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1. Introduction

During the past decade there has been growing literature on the predictability of stock

returns based on the information contained in past returns. At very short horizons, such as

a week or a month, returns are shown to have negative serial correlation (reversal), while

at three to twelve months, they exhibit positive serial correlation (momentum). During

longer horizons, such as three to five years, stock returns exhibit the reversal effect.1 The

momentum of individual stocks is extensively examined by Jegadeesh and Titman (1993).

They document the out-performance of trading strategies based on past performance. They

show that one can obtain superior returns simply by holding a zero-cost portfolio that consists

of long positions in stocks that have out-performed in the past (winners), and short positions

in stocks that have under-performed during the same period (losers). Others have shown

that most of the returns to a momentum trading strategy are due to losers rather than

to winners (see, e.g., Hong, Lim, and Stein, 2000; Grinblatt and Moskowitz, 2000). The

momentum anomaly is further deepened by the existence of seasonal patterns. As discussed

by Jegadeesh and Titman (1993) and Grinblatt and Moskowitz (2000), the usual momentum

return continues throughout February-November, increases in December, but changes to a

strong reversal in January. The explanation of the momentum anomaly has been the focus

of many researches during the last several years. Until now, no measures of risk has been

found that completely explain momentum returns. Most recently, Grundy and Martin (2001)

study the risk sources of momentum strategies and conclude that while factor models can

explain most of the variability of momentum returns, they fail to explain their mean returns

(see, e.g., Jegadeesh and Titman, 2000).2 Momentum has also been shown to be robust to

international financial markets (see, e.g., Bhojraj and Swaminathan (2001)). Some view this

unexplained persistence of momentum returns throughout the last several decades as one of

the most serious challenges to the market efficiency hypothesis.

The purpose of this paper is to demonstrate that the market efficiency hypothesis is not

violated by the above findings. This paper introduces new methods to assess whether trading

strategies designed to exploit the observed seasonality remain profitable after considering

transaction costs, such as trading fees and price concessions. This paper shows that the

apparent excess returns of momentum strategies disappear when the price impact induced
1For evidence on short horizon reversal, see Poterba and Summers (1988), and Jegadeesh (1990); for

momentum and long run reversal, see DeBondt and Thaler (1985), Jegadeesh and Titman (1993), and
Grinblatt and Moskowitz (2000).

2Others, such as Barberis, Shleifer, and Vishny (1998), Daniel, Hirshleifer, and Subrahmanyam (1998),
and Hong and Stein (1999), explain the momentum continuation by forming behavioral models based on
underreaction/delayed overreaction of investors to information.
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by trades is considered. Our result stems from the fact that most of the demonstrated

excess returns originate from small illiquid stocks that have extremely underperformed in

the past.3 The paper shows that an investor attempting to implement the momentum

strategies documented in the literature will induce price pressures that will eliminate the

excess returns.

To achieve our goal, we first construct momentum trading strategies, which are consistent

with the existing literature. We focus only on momentum seasonality, i.e. December and

January alone, because momentum strategies display the largest excess returns (in absolute

values) during these months. Then, in light of the well documented small-firm effect during

January4, we examine the relation between momentum and size during turn-of-the-year.

We find that small firms that have lost during the previous year bounce back in January

more than other small firms (small losers earn 17.2% in January, while other small firms

earn 8.4%). In contrast, large firms underperform in January independent of their past

performance.5 Based on this analysis, additional momentum/size strategies are generated,

resulting in excess returns that are even higher than those analyzed in the literature.

The contribution of this paper is in testing whether the excess returns to momentum/size

strategies during turn-of-the-year can be realized when price impacts of the strategies are

considered. Price impacts of trades have recently received attention in microstructure lit-

erature (see Breen, Hodrick and Korajczyk (2000), and Huberman and Stanzl (2000) for

admissible price impact functions, and Bertsimas and Lo (1998), and Almgren and Chriss

(2001) for optimal execution of trades; See also Glosten and Harris (1988), and Hasbrouck

(1991)). The importance of price pressure is also demonstrated by Knez and Ready (1996),

who show empirically that transaction costs increase substantially as the size of an order

approaches the quoted depth. Another example is Keim and Madhavan (1996), use data of
3Since we focus on turn-of-the-year investment strategies, it is important to mention the study of Keim

(1989), who investigates whether one can exploit the high returns of small firms during January. He concludes
that in light of large bid-ask spreads of small firms, an attempt to buy small firms at the ask in December
and to sell them at the bid during January would not induce much profit. We expand on this observation
and argue that even if one ignores bid-ask spreads, the large price concessions induced by the trades will
eliminate profitability.

4The January effect has been extensively studied since the early 1980s. Banz (1981) discovered that,
on average, firms with small-market capitalization outperform those with large-market capitalization. By
adding a time dimension, Keim (1983) documents that roughly half of the annual size effect may be at-
tributed to the returns during January. Explanation for the January effect include tax-loss selling (see, e.g.,
Constantinides, 1984; Dammon and Spatt, 1996; Dyl, 1977; Givoly and Ovadia, 1983; Lakonishok and Smidt,
1986; Reinganum, 1983; Chan, 1986) and window dressing by portfolio managers toward year-end (see, e.g.,
Haugen and Lakonishok, 1988; Ritter, 1988; Dyl and Maberly, 1992; Sias and Starks, 1997; Musto, 1997).

5These results are similar to those documented by Sias and Starks (1997) and Grinblatt and Moskowitz
(2000).
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large-block trades in the upstairs market to show that transaction costs increase with the

size of the trade.6

Our analysis utilizes a linear measure for price impact of trades, one which is suitable

for fast trading to exploit returns during the turn-of-the-year. Specifically, we employ the

price-impact measure introduced by Breen, Hodrick, and Korajczyk (2000). This measure

assumes that the impact on a stock price is proportionate to the net turnover induced by

trading it.7 The trading strategies are analyzed in two scenarios–as stand-alone strategies

and as part of a larger managed portfolio. For each scenario we develop methods to quantify

the dollar amount that could be profitably invested in momentum strategies, after taking into

account price concessions induced by trades. In particular, we find the amount that can be

invested so as to provide performance superior to that of different benchmarks. We find that

even if one ignores the direct transaction costs, after taking into account the price impact

of trades, no more than $200 million can be employed as a stand-alone strategy, before the

apparent profit opportunities vanish. When a year-end strategy is considered as part of a

portfolio that tracks a market benchmark, no more than $100 million can be invested in the

strategy. Therefore, our conclusions support the market efficiency hypothesis to the extent

that excess returns displayed by strategies that deploy large investment amounts cannot be

achieved by naively following momentum/size-based strategies at turn-of-the-year.

The remainder of this paper is organized as follows. Section 2 describes the data. The

formation of momentum trading strategies is explained in Section 3. Section 4 presents the

methodology used to estimate transaction costs. Performance evaluation of different trading

strategies is conducted in Section 5, followed by concluding remarks in Section 6.

2. Data

The data used for this research consist of all stocks included in the Center for Research

in Security Prices (CRSP) monthly data files from December 1963 to December 1999. From

1964 to 1972, the CRSP data files include NYSE and AMEX stocks only; after 1972, NAS-

DAQ stocks are added to the sample. In addition, we use intraday data from the TAQ

database to measure price impacts for the analysis of the profits to momentum trading

strategies after considering transaction costs. Since the TAQ database started recording

transaction data only in 1993, the sample used for estimating price impacts is confined to
6Price impacts are also known as invisible costs (see Treynor (1994)).
7Mitchell and Pulvino (2001) utilize a similar measure of price impact to analyze the risk and returns to

risk arbitrage.
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the period 1993-1999.

3. Formation of Trading Strategies

Jegadeesh and Titman (1993) form different zero-cost trading strategies using various

ranking and holding periods, such as one, three, six and twelve months. From our analysis

we conclude that the most prominent strategy is the one known as the 12/1 equally weighted

(EW) trading strategy.8 This strategy ranks all stocks according to their past 12-month

return every period.9 The 12/1 strategy assumes a long position in the highest performing

decile, whose stocks are referred to as winners, and a short position in the lowest performing

decile, whose stocks are referred to as losers. The momentum deciles are formed using NYSE

breakpoints.10 These positions are held for one month, and the entire process is repeated

every month. Fig. 1 plots the time-series averages of monthly returns of the 12/1 momentum

strategy for every month in the year. Clearly, the highest momentum returns are exhibited

during December, followed by a strong reversal during January. Focusing the discussion

on the turn-of-year seasonality, Table 1 reports the returns of the 12/1 trading strategy

separately for January, February-November and December, divided into premiums on losers

and winners.11 Two phenomena are observed. First, there is a clear seasonal pattern to the

excess return of winners over losers. Throughout February-November, a momentum return

of 1.6% per month is observed, followed by an increased return of 4.9% during December, and

a very strong reversal of negative 6.1% in January. Since December and January exhibit the

highest momentum returns (in absolute value), we focus our discussion throughout the paper

on these months. Second, the winners minus losers returns during December and January

stem mostly from losers. In addition, the January reversal has an asymmetric effect on

winners and losers; the reversal occurs to losers while returns to winners are not significant.

These results have been discussed in part by Jegadeesh and Titman (2000) and by Grinblatt

and Moskowitz (2000). It might be argued that investors have digested this anomaly over
8Out of all the different trading strategies examined by Jegadeesh and Titman (1993), the 12/3 EW

trading strategy is found to have the best performance. The return to this strategy is equivalent to the
average return of three time-consecutive 12/1 strategies. Therefore, this paper focuses on the 12/1 trading
strategy. This conclusion is also mentioned in Grinblatt and Moskowitz (2000).

9The last month’s return is excluded due to microstructure effects, such as bid-ask bounce, as discussed
in Roll (1984), Jegadeesh (1990), and Lo and MacKinlay (1990).
10Momentum strategies constructed without the use of NYSE breakpoints yield similar results. Later, we

form size groups based on NYSE breakpoints, and therefore momentum groups are formed similarly.
11The figures reported are calculated as follows. First, cross-sectional averages are obtained for losers and

winners every period. Then the time series average is reported. This procedure is similar to the Fama and
MacBeth (1973) regression methodology.
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time and that it is, therefore, a diminishing phenomenon. Nevertheless, a time series of the

momentum returns, which is omitted here for the sake of brevity, reveals not only that the

effect is not declining but actually has become even stronger over the last decade.12

As noted above, December and January exhibit the highest momentum returns (in ab-

solute value), and therefore we focus our discussion throughout the paper on these months.

In light of the well documented small-firm effect during January, the relation of size and

momentum is first investigated. We form 20 size groups (independent of the momentum

deciles), where the size of a firm is measured by its market capitalization, and the groups are

constructed using NYSE breakpoints. We calculate the frequency of each momentum decile

for every size group (we sort first by size and then assign momentum categories). The results

are reported qualitatively in Fig. 2. It appears that about 30% of the small firms have been

in the lowest momentum decile. In contrast, the distribution of past momentum for the large

firms is fairly uniform. Note that Fig. 2 sheds light on the problem of endogeneity when

analyzing the interaction between momentum and size. One might argue that small firms

are firms that have extremely underperformed in the past, and that size and momentum,

therefore, are highly correlated. Although we find evidence of some endogeneity, most small

firms are not losers. In fact, more than 10% of the small firms are winners. Therefore,

momentum and size are not nested and further analysis follows.

To analyze the interaction between momentum and size, a set of double sorts is performed,

as reported in Table 2. These sorts differ from the previous sorts in that previously, size

and momentum groups were sorted independently of each other. In contrast, here all stocks

are first sorted into five quintiles of size, and then the firms within each quintile are sorted

into five momentum groups.13 This way one may analyze the distribution of momentum

conditional on size.14 The results indicate that returns seem to increase with momentum

in December, for all size group. In January, however, the behavior of the conditional size

distribution differs. Small firms exhibit a strong momentum reversal; low momentum small

firms earn a high excess return of 8%, while the excess returns to high momentum small

firms are nonsignificant. In contrast, large firms observe a negative excess return of about

5%, independent of their past performance.15

12Momentum returns have become more significant to both winners and losers, throught the entire year.
13As our previous analysis, all sorts are conducted using NYSE breakpoints.
14Sorting first by momentum groups and then by characteristics result with very similar group returns,

and therefore are excluded from the paper.
15Our main concern in this paper is the tradability of momentum strategies. Therefore, we have also

performed double sorts of momentum and each of the following measures: turnover, abnormal volume,
and percentage of institutional ownership. Since all of these measures are highly correlated with market
capitalization, the results of these analyses are very similar to that of momentum and size, and are, therefore,
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The trading strategies examined so far utilized all stocks traded in NYSE, AMEX, and

NASDAQ. However, since small firms account for much of the high premiums–especially

during January–one may already at this point question the feasibility of the proposed

strategies on the basis of the relatively high illiquidity of small firms. Before involving an

explicit measure of transaction costs, we perform some tests for the robust quality of the

results. First, in order to loosely account for the liquidity of large firms and the lack of

it in small firms, one might suggest the formation of a market value-weighted portfolio,

instead of the equally weighted portfolio analyzed so far throughout this paper. However,

by constructing such portfolios, the effect of small firms may be masked by the returns

of the largest firms. Consequently, the 12/1 value-weighted (VW) trading strategy, which

emphasizes the returns of largest firms, is expected to earn less profits.16 To illustrate this

intuition, we recalculate the results using market values as weights in Table 1, Panel B. The

results clearly support our prediction: the seasonality of momentum is no longer observed.

We also replicate the size/momentum sorts for value-weighted returns, reported in Panel B

of Table 2. We find similar results to those documented in Table 2, Panel A.17

To summarize the finding in this section, we have established the predictability of returns

during turn-of-the-year based on momentum and size. In what follows we use these results

to construct additional trading strategies that seem to out-perform the year-end trading

strategies documented in the literature. Our analysis shows, however, that even though these

strategies display higher excess returns, they are much less tractable once price impacts of

trades are considered.

4. Estimation of Transaction Costs

The trading strategies studied thus far in this paper do not consider various transaction

costs. This is disturbing in light of the crucial role of the smallest firms in the profitability

of the trading strategies, which are often relatively costly to trade. In this section we

test whether momentum trading strategies remain profitable after incorporating transaction

costs. The transaction costs consist of two parts–the costs associated with microstructure

excluded from this section.
16Note that the magnitude of market capitalization of the large firms is of several orders higher than that

of the small firms. In fact, the firms in the largest size group are so huge compared to the rest, that even
the mid-cap firms would not have a fair representation in a value-weighted portfolio.
17We conduct additional tests of robustness by replicating the results for different time periods, such as

December 1963—January 1981 and February 1981—December 1999, and different subsets of the sample, such
as using stocks from different exchanges alone (NYSE and NASDAQ), and using only firms with a market
capitalization above $50 million. We find similar patterns in all data sets.
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effects18, such as price impacts while attempting to buy/sell stocks (stocks’ illiquidity), and

the direct trading costs in the form of brokerage fees.

First, we define the following variables, with the subscript t indicating that the variables

are measured at time t: p represents the portfolio analyzed; MVEit is the market value of

equity of firm i; wt is the normalized weight vector that records the weight wit of each stock i

in portfolio p; Rit is the raw return–before transaction costs–of stock i; R
p
t is the weighted

raw return of portfolio p; and xt is the dollar amount invested in the portfolio. The price

impact is estimated using the measure developed in Breen, Hodrick, and Korajczyk (2000).

This measure assumes a linear relation of relative price movements and net turnover, and is

calculated through the following regression model:

∆pit
pit

= βi × Turnoverit + εit (1)

where pi,t is the price of asset i at time t prior to the transaction, ∆pi,t is the price impact

associated with the transaction, βi,t is asset i’s price impact coefficient, and Turnoveri,t is

the net (signed) number shares traded divided by the number of shares outstanding for firm

i. Purchases correspond to positive values of Turnoveri,t and sales correspond to negative

values.19 This specification is motivated by the linear pricing rule of Kyle (1985), which

expresses absolute price changes as a linear function of net volume. Breen, Hodrick, and Ko-

rajczyk (2000) motivate the use of scaled measures as a means of obtaining more meaningful

cross-sectional and time series comparisons of price impact. Using net turnover rather than

net volume preserves linearity since shares outstanding are essentially fixed over the obser-

vation interval used to estimate the price impact. Using returns rather than price changes

does induce non-linearity in the price impact. Table 3 reports the averages and standard

deviations of the time series of β medians20 of different stock groups, separately for Decem-

ber and January. In general, small firms have a higher price impact than large firms21, and

similarly, losers have a higher price impact than winners. However, a deeper look into size

and momentum reveals that small losers have much higher price impacts than small winners.

In contrast, large losers have a slightly lower price impact than large winners.22

18For excellent surveys of the microstructure literature see Madhavan (2000), and O’Hara (1995).
19In order to determine whether a trade is a buy or a sell we compare the trade price to the mid-point of

the bid and ask prices. Following Lee and Ready (1991), we use the bid and ask quotes in the TAQ database
as of five seconds prior to the trade. After determinig the nature of the trades, we calculate the net turnover
for each five-minute trading interval. Returns are calculated using percentage change in the last traded price.
20Due to the existence of several outliers in the cross-sectional distribution of β, medians rather than

averages are reported.
21Loeb (1983) and Keim and Madhavan (1996) study the price impact of large-block trades. They find

that price impact decreases with firm size, which is consistent with our findings in Table 3.
22The literature includes other estimation methods of price impacts. For example, Knez and Ready
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The direct trading costs, TCt, are estimated as a fixed amount per share traded; until

1979: $0.10, 1980-1989: $0.05, and after 1990: $0.04.23 We assume that the positions

entered in the beginning of each month are fully liquidated at the end of that month, i.e.,

the transaction costs are induced twice every investment period.

The net return to a portfolio after considering transaction costs, rpt , is calculated as

rpt = R
p
t − PIpt − TCpt , where PIpt denotes the price impact (in terms of return) induced by

trading, and TCpt denotes the direct trading costs (per dollar invested). Denote n
i
t as the

number of shares of stock i that are traded at time t. Therefore, nit is calculated through

nit = w
i
t ×

xt
pit

(2)

Using the above and the relation MVEit = p
i
t×Shares Outstanding it, we calculate PIpt and

TCpt as follows

PIpt = [Costs of entering position] + [Costs of closing position]

=
X
i∈p
wit

nit
Shares Outstanding it

βit +
X
i∈p
wit

·
pit+1
pit

¸
nit

Shares Outstanding it
βit

= xt
X
i∈p

[wit]
2
βit

MVEit

·
1 +

pit+1
pit

¸
(3)

TCpt =
2TCt
xt

X
i∈p
nit = 2TCt

X
i∈p

wit
pit

(4)

Several comments are appropriate. First, notice that pit+1/p
i
t does not measure the raw return

of stock i, since the latter includes dividend payments during the trading period. Second,

the only variable that is proportionate to xt is the price impact. Therefore, we normalize

the price impact PI
p

t = PI
p
t /xt and rewrite r

p
t as

rpt = R
p
t − xtPIpt − TCpt (5)

Third, to conduct a conservative analysis we assume that the execution of a trade is divided

into several smaller trades. Specifically, our analysis below assumes that ten equal trades

are necessary to execute an entire trade of any given stock, consequently reducing the price

impact PIpt by a factor of ten. Last, the above formulation of net returns clearly illustrates

(1996) use nonparametric regression techniques to estimate price improvements. They study the weekly
predictability of returns to small firms and show that transaction costs would turn the attempt to exploit
this phenomena unprofitable.
23Prior to 1975, trading fees were regulated by the NYSE; after 1975, brokerage houses were free to charge

competitively. The trading costs stated above are an approximation.
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two types of transaction costs. The direct trading costs, TCpt , enter as a percentage of stock

price, i.e., a fixed cost in terms of return. This type of transaction cost is most commonly

used in the asset pricing literature, nevertheless, it does not vary with the amount of the

investment. In contrast, the price-impact measure, PI
p

t , is a return that is proportionate to

the size of the trade order. With this formulation of transaction costs we proceed in the next

section to evaluate the performance of different trading strategies that attempt to capture

the turn-of-the-year excess returns.

5. Performance Evaluation of Strategies

In the previous section we developed a general framework that includes trading costs.

Clearly, the higher the position taken in a trading strategy, the higher the trading costs. We

now proceed to assess the performance of trading strategies using measures of mean return

and Sharpe ratio. The evaluation of these strategies depend on the context in which they are

implemented. Two scenarios are considered: stand-alone strategies and strategies as part

of a larger managed portfolio. In the first case, we solve for the maximum dollar amount

that would make the performance of the evaluated trading strategy break even with the

performance of different benchmarks. When a trading strategy is examined as part of a larger

managed portfolio, the optimal dollar amount to be allocated to the trading strategy is first

computed. We assume a managed portfolio that tracks the performance of a benchmarks.

Thus, in this context, an optimal allocation is defined as the amount to be invested in a

trading strategy so as to provide with the highest Sharpe ratio of a portfolio combined out

of the trading strategy and the benchmark. Then, we calculate the marginal contribution of

the trading strategy to the overall performance of the portfolio. The benchmarks used for

the analysis are the following indexes provided by CRSP: value-weighted index (VWmarket)

and equally weighted index (EW market) of all NYSE, AMEX, and NASDAQ stocks, and

Standard and Poor’s 500 index (S&P). Notice that the performance of VW market and S&P

is biased toward that of large firms, while the performance of EWmarket is biased toward the

performance of small firms. In addition, in light of our finding regarding the role of size in the

turn-of-year effect, we add two more informative benchmarks–the small size quintile index

and the large size quintile index. The performance measures of the different benchmarks

during December and January are reported in Table 4. In what follows, these measures are

compared with the performance of the trading strategies to motivate the implementation of

these trading strategies.
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5.1. Stand-Alone Momentum Strategies

In order to estimate the performance of different trading strategies, we first develop the

general formulas of mean and Sharpe ratio to include transaction costs. In order to account

for different values of cash over the years, we use the total market capitalization of NYSE,

AMEX, and NASDAQ stocks as a deflator index. Denote it as this deflator. We compare the

trading strategies according to a constant real investment x (measured in dollars valued at

the end of 1999), such that xt = itx. With the assumption of a constant investment position,

the net return of a portfolio is given by

rpt = R
p
t − xPIpt it − TCpt (6)

In what follows, it is useful to define the following variables (rft denotes the risk-free return

at time t)
at = R

p
t − TCpt − rft bt = PI

p

t it

a = 1
T

TP
t=1

at b = 1
T

TP
t=1

bt

at = at − a bt = bt − b
(7)

Denote rp and rb as the estimates of the unconditional mean returns of the trading strategy

and of the benchmark, respectively.

rp =
1

T

TX
t=1

rpt

= a+
1

T

TX
t=1

rft − xb (8)

The maximum allowable position, xµ, that satisfies rp ≥ rb, is given by

xµ =

a+ 1
T

TP
t=1

rft − rb

b
(9)

Denote SRp and SRb as the Sharpe ratios of the trading strategy and of the benchmark,

respectively. Under the notation above, SRp translates to

SRp =
a− xbs

1
T−1

TP
t=1

£
at − xbt

¤2 (10)
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Our goal is to determine the maximum allowable position, xSR, that satisfies SRp ≥ SRb.
To solve for xSR we must solve the following quadratic form, derive directly from (10)·

SRb

T−1
TP
t=1

bt
2 − b2

¸ ¡
xSR

¢2 − 2 · SRb
T−1

TP
t=1

atbt − ab
¸
xSR +

·
SRb

T−1
TP
t=1

at
2 − a2

¸
= 0 (11)

An upper bound for a position that induces a positive Sharpe ratio is denoted as xub and

calculated directly using the second inequality, xub = a/b. This is the position that breaks

even the return of the trading strategy with the risk-free return. Since there are two solutions

to the quadratic formulation given above, xSR is chosen as the solution with the higher value

as long as it is less or equal to xub.24

In order to implement the methodology described above, we must determine the chosen

trading strategy. Explicitly, the group of stocks to be traded, the weight vector, buy or short

sell position, and the holding period must all be stated. This paper examines the following

trading strategies. First, we examine strategies based on the 12/1 momentum ranking. Since

losers and winners behave differently during the turn-of-year, the two deciles are examined

independently. Also, in light of the reversal during January, we examine the implementation

of every strategy on a monthly basis, i.e., the position is taken in the beginning of the month

and is closed at the end of that month. Also, we stress that the transaction-cost model used

here explicitly assumes a very short period for the execution of trade orders, so that one

could exploit the high monthly raw returns.25 In light of the results mentioned in Section

3 regarding the interaction of size and momentum, we also examine strategies based on

the different combinations of small/large and losers/winners.26 As a preliminary step, we

calculate in Table 5 the maximum attainable means, Sharpe ratios, and appraisal ratios, i.e.,
24The empirical estimates of a, at, b, bt, and SRb in our sample always result with choosing the smaller

solution of the quadratic form problem.
25Notice, trading slowly would induce lower price impacts, but would not be appropriately used with

monthly returns. Since our goal is to examine whether an investor can induce profits by following the
strategies documented in the literature, we confine the analysis for monthly trading, and thus focus on
monthly returns alone.
26In order to have a more accurate description of turn-of-year phenomena, we make several adjustments

to the measures of past returns and the formation of size groups. First, we have previously measured
momentum returns using the 12/1 ranking. However, due to the unusual returns observed during December
and January, we shorten our ranking period and use 10/1, so that in the beginning of December, we rank
the stocks according to their cumulative returns during February-October. Second, the categorization of
firms into size groups was originally conducted in the beginning of every month, allowing firms to switch
size groups according to their relative value of market capitalization. Now, however, we rank the stocks only
once–at the beginning of December–and hold the size groups fixed during January. Last, in light of the
endogeneity of size and momentum that has been established previously (see Fig. 2), the size groups are
formed according to their relative market capitalization in the beginning of February. This way the measure
of size and momentum are orthogonal, i.e., the size groups are determined prior to the performance of the
stocks during February-October.
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assuming no price impact. This way the effect of the trading fees is distinguished from that

of the price impacts. We note that trading fees notably reduce the performance measures.

Also notice that the decision to assume a short or long position is determined by the sign

of mean return without fees. A mean return higher (lower) than the risk-free rate suggests

implementing a long (short) position. Table 5 also reveals the underlying motivation for

year-end trading: small losers earn 17.2% (EW) and 12% (VW), with a Sharpe ratio of 1.14

(EW) and 0.90 (VW), while Table 4 shows that the market index earns 6.7% (EW) and

2.4% (VW), with a Sharpe ratio of 0.88 (EW) and 0.36 (VW).

After determining the strategies, we proceed to calculate maximum allowable positions

that would break even the performance measures of the trading strategies with those of

the different benchmarks. Tables 6-8 report these positions for equally weighted and value-

weighted strategies during December and January. One should be cautious during the analy-

sis of these stated numbers, as the relative values are perhaps more trustworthy than the

absolute values. Therefore, we mostly compare the figures of different strategies, months,

and performance measures. We begin with the analysis of the 12/1 trading strategy in Table

6. In general, comparing performance measures with and without fees, it is clear that fees

wipe out most of the investment positions. However, since large investment institutions are

more interested in their price impacts rather than transaction fees, we proceed with the

discussion of the results without fees. Also, EW losers-based strategies as well as VW losers-

based strategies are not exploitable during December. Comparing means to Sharpe ratios

of winners during December (EW and VW) reveals that the maximum attainable positions

to break even with large firms biased indices drop roughly by 30%-40%, while break-even

figures with small firms-biased indices drop very little. During January mostly large biased

indices are achievable (EW/VW, losers/winners). However, a closer look at EW strategy

reveals that, contrary to ’winners’ during December, ’losers’ during January experience the

largest percentage drop from means to Sharpe ratios for the break-even figures with the small

firms biased indices rather than large firms biased indices. However, for the respective VW

strategies, losers during January exhibit a substantial drop from means to Sharpe ratios.

The most striking observation is the large figures obtained by the winners-based VW strat-

egy during December in general, and relative to the respective EW strategy in particular (as

much as ten times higher). The latter nicely illustrates the reason it is much better to use

value-weighted measures of returns–rather than equally weighted measures–as a proxy of

tradability of strategies.

The analysis of strategies that utilize only small firms is provided in Table 7. In general,

small firm-based strategies follow the same patterns displayed by the 12/1 momentum-based
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strategies discussed above. However, all break-even levels are significantly smaller than those

of the respective 12/1 strategies. The difference is approximately five times less, excluding

VW winners during December, which drop about 90%. Consequently, EW and VW break-

even figures are much closer than those in Table 6. The general drop in break-even levels

is explained by two effects that influence the tradability of small firms. First, as already

shown in Table 3, the price impact measures βi of small firms are higher than those of

firms in general. Second, using only small firms reduces the set of stocks available for trade,

thereby leaving a larger amount of the total investment position invested in each stock.27

Consequently, net turnovers of small firms are higher than those exhibited in the 12/1

strategies. The increase in both components, β and net turnover, increases the average price

impact that small firm-based strategies possess relative to all stocks-based strategies, such

as the 12/1 momentum strategy. The drop during December of VW winners implies that

large firms induce the majority of the effect during December. EW and VW figures are more

similar since the distribution of firm size is less skewed at the left tail. Finally, although we

initially found small losers during January to be the most attractive (according to both mean

and Sharpe ratio measures), it turns out that in the presence of transaction costs, a strategy

designed to exploit this phenomena is less likely to succeed.28 In general, large firm-based

strategies are ineffective except that they may beat the S&P in mean measures.

To conclude, trading strategies designed to exploit the January effect are less attractive

after considering transaction costs. It seems that VW12/1 winners strategy during December

is the most tractable of all turn-of-the-year strategies we have considered.

5.2. Momentum Strategies as Part of a Managed Portfolio

The question of implementing a trading strategy as part of a managed portfolio translates

to finding whether such a strategy enhances the overall Sharpe ratio that may be obtained.

In a mean and standard deviation setting, this problem is also equivalent to that of obtaining

the new tangency portfolio in the presence of the proposed year-end strategy. We start by

assuming a dollar amount y that is invested in a benchmark portfolio. Then, we introduce

the year-end trading strategy and calculate the constant optimal fraction ω to be invested
27As discussed above, size quintiles are formed using NYSE breakpoints. Consequently, there are many

more firms in the small size quintile than in any other size quintile. So, in fact the use of NYSE breakpoints
makes the small size strategy more tradable than if quintiles of equal number of shares were used.
28Keim (1989) investigates whether one can exploit the high returns of small firms during January. He

finds that most of the trade prices of small firms during December are quoted at the bid, as volume of small
firms is generally biased towards seller-initiated. In January, trade prices are generally quoted at the ask. In
light of large bid-ask spreads of small firms, an attempt to buy small firms at the ask in December and to sell
them at the bid during January would not induce much profit. This observation strengthens our conclusion.
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in this strategy, such that the maximum Sharpe ratio of the total investment is obtained.

Relating this to x (discussed in the previous subsection), we have y = ωx. In this section we

focus only on the asset allocation problem in the presence of price concessions in absence of

trading fees29. The Sharpe ratio of the total portfolio is given by

SRp (y) =
ωrP + (1− ω)rb − rfr

V ar
h
ωrpt + (1− ω)rbt − rft

i (12)

=
ω(Rp − rb)− ω2yPI

p

t it + r
b
t − rftr

V ar
h
ω(Rpt − rbt)− ω2yPI
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In what follows, it is useful to define the following variables

at = R
p
t − rbt bt = PI

p

t it ct = r
b
t − rft

a = 1
T

TP
t=1

at b = 1
T

TP
t=1

bt c = 1
T

TP
t=1

ct

at = at − a bt = bt − b ct = ct − c
(13)

The estimated Sharpe ratio of the managed portfolio is calculated as

SRp (y) =
aω − byω2 + cs

1
T−1

TP
t=1

£
atω − btyω2 + ct

¤2 (14)

For any given portfolio size y, we calculate the optimal weight of the trading strategy, such

that it maximizes SRp (y).30 Then it is possible to calculate the marginal return added to the

total portfolio by including the trading strategy. This marginal return is given by aω−byω2,
which is the difference between the return on the portfolio with the trading strategy and the

return on the benchmark portfolio.

Similar to the methodology described in the previous subsection, we employ the analysis

above to different year-end trading strategies and different benchmarks. However, here the

question of whether to engage in a short/long position of a trading strategy is endogenously

determined by the maximization of the total Sharpe ratio.31 The results of the analysis
29Trading fees are excluded from our analysis because the costs induced by trading activities of large funds,

in practice, are mostly due to price impacts rather than trading fees.
30Solving for the first order conditions for optimality involve the solution of a fourth order equation. We

note that in our sample this equation always consists of two real roots (for any given combination of year-end
trading strategy, benchmark, and total size of porfolio), one of which is feasible.
31Notice that the price impact enters as a negative return no matter the sign of ω, since the related term
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are reported in Figs. 3-5. These figures illustrate, for example, that to achieve an optimal

allocation of the EW losers trading strategy one would not invest more than $500 million in

this strategy during January. Specifically for small losers, the investment should not exceed

$250 million. More important, the marginal returns to the total portfolio are significantly

reduced with fund size; a fund of $600 million in assets should invest about $100 million

in an EW small losers strategy during January, however the marginal returns as a result

would be very close to zero. Similar to the conclusions reached in Tables 6-8, value-weighted

strategies are, in general, more attractive than equally weighted strategies, and large-based

strategies are more attractive than small-based strategies.

6. Conclusions

The persistence of momentum returns throughout the last several decades is perceived as

one of the most serious challenges to the market efficiency hypothesis. This paper attempts

to test whether excess returns can actually be realized at the turn-of-the-year by follow-

ing the momentum trading strategies documented in the literature. The analyses of these

strategies in the literature do not consider transaction costs. We develop a methodology to

incorporate transaction costs–such as trading fees and price impacts–and reexamine the

performance of various momentum-based trading strategies. We show that trading strate-

gies designed to capture the turn-of-year momentum/size behavior, especially those based

on exloiting the behavior of losing/small firms, are unlikely to result in profit. Nevertheless,

it is important to emphasize that these results do not indicate that momentum strategies in

general are not profitable. The crucial input to a trading strategy is the holding period. In

this paper, only short holding periods of one month–and a suitable transaction model to

capture fast trading–were employed. Considering a longer investment horizon may prove

to be profitable, as it would allow for slower trading and consequently reduce the impor-

tance of price concessions. However, since December and January exhibit the largest returns

to momentum-based strategies, more research, both theoretical and empirical, is needed to

estimate price-pressure functions for different trading scenarios. Once this is accomplished,

the profitability of momentum trading strategies throughout the entire year can be further

examined.

is a function of ω2. This waives the predetermination of whether the optimal strategy is short selling or long
position. Also, the performance of the total portfolio is influenced by the correlation of the trading strategy
and the benchmark, so it is not obvious ex-ante whether to sell short or to go long. This is contrary to the
analysis in the previous subsection, which used only the excess return on the risk-free asset to predetermine
the optimal strategy.
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Period Winners minus Losers Losers Winners Period Winners minus Losers Losers Winners
Feb-Nov 0.0156 -0.0077 0.0079 Feb-Nov 0.0179 -0.0107 0.0072

8.40 -5.77 6.62 8.82 -5.57 5.27
Dec 0.0491 -0.0271 0.0220 Dec 0.0348 -0.0197 0.0150

5.76 -5.49 4.07 3.56 -3.85 2.47
Jan -0.0606 0.0504 -0.0102 Jan -0.0112 0.0173 0.0061

-4.57 5.55 -1.69 -0.84 2.07 0.89

Panel A: 12/1 equally weighted trading strategy Panel B: 12/1 value-weighted trading strategy

Momentum trading strategies
Table 1

We first sort all NYSE, AMEX, and NASDAQ stocks at the beginning of every month by their past 12-month return (excluding the last month). The 
bottom decile (losers) and top decile (winners) are then analyzed. Cross-sectional averages are computed every month to form time series of returns 
of losers and winners. The returns computed are excess of the CRSP market index. The time-series averages of returns as well as the associated t-
statistics are reported below. (December and January are reported separately.) The analysis uses monthly return data for the period December 1963
to December 1999. All sorts by past performance employ NYSE breakpoints. Panel A uses the CRSP equally weighted index and equally weighted
cross-sectional averages. Panel B uses the CRSP value-weighted index and computes the cross-sectional averages using market capitalization as
weights. 


