) (−0.89) 

3 5.22 4.45 −0.04 −0.30  11.05 10.28 −0.16 0.89 

 (1.17) (1.00) (−0.05) (−0.19)  (2.04) (1.88) (−0.13) (0.46) 

12 0.87 0.29 0.48 0.49  7.24 6.64 2.38 1.15 

 (0.21) (0.07) (0.52) (0.34)  (1.40) (1.28) (2.01) (0.62) 

60 −7.34 −6.57 0.42 −1.66  −10.76 −10.16 0.73 −0.64 

 (−2.52) (−3.35) (0.55) (−1.27)   (−2.19) (−2.19) (0.53) (−0.36) 
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Holding period = Ranking period 

 

Holding period = 1 month 

Ranking 

Period TS TS−RP 

TS0 ≡ 

TS−RP−MT CS 

 

TS TS−RP 

TS0 ≡ 

TS−RP−MT CS 

Panel C: Bond indices 

1 4.73 4.46 0.71 1.63 

 

4.73 4.46 0.71 1.63 

 

(2.14) (2.05) (0.69) (1.21) 

 

(2.14) (2.05) (0.69) (1.21) 

3 3.47 3.09 1.06 1.74 

 

5.13 4.73 0.85 1.88 

 

(1.72) (1.57) (1.41) (1.53) 

 

(2.19) (2.08) (0.84) (1.36) 

12 0.04 −0.35 −0.78 −0.44 

 

3.31 2.86 0.98 2.12 

 

(0.02) (−0.20) (−1.04) (−0.37) 

 

(1.45) (1.35) (0.95) (1.46) 

60 −2.36 −1.90 −0.90 −1.75 

 

−2.07 −1.68 −1.24 −3.26 

 

(−1.30) (−1.65) (−2.19) (−1.90)   (−0.96) (−0.99) (−1.92) (−2.65) 

Panel D: Commodities 

1 11.52 11.62 10.37 10.05  11.52 11.62 10.37 10.05 

 (2.92) (2.94) (2.94) (2.49)  (2.92) (2.94) (2.94) (2.49) 

3 3.47 3.66 2.44 1.27  10.53 10.72 8.87 6.25 

 (1.20) (1.27) (0.94) (0.44)  (2.69) (2.73) (2.57) (1.63) 

12 −3.32 −2.99 −2.72 −4.82  3.77 4.07 3.23 4.12 

 (−1.05) (−0.93) (−0.99) (−1.72)  (0.95) (1.02) (0.93) (1.07) 

60 −4.83 −3.20 −4.45 −6.33  −9.51 −8.49 −10.33 −11.68 

 (−1.28) (−0.82) (−1.59) (−2.21)   (−2.11) (−1.85) (−2.87) (−2.95) 

Panel E: Currencies 

1 4.11 4.11 4.11 4.34  4.11 4.11 4.11 4.34 

 (1.74) (1.74) (1.95) (1.79)  (1.74) (1.74) (1.95) (1.79) 

3 3.12 3.04 3.58 4.52  6.42 6.33 6.54 7.43 

 (1.55) (1.50) (2.01) (2.26)  (2.65) (2.60) (3.03) (3.03) 

12 −0.19 −0.38 −0.09 −0.69  3.29 3.09 3.20 3.32 

 (−0.09) (−0.19) (−0.05) (−0.34)  (1.27) (1.18) (1.33) (1.28) 

60 −0.63 −1.16 −1.15 −1.46  0.44 0.10 0.10 −0.39 

 (−0.34) (−0.60) (−0.61) (−0.69)   (0.19) (0.04) (0.04) (−0.16) 
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Table 11: Portfolio returns based on time-series and cross-sectional strategies based on firm characteristics 

 

At the end of June of every year, we sort stocks based on a firm characteristic following either the time-series (TS) strategy or the 

cross-sectional (CS) strategy. The TS strategy sorts stocks based on the firm characteristic in excess of its own past five-year median, 

and the strategy returns are given by equation (10) in the text. The CS strategy sorts stocks into two equal-weighted portfolios based 

on the firm characteristic in excess of the cross-sectional average at the time of sorting, and the strategy returns are given by equation 

(9) in the text. Portfolios are kept for a holding period of one year. The characteristics are book/market, gross profit/assets, asset 

growth, and accruals/assets as predictors. Book/market is the ratio of the book value of equity to the market value of equity. The book 

value is calculated as in Fama and French (2008). Gross profit/assets is the ratio of gross profit to total assets. Accruals/assets is the 

ratio of accruals to assets, where accruals is defined as the change in (current assets − cash and short-term investments − current 

liabilities + short-term debt + taxes payable) less depreciation. Asset growth is the percentage change in total assets. All accounting 

variables are assumed to be known six months after the fiscal year-end. We calculate the returns to these two strategies as well as the 

decomposition of their difference into three components related to risk premium, market timing, and stock selection (please refer to 

text for details). The table reports the annualized alphas following the strategies TS, CS, and TS−RP−MT. ‘Net long’ is average net 

long position (in percentage) of the time-series strategy. Numbers in parentheses are the corresponding t-statistics. We use only non-

microcap stocks at the time of sorting. A stock is defined as non-microcap if it is above the 20
th

 percentile of NYSE market 

capitalization. The sample period is 1946 to 2013. 

 

  TS CS TS−CS RP MT SS 

TS0 ≡ 

TS−RP−MT Net Long 

Book/Market 4.91 2.56 2.34 1.46 4.16 −3.27 −0.71 15.15 

 

(2.43) (2.99) (1.22) (3.44) (2.34) (−4.35) (−1.04) (5.69) 

         Gross Profit/Assets 2.08 1.00 1.08 −1.10 1.06 1.12 2.12 −11.86 

 

(2.00) (1.27) (0.77) (−3.65) (1.22) (1.22) (4.84) (−8.08) 

         Assets Growth −2.21 −2.30 0.09 −1.29 −0.09 1.47 −0.83 −13.95 

 

(−2.13) (−3.92) (0.10) (−3.60) (−0.09) (3.00) (−1.83) (−8.42) 

         Accruals/Assets −2.58 −1.25 −1.33 −2.14 0.70 0.11 −1.14 −22.16 

  (−2.15) (−2.01) (−1.19) (−3.20) (0.73) (0.15) (−1.82) (−12.92) 

 

  



53 

 

Figure 1: Net long positions for sorts based on time-series strategies 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 months following the time-series (TS) 

strategy. The TS strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the strategy returns are given 

by equation (2) in the text. Portfolios are kept for a holding period of one month to 60 months. We use overlapping portfolios, as in 

Jegadeesh and Titman (1993), for holding periods greater than one month. The figure shows the net long position for three strategies, 

where the holding period is equal to the ranking period and equal to 1/6/12/60 months. We use only non-microcap stocks at the time of 

sorting. A stock is defined as non-microcap if it is above the 20
th

 percentile of NYSE market capitalization. The sample period is 1946 

to 2013. 
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Figure 2: Net long positions for sorts based on time-series strategies for different asset classes 

 

We sort asset classes based on prior returns during a ranking period ranging from one month to 60 months following the time-series 

(TS) strategy. The TS strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the strategy returns are 

given by equation (2) in the text. Portfolios are kept for a holding period of one month to 60 months. We use overlapping portfolios, as 

in Jegadeesh and Titman (1993), for holding periods greater than one month. The figure shows the net long position for three 

strategies, where the holding period is equal to the ranking period and equal to 1/6/12/60 months. Details on asset classes are provided 

in the text. The sample period is 1985 to 2013. 
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Table A1: Descriptive statistics for different asset classes 

 

We present descriptive statistics on excess returns (in excess of risk-free rate) on spot rates of 

various asset classes. Means, medians, standard deviation, minimum, and maximum are in 

percent per month. AR(1) is the first-order autocorrelation coefficient, Start date is the first date 

of the observation, and Data source is the source from where the data are obtained. 

 

Name Mean Median StDev Min Max AR(1) Start date Data source 

Panel A: Equity indices 

Australia 0.90 1.14 6.73 −45.02 17.78 0.01 198501 MSCI 

Austria 0.82 0.97 7.85 −37.10 27.45 0.17 198501 MSCI 

Canada 0.66 1.03 5.57 −27.00 21.25 0.09 198501 MSCI 

Denmark 1.00 1.39 5.89 −25.73 20.85 −0.01 198501 MSCI 

France 0.88 1.19 6.30 −22.47 20.56 0.05 198501 MSCI 

Germany 0.88 1.35 6.88 −24.49 23.60 0.03 198501 MSCI 

Hong Kong 1.10 1.03 7.73 −43.95 32.90 0.06 198501 MSCI 

Italy 0.71 0.73 7.48 −23.66 30.41 0.04 198501 MSCI 

Japan 0.35 0.37 6.36 −20.04 23.66 0.11 198501 MSCI 

Netherlands 0.87 1.49 5.60 −25.17 14.37 0.02 198501 MSCI 

Norway 0.93 1.17 7.76 −33.42 21.45 0.07 198501 MSCI 

Portugal 0.20 0.21 6.68 −26.31 27.77 0.10 198801 MSCI 

Spain 1.09 0.89 7.37 −25.32 26.13 0.07 198501 MSCI 

Sweden 1.19 1.30 7.48 −26.71 25.48 0.08 198501 MSCI 

Switzerland 0.93 1.08 5.19 −18.15 16.04 0.07 198501 MSCI 

UK 0.71 0.58 5.25 −22.04 15.25 0.04 198501 MSCI 

US 0.68 1.04 4.45 −21.73 12.83 0.06 198501 MSCI 

Panel B: Bond indices 

Australia 02 years 0.48 0.71 3.37 −14.86 8.91 0.01 198703 Datastream 

Australia 10 years 0.66 0.99 3.87 −14.53 12.70 −0.03 198703 Datastream 

Canada 02 years 0.29 0.29 2.21 −10.80 7.95 −0.05 198501 Datastream 

Canada 10 years 0.47 0.63 2.95 −12.33 8.74 −0.05 198501 Datastream 

Denmark 02 years 0.46 0.52 3.22 −10.53 11.67 −0.01 198501 Datastream 

Denmark 10 years 0.51 0.31 3.36 −10.85 14.34 0.02 198902 Datastream 

Germany 02 years 0.35 0.43 3.25 −10.46 10.58 0.04 198501 Datastream 

Germany 10 years 0.52 0.41 3.66 −11.15 12.54 0.04 198501 Datastream 

Japan 02 years 0.20 0.01 3.44 −10.71 16.63 0.06 198501 Datastream 

Japan 10 years 0.40 0.30 4.03 −12.13 17.81 0.08 198501 Datastream 

Norway 10 years 0.46 0.44 3.39 −11.07 11.16 −0.01 199212 Datastream 

Sweden 02 years 0.31 0.33 3.22 −11.53 9.37 0.08 198605 Datastream 

Sweden 10 years 0.48 0.26 3.67 −11.40 11.63 0.07 198901 Datastream 

Switzerland 02 years 0.22 0.22 3.36 −11.15 15.51 0.00 198902 Datastream 

Switzerland 10 years 0.47 0.53 3.78 −10.36 14.88 0.02 198501 Datastream 

UK 02 years 0.39 0.23 3.04 −9.50 15.37 0.06 198501 Datastream 

UK 10 years 0.57 0.38 3.64 −10.84 17.83 0.10 198501 Datastream 

US 02 years 0.13 0.09 0.54 −1.48 1.85 0.18 198501 Datastream 
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US 05 years 0.24 0.25 1.35 −3.65 4.57 0.13 198501 Datastream 

US 10 years 0.31 0.28 2.20 −7.17 9.84 0.09 198501 Datastream 

US 30 years 0.40 0.41 3.64 −14.57 16.03 0.08 198501 Datastream 

Panel C: Currencies 

Australian Dollar 0.40 0.57 3.42 −16.38 9.48 0.06 198501 FRB 

Euro 0.19 0.21 3.02 −9.57 9.92 0.03 199902 FRB 

British Pound 0.33 0.20 2.97 −11.85 14.87 0.08 198501 FRB 

Canadian Dollar 0.08 0.02 2.09 −8.19 14.95 −0.06 198501 FRB 

Japanese Yen −0.39 −0.24 3.24 −15.06 10.26 0.04 198501 FRB 

Norwegian Krone 0.18 −0.08 3.21 −7.08 14.44 0.02 198501 FRB 

Swedish Krona 0.13 −0.16 3.32 −8.54 18.62 0.12 198501 FRB 

Swiss Franc −0.33 −0.50 3.41 −12.21 12.57 0.00 198501 FRB 

Panel D: Commodities 

Cocoa 0.08 −0.36 8.11 −33.64 35.46 −0.03 198501 

International Cocoa 

Organization 

Sugar 0.69 −0.01 10.69 −28.98 68.27 0.15 198501 

International Sugar 

Organization 

Aluminum 0.06 −0.45 6.95 −23.88 39.96 −0.12 198501 LME 

Copper −0.49 −0.93 8.14 −31.04 55.71 0.13 198501 LME 

Lead −0.57 −0.98 8.66 −21.68 37.58 0.06 199308 LME 

Nickel −0.14 −0.57 10.37 −26.03 37.28 0.05 199308 LME 

Tin −0.28 −0.56 6.79 −21.20 35.58 0.14 198501 LME 

Zinc −0.27 −0.49 7.84 −22.14 50.88 0.02 198501 LME 

Platinum 0.34 0.25 6.54 −32.21 36.85 0.01 198501 

London Platinum And 

Palladium Market 

Brent Crude 0.68 0.93 10.99 −35.75 59.75 0.02 198501 Thomson Reuters 

Coffee 0.17 −0.61 10.75 −33.33 59.32 0.05 198501 Thomson Reuters 

Gasoil 0.84 0.52 9.89 −32.60 43.49 0.04 198607 Thomson Reuters 

Gold 0.18 −0.36 4.49 −16.90 16.81 −0.09 198501 Thomson Reuters 

Natural gas 1.86 0.85 19.92 −55.10 97.34 −0.09 199312 Thomson Reuters 

Silver 0.32 −0.59 8.03 −27.90 29.40 −0.08 198501 Thomson Reuters 

Wti Crude 0.53 0.65 9.75 −32.43 43.41 0.13 198501 Thomson Reuters 

Corn 0.18 0.44 8.52 −28.74 42.39 0.06 198501 USDA 

Cotton 0.19 −0.20 8.90 −58.48 32.47 −0.03 198501 USDA 

Soybeans 0.19 0.13 7.22 −33.31 21.98 −0.06 198501 USDA 

Soymeal 1.10 0.47 10.47 −33.76 32.27 −0.17 200107 USDA 

Soy oil 0.05 0.05 7.61 −26.50 29.06 −0.04 198501 USDA 

Wheat 0.22 −0.12 8.67 −30.41 31.57 0.03 198501 USDA 

Cattle Feeder 0.10 0.32 3.94 −11.64 10.20 0.22 199302 CME 

Hogs 0.45 −0.08 10.46 −34.56 59.57 −0.03 199512 CME 
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Table A2: Decomposition of the difference in portfolio returns based on time-series and 

cross-sectional strategies for Lo and MacKinlay (1990) strategies 

 

We sort stocks based on prior returns during a ranking period ranging from one month to 60 

months following either the time-series (TS) strategy or the cross-sectional (CS) strategy. The TS 

strategy sorts stocks based on their prior raw returns in excess of the risk-free rate, and the 

strategy returns are given by equation (19) in Appendix A2. The CS strategy sorts stocks into 

two equal-weighted portfolios based on their prior raw returns in excess of the cross-sectional 

average, and the strategy returns are given by equation (13) in Appendix A2. Portfolios are kept 

for a holding period of one month to 60 months. We use overlapping portfolios, as in Jegadeesh 

and Titman (1993), for holding periods greater than one month. The table reports the difference 

in the annualized returns following these two strategies, as well as the decomposition of this 

difference into two components related to risk premium and market timing (please refer to text 

for details). ‘Net long’ is average net long position (in percentage) of the time-series strategy, 

while ‘Equal-weighted return’ is the average annualized holding period return on an equal-

weighted index of stocks included in the portfolio sorts. Numbers in parentheses are the 

corresponding t-statistics. We report statistics only for those strategies where the holding period 

is equal to the ranking period. We use only non-microcap stocks at the time of sorting. A stock is 

defined as non-microcap if it is above the 20
th

 percentile of NYSE market capitalization. The 

sample period is 1946 to 2013. 

 

Holding/ Time- Cross- Difference Decomposition  Equal- 

ranking 

period 

series sectional 

 

Risk 

Premium 

Market 

Timing 

Net 

Long 

weighted 

Return 

1 0.27 −0.29 0.55 0.12 0.44 1.31 8.80 

 

(1.40) (−2.51) (4.40) (3.33) (3.34) (7.20) (4.08) 

3 0.43 0.10 0.33 0.35 −0.02 3.94 8.90 

 

(1.16) (0.41) (1.57) (3.86) (−0.07) (13.19) (4.13) 

6 0.99 0.58 0.40 0.72 −0.32 8.07 8.97 

 

(1.65) (1.48) (1.23) (4.04) (−0.86) (18.65) (4.16) 

12 0.73 0.03 0.70 1.58 −0.88 17.38 9.10 

 

(0.79) (0.06) (1.28) (4.20) (−1.58) (27.64) (4.24) 

36 2.72 −1.83 4.54 5.93 −1.39 61.64 9.63 

 

(1.42) (−2.61) (3.04) (4.58) (−1.28) (52.19) (4.60) 

60 7.99 −2.76 10.75 11.65 −0.91 119.64 9.74 

  (2.42) (−2.52) (3.96) (4.73) (−0.45) (68.69) (4.75) 

 

 


