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Abstract

We construct simple timing strategies for the anomaly payfddased on the lagged return
on the market. These strategies have similar or higher Shatrpe than the corresponding
anomaly portfolio, with lower volatility, and remain profitable fetatively high levels of
transaction costs. They have positive, often significant, alphagegifiect to factor models
that explain the returns on the anomaly portfolios well. These ahreaaccounted for by
adding an upside risk factor. Our results indicate that much of theréiigrn or upside of

the anomaly portfolios is correlated with the state of the market.
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Anomaly Timing

The returns on portfolios of common stocks sorted by market dapitah (Banz, 1981),
book-to-market ratios (Fama and French, 1993) and past return (Jegadde$iiman,
1993) have been termed anomalies as these cannot be explained by the CapiRxicd\sg
model (Sharpe, 1964). Recent research has focused on the time-vanatenexpected
returns of these portfolios and has modelled the factor risk premagnfsinctions of
business cycle and other macro-economic variables in an attemyilainehent. A few
recent studies have examined the relations between the returhe anamaly portfolios
and the state of the market. Cooper, Gutierrez and Hameed (2004) Isdftopositive
momentum profits follow up market states while negative retuotiewf down market
states. Statman, Thorley and Vorkink (2006) find that when the marlest, fisading
activities also rise. These findings suggest that the retartisecanomaly portfolios may be
correlated with the state of the market and hence the stabe ohdrket might be a good
signal for timing anomaly portfolios.

Motivated by the above we construct and study the performance oSwepje timing
strategies that invest in the primitive asset (the anomalyopojton a given month if the
return on the CRSP Value Weighted index in the previous month wes pisitive (the
type | timing strategy; hereafter) or greater than 2% tfthe Il timing strategy; hereafter);
otherwise invest in the 1 month Treasury bills which are regadetk free assets. These
timing strategies are long only and are easier to implememt filvaexample, the combined

long short trading positions of momentum strategies. The timirajegies attempt to

! Chan and Chen (1988) and Ball and Kothari (198ewvthe first to suggest that time-varying betasicco
provide an explanation of asset pricing anomallegannathan and Wang (1996), Lettau and Ludvigson
(2001), Chordia and Shivakumar (2002), Lustig arah Wieuwerburgh (2004), Santos and Veronesi (2006),
and Ang and Chen (2007) consider the CAPM or C-CAMM betas modeled as functions of various lagged
macro-economic variables. Ferson and Harvey (129@) Avramov and Chordia (2006) consider multiple
factor models with time-varying betas.



capture the upside returns on these portfolios and avoid the downsigle lbssur timing
signal is indeed reliable then we would expect the timing giextéo have similar or better
risk reward profiles than the corresponding anomaly portfolios, wh#deing lower
volatility.

We evaluate these strategies over the period between 1975 andn20fiédathat the
timing strategies outperform the primitive anomaly portfoliosermis of Sharpe ratio while
having considerably lower volatility. The type | strategies aapais much as 79% of the
extreme up moves of the primitive assets while the down moves faatithe type I
strategies is as low as 10%, showing that successful timmibecachieved by capturing the
upside as well as avoiding the downside. We also find that the tistiategies remain
profitable after assuming transaction costs up to 2.5%, with thegtrbased on the winner
decile portfolio having post transaction cost Sharpe ratios as ki@htaThis shows that
winner timing could be feasible in practice.

The returns to the timing strategies cannot be explained by the factor nhadelsdlain
the returns on the primitive portfolios. These strategies appmedret ‘active alpha’
generators in that they generate positive, often significant, alptia low risk relative to
these models. When we augment the models with an upside factorisvthelmaximum of
the market return and zero, most of the alphas of the timinggésiteith respect to this
model are negative and none of the positive alphas are signifi¢enabllity of this upside
factor to capture the level of returns of these strategies rengbdsitive and significant
loading on the factor indicates that the timing strategies, irtiaddd being able time the
corresponding anomaly portfolio, are also able to time the overakemarhese findings
suggest that the returns on the anomaly portfolios may be asyoaihetcorrelated with
the state of the market (Ang and Chen, 2002; and Hong, Tu and Zhou, 2007) and thus it may
be possible to construct successful real-time timing stratethi@ capture their upside

returns.



The upside-factor augmented models, however, do not explain much mbeerefurn
variation of the timing strategies since they are unablegtuthe dynamic nature of the
returns on the strategies. We thus allow for the factor |gadnh the original factor model
to be functions of a dummy variable based on previous market returnegiigng model
provides incremental explanatory power to the return variation onntivegtistrategies and
helps capture the dynamic nature of the strategies.

The rest of the paper is structured as follows. Section | desdhieetiming strategies.
Section Il documents their risk-reward profiles and analyzesaction costs and extreme
up (down) returns of the strategies. Section Il provides the methibdsaluating the
performance of the primitive portfolios and timing strategied Section IV presents the

results. Section V concludes the paper.

|. The Timing Strategies

The timing strategies work in the following way. The typénling strategies invest, in a
given month, in the given primitive portfolio if the return on the mafite® CRSP Value
Weighted index) in the previous month was positive; otherwise invekeirisk free asset.
Specifically, the timd expected returiRy on the type | strategy that times the primitive
portfolio i using the market retuiR,, at timet - 1 as an investment signal is:

E(R.R, ., >0)=R,

and

E(R,|R ., <0)=R, (1)

whereR; and Ry are, respectively, the return on themitive portfolio and the 1 month
Treasury bills at timé
The type Il timing strategies require a more restré threshold and only invest in the

given primitive portfolio in a given month if thearket return in the previous month was



greater than 2%; otherwise invest in the 1 mon#e3ury bills. In other words, the time
expected retur®g on the type Il strategythat times portfolio is:
ERR,, >2%)=R,

and

E(R.|R , <2%)=R, @)

whereRq.1 is the return on the CRSP Value Weighted indeiat - 1.

We test the strategies from February 1975 to Deeer@B06. The primitive portfolios
include the decile portfolios as well as the pdiw® comprised of the stocks within the top
and bottom 30% of the sorting criteria includinduras realized over the past 1 year
(momentum), book-to-market equity ratio, and markatue of equity (size). We also
consider the decile portfolios based on long-teast peturns (reversal)The sample covers
the period between 1975 and 2006. The portfoliassitacted each month include the
stocks contained in the NYSE, AMEX, and NASDAQ bétCRSP and Compustat files.
The momentum winner and loser portfolios are basethe previous 2-12 month returns.
The reversal portfolios are constructed at tirbased on returns in montti60 tot-13 and
are held for 4 years. The book-to-market portfohos formed on the basis of the book-to-
market equity ratio at the end of each June usivi§lbreakpoints. The book value used in
June of yeat is the book equity for the last fiscal year end-lh Market equity is price
times shares outstanding at the end of DecembefL.oThe size portfolios are constructed
at the end of each June using the June marketyeandtNYSE breakpoints.

Table | reports the risk and return profiles of fgranitive portfolios. The momentum
winner decile portfolio has a Sharpe ratio of Ovdé an annual volatility of 22%. The
winner third portfolio has a considerably highera&ie ratio of 1.23 with a lower volatility
of 16.38%. The loser decile portfolio is the onlyngtive asset that has a negative Sharpe

ratio of -0.07 with a return volatility of 25.6%n Icontrast, the loser third portfolio has a

%2 These data are obtained from Kenneth French’sliteiay.
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positive Sharpe ratio of 0.58, but with a loweratdity of 18.20%. The proportions of
downside volatility relative to total volatility dfoth the winner and loser decile portfolios
are higher than those of the third portfolios. highest book-to-market decile portfolio has
a Sharpe ratio of 0.74 with a total volatility d8.3% and a downside volatility of 9.76%.
The high book-to-market 3rd portfolio has a Shamgue of 0.75 with a total volatility of
15% and a downside volatility of around 8%. Comgaweith the winner and loser
portfolios, these high book-to-market portfoliosséaonsiderably lower total and downside
volatility. The smallest size decile portfolio hasSharpe ratio of 0.56 with volatility of
21.1% and a downside volatility of 11.4%. The sms&e 3rd portfolio has a Sharpe ratio of
0.56 with volatility of 20.6% and a downside volig§i of 11.6%. The Sharpe ratio of the
long-term loser portfolio is 0.58 while that foretHong-term winner portfolio is 0.36
showing that the long-term loser stocks outperftrenlong-term winner stocks.

[Insert Table | here]

ll. The Returns of the Timing Strategies

A. The Returns of the Type | Strategies

Since the timing strategies switch investments-tmll§ when the previous month return on
the CRSP value weighted index was zero or negatigeexpect the strategies to have lower
volatility than those of the primitive portfolio$his could come, however, at the expense of
a lower mean return and consequently leads to deradbly lower Sharpe ratios. We
compare the strategy Sharpe ratio, total volatiiityd downside volatility which is the
standard deviation of the negative returns witrs¢hof the underlying primitive portfolio.
Table 1l shows the results of the type | stratetp@sed on the different primitive portfolios.
The strategy that times the winner decile has aair8harpe ratio but with lower total and

downside volatilities relative to the winner degiertfolio. Although the strategy that times



the winner third portfolio does not improve theksreward profile as indicated by its lower
Sharpe ratios of 1.0, it does show a reductiontal tvolatility from 16.4% to 12.1%.
[Insert Table 1l here]

Remarkably, the strategy that times the loser degherates a positive Sharpe ratio of
0.22, in contrast to the negative Sharpe ratichefloser decile portfolio. In addition, both
the total volatility and downside volatility of shistrategy are lower than those of the loser
decile portfolio. These indicate that the timingastgy is able to capture more of the upside
while avoiding some of the downside. The stratdmy times the loserBportfolio exhibits
a higher Sharpe ratio of 0.72 than the primitiveedsAgain, both the total volatility and
downside volatility are lower than those of theelos3rd portfolio. Interestingly, the
downside volatility of this timing strategy is le8san half of its total volatility, indicating
that much of the volatility reduction comes fromeduction in its downside risk.

The timing strategy using the highest book-to-miartecile portfolio has a higher
Sharpe ratio of 0.87 and lower total volatility (@2%) and downside volatility (6.7%)
relative to the high B/M decile portfolio. The ting strategy using the high B/M third
portfolio has a Sharpe ratio of 0.77 and shows bdthwer total volatility of 10.14% and a
downside volatility of 5.54% relative to the B/Miridh portfolio. The timing strategies using
the smallest size decile portfolio has a higherrfaatio of 0.88, a lower volatility of
15.1% and a lower downside volatility of 7.82% te#a to the small size decile portfolio.
The timing strategies using the small siZe@rtfolio has a higher Sharpe ratio of 0.81, a
lower volatility of 14.3% and lower downside voldyi of 7.7% relative to the small size
third portfolio. Finally, the strategy that timéeetlong-term winner decile has a Sharpe ratio
of 0.37 and the strategy that times the long-tersed decile portfolio also displays a higher
Sharpe ratio of 0.64 than the loser decile.

Overall, the type | strategies based on for aliniive assets but the winner portfolios

improve the risk adjusted performance. All the agerreturns of the strategies are positive.



All individual p-values of the strategies are sufficiently smalbéostatistically significant
after considering the potential number of portfeliof the same sort. The Bonferroni

adjusted probabilities for observing thealues are all highly significant.

B. The Returns of the Type Il Strategies

Table Il shows the performance of the more resdadype Il timing strategies. The timing
strategy using the winner decile portfolio has @dveisk adjusted performance as indicated
by a higher Sharpe ratio of 0.87 than 0.63 of feetl strategy and 0.66 of the winner
decile. It also has a considerably lower volatibfyl2.1% compared to 15.2% of the type |
strategy and 22% of the winner decile. The stratglggws an obvious reduction in the
downside volatility which is less than half of ttstal volatility. The type Il timing strategy
using the winner third portfolio provides a Sharpgo of 1.10 with a lower volatility of
9.6% compared to the type | strategy and the witimied portfolio. Again, the downside
volatility of the strategy is less than 50% oftial volatility. The type Il strategy that times
the loser decile generates a positive Sharpe aiti6.19 and further reduces the total
volatility to 14.8% and downside volatility to 8.2%he strategy that times the losét 3
portfolio has a Sharpe ratio of 0.71. Both the ltet@atility and downside volatility are
again further reduced from the type | strategy. SEhetrategies have better risk-return
profiles than the primitive portfolios but with l@wvolatility.

[Insert Table Il here]

Compared with the type | strategy, the type Il tighstrategy using the highest book-to-
market decile portfolio improves the risk-returrofde by showing an even higher Sharpe
ratio of 0.91 with a further reduction in total atlity of 9.36% and the downside volatility
being only 3.7%. Similarly, the type |l strategyngsthe high B/M g portfolio has a higher
Sharpe ratio of 0.86 than those of the type | stnatand the primitive portfolio with both

the total volatility and the downside volatilityibg further reduced.



The type Il timing strategies using size portfoladso show clear improvement in the
risk-return profile. The type Il strategy using thmallest size decile portfolio shows an
even higher Sharpe ratio of 1.01, a lower volgtilf 12.09% and a lower downside
volatility of 5.33% relative to the type | stratedyimilarly, the type Il strategies using the
small size % portfolio has a higher Sharpe ratio of 0.97, adowolatility of 11.19% and a
lower downside volatility of 5.03% relative to thgoe | strategy. These results suggest that
small stocks experience increases in returns afteket rises and also correspond to the
findings of Statman, Thorley and Vorkink (2006) ttlsaall stocks experience the greatest
increase in trading volume when markets rise. e 1l strategy based on the long-term
loser and winner portfolios further increases tharfe ratios to 0.73 and 0.47, respectively.
Overall, the type Il strategies further improve tlsk reward profiles for all but the strategy
based on the loser portfolios. The type Il timitigategies considerably reduce both total
volatility and downside volatility in that more dhe volatility reduction comes from a
reduction in downside volatility. All the averageturns of the strategies are positive and the

Bonferroni adjusted probabilities for observing grealues are all highly significant.

C. Why do the Timing Strategies Work

The basic rationale behind constructing the tingtrgtegies was to first avoid the downside
losses and second to capture the upside returrarder to further examine how well the
strategies fared on either score, we define areewdrup (down) move as a monthly gain
(loss) of more than 5%. We then compute the ratiextreme up (down) moves of each
timing strategy to that of the portfolio on whichis based. A high ratio of extreme up
moves of a strategy to that of the primitive pditfondicates the ability of the strategy in
capturing the extreme upside returns of the prumiportfolio. A low ratio of extreme down
moves of a strategy to that of the primitive pditfandicates that the strategy avoids much

of the extreme downside losses. As shown in TabléHe down moves ratio of the type |



strategies varies from as low as 38% for the higbkkto-market decile portfolios to as high
as 59% for the winner third portfolio. The ratioe aonsiderably lower for the type Il
strategies and are as low as 10% for the high bowokarket portfolios with the highest
being 33% for the long-term loser portfolio. Weaakee that the type | strategies capture
between 57% and 79% of the extreme up moves gbringtive assets, which seems to be
the primary reason for their high Sharpe ratios parcentages are much lower for the type
Il strategies, ranging from 37% to 57%. Thus thghtbharpe ratios of the type Il strategies
appear to be a result of avoiding large down moves.

[Insert Table IV here]

D. Transaction Costs

Our timing strategies are simple long-only stragegwhich involve buying and selling

anomaly portfolios, however, many of which mighhtan some small and illiquid stocks.

We thus further examine whether these strategie&l ya positive excess return after
accounting for transaction costs. The transactiosiscto our strategies only involve in
buying and selling the individual stocks, as noh¢hese strategies require short selling.
The costs of rebalancing are thus likely to be lothan those of the traditional zero net-
worth trading strategies, for example the momenstrategy. We estimate the transaction
costs by subtracting a fixed percentage from thatesjy returns every time the strategy
moves in or out of the risky assets.

Assuming 1% round-way transaction costs in thisrggeall the type | timing strategies,
except the loser decile strategy, are profitabléhat they have a positive excess return after
costs. In fact, the Sharpe ratio after transaatsts, which is the excess return after costs
divided by the standard deviation of returns, B30on an annualized basis for the winner
third strategy, 0.67 for the loser third strate@y}6 for the high book-to-market decile

strategy and 0.53 for the small size decile stsatéd] of the second type timing strategies



except the loser decile strategy are also proétabld the Sharpe ratio after transaction costs
is similar for the winner, loser and small sizeildestrategies, but considerably lower for
the high book-to-market decile portfolios. Assumfg transaction costs for the first type
strategy the winner third, loser third, book-to-kedrdecile and small size decile strategies
continue to be profitable. The winner and loserditstrategies have post transaction cost
Sharpe ratios of 0.72 and 0.49 respectively. Fersicond type strategy only the winner
third and the loser third are now profitable withsptransaction cost Sharpe ratios of 0.55
and 0.25, respectively. Both types of timing sigas based on the winner and loser third
portfolios continue to be profitable assuming 2 &&msaction costs and the post transaction
cost Sharpe ratios for the winner third strategies0.61 and 0.39 for the type | and type I
strategies, respectively.

The winner and loser timing strategies are the dhasare likely to be subject to the
highest level of transaction costs as they ardlike involve heavy trading among costly
stocks as noted by LSZ (2004). We have assumed lwamsaction costs than those in LSZ
(2004) as our timing strategies do not involve singrt selling, but considerably higher than
those in Jegadeesh and Titman (2001). The prditialof these strategies indicates that
momentum timing could be feasible in practice. i@ nd we focus on a lower transaction
cost strategy by considering stocks with markeitahpation of over $100 million dollars
and picking the top 30 and bottom 30 performingclssobased on 6 month return. We
construct equally weighted portfolios of each oés¢h and hold for 6 months. These
portfolios incur considerably lower transaction tsoand timing strategies based on these
would be much easier to implement. According to L&KB04) buying and selling these
stocks incurs transaction costs of between 1% &g &d hence we assume 1.5%
transaction costs. The type | timing winner strgtegs a post transaction cost Sharpe ratio
of 0.27 and the loser strategy 0.13. For the typenling strategy the winner strategy

continues to be profitable with a post transactiost Sharpe ratio of 0.25.
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lll. Performance Evaluation for the Timing Strategies

A. Unconditional Performance Evaluation

We first evaluate the performance of the primitp@tfolios and their associated timing
strategies assuming that the return generatingepsofollows an unconditiond-factor

model:
K
R —Rq :ai"'zlgikfk"'eit (3)
k=1

whereR;; is the return on the primitive asset or the timatigitegy at time andRy is the 1
month treasury bill ratefy is the timet return on thek-th factor, andgi is the beta
corresponding to th&-th factor. We consider the four factors of Carh@@97) which
includes thevIKT, SMB, HML andUMD. The excess market retutdKT, is the return on
the CRSP Value Weighted index in excess of the dtmdreasury bill rate. The size factor,
SMIB, is defined as the monthly return difference betwivo portfolios that consist of large
and small stocks. The factor of book-to-marketordtiML, is defined as the monthly return
difference between the two portfolios with high dod book-to-market equity ratio. The
momentum factorUMD, is the monthly return difference between the pootfolios with

high and low returns over the past 2 to 12 month

B. An Up-Side Factor

Since our timing strategies attempt to captureuthede returns on the primitive portfolios,
while having similar or better risk reward profildeey may have higher ‘upside’ market
betas than the primitive portfolios. The upside ketibetas might be able to account for the

alphas of the timing strategies that are left uterpd by factor models. To this end we

% The returns on these factors are obtained fromfench’s data library.
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construct an upside market factor, which is definedhe maximum of the market return
and zero, in order to capture the time-variatiometurns of the timing strategies and add
this upside factor to each of the factor models. A& compute the alpha of each of the
timing strategies relative to the upside factorraagted model. The payoff to this factor is
the return on the market portfolio when it is pesitor zero when the market return is

negative:

UP =Max(R, .0) (4)

where Ry is the return on the market portfolio (the CRSP uéalWeighted index). This
construction is similar to that of Henriksson anérddn (1981) which is the maximum of
Rn and the risk free rate, but our specification aisereflects the nature of our timing
strategies that does not require the risk freetoabe the exercise price of the timing option.
We further include this upside factor together vitie above examined factors to evaluate

the performance of the timing strategies.

C. Conditional Performance Evaluation

The timing strategies make use of the readily abal public information in forming

trading decisions and result in more complex dyamehaviour of returns than those of the
primitive portfolios. Thus a conditional evaluati@approach may be more appropriate in
order to judge whether the strategies have suppedormance (Ferson and Schadt, 1996).
We further evaluate the performance of the timimmgtegies using a conditional version of a

K-factor model:
K
Rt_th:ai"'Zﬁik(e!Zt—l)fkt"'Qt (5)
k=1

wherez.; denotes a vector of macroeconomic variables imoguthe 1 month T-bill rate,

the term spread and the default spre@ds a vector of parameters that describe the
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dependence ofix on the set of the macroeconomic variables. Finallg compare the
results with those using a dummy variable thatifsttie return on the CRSP value weighted
in the previous period was positive and zero otis=wo be the conditioning variable of the

factor model.

V. The Results of the Performance Evaluation

We compare the alphas relative to the approprattof model and also analyze how well
the factor models explain the time-variation iruras on the timing strategies. All Sharpe

ratios, volatilities and alphas are annualized.

A. Evaluating the Primitive Portfolios

Table V presents the alphas and the adjudteduared with respect to the appropriate factor
model for each of the four sets of the primitivetfmdios. The four factor model (eq. 3)
explains 92% of the return variation in the windecile portfolio and has an insignificant
and negative alpha. The four factor model explarsund 90% of the variation in the
returns on the loser decile portfolio which hasgaificantly negative alpha. The results are
somewhat different for the winner third and lodard portfolios as only 55% and 66%,
respectively, of their return variations are expdal by the model and both have positive
and significant alphas.
[Insert Table V here]

The Fama-French 3 factor model explains 80% ofrétern variation of the highest
book-to-marketdecile portfolio with an insignificant alpha. ThearRa-French model
explains 90% of the return variation for the tojrdhbook-to-market portfolio with an
insignificant alpha. The performance of the sizefptios is evaluated using the two factor

model that augments the CAPM with the size fac®B. This model explains 88% of the
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return variation of the smallest size decile pdidf@and the portfolio alpha is insignificant
and almost zero. The results are similar for thalksize third portfolio with the two factor
model explaining 96% of the return variation on fi@tfolio and the portfolio alpha is
insignificant and almost zero. The long-term logartfolio has an insignificant and
negative alpha relative to the four factor modelollexplains 76% of its return variation.
The long-term winner portfolio also has an insigaht and negative alpha, with the four

factor model explaining 88% of its return variation

B. Evaluating the Type | Timing Strategies

Columns two and three of Table VI report the alpdrad the adjustel’s with respect to the
appropriate factor model for the type | timing staes based on each of the four sets of the
primitive portfolios. In contrast to the results the winner decile, the model explains only
41% of the variation in returns on the type | €ggtusing the winner decile with a positive
but insignificant alpha. The model shows a posiand significant alpha with the adjusted
R? of only around 0.30 for the strategy based onvifrmer third portfolio. These results
show that the four factor model is unable to corgbyecapture the return variations of the
timing strategies.

[Insert Table VI here]

The type | timing strategy based on the loser debhés a positive and marginally
significant alpha and only around 53% of its retuaniation is explained by the four factor
model. The results are somewhat different for thetesgy based on the loser third portfolios
as only 35% of its return variation is explainedtbhg four factor model; additionally a large
significant alpha is present. Overall the returnglee strategies based on the loser and the
winner portfolios have positive alphas and a carsibly lower fraction of their return
variations is explained by the four factor model,tlsat the strategies appear to be ‘active

alpha’ strategies.
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The type | strategy that times the highest bookitoket decile portfolio has a
significant alpha of 4.4% and the Fama-French 3ofamodel explains 40% of its return
variation. The model explains 44% of the returnateon of the type | strategy based on the
high B/M 3" portfolio. Both timing strategies have higher aptrelative to those of the
primitive assets. These results illustrate that rteirns on the timing strategies are not
explained by the risk factors that explain mosthef return variation of the book-to-market
portfolios. The timing strategy using the smallsste decile portfolio has a highly
significant alpha of 7.7% and the two factor moebgblains 40% of the return variation of
the strategy. The results are similar for the smiakk third portfolio. The two factor model
explains only 48% for this timing strategy and hasghly significant alpha of 5.9%. Again,
the returns on the timing strategies are not erpthby the risk factors that explain most of
the return variation of the size portfolios. Theitig strategy using the long-term winner
portfolio has an insignificant but positive alphalative to the four factor model. The

strategy using the long-term loser portfolio hasgmificant and positive alpha of 5.8%.

C. Evaluating the Type Il Timing Strategies

Columns two and three of Table VII shows the alpiied the adjusteB’s with respect to
the appropriate factor model for the type Il stgge that time each of the four sets of the
primitive portfolios. The type Il strategy usingetlwinner decile has a highly significant
alpha of 7.5% and the model explains only 26% ofeéturn variation. The type Il strategy
using the winner third portfolio has a highly sigrant alpha of 8.2% with only 24% of its
return variation explained by the model. The typstidategy using the loser decile has the
same magnitude of alpha as the type | strategy,aandnd 34% of the strategy’s return
variation being explained by the four factor modéie alpha of the type Il strategy based

on the loser third portfolio is also similar in nmiigde to that of the type | strategy. Again,
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the four factor model explains a considerably loweaportion of the return variation than
that of the type | strategy.
[Insert Table VII here]

The type Il strategy using the highest book-to-radecile portfolio has a higher and
highly significant alpha than that of the type fdas¢gy. The Fama-French 3 factor model
explains only 20% of the return variation of thisategy. In a sharp contrast to the results in
Table V, the Fama-French model only explains 24dd%be return variation of the type Il
strategy based on the high B/ portfolio with an alpha which is significant atettl %
level. The type Il strategy using the smallest sieeile portfolio has a highly significant
alpha of 8.8% and the two factor model explaing/ @W% of the return variation of the
timing strategy. Similarly, the type Il strategying the small size third portfolio has a
significant alpha of 7.4%. The two factor model lakps 30% of the return variation of the
strategy. The type Il strategy using the long-téoser portfolio has a highly significant
alpha of 8.0% relative to the four factor modeleTdtrategy using the long-term winner

portfolio also has a significant alpha of 5.8%.

D. Adding an Upside Factor

Our timing strategies appear to generate ‘actiphad’ relative to the factor risk models
considered above since all of the timing stratebege positive alphas. In contrast, all but
the loser and the winner third portfolios of thenptive assets have either negative or
insignificantly positive alphas. Thus the risk farst that explain the returns on the primitive
assets do not explain the returns on the timirgesgres. We test how well an inclusion of
the upside factor help capture the returns onithieg strategies.
Columns four and five of Tables VI, respectivelyow the alphas and the adjusts

with respect to the upside factor augmented mantelfe type | strategies. The alphas are

now much lower, with a majority of them being negat and none of the positive alphas
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are significant. Thé--statistic is significant at the 5% level for theclusion of the upside
market factor for all the timing strategies exciptthe strategy based on the high book-to-
market decile portfolio, with the majority of thefmeing significant at the 1% level.
However, the augmented models still explain less tB0% of the variations in the returns
on the type | timing strategies in almost all cases

Columns four and five of Tables VII, respectivedfrow the alphas and the adjusiéd
with respect to the upside factor augmented mautethie type Il strategies. The addition of
the upside factor leads to all the significant pesialphas becoming insignificant and none
of the positive alphas are significant. Thestatistic is significant at the 1% level for the
inclusion of the upside market factor for all tiraihg strategies. These results indicates that
the ‘upside’ beta explains the level of the retusnghe timing strategies over and above the
standard risk factors. The role of the upside nmalikeor appears to be more interesting as
it seems to point to a more fundamental charatiered the anomaly portfolios. The
augmented models explain less than 40% of the ti@ig&in the returns on the timing
strategies in all cases and less than 30% in sasescalthough they do explain the level of
returns. These results suggest that the timingegfies are dynamic in nature and that fixed
beta models may not capture much of their retumatians. Conditional models are thus

worthy of detailed consideration.

E. Results of Conditional Performance Evaluation

Table VIII show the alphas and the adjus&d for the type | strategies with respect to the
conditional models using two different sets of atinding information. Using
macroeconomic variables as conditioning informaasnn Ferson and Harvey (1999), the
majority of alphas are significant which indicateatt the conditional models do not well
explain the level of the returns on the timing t&tgges. We thus consider dynamic beta

models that model the betas of the risk factor&iastions of the dummy variable which is
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1 if the return on the market index in the previpesiod was positive and zero otherwise.
These dynamic factor models capture much more @fréturn variations of the timing
strategies with increased adjus®d. Both the magnitude and significance of alphahef
winner and loser timing strategies are reduced raste of the strategies has significant
alphas except for the strategies using the wirtmedt and loser third portfolios. The results
for the type Il strategies as shown in Table Xpthy similar pattern of the alphas and again
with increased adjusteffs with respected to the dynamic models. Overallvémation in
returns to the timing strategies is better expldibg dynamic factor betas. However, the
dynamic factor betas are still unable to completalyture the dynamic nature of the timing
strategies based on the momentum winners and losers

[Insert Tables VIII & IX here]

V. Conclusions

Recent evidence suggests that the returns on sbthe anomaly portfolios are related to
the state of the market. It may thus be possiblane these anomaly portfolios in order to
capture their upside returns and avoid their dosnisses. We construct simple long only
timing strategies based on various anomaly poasolivhich have similar or better Sharpe
ratios than the corresponding anomaly portfolia, With lower volatility. These dynamic
strategies appear to be successful at capturingpbiele returns on the anomaly portfolios.
They remain profitable after accounting for relativ high levels of transaction costs,
particularly for those based on the winner portieliMore interestingly, the factor models
that well explain the returns on the anomaly pdidgodo not explain much of the returns of
the corresponding timing strategies. These strasegppear to be ‘active alpha’ strategies
since they have positive, often significant alpith respect to the factor models. We show
that most of the alphas of the timing strategiesaamcounted for by an upside factor and the

variation in returns is better explained by dynafactor betas.
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Table |

Risk and Reward Profiles of the Primitive Portfolios

This table gives the average return, fiealue, annualized Sharpe ratio, volatility and
downside volatility of the primitive portfolios cetructed by stocks listed on the NYSE,
AMEX, and NASDAQ. Downside volatility is the annuadd standard deviation of the
negative returns on a portfolio. The sample coteesperiod between 1975 and 2006. The
Winner decile and Winner third refer to, respedtivéhe top decile and the top 30% of
stocks sorted on previous 2-12 month returns. Toeet decile and Loser third refer to,
respectively, the bottom decile and the bottom 2@%tocks sorted on previous 2-12 month
return. The High BM decile and High BM third reter, respectively, the top decile and the
top 30% of stocks sorted on book-to-market ratibe Bmall Size decile and Small Size
third refer to, respectively, the bottom decile dimel bottom 30% of stocks sorted on market
capitalization. The Long-Term Winner and Loser Beportfolios are, respectively, the top
and bottom deciles of stocks sorted on previouSA&onth returns. Bonferropivalue is
for a joint test across portfolios sorted by theeacriterion of the null hypothesis that the
average return of the portfolio is zero. It is catgal as the-value of the individual test
multiplied by the potential number of portfoliosted.

: Average Bonferroni | Sharpe - Downside
Portfolio Return p-value p-value Ratio Volatility Volatility
Winner decile| 20.97% | 1.18x10’ 0.000 0.66 22.00% 12.92%
Winner third | 26.69% | 2.97x10% |  0.000 1.23 16.38% 7.15%
Loser decile | 4.65% | 0.0293 0.293 007 | 2555%| 14.97%
Loser third 17.14% | 2.62x107 |  0.000 0.58 18.20% 9.26%
g'é%ri]leB/ M 19.04% | 2.14x10° |  0.000 0.74 18.27% 9.76%
E‘i%‘ B/M 17.11% | 9.76x10™ |  0.000 0.75 15.07% 7.97%
g?cﬁg Size | 1759% | 1.00x10° | 0.000 056 | 21.07% | 11.42%
ti?:g‘” Size | 1734% | 161x10° | 0.000 056 | 20.62% | 11.57%
bﬁ?}?};ﬂgne 13.91% | 1.60x10° |  0.000 036 | 20.63%| 12.16%
tggg;giréﬂe 18.95% | 1.05x10° |  0.000 058 | 2259% | 11.71%
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Table Il

Risk and Reward Profiles of the Type | Timing Strategies
This table gives the average return, fiealue, annualized Sharpe ratio, volatility and
downside volatility for type | timing strategiesdeal on the winner, loser, book-to-market,
size and long-term winner and loser portfolios. Type | strategy invests in the risky asset
if the previous month’s return on the CRSP Valueighted index was positive and in 1
month T bills otherwise. Downside volatility is tl@nualized standard deviation of the
negative returns on a strategy. The strategiesansidered over the 1975-2006 period.
Bonferroni p-value is for a joint test across portfolios of tekame sorts of the null
hypothesis that the average return of the stragagieero. It is computed as theralue of
the individual test multiplied by the potential niben of portfolios tested.

Portfolio A&/:trjr%e p-value Bg[]\fglrlzgni Sé];gge Volatility E)/g\llzl?iﬁit?/e
Winner decile| 16.06% | 5.40x10° |  0.000 0.63 | 15.20%| 8.65%
‘Winner third | 18.62% | 30sx10° | 0000 | 100 | 12.00%| 5529
Loser decile 10.66% 0.001 0.014 0.22 18.82% 10.05%
Loserthird | 16.59% | 630x10° | 0000 | 072 | 1407%| 593%
g'éch}eB/M 17.50% | 3.21x10% | 0.000 | 087 | 12.63%| 6.70%
HGNBM |y 06 | Laoeio® | 0000 | 077 | 1014%| 554%
igéﬁ! Size | 19.77% | 696x10% |  0.000 088 | 15.11%| 7.82%
SmalSize | g o506 | aseio | 0000 | 081 | 1433%| 7.69%
\';\‘/’irr‘]?]'eTrng‘C”e 12.45% | 7.96x10° |  0.000 037 | 15.90% | 7.62%
LongTerm | 4o o0, | s1sxio’ | 0000 | 064 | 1516%| 876%
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Table I

Risk and Reward Profiles of the Type Il Timing Strategies
This table gives the average return, fiealue, annualized Sharpe ratio, volatility and
downside volatility for the type Il timing strategi based on the winner, loser, book-to-
market, size and long-term winner and loser paa$olThe type Il strategy invests in the
risky asset if the previous month’s return on tHeSP Value Weighted index was greater
than 2% and in 1 month T bills otherwise. Downsitatility is the annualized standard
deviation of the negative returns on a portfoliostnategy. The strategies are considered
over the 1975-2006 period. Bonferrgmvalue is for a joint test across portfolios of the
same sorts of the null hypothesis that the averagen of the strategies is zero. It is
computed as the-value of the individual test multiplied by the paotial number of
portfolios tested.

Portfolio A&/:trjr%e p-value Bg[]\fglrlzgni Sé];gge Volatility E)/g\llzl?iﬁit?/e
Winner decile| 16.98% | 4.36x10™ |  0.000 0.87 | 12.11%| 5.61%
‘Winner third | 17.06% | 14ex10° | 0000 | 110 | 960% | 361%
Loser decile 9.33% | 4.00x10* 0.004 0.19 14.81% 8.23%
Loserthird | 14.41% | 7gsx10° | 0000 | 071 | 1118%| a35%
g'éch}eB/M 15.00% | 851x10° | 0.000 | 091 | 9.36% | 3.70%
HONBM | o170, | 070 | 0000 | 086 | 779% | 343
igéﬁ! Size | 1866% | 1.02x10% |  0.000 1.01 | 12.09% | 5.33%
SmalSize | 175006 | 10310 | 0000 | 097 | 1119%| 503%
\';\‘/’irr‘]?]'eTrng‘C”e 12.15% | 556x10° |  0.000 047 | 1259%| 6.91%
LongTerm | o coog | peeeic™ | 0000 | 073 | 1336%| 533%
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Table IV

Percentage of Up and Down Extreme Moves

This table shows the ratios of extreme up and dowres of each timing strategy relative
to the underlying portfolio. An extreme up movaimonthly return of more than 5% while
an extreme down move refers to a monthly retuiess than -5%. The timing strategies are
the type | and type Il timing strategies basedhlawinner, loser, book-to-market, size and
long term winner and loser portfolios. The typetrbgegy invests in the risky asset if the
previous month’s return on the CRSP Value Weiglmeeéx was positive and in 1 month T
bills otherwise while the type Il strategy invesisthe risky asset if the previous month’s

return on the CRSP Value Weighted index was grehin 2% and in 1 month T bills
otherwise. The strategies are considered over3iB-2006 period.

Extreme Up Ratio

Extreme Down Ratio

Portfolio
Type | Type Il Type | Type Il
Winner decile 0.57 0.43 0.56 0.25
Wierthid | 057 | oar | 052 | 017
Loser decile 0.72 0.47 0.52 0.31
Losertid | o073 | 0as | oar | 026
High B/M decile 0.66 0.37 0.38 0.10
HghBMtid | 060 | o2 | a0 | 010
Small Size decile 0.79 0.57 0.48 0.21
SmallSzethid | 072 | o2 | o8 | 023
\';\‘/’irr‘]?]'eTrng‘C”e 0.58 0.43 0.52 0.29
‘Long-Term Losel oo | os2 | oss | 033

decile
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Table V

Risk Adjusted Performance of the Primitive Portfolios

This table shows the annualized alpha together ngghrvalue in parentheses and the time-
series regression coefficient of determinationtietato the appropriate factor model for the
winner, loser, book-to-market, size and long terimnar and loser portfolios. The strategies
are considered over the 1975-2006 period. The wiand loser portfolios as well as the
long term winner and loser portfolios are evaluatisthg theMKT, SMB, HML and the
UMD factors. The book-to-market portfolios are evadatising thavKT, SMB and the
HML factors. The size portfolios are evaluated udedgtKT and theSVIB factors.

Portfolio Alpha Adj. R
-1.67% 0.924
Winner decile
(0.150)
13.81% 0.547
Winner third
(0.000)
-3.34% 0.899
Loser decile
(0.028)
5.14% 0.660
Loser third
(0.014)
0.17% 0.796
High B/M decile
(0.906)
0.28% 0.900
High B/M third
(0.740)
0.22% 0.877
Small Size decile
(0.868)
-0.52% 0.963
Small Size third
(0.454)
-0. 31% 0.881
Long-Term Winner decile
(0.811)
-0.24% 0.765
Long-Term Loser decile
(0.905)

25



Table VI

Unconditional Risk Adjusted Performance of the Type | Timing Strategies

This table shows the annualized alpha withpigalue in parentheses and the time-series
regression AdjR’ relative to the appropriate factor model for tipet | timing strategies
based on the winner, loser, book-to-market, sizelang-term winner and loser portfolios.
The strategies are considered over the 1975-2006dpd he timing strategies based on the
winner and loser portfolios as well as the longrewinner and loser portfolios are
evaluated using th®KT, SMB, HML and theUMD factors with and without an upside
factor UP). The upside factor is the maximum of the retunnttee CRSP Value Weighted
index and zero. The timing strategies based orbtio&-to-market portfolios are evaluated
using theMKT, SMB and theHML factors. The timing strategies based on the sizéghios
are evaluated using theKT and theSMB factors. The asterisks of * and ** denote,
respectively, the significance at the 5% and 1%lkwf anF-test of whether the inclusion
of theUp factor to the corresponding factor model provitesemental explanatory power.

Without theUp Factor With théJp Factor
Portfolio Alpha Adj. R Alpha Adj. R?
2.31% 0.415 -3.83% 0.422*
Winner decile
(0.300) (0.281)
8.97% 0.297 -2.29% 0.335**
Winner third
(0.000) (0.448)
4.56% 0.526 -5.57% 0.538*
Loser decile
(0.067) (0.156)
7.91% 0.346 -8.75% 0.409**
Loser third
(0.000) (0.008)
4.42% 0.402 0.92% 0.404
High B/M decile
(0.014) (0.745)
2.45% 0.439 -1.36% 0.445*
High B/M third
(0.078) (0.539)
7.74% 0.402 2.28% 0.450*
Small Size decile
(0.000) (0.859)
5.92% 0.484 -0.88% 0.493**
Small Size third
(0.001) (0.435)
Long-Term Winner 2.74% 0.419 -4.23% 0.428*
decile (0.216) (0.231)
Long-Term Loser 5.76% 0.364 -4.70% 0.382**
decile (0.018%) (0.219)
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Table VI

Unconditional Risk Adjusted Performance of the Type Il Timing Strategies

This table shows the annualized alpha withpigalue in parentheses and the time-series
regression AdjR? relative to the appropriate factor model for tipet Il timing strategies
based on the winner, loser, book-to-market, sizelang-term winner and loser portfolios.
The strategies are considered over the 1975-2006dpd he timing strategies based on the
winner and loser portfolios as well as the longrewinner and loser portfolios are
evaluated using th®KT, SMB, HML and theUMD factors with and without an upside
factor UP). The upside factor is the maximum of the retunnttee CRSP Value Weighted
index and zero. The timing strategies based orbtio&-to-market portfolios are evaluated
using theMKT, SMB and theHML factors. The timing strategies based on the sizéghios
are evaluated using theKT and theSMB factors. The asterisks of * and ** denote,
respectively, the significance at the 5% and 1%lkwf anF-test of whether the inclusion
of theUp factor to the corresponding factor model provitesemental explanatory power.

Without theUp Factor With théJp Factor
Portfolio Alpha Adj. R Alpha Adj. R?
7.53% 0.265 -0.16% 0.281*
Winner decile
(0.000) (0.959)
8.20% 0.242 -0.47% 0.278**
Winner third
(0.000) (0.856)
4.56% 0.337 -6.30% 0.361**
Loser decile
(0.049) (0.082)
7.46% 0.198 -5.96% 0.263**
Loser third
(0.000) (0.044)
5.01% 0.204 -1.77% 0.229**
High B/M decile
(0.001) (0.460)
3.63% 0.246 -2.53% 0.276**
High B/M third
(0.003) (0.191)
8.79% 0.277 1.36% 0.295**
Small Size decile
(0.000) (0.639)
7.39% 0.299 -1.14% 0.327**
Small Size third
(0.000) (0.661)
Long-Term Winner 5.79% 0.296 -2.21% 0.312**
decile (0.004) (0.491)
Long-Term Loser 8.00% 0.224 -4.09% 0.260**
decile (0.000) (0.247)
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Table VIII
Conditional Risk Adjusted Performance of the Type | Timing Strategies

This table shows the annualized alpha together igghrvalue in parentheses and the time-
series regression coefficient of determinationtnetato the appropriate factor model for the
type | timing strategies based on the winner, lobeok-to-market, size and long term
winner and loser portfolios. The strategies aresmmwred over the 1975-2006 period. The
timing strategies based on the winner and loseffglias as well as the long term winner
and loser portfolios are evaluated using Mi€T, SVIB, HML and theUMD factors. The
timing strategies based on the book-to-market plo are evaluated using tMKT, SMIB
and theHML factors. The timing strategies based on the sietghos are evaluated using
the MKT and theSMB factors.

Macro Instruments Thep Dummy
Portfolio Alpha Adj. R? Alpha Adj. R
2.65% 0.429 -1.82% 0.680
Winner decile
(0.255) (0.285)
9.28% 0.321 5.41% 0.542
Winner third
(0.000) (0.001)
5.48% 0.540 0.37% 0.742
Loser decile
(0.038) (0.845)
9.08% 0.393 4.62% 0.490
Loser third
(0.000) (0.020)
4.36% 0.426 1.39% 0.573
High B/M decile
(0.027) (0.368)
2.07% 0.467 0.30% 0.659
High B/M third
(0.1740) (0.789)
8.46% 0.458 1.98% 0.704
Small Size decile
(0.000) (0.190)
6.88% 0.500 0.71% 0.750
Small Size third
(0.001) (0.590)
Long-Term Winner 3.65% 0.444 -0.09% 0.647
decile (0.117) (0.958)
Long-Term Loser 5.54% 0.386 -0.44% 0.608
decile (0.032) (0.821)
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Table IX
Conditional Risk Adjusted Performance of the Type Il Timing Strategies

This table shows the annualized alpha together igghrvalue in parentheses and the time-
series regression coefficient of determinationtnetato the appropriate factor model for the
type Il timing strategies based on the winner, Hod®ok-to-market, size and long term
winner and loser portfolios. The strategies aresmmwred over the 1975-2006 period. The
timing strategies based on the winner and loseffglias as well as the long term winner
and loser portfolios are evaluated using Mi€T, SVIB, HML and theUMD factors. The
timing strategies based on the book-to-market plo are evaluated using tMKT, SMIB
and theHML factors. The timing strategies based on the sietghos are evaluated using
the MKT and theSMB factors.

Macro Instruments Thep Dummy
Portfolio Alpha Adj. R Alpha Adj. R?
7.30% 0.275 3.71% 0.610
Winner decile
(0.001) (0.013)
8.36% 0.254 4.92% 0.560
Winner third
(0.000) (0.000)
5.08% 0.349 0.41% 0.640
Loser decile
(0.040) (0.817)
8.10% 0.235 4.04% 0.408
Loser third
(0.000) (0.018)
4.93% 0.224 1.86% 0.493
High B/M decile
(0.004) (0.136)
3.88% 0.255 1.43% 0.578
High B/M third
(0.005) (0.130)
10.13% 0.295 3.24% 0.642
Small Size decile
(0.000) (0.015)
9.05% 0.319 2.41% 0.680
Small Size third
(0.000) (0.039)
Long-Term Winner 5.86% 0.302 3.16% 0.572
decile (0.007) (0.052)
Long-Term Loser 7.49% 0.255 2.03% 0.529
decile (0.002) (0.263)
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