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Abstract

Two popular techniques for managing equity portfolio adeevand momentum based
investment strategies. Several researchers have examithdduamd that such investment
strategies provide superior returns. There is, howeviackaof consensus on the source
of such abnormal returns. We investigate an alterngtlamation by modeling the risk

of portfolios using the Arbitrage Pricing Theory. Our reswdtiggest that the superior
returns observed in prior studies can be attributedkgresmium.

Keywords: Arbitrage Pricing Theory
JEL Classification: G120/G140

INTRODUCTION

Many researchers have demonstrated that value and mombagted investment
strategies are effective in predicting stock returngddeesh et al (1993), Fama and
French (1992 & 1993), Lakonishok et al (1994)]. Asness (1997) nudeshere is no
universally accepted explanation for the success of thesteges. We propose that a
meaningful explanation can be found once the risks ofpthwfolios are controlled
relative to the risks of a benchmark portfolio. We ptst once exposure to factor risks
are accounted for, returns from combining value and mamerstocks will not be
significantly different across portfolios as assét thave equivalent risk characteristics
can be expected to provide equivalent returns. Furthermet@ns from such risk-
neutral portfolios should not significantly differ fromenchmark returns.

We test our hypotheses by first clustering stocks acaprintheir value and
momentum characteristics. Each group of stocks is twawverted to portfolios by
assigning equal weights (group A), and optimal weights (gupin group B, the
portfolios are formed by controlling for several risk @stthat were found to be priced
in the market by previous studies. We analyze the exetsms from these portfolios
relative to return from benchmark S&P 500.

It is plausible that other factors may have explawyajwpower as well. For
example, Hong et. al (1999) suggests that size (i.e. madgatalization) and analyst
coverage may explain abnormal returns to momentumegiest To explore that
possibility we use the weights from groups A and B tavede average size and average
number of analysts’ coverage. These variables are theghinsregressions of returns
from the portfolios as independent variables to test éxplanatory power.
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The contribution of this paper is twofold with usefulpimations for investors:
(1) Clearer understanding of returns from value and momerstuategies, and (2)
Identification of sources of excess returns observepravious studies. If the excess
returns reported in previous studies are merely a premarnridk, it should force
investors to evaluate risks inherent in portfolios aaséd using value or momentum
strategies. Furthermore, investors should calculate dglsted returns from value and
momentum strategies against risk-adjusted returns frdmar cquantitative and non-
guantitative strategies.

PRIOR RESEARCH

Mutual funds have grown in popularity as the preferred imvest vehicle. The
number of mutual funds has increased to nearly 15,000 witsassder management of
$8.496 trillion (Investment Company Institute, 2005). With ghewing popularity of
mutual funds, investigations over its economic implioai have also correspondingly
increased. In this paper, we investigate two populafghor management styles — value
based and momentum based.

Value and Momentum Trading Strategies

Value investment style involves investing in stocks of fithvet are underpriced
relative to their fundamentals. It is argued that itmessfrequently react irrationally to
information resulting in distorted prices that can beaigd to generate superior returns.
Several researchers have investigated and documented thersppdormance of value
based investment strategies. @ Fama and French (1992) thahdtocks with high
earnings-price (E/P) ratio produced higher returns during the 196B{i€%d. They
further observe that the positive relationship betweensfiwith positive E/P ratios and
average returns can be attributed to the positive ctaelaetween E/P and book-to-
market value equity (BV/MV) ratios. Their results sudgésat value investment
strategies based on a firm's BV/MV can be used to form rgupeortfolios.
Corroborating evidence is provided by Basu (1973) and Chanaélamd Lakonishok
(1991).

Lakonishok, Shleifer, and Vishny (1994) investigated a coatrainvestment
strategy by comparing the performance of value stocks lamabgr stocks. They report
that value stocks significantly outperformed the glamaacks, generating an average
annual return of 19.8% compared to 10.5% for glamour stocksaiitinors note that the
superior returns are due to the ability of the contranaastment strategy to exploit the

! Glamour stocks are defined as stocks that have done vérin we past and are overpriced
due to increased demand by naive investors. These stdicke wharacterized by low book-to-
market value of equity (B/M), low cash flow-to-marketuaof equity (C/P), low earnings-to-
market value of equity (E/P), and high growth rate #sséGS). Value stocks are stocks that are
underpriced due to investors over-discounting bad informatbmot a stock. These stocks will
be characterized by high book-to-market value of equitMjBhigh cash flow-to-market value

of equity (C/P), high earnings-to-market value of eg(i/P), and low growth rate of sales (GS).
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suboptimal behavior of investors rather than due to velgtihigher systematic risk as
argued by Fama and French (1992).

There is extant evidence on the superior performanceoafentum strategies as
well. While value investors try to “buy low and sell higimomentum investors tend to
chase the trend by “buying high and selling higher”. Momerdtrategies are based on
the assumption that investors tend to overreact tomEton. Thus, a strategy of
investing in recent losers and shorting recent winneraldlgenerate positive returns if
investors tend to be irrationally optimistic about tbheufe prospects of “good stocks”
and overly pessimistic about the future prospects of “psiocks.” For instance,
Jagdeesh and Titman (1993) posit that a contrarian strategydsgenerate significant
abnormal returns if market prices do not adjust appropri&weinformation. They find
that a portfolio formed by buying stocks that performedl| wad selling stocks that
underperformed over the previous 6 months generated an armahml return of
12.01% when held for six monthAsThey report similar results around earnings
announcements wherein past losers realize higher retbams gast winners. Their
evidence supports a delayed stock market reaction to firnifispeormation.

More recently, Asness (1997) investigates the interactiemalue and momentum
strategies on a sample of NYSE, Amex and NASDAQ fiforsthe period July 1963
through December 1994. Asness measures value using theotraldiiook-to-market
ratio (log BV/MV) and dividend yield (D/P) and proxies momen using average
monthly return on stock over the past twelve monthst((#3s12)). Univariate tests
reveal that the three variables used for measuring \aldemomentum strategies are
positively associated with future expected return. Théemihce in average returns
between the lowest and highest quintile when the @artivas sorted by past (2, 12), log
(BVIMV), and D/P was .87%, .51% and .31% respectively. FEwuniore, value and
momentum strategies were found to be negatively asedomth each other suggesting
interaction effects. Further analysis reveals tvetie strategy is relatively superior
among firms with weak momentum (and weaker among firitis $trong momentum).
Similarly, momentum strategy produces superior return anfiomg with poor values
(relative to firms with high value). For empirical ays$ of value and momentum
strategies in international markets see Capul, Roately Sharpe (1993), Schiereck, De
Bondt, and Martin Webe(1999) Rouwenhorst (1997), Scott, Stump and Xu (2003) and
Bird and Whitaker (2003).

Taken together, the empirical evidence suggests thatvadih and momentum
strategies can be used to predict stock returns and tem@dmaormal returns. However,
there is a lack of consensus about the source of sugimgeSeveral explanations have
been offered for the ability of value and momentum invesit strategies to outperform
the market. One school of thought argues that naive inmget#ad to be guided by
irrational optimism and pessimism. As a result, invesbasup the prices of stocks when

2 They also consider trading strategies based on stockseaiuer the past 1, 3, or 4 quarters and
holding periods of 1 to 4 quarters. They examined the retarrfa)f buy and hold portfolios and
(b) portfolios that were rebalanced monthly to maintaueégeights. Thus, there were a total of
32 trading strategies.
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they are overly optimistic (such as during the dot cormoand depress the prices of
stocks on other occasions due to panic selling (such af9pbkst By trading against
naive investors, it will be possible for contrarian ingestto generate superior returns.
Writings on volatility tests (Shiller, 1981), noise deas (Shleifer and Summers, 1990),
social psychology (Shiller, 1984) fad variable (Summers, 19B6)yristic decision
making (Kahneman and Tversky, 1986) predictability of stottkme (Jegadeesh, 1990)
and short-run speculative motive of investors (Keynes, 1936)gest market
inefficiencies or irrationalities in investor behaviat least in the short-run. Fama
(1992), on the other hand, argues that the higher returascamapensation for the higher
fundamental risk involved in such portfolios. A third exmtion for excess returns or
predictive ability is the possibility of methodologicdhws such as data mining,
survivorship bias, and inappropriate modeling (Kleidon, 1986; Black, 1993)

In this paper, we contribute to the understanding thecsoof abnormal returns
by investigating if it is possible to find explanation te thbserved superior returns once
the risks of the portfolios are controlled using the Adge Pricing Theory.

DATA AND RESEARCH METHODOLOGY
Value and Momentum Stocks

In the literature value stocks have been classifieddas dividend yield and the
ratio of book value to market value. We use the latedividend yield does not, in our
opinion, accurately capture the true value. Any test ofjudividend yield as an indicator
of value is a test of affirmation of market expectatiand not of abnormal returns. This
can be understood by considering the constant dividend growtelnfor equity
valuation® Using dividend growth model, dividend yield can be expresseheaspread
between the required rate of return on the equity aedgtowth rate. As the spread
widens, due to increase in the required rate of return @edse in growth rate or both,
the price falls and the dividend yield increases. Conversesl the spread narrows, the
price increases and the dividend vyield falls. However,qailierium, required rate of
return should equal expected rate of return. In othedsyavhen the dividend yield is
higher the market expects higher return and vice veEsaante we should expect the
returns that the studies have confirmed. It followat thividend yield is neither a
contrarian nor an abnormal return indicator.

The ratio of book value to market value is not subjesutth criticism since there
is no established relationship between the two valueswbatd lead to any ex ante
expectations. Consequently, the ratio does not nedgssaicate whether a stock is
“expensive” or “cheap”. However, for lack of a betterm the ratio is equated with
“value”. Ex poste, as studies have shown, the ratio seems to prediotrabhreturns and
is an indicator of value of the stock to an investor.tRese reasons we chose the ratio of
book value to market value (hereafter denoted by B/M) rasndicator of value.

® The argument that follows is applicable even if theeenaultiple growth rates.
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Specifically, we use year-end book value per share toulage the B/M ratid.
Momentum characteristic of a stock is measured asvkeage of past twelve month
returns. Both value and momentum characteristicscal®ilated at the end of every
month during the testing period. Return for each charatt is measured at the end of
the following month.

Sample

The sample data was collected for the period July 198%tember 1997 from
Center for Research on Security Prices (CRSP). Takievand momentum
characteristics were measured using monthly returns sy 1988 along with month
end market price starting from June 1989 and year-end babhle per share data
beginning from June 1988. The final sample consists of 1028sstbat meet the above
requirement and other criteria (discussed later).

Once a stock’s value characteristic is measured, atassified as a high value
(HV) or medium value (MV) or low value (LV) stock accargito whether its value
measure falls in the top third or middle third or bottomdthirespectively, of value
measures of all stocks for that month. Similarlycheatock is classified as a high
momentum (HM) or medium momentum (MM) or a low maoren (LM) stock at the
end of each month. Equal weighted portfolios of stonksaich classification of value
and momentum characteristics are then formed. leratirds, each month three equal-
weighted value portfolios and three equal-weighted momentportfolios are
constructed. Characteristic measurement, classificagod portfolio construction are
done at the end of each month while return for the dms$f@re measured at the end of
the following month. Results reported are averagbesdd monthly returns.

We also sort the stocks by interaction between thectvaoacteristics. Thus, given
three classifications for each of the two charasties, there will be a total of nine
groups: HM-HV, HM-MV, HM-LV, MM-HV, MM-MV, MM-LV, LM- HV, LM-MV,
and LM-LV.> This classification scheme allows us to construce mortfolios every
month. We construct the portfolios by assigning (a) esweaghts to stocks and (b)
optimal weights based on an optimization model. The ma&md constructing optimal
portfolios is to make all nine portfolios risk equivalerithnone another as well as with
the benchmark portfolio, S&P 500 index. To the extentweatre successful in making
the portfolios risk equivalent, and assuming that the fastor(s) that were controlled
completely explain the returngx ante we should not expect to see any significant

* For example, year-end 1988 book value per share and 1989 Jumestet price per share are used to
calculate the ratio to classify the stock as of 1989 dade The 1988 year-end book value per share will
continue to be used until 1990 May end. For calculation at 1996 end we use 1989 year-end book
value per share, and so on. In other words, we allovagpin availability of year-end data and thus avoid
“look-ahead bias”

> Each of these groups is an intersection ofréspective value and momentum classifications. For
example, HM-HV is the intersection of stocks in HM and ¢lassifications.

29

www.manaraa.com



Journal of Business and Economic Sudies, Vol. 14, No. 2, Fall 2008

differential among the returns of the portfolios otween the returns of the portfolios
and the return from S&P 500. The results of our anabaisbe found in Table 7.

We also used the following additional data obtained frothouse data base of
Duke Solutions: Monthly data from January 1970 to December 19%/oasumer Price
Index (CPI), industrial production index (INDUS), three-tfom-bill rate (3MO), thirty-
year t-bond vyield (30Y), spread between ten-year t-bond wed yield on BBB rated
bond (PREMIUM), and NAPM Purchasing Managers Index (PWFitst, expected value
of each of these series was constructed using dataJrooary 1970 to December 1988.
Second, unexpected component of each of these seriesstiaated from January 1989
to June 1997. Finally, the unexpected components were usegr@ssions of S&P 500
returns as well as all returns from 1029 stocks in timep&a in order to obtain factor
exposures to these risk factors.

Portfolio Optimization Problem Statement

Solve Yo =1
subject to following constraints:

C1. Bk = ZiaiPik =Pk Vk
C2. 1< @i £ 1Vi.

Constraint C1 requires that a portfolio’s total expedorany factor should equal
index exposure to that factor. Constraint C2 sets liontshe weights for stocks
in the portfolio.

i is the weight for ith stocki is the ith stock’s exposure to factor k, ghds
the S&P 500 index exposure to factor k.

Using the factor exposures, we constructed optimal pgiodféor each value and
momentum combination, i.e. HM-HV, HM-MV, etc., follang the optimization problem
stated in the box below. The optimization model madaeh portfolio’s exposure to each
risk factor equal to that of the S&P 500 index. Note that constraint on the stock
weights is quite liberal. This is done in order to ensi@@sible solution to the
optimization problem. While admittedly such weights aneealistic, it does not detract
from the focus of this study as we are interested merstanding the reason behind
observed abnormal returns rather than proposing realmbitfolio construction
approaches. Alternatively, since the optimization mwballows short positions, one can
view the optimization problem solved here as stretchirg wiell-known long-short
investment strategy beyond reasonable limits. Finatlgheportfolio’s average size, i.e.
market capitalization, and average analyst coverageadoelated, where we assign equal
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weights to each stock in the portfolio.

Assigning equwaight for the purpose of

calculating average size and average coverage is aegesasce assigning weights from
the solution of the optimization problem will resultassigning negative size or negative

coverage to some stocks, which is not meaningful. Wegmassiscore of one to a stock
that belongs to the lowest size group, and a score otdveostock that belongs to the
second lowest group, and so on.
analyst covers it, a score of two if two analysiser it, and so on. Portfolios are formed
at the end of a month and returns are measured atdhaf @re next month. This process
is repeated for each month during the testing period.

RESULTS

For analyst coveragepra of one is given if one

Results are presented in Tables 1 and 2. First, high vadakssprovide lower
return than low value stocks. Second, relative to nmiuma stocks value stocks provide
lower returns. These results affirm the superioritynoimentum stocks over value stocks

during the 1990s.

Previous studies had covered earlier periddeeached opposite

conclusion. We do not analyze the returns any furdseour focus is on understanding

the returns for combination of value and momentum chewiatts.

Table 1: Average Returns from M omentum Portfolios (Equal-Weighted)

High Medium Low
Momentum| Momentum | Momentum
(HM) (MM) (LM) HM-MM | HM - LM MM - LM
Monthly 9.08% 1.24% -5.53% 7.84% 14.6% 6.77%
Return
t-statistic 49.87 14.53 -31.96 39.03 58.16 35.09
# Test for Average Monthly Return= 0. Significahtl&. N = 102.
Table 2: Average Returnsfrom Value Portfolios (Equal-Weighted)
High Value| Medium Low Value| HV - MV HV - LV MV - LV
(HV) Value (MV) | (LV)
Monthly 1.3 1.33 1.66 -0.024 -0.35 -0.33
Return
t-statistic 3.57 4.19 4.46 -0.049 -0.68 -0.68

# Test for Average Monthly Refurn=0. S

gnificanti®. N = 102.

Results in Table 3 for equal-weighted portfolios are laintio Asness (1997).
First, certain combination of value and momentum stquk&luces superior returns.
Second, these combinations also produce significant exeesss relative to the S&P
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500 index. Finally, a long-short strategy involving differeaimbinations produces
superior returns.

Table 3: Average Returnsfrom Value + Momentum Portfolios (Equal-Weighted)

HM MM LM
HV
Monthly Return| 10.09% 1.23% -5.82%
t-statistic

40.37 14.09 -28.87
MV
Monthly Return | 8.11% 1.24% -4.91%
t-statistic

51.7% 14.67 -29.17
LV
Monthly Return | 8.92% 1.24% -5.79%
t-statistic

49,59 14.67 -34.94

# Test for Average Monthly Refurn= 0. Significahtl®. N = 102.

HM: High Momentum MM: Medium Momentum LM: Low Momentum
HV: High Value MV: Medium Value LV: Low Value

However, with risk-controlled portfolios as shown iable 4, we observe that the
superiority of the value and momentum combinations disapp@a seen in Table 5 for
equal-weighted portfolios the excess returns to valuetentum portfolios are, on
average, both statistically and economically significasut for the risk-controlled
portfolios the excess returns are almost insignifichis is not surprising given the raw
results in Table 4. Table 4 suggests that when risks ateotled returns from following
a strategy of combining value and momentum stocks wilbagdrofitable.

Another strategy of interest is the returns fromolwihg long-short combination
with different portfolios. For example, going long on higdlue stocks while shorting
low value stocks or going long on high momentum stocks gmng short on low
momentum stocks. Results from such strategies arentegsin Table 6. We observe
that returns for risk-controlled portfolios are muchwés (in fact, economically
insignificant) compared to the returns for equal-weightedf@ms. Finally, Table 7
presents results from regression of returns againstage size and average analyst
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coverage. We find that size is a significant explanyat@riable for all but medium
momentum portfolios whereas analyst coverage explailysreturns for some of the low

momentum portfolios.

One reason for not finding sigatfit explanatory power to

analyst coverage could be that more than half of theks in our sample did not have
any analyst coverage. Given the significant explaggborver of size it is possible to
conjecture that additional firm-specific factors will beeful in explaining the returns

from the portfolios.

Table 4: Average Returnsfrom Value + Momentum Portfolios (Risk-Controlled)

HM MM LM

HV

Monthly Return| -0.36 NA 0.15
t-statistic 5.71 5.83
MV

Monthly Return | -0.194 NA 0.119
t-statistic -4.17 4.55
LV

Monthly Return | -0.18 NA 0.132
t-statistic -3.78 4.14

# Test for Average Monthly Refurn= 0. Significahtl®. N = 102.

NA: Not Available

HM: High Momentum
HV: High Value

MM: Medium Momentum LM: Low Momentum
MV: Medium Value
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Table 5: Excess Returns (Portfolios vs S&P 500)

(a) Equal-Weighted Portfolios

HMHV |HMMV |[HMLVY |MMH |[MMMV | MMLV - | LMHV |LMMV | LML
—S&P | -S&P |-S&P |V —|-S&P S&P —S&P |-S&P |V -
S&P S&P
Avera | 8.92% | 6.93% | 7.74% | 0.0594 0.06% 0.06% -7.00% -6.09% -
ge 6.97%
t- 2278 [ 22.04 |2549 |0.15 0.17 0.16 -20.609 -19.53 | -
statisti 22.21
gTest for Average = 0. Significant at 1%. N = 102.
(b) Risk-Controlled Portfolios
HMHV |HMMV |[HMLV |MMH |[MMMV | MMLV - | LMHV |LMMV | LML
—S&P | -S&P |-S&P |V  —|-S&P S&P —S&P |-S&P |V -
S&P S&P
Avera | -1.54% | -1.37% | -1.34%| NA NA NA -1.03% -1.069 -
ge 1.05%
t- -4.44 -3.87 3.7 297 |-2.99 -2.99
statisti
C

# Test for Average = 0. Sigr

ificant at 1%. N

=102

HMHV: High Momentum High Value HMMV: High Momentum Mediudalue
HMLV: High Momentum Low Value MMHYV: Medium Momentum Higvalue
MMMV: Medium Momentum Medium Value MMLV: Medium Momentubow Value
LMHV: Low Momentum High Value LMMV: Low Momentum MediuMalue

LMLV: Low Momentum Low Value
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Table 6: Return Differential between Properties

(a) Equal-Weighted Portfolios

Expensive Vs Chea

b Winner Vs Loser

HMHV - | LMHV HMHV - | HMLV -
HMLV - LMLV | LMHV LMLV
Avera | 1.18% -0.0359% 15.92% 14.7%
ge
t- 6.56 -0.31 53.3%1 82.17
statisti
c
# Test for Average = 0. Significant at 1%. N 210
(b) Risk-Controlled Portfolios
Expensive Vs Cheap Winner Vs Loser
HMHV - | LMHV HMHV - | HMLV -
HMLV - LMLV | LMHV LMLV
Avera | -0.202 0.018 -0.508 -0.288
ge
t- 247 0.448 -7.366 -5.616
statisti
c

# Test

or Average = 0. Sig

ificant at 1%. N =

02.

HMHV: High Momentum High Value HMMV: High Momentum Mediudalue
HMLV: High Momentum Low Value MMHYV: Medium Momentum Higvalue
MMMV: Medium Momentum Medium Value MMLV: Medium Momentubow Value
LMHV: Low Momentum High Value LMMV: Low Momentum MediuMalue
LMLV: Low Momentum Low Value
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Table 7: Regression Results

(a) Equal-Weighted Portfolios

HMH | HMM | HMLV - | MMHV MMMV MMLV - | LMHV - | LMMV | LMLV
V —-|V —|S&P — S&P — S&P S&P S&P —S&P | — S&P
S&P | S&P
Average Size
Coefficient - - -10.11 0.224 0.894 -1.14 16.36 10.46 2.89
15.49 | 12.65
t-statistic -7.97 | -7.85 | -9.95' 0.125 0.454 -0.528 | 7.48 6.25 1.57
Average
Coverage
Coefficient 0.879 | 0.268 | -0.214 0.216 -0.05 0.297 -0.739 0.318 1.08
t-statistic 1.04 | -1.74 0.624 -0.176 1.46 -1.39 0.882 4.27
1.94
F statistic 51.22] 50.69 | 72.46 0.45 0.11 1.22 64.88 | 77.8f | 79.43
# #
Adjusted R 499 | 49.6 | 58.6% 0 0 0.43% 55.7% 60.3% 60.8
% %
# Test for coefficient is zero. Significant at 1%%= 102.
HMHYV: High Momentum High Value HMMV: High Momentum MediuValue
HMLV: High Momentum Low Value MMHV: Medium Momentum Higvalue
MMMV: Medium Momentum Medium Value MMLV: Medium Momentubow Value
LMHV: Low Momentum High Value LMMV: Low Momentum Medium W(ge
LMLV: Low Momentum Low Value
(b) Risk-Controlled Portfolios
HMH | HMM | HMLV - | MMHV MMMV MMLV - | LMHV - | LMMV | LMLV
V —-|V -—|S&P — S&P — S&P S&P S&P —S&P | — S&P
S&P | S&P
Average Size NA NA NA
-9.33 | -13.09 | -11.12 10.58 7.3 2.02
Coefficient
t-statistic 486 | 631 | g1¥ 4.58 3234 | 0.796
Average NA NA NA
Coverage -
Coefficient 0.195 | 0.548 | -0.165 0.891 1.00 1.13
t-statistic -0.44 | 1.65 | -0.995 1.59 2.06 3.37
F statistic 32.31] 27.56 | 45.81 57.03 40.87 | 41.47
#
Adjusted R 38.27 | 34.47| 47.01 52.6 4411 44.4
# Test for coefficient is zero. Significant at I%= 102.

NA: Not Available

HMHV: High Momentum High Value HMMV: High Momentum Mediudalue
HMLV: High Momentum Low Value MMHYV: Medium Momentum Higvalue
MMMV: Medium Momentum Medium Value MMLV: Medium Momentubow Value
LMHV: Low Momentum High Value LMMV: Low Momentum MediuMalue
LMLV: Low Momentum Low Value
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CONCLUSION

The success of value and momentum strategies is now deeumented.
However, there is lack of consensus among researchdtse source of success for these
strategies. Our study contributes to the extant litegatoy offering an alternate
explanation. The results suggest that risk factormadeled along APT framework, can
be used to explain the superior returns from value astientum strategies documented
in earlier studies. Accordingly, we recommend that itarssshould not use value and/or
momentum strategies indiscriminately without understamdhe risk inherent in such
portfolios. It is critical to examine if these stgies produce superior returns in
proportion to the inherent risks. We believe that g@pr@ach that takes into
consideration risk exposures, as is done in the presgohy, sind uses a more realistic
optimization model will lead to better trading stratsgie
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