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ABSTRACT

Stocks with greater downside risk, which is measured by higher correlations conditional on

downside moves of the market, have higher returns. After controlling for the market beta, the size effect

and the book-to-market effect, the average rate of return on stocks with the greatest downside risk exceeds

the average rate of return on stocks with the least downside risk by 6.55% per annum. Downside risk is

important for explaining the cross-section of expected returns. In particular, we find that some of the

profitability of investing in momentum strategies can be explained as compensation for bearing high

exposure to downside risk.

Andrew Ang
Columbia University and NBER
aa610@columbia.edu

Joseph Chen
University of Southern California
joe.chen@marshall.usc.edu

Yuhang Xing
Columbia University
yx35@columbia.edu



1 Introduction

We define“downsiderisk” to be the risk that an asset’s return is highly correlatedwith the

marketwhenthemarket is declining.In thisarticle,weshow thattherearesystematicvariations

in thecross-sectionof stockreturnsthatis linkedto downsiderisk. Stockswith higherdownside

risk havehigherexpectedreturns,thanreturnsthatcanbeexplainedby themarketbeta,thesize

effectandthebook-to-marketeffect. In particular, wefind thathigh returnsassociatedwith the

momentumstrategies(JegadeeshandTitman,1993)aresensitiveto thefluctuationsin downside

risk.

Markowitz (1959) raisesthe possibility that agentscareaboutdownsiderisk, ratherthan

about the market risk. He advisesconstructingportfolios basedon semi-variances,rather

thanon variances,sincesemi-variancesweight upsiderisk (gains)anddownsiderisk (losses)

differently. In KahnemanandTversky (1979)’s lossaversionandGul (1991)’s first-orderrisk

aversionutility, lossesareweightedmoreheavily thangainsin an investor’s utility function.

If investorsdislike downsiderisk, thenan assetwith greaterdownsiderisk is not asdesirable

as,andshouldhave a higherexpectedreturnthan,anassetwith lower downsiderisk. We find

that stockswith highly correlatedmovementson the downsidehave higherexpectedreturns.

The portfolio of greatestdownsiderisk stocksoutperformsthe portfolio of lowestdownside

risk stocksby 4.91%perannum.After controlling for themarket beta,thesizeeffect andthe

book-to-market effect, the greatestdownsiderisk portfolio outperformsthe lowestdownside

risk portfolio by 6.55%perannum.

It is not surprisingthathigher-ordermomentsplay a role in explaining thecross-sectional

variationof returns. However, which higher-ordermomentsareimportantfor cross-sectional

pricing is still a subjectof debate. Unlike traditional measuresof centeredhigher-order

moments,our downsiderisk measureemphasizesthe asymmetriceffect of risk acrossupside

and downsidemovements(Ang and Chen,2001). We find little discernablepatternin the

expectedreturns of stocks ranked by third-order moments(Rubinstein,1973; Kraus and

Litzenberger, 1976; Harvey and Siddique,2000), by fourth-ordermoments(Dittmar, 2001)

by downsidebetas,or by upsidebetas(Bawa andLindenberg, 1977).

We find thattheprofitability of themomentumstrategiesis relatedto downsiderisk. While

FamaandFrench(1996)andGrundyandMartin (2001)find thatcontrollingfor themarket,the

sizeeffect, andthe book-to-market effect increasesthe profitability of momentumstrategies,

rather than explaining it, the momentumportfolios load positively on a factor that reflects

downsiderisk. A lineartwo-factormodelwith themarketandthisdownsiderisk factorexplains

someof thecross-sectionalreturnvariationsamongmomentumportfolios. Thedownsiderisk
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factor commandsa significantly positive risk premium in both Fama-MacBeth(1973) and

GeneralizedMethod of Moments(GMM) estimationsand retainsits statisticalsignificance

whenthe Fama-Frenchfactorsareadded. Although our linear factormodelswith downside

risk arerejectedusingtheHansen-Jagannathan(1997)distancemetric,our resultssuggestthat

someportionof momentumprofitscanbeattributedascompensationfor exposuresto downside

risk. Pastwinner stockshave high returns,in part, becauseduring periodswhenthe market

experiencesdownsidemoves,winnerstocksmove down morewith themarket thanpastloser

stocks.

Existing explanationsof the momentumeffect are largely behavioral in natureand use

modelswith imperfectformationandupdatingof investors’expectationsin responseto new

information (Barberis,Shleifer and Vishny, 1998; Daniel, Hirshleifer and Subrahmanyam,

1998; Hong and Stein, 1999). Theseexplanationsrely on the assumptionthat arbitrage

is limited, so that arbitrageurscannot eliminate the apparentprofitability of momentum

strategies.Mispricingmaypersistbecausearbitrageursneedto bearfactorrisk, andrisk-averse

arbitrageursdemandcompensationfor acceptingsuchrisk (Hirshleifer, 2001). In particular,

JegadeeshandTitman(2001)show thatmomentumhaspersistedsinceits discovery. We show

thatmomentumstrategieshavehighexposuresto asystematicdownsiderisk factor.

Our findingsarecloselyrelatedto Harvey andSiddique(2000),whoarguethatskewnessis

priced,andshow thatmomentumstrategiesarenegatively skewed. In our datasample,we fail

to find any patternrelatingpastskewnessto expectedreturns.DeBondtandThaler(1987)find

thatpastwinnerstockshavegreaterdownsidebetasthanupsidebetas.Thoughtheprofitability

of momentumstrategiesis relatedto asymmetriesin risk, we find little systematiceffect in the

cross-sectionof expectedreturnsrelatingto downsidebetas.Instead,wefind thatit is downside

correlationwhich is priced.

While ChordiaandShivakumar(2000)try to accountfor momentumwith a factormodel

wherethefactorbetasvaryover timeasa linearfunctionof instrumentalvariables,they do not

estimatethis modelwith cross-sectionalmethods.Ahn, ConradandDittmar (2001)find that

imposingtheseconstraintsreducesthe profitability of momentumstrategies. Ghysels(1998)

alsoarguesagainsttime-varyingbetamodels,showing that linear factormodelswith constant

risk premia,like themodelswe estimate,performbetterin smallsamples.Hodrick andZhang

(2001) also find that modelsthat allow betasto be a function of businesscycle instruments

performpoorly, andthey find substantialinstabilitiesin suchmodels.1

1 An alternativenon-behavioral explanationfor momentumis proposedby ConradandKaul (1998),whoargue

thatthemomentumeffect is dueto cross-sectionalvariationsin (constant)expectedreturns.JegadeeshandTitman

(2001)rejectthis explanation.
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Our researchdesign follows the customof constructingand adding factors to explain

deviations from the Capital AssetPricing Model (CAPM). However, this approachdoesnot

speakto the sourceof factor risk premia. Although we designour factor to measurean

economicallymeaningfulconceptof downsiderisk, our goal is not to presenta theoretical

model that explains how downside risk arisesin equilibrium. Our goal is to test whether

a part of the factor structurein stock returnsis attributableto downsiderisk. Otherauthors

usefactorswhich reflectthesizeandthebook-to-market effects(FamaandFrench,1993and

1996), macroeconomicfactors(Chen,Roll and Ross,1986), productionfactors(Cochrane,

1996),laborincome(JagannathanandWang,1996),marketmicrostructurefactorslikevolume

(Gervais,Kaniel andMingelgrin, 2001)or liquidity (PástorandStambaugh,2001)andfactors

motivatedfrom corporatefinancetheory(Lamont,Polk andSáa-Requejo,2001). Momentum

strategiesdonot loadverypositively onany of thesefactors,nordoany theseapproachesusea

factorwhich reflectsdownsiderisk.

Therestof thispaperis organizedasfollows.Section2 investigatestherelationshipbetween

pasthigher-ordermomentsandexpectedreturns.We show thatportfoliossortedby increasing

downsidecorrelationshave increasingexpectedreturns.Ontheotherhand,portfoliossortedby

otherhighermomentsdo not displayany discernablepatternin their expectedreturns.Section

3 detailstheconstructionof ourdownsiderisk factor, showsthatit commandsaneconomically

significantrisk premium,and show that it is not subsumedby the FamaandFrench(1993)

factors.We apply thedownsiderisk factorto price themomentumportfolios in Section4 and

find thatthedownsiderisk factoris significantlypricedby themomentumportfolios.Section5

studiestherelationbetweendownsiderisk andliquidity risk, andexploresif thedownsiderisk

factorreflectsinformationaboutfuturemacroeconomicconditions.Section6 concludes.

2 Higher-Order Moments and Expected Returns

Economictheory predictsthat the expectedreturn of an assetis linked to the higher-order

momentsof the asset’s return throughthe preferencesof a marginal investor. The standard

Eulerequationin anarbitrage-freeeconomyis:

����� ���	��
���	� �	��
��������
(1)

in which
���	��


is the pricing kernelor the stochasticdiscountfactor, and
���	� �	��


is the excess

returnon asset� . If we assumethat consumptionis proportionalto wealth, then the pricing

kernelis themarginal rateof substitutionfor themarginal investor:
���	��
������ �"!#�	��
�$&%'��� �(!��)$

.
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By takingaTaylorexpansionof themarginal investor’sutility function,
�

, wecanwrite:

���	��
��+*-, !��.� �/�
� �10�243 �	��
5, !76� � �/� �

8 � �70�243 6�	��
 ,:9;9�9;�
(2)

where0�243 �	��

is therateof returnon themarketportfolio, in excessof therisk-freerate.

The coefficient on 0�243 �	��

in equation(2),

!�� � �/� %'� �
, correspondsto the relative risk

aversion of the marginal investor. The coefficient on 0�243 6�	��

is studiedby Kraus and

Litzenberger (1976)andmotivatesHarvey andSiddique(2000)’s coskewnessmeasure,where

risk-averseinvestorspreferpositivelyskewedassetsto negativelyskewedassets.Dittmar(2001)

examinesthe cokurtosiscoefficient on 0�243=<�	��

and arguesthat investorswith decreasing

absoluteprudencedislike cokurtosis.Empirical researchrejectsstandardspecificationsfor
�

,

suchaspowerutility, andleavesunansweredwhatthemostappropriaterepresentationfor
�

is.

Economictheory doesnot restrict the utility function
�

to be smooth. Both Kahneman

and Tversky (1979)’s loss aversion utility and Gul (1991)’s first-order risk aversionutility

function have a kink at the referencepoint to which an investorcomparesgainsand losses.

Theseasymmetric,kinked utility functionssuggestthat polynomial expansionsof
�

, such

as the expansionusedby Bansal,HsiehandViswanathan(1993),may not be a goodglobal

approximationsof
�

. In particular, standardpolynomialexpansionsmaymissasymmetricrisk.

Weshow in Section2.1thatthereis apositiverelationbetweendownsiderisk andexpected

returns. Stockswith high downsideconditionalcorrelations,which condition on moves of

the market below its mean,have higher returnsthan stockswith low downsideconditional

correlations.However, thereis no rewardnorcostfor bearingrisk on theupside.In Section2.2

weshow thatstockssortedby otherhigher-ordermomentshavenodiscernablepatternsin their

expectedreturns.Wealsoshow thatstockssortedby conditionaldownsideor upsidebetashave

little discernablepatternsin Section2.3. We provide aninterpretationof our resultsin Section

2.4.

2.1 Downside and Upside Correlations

In Table(1), weshow thatstockswith highdownsiderisk with themarkethavehigherexpected

returnsthan stockswith low downsiderisk. We measuredownsiderisk and upsiderisk by

downsideconditionalcorrelations,>@? , and upsideconditionalcorrelations,> �
, respectively.

Wedefinetheseconditionalcorrelationsas:

> ? �
corr

���	� �.� 0�243 �BA 0�243 �-C 0�243 �
> � �

corr
���	� �.� 0�243 �;A 0�243 �ED 0�243 � �

(3)
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where
���	� �

is theexcessstockreturn, 0�243 �
is theexcessmarket return,and 0�243 �

is themean

excessmarket return.

To ensurethat we do not capturethe endogenousinfluenceof contemporaneouslyhigh

returnson higher-ordermoments,we form portfoliossortedby pastreturncharacteristicsand

examineportfolio returnsover a future period. To sort stocksbasedon downsideandupside

correlationsat a point in time, we calculate> ? and > �
usingdaily continuouslycompounded

excessreturnsover thepreviousyear. We first rankstocksinto deciles,andthenwe calculate

theholdingperiodreturnover thenext monthof thevalue-weightedportfolio of stocksin each

decile. We rebalancetheseportfolios eachmonth. Appendix A provides further detailson

portfolio construction.

PanelsA andB of Table(1) list monthlysummarystatisticsof theportfoliossortedby > ?
and > �

, respectively. We first examinethe > ? portfolios in Panel A. The first column lists

the meanmonthly holding period returnsof eachdecile portfolio. Stockswith the highest

pastdownsidecorrelationshave the highestreturns. In contrast,stockswith the lowestpast

downsidecorrelationshave the lowestreturns.Going from portfolio 1, which is theportfolio

of lowest downsidecorrelations,to portfolio 10 which is the portfolio of highestdownside

correlations,theaveragereturnalmostmonotonicallyincreases.Thereturndifferentialbetween

theportfoliosof thehighestdecile> ? stocksandthelowestdecile> ? stocksis 4.91%perannum

(0.40%per month). This differenceis statisticallysignificantat the 5% level (t-stat= 2.26),

usingNewey-West(1987)standarderrorswith 3 lags.

The remainingcolumnslist other characteristicsof the > ? portfolios. The portfolio of

highestdownsidecorrelationstockshave the lowestautocorrelations,at almostzero,but they

alsohave the highestbetas.Sincethe CAPM predictsthat high betastocksshouldhave high

expectedreturns,weinvestigatein Section3 if thehighreturnsof high > ? stocksareattributable

to thehighbetas(whicharecomputedpost-formationof theportfolios).However, high returns

of high > ? stocksdo not appearto bedueto thesizeeffect or thebook-to-market effect. The

columnslabeled“Size” and“B/M” show thathigh > ? stockstendto belargestocksandgrowth

stocks.Sizeandbook-to-marketeffectswouldpredicthigh > ? stocksto have low returnsrather

thanhigh returns.

The secondto last columncalculatesthe post-formationconditionaldownsidecorrelation

of eachdecileportfolio, over the whole sample.Thesepost-formation> ? aremonotonically

increasing,which indicatesthat the top decile portfolio, formed by taking stockswith the

highestconditionaldownsidecorrelationover the pastyear, is the portfolio with the highest

downsidecorrelationoverthewholesample.This impliesthatusingpast> ? is agoodpredictor

of future > ? andthatdownsidecorrelationsarepersistent.

5



Thelastcolumnlists thedownsidebetas,F ? , of eachdecileportfolio. We definedownside

beta,F ? , andits upsidecounterpart,F �
as:

F ? � cov
�G���H� � � 0�243 �BA 0�243 �-C 0�243 �.$

var
� 0�243 ��A 0�243 �-C 0�243 �.$

and F � � cov
�G���H� � � 0�243 �BA 0�243 �-D 0�243 �.$

var
� 0�243 ��A 0�243 �-D 0�243 �.$ 9

(4)

The F ? column shows that the > ? portfolios have fairly flat F ? pattern. Hence,the higher

returnsto higherdownsidecorrelationis notdueto higherdownsidebetaexposure.

Panel B of Table (1) shows the summarystatisticsof stockssortedby > �
. In contrast

to stockssortedby > ? , there is no discernablepatternbetweenmeanreturnsand upside

correlations.However, thepatternsin the F ’s,market capitalizationsandbook-to-market ratios

of stockssortedby > �
are similar to the patternsfound in > ? sorts. In particular, high > �

stocksalsotendto havehigherbetas,tendto belargestocks,andtendto begrowth stocks.The

last two columnslist thepost-formation> �
and F �

statistics.Here,both > �
and F �

increase

monotonicallyfrom decile1 to 10,but portfolio cutsby > �
do not giveany patternin expected

returns.

In summary, Table (1) shows that assetswith higher downsidecorrelationshave higher

returns.This resultis consistentwith modelsin which themarginal investoris morerisk-averse

on the downsidethanon the upside,anddemandhigherexpectedreturnsfor bearinghigher

downsiderisk.

2.2 Coskewness and Cokurtosis

Table(2) shows thatstockssortedby pastcoskewnessandpastcokurtosisdo not produceany

discernablepatternsin theirexpectedreturns.FollowingHarvey andSiddique(2000),wedefine

coskewnessas:

coskew
� �I�KJ�	� � J�6L � � �

�M�KJ 6�	� � �N�I�OJ 6L � � � � (5)

where
J�	� �P� ���	� �=QSRT�=Q F � 0�243 �

, is the residual from the regressionof
���	� �

on the

contemporaneousexcessmarketreturn,and
J L � �

is theresidualfrom theregressionof themarket

excessreturnona constant.

Similar to thedefinitionof coskewnessin equation(5), wedefinecokurtosisas:

cokurt
� �I�OJ�H� � J <L � � �

�I�KJ 6�	� � � �I�KJ 6L � � � UV 9
(6)
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Wecomputecoskewnessin equation(5) andcokurtosisin equation(6) usingdaily dataoverthe

pastyear. AppendixB shows thatcalculatingdaily coskewnessandcokurtosisis equivalentto

calculatingmonthly, or any otherfrequency, coskewnessandcokurtosis.

Panel A of Table (2) lists the characteristicsof stockssortedby pastcoskewness. Like

Harvey andSiddique(2000),we find that stockswith morenegative coskewnesshave higher

returns.However, thedifferencebetweenthefirst andthetenthdecileis only 1.79%perannum,

which is not significantat the5% level (t-stat= 1.17). Stockswith largenegative coskewness

tendto havehigherbetasandthereis little patternin post-formationunconditionalcoskewness.

PanelB of Table(2) lists summarystatisticsfor portfoliossortedby cokurtosis.In summary,

wedonotfind any statisticallysignificantrewardfor bearingcokurtosisrisk.

We alsoperform(but do not report)sortson skewnessandkurtosis.We find thatportfolios

sortedon pastskewnessdo have statisticallysignificantpatternin expectedreturns,but the

patternis theoppositeof thatpredictedby aninvestorwith anArrow-Prattutility. Specifically,

stockswith themostnegative skewnesshave the lowestaveragereturns.Moreover, skewness

is not persistentin thatstockswith high pastskewnessdo not necessarilyhave high skewness

in the future. Finally, we find thatstockssortedby kurtosishave no patternsin their expected

returns.

2.3 Downside and Upside Betas

In Table(3), we sort stockson theunconditionalbeta,thedownsidebetaandtheupsidebeta.

Confirming many previous studies,Panel A shows that the betadoesnot explain the cross-

sectionof stockreturns.Thereis nopatternacrosstheexpectedreturnsof theportfolio of stocks

formedby pastF . ThecolumnlabeledF showsthattheportfoliosconstructedby rankingstocks

onpastbetaretaintheir beta-rankingsin thepost-formationperiod.

PanelB of Table(3) reportsthesummarystatisticsof stockssortedby thedownsidebeta,

F ? . Thereis aweaklyincreasing,but mostlyhumped-shapedpatternin theexpectedreturnsof

the F ? portfolios. However, thedifferencein thereturnsis not statisticallysignificant.This is

in contrastto thestrongmonotonicpatternwe find acrosstheexpectedreturnsof stockssorted

by downsidecorrelation.

Both thedownsidebetaandthedownsidecorrelationmeasurehow anasset’s returnmoves

relativeto themarket’sreturn,conditionalondownsidemovesof themarket. In orderto analyze

why thetwo measuresproducedifferentresults,we performthefollowing decomposition.The

downsidebetais a functionof thedownsidecorrelationanda ratio of theportfolio’s downside
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volatility to themarket’sdownsidevolatility:

F ? � cov
�W���	� �.� 0�243 �BA 0�243 �-C 0�243 �)$

var
� 0�243 �;A 0�243 �EC 0�243 �.$

� > ?YX[Z
�G���	� ��A 0�243 �EC 0�243 �.$

Z
�G� L � ��A 0�243 �EC 0�243 �.$ 9 (7)

We denotethe ratio of the volatilities as \ ? �
Z
�G���	� �]A 0�243 �^C 0�243 �.$�%

Z
�W� L � ��A 0�243 �YC

0�243 �.$
, conditioningonthedownside,andacorrespondingexpressionfor \ �

for conditioning

on theupside.

The columnslabeledF ? and > ? list summarypost-formationF ? and > ? statisticsof the

decile portfolios over the whole sample. While Panel B of Table (3) shows that the post-

formation F_? is monotonicfor the F_? portfolios,this canbedecomposedinto non-monotonic

effectsfor > ? and \ ? . Thedownsidecorrelation> ? increasesandthendecreasesmoving from

the portfolio 1 to 10, while \ ? decreasesand then increases.The hump-shapein expected

returnslargely mirrors the hump-shapepatternin downsidecorrelation. The two different

effectsof > ? and \ ? make expectedreturnpatternsin F ? harderto detectthanexpectedreturn

patternsin > ? . In anunreportedresult,we find thatportfoliosof stockssortedby \ ? produce

nodiscernablepatternin expectedreturns.

In contrast,Table (1) shows that portfolios sortedby increasing> ? have no patternin

downsidebetas.Hence,variationin theexpectedreturnsof F ? portfoliosis likely to bedriven

by their exposureto > ? . This observation is consistentwith Ang andChen(2001)who show

that variationsin downsidebetaarelargely drivenby variationsin downsidecorrelation. We

find thatsortingon downsidecorrelationproducesgreatervariationsin returnsthansortingon

downsidebeta.

Thelastpanelof Table(3) sortsstockson F �
. Thepanelshows a relationbetweenF �

and

> �
. However, justaswith thelackof relationbetween> �

andexpectedreturnsreportedin Table

(1), thereis no patternin theexpectedreturnsacrossthe F �
portfolios.

2.4 Summary and Interpretation

Stockssortedby increasingdownsiderisk, measuredby conditionaldownsidecorrelations,

have increasingexpectedreturns. Portfoliossortedby other centeredhigher-ordermoments

(coskewnessandcokurtosis)have little discernablepatternsin returns. If a marginal investor

dislikes downside risk, why would the premium for bearingdownside risk only appearin

portfolio sorts by > ? , and not in other momentscapturingleft-hand tail exposuresuch as

co-skewness? If the marginal investor’s utility is kinked, skewnessand other odd-centered
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momentsmaynoteffectively capturetheasymmetriceffect of risk acrossupsideanddownside

moves. On the other hand,downsidecorrelationis a complicatedfunction of many higher-

orderedmoments,including skewness,and therefore,downsidecorrelationmight serve asa

betterproxy for downsiderisk. Although we calculateour measureconditionalat a point in

time andconditionalon the meanmarket returnat that time, the emphasisof the conditional

downsidecorrelationis on the asymmetryacrossthe upsidemarket movesandthe downside

marketmoves.

Downsidecorrelationmeasuresrisk asymmetryandproducesstrongpatternsin expected

returns.However, portfolios formedby othermeasuresof asymmetricrisk, suchasdownside

beta,do not producestrongcross-sectionaldifferencesin expectedreturns. One statistical

reasonis thatdownsidebetainvolvesdownsidecorrelation,plusamultiplicativeeffect from the

ratiosof volatilities,which maskstheeffectof downsiderisk. Second,while thebetameasures

comovementsin boththedirectionandthemagnitudeof anassetreturnandthemarket return,

correlationsare scaledto emphasizethe comovementsin only direction. Hence,our results

suggestthatwhile agentscareaboutdownsiderisk (amagnitudeanddirectioneffect),economic

constraintswhich bind only on the downside(a direction effect only) are also important in

producingthe observed downsiderisk. For example,Chen,Hong andStein(2001)examine

bindingshort-salesconstraintswheretheeffect of a shortsaleconstraintis a fixedcostrather

thana proportionalcost. Similarly, Kyle andXiong (2001)’s wealthconstraintsonly bind on

thedownside.

3 A Downside Correlation Factor

In this section,we constructa downsiderisk factorthat capturesthe returnpremiumbetween

stockswith high downsidecorrelationsand low downsidecorrelations.First, in Section3.1,

we show that the Fama-French(1993) model doesnot explain the cross-sectionalvariation

in the returnsof portfolios formedby sortingon downsidecorrelations.Second,Section3.2

detailstheconstructionof thedownsidecorrelationfactor, which we call theCMC factor. We

constructthe CMC factorby going shortstockswith low downsidecorrelations,which have

low expectedreturns,andgoinglong stockswith high downsidecorrelations,which have high

expectedreturns.Finally, weshow in Section3.3thattheCMC factordoesproxy for downside

correlationrisk by explainingthecross-sectionalvariationsof in thereturnsof thetendownside

correlationportfolios.
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3.1 Fama and French (1993) and the Downside Correlation Portfolios

To seeif theFamaandFrench(1993)modelcanpricethetendownsidecorrelationportfolios,

we run thefollowing time-seriesregression:

���`�5�ba���,dc � 0�243 �@,:ef�)g 0�h �@,dij�)k 0�l �@,dJ�m� �
(8)

whereSMB
�

and HML
�

are the two Famaand French(1993) factorsrepresentingthe size

effect andthebook-to-market effect, respectively. Thecoefficients,
c.�

,
ef�

and
ij�

, arethefactor

loadingson the market, the size factor and the book-to-market factor, respectively. We test

the hypothesisthat the
a��

’s are jointly equalto zerofor all ten portfolios by using the F-test

developedby Gibbons,RossandShanken(1989)(henceforthGRS).

Table(4) presentsthe resultsof the regressionin equation(8). We find that portfolios of

stockswith higherdownsidecorrelationshave higher loadingson the market portfolio. That

is, stockswith high downsidecorrelationstendto be stockswith high market betas,which is

consistentwith the patternof increasingbetasacrossdeciles1-10 in Table(1). The columns

labeled
e

and
i

show that the loadingson SMB andHML both decreasemonotonicallywith

increasingdownsidecorrelations.Theseresultsarealsoconsistentwith thecharacteristicslisted

in Table(1), wherethehighestdownsiderisk stockstendto belargestocksandgrowth stocks.

Table(4) suggeststhattheFama-Frenchfactorsdonotexplain thereturnson thedownsiderisk

portfoliossincetherelationsbetween> ? andthefactorsgo in theoppositedirectionthanwhat

theFama-Frenchmodelrequires.In particular, stockswith high downsiderisk have thelowest

loadingson sizeandbook-to-market factors.

In Table(4), theinterceptcoefficients,
a��

, representtheproportionof thedecilereturnsleft

unexplainedby the regressionof equation(8). The interceptcoefficientsincreasewith > ? , so

thatafter controlling for the Fama-Frenchfactors,high downsidecorrelationstocksstill have

high expectedreturns. Thesecoefficients are almostalways individually significantand are

jointly significantlydifferentfrom zeroat the 95% confidencelevel usingthe GRStest. The

differencein
a��

betweenthedecile10portfolio andthedecile1 portfolio is 0.53%permonth,or

6.55%perannumwith ap-value0.00.Hence,thevariationin downsiderisk in the > ? portfolios

is not explainedby theFama-Frenchmodel. In fact,controlling for themarket, thesizefactor

andthebook-to-market factorincreasesthedifferencesin thereturnsfrom 4.91%to 6.55%per

annum.

In PanelB of Table(4), we testwhetherthis mispricingsurviveswhenwe split thesample

into two subsamples,onefrom Jan64to Dec81andtheotherfrom Jan82to Dec99. Welist the

interceptcoefficients,
a��

, for thetwo subsamples,with robust t-statistics.In bothsub-samples,
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thedifferencebetweenthe
an�

for thetenthandfirst decilearelargeandstatisticallysignificantat

the1% level. Thedifferenceis 5.54%perannum(0.45%permonth)for theearliersubsample

and7.31%(0.59%permonth)for thelatersubsample.

3.2 Constructing the Downside Risk Factor

Table (1) shows that portfolios with higher downsidecorrelationhave higher F ’s and Table

(4) shows that market loadingsincreasewith downsiderisk. This raisesthe issuethat the

phenomenonof increasingreturnswith increasing> ? maybedueto arewardfor bearinghigher

exposureson F , ratherthan for greaterexposuresto downsiderisk. To investigatethis, we

performa sort on > ? , after controlling for F . Eachmonth,we placehalf of the stocksbased

on their F ’s into a low F groupandthe otherhalf into a high F group. Then,within eachF
group,werankstocksbasedon their > ? into threegroups:a low > ? group,amedium> ? group

anda high > ? group,with thecutoffs at 33.3%and66.7%.This sortingprocedurecreatessix

portfoliosin total.

We calculatemonthly value-weightedportfolio returnsfor eachof these6 portfolios, and

reportthesummarystatisticsin thefirst panelof Table(5). Within thelow F group,theaverage

returnsincreasefromthelow > ? portfolio to thehigh > ? portfolio,with anannualizeddifference

of 2.40%(0.20%permonth).Moving acrossthelow F group,meanreturnsof the > ? portfolios

increase,while thebetaremainsflat ataroundF = 0.66.In thehigh F group,weobservethatthe

returnalsoincreaseswith > ? . Thedifferencein returnsof thehigh > ? andlow > ? portfolios,

within the high F group, is 3.24%per annum(0.27%per month), with a t-statisticof 1.98.

However, the F decreaseswith increasing> ? . Therefore,the higher returnsassociatedwith

higherdownsiderisk arenot rewardsfor bearinghighermarket risk, but arerewardsfor bearing

higherdownsiderisk.

In PanelB of Table(5), for each>@? group,we take the simpleaverageacrossthe two F
groupsandcreatethreeportfolios,whichwecall the F -balanced> ? portfolios.Moving fromthe

F -balancedlow > ? portfolio to the F -balancedhigh > ? portfolio, meanreturnsmonotonically

increasewith > ? . This increaseis accompaniedby a monotonicdecreasein F from F = 0.94

to F = 0.87.HenceF is not contributing to thedownsiderisk effect, sincewithin eachF group

increasingcorrelationis associatedwith decreasingF .

Wedefineourdownsiderisk factor, CMC,asthereturnsfromazero-coststrategyof shorting

the F -balancedlow > ? portfolio andgoing long the F -balancedhigh > ? portfolio, rebalancing

monthly. Thedifferencein meanreturnsof the F -balancedhigh > ? andthe F -balancedlow > ?

11



is 2.80%perannum(0.23%permonth)with a t-statisticof 2.35andap-valueof 0.02.2

Sinceweincludeall firms listedontheNYSE/AMEX andtheNASDAQ,andusedaily data

to computethe higher-ordermoments,the impactof small illiquid firms might be a concern.

Weaddressthis issuein two ways.First,all of ourportfoliosarevalue-weighted,whichreduces

the influenceof smallerfirms. Second,we performthe samesortingprocedureasabove, but

excludefirms thataresmallerthanthetenthNYSE percentile.With this alternativeprocedure,

wefind thatCMC is still statisticallysignificantwith anaveragemonthlyreturnof 0.23%anda

t-statisticof 2.04.Thesechecksshow thatour resultsarenotbiasedby smallfirms.

Table (6) lists the summarystatisticsfor the CMC factor in comparisonto the market,

SMB andHML factorsof FamaandFrench(1993),theSKScoskewnessfactorof Harvey and

Siddique(2000)andtheWML momentumfactorof Carhart(1997).TheSKSfactorgoesshort

stockswith negative coskewnessandgoeslong stockswith positive coskewness. The WML

factoris designedto capturethemomentumpremium,by shortingpastloserstocksandgoing

longpastwinnerstocks.Theconstructionof theseotherfactorsis detailedin AppendixA.

Table(6) reportsthattheCMC factorhasamonthlymeanreturnof 0.23%,which is higher

than the meanreturnof SMB (0.19%per month)andapproximatelytwo-thirdsof the mean

return of HML (0.32% per month). While the returnson CMC and HML are statistically

significantat the5% confidencelevel, thereturnon SMB is not statisticallysignificant.CMC

hasa monthly volatility of 2.06%,which is lower than the volatilities of SMB (2.93%)and

HML (2.65%).CMC alsohascloseto zeroskewness,andit is lessautocorrelated(10%) than

theFama-Frenchfactors(17%for SMB and20%for HML). TheHarvey-SiddiqueSKSfactor

hasa small averagereturnper month(0.10%)andis not statisticallysignificant. In contrast,

the WML factorhasthe highestaveragereturn,over 0.90%per month. However, unlike the

otherfactors,WML is constructedusingequal-weightedportfolios,ratherthanvalue-weighted

portfolios.

We list thecorrelationmatrix acrossthevariousfactorsin PanelB of Table(6). CMC has

a slightly negative correlationwith the market portfolio of –16%,a magnitudelessthan the

correlationof SMB with the market (32%) andlessin absolutevaluethanthe correlationof

HML with themarket(–40%).CMC is positivelycorrelatedwith WML (35%).Thecorrelation
2 An alternative sortingprocedureis to performindependentsortson o and prq , andtake the intersectionsto

bethe6 o /prq portfolios. This procedureproducesa similar result,but givesanaveragemonthlyreturnof 0.22%

(t-stat= 1.88),which is significantat the 10% level. This procedureproducespoor dispersionon pjq becauseo
and prq arehighly correlated,sothe independentsortplacesmorefirms in the low o /low prq andthehigh o /highpjq portfolios,thanin thelow o /high prq andthehigh o /low pjq portfolios.Oursortingprocedurefirst controlsforo andthensortson prq , creatingmuchmorebalancedportfolioswith greaterdispersionover pjq .
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matrix shows that SKS and CMC have a correlationof –3%, suggestingthat asymmetric

downsidecorrelationrisk hasa differenteffect thanskewnessrisk.

Table(6) showsthatCMC is highly negatively correlatedwith SMB (–64%).To allay fears

thatCMC is not merelyreflectingtheinverseof thesizeeffect,weexaminetheindividualfirm

compositionof CMC andSMB.Onaverage,3660firmsareusedto constructSMB eachmonth,

of which SMB is long 2755firms andshort905firms.3 We find that theoverlapof thefirms,

thatSMB is goinglong andCMC is goingshort,constitutesonly 27%of thetotal composition

of SMB. Thus, the individual firm compositionsof SMB and CMC are quite different. We

find that the high negative correlationbetweenthe two factorsstemsfrom the fact that SMB

performspoorly in thelate80’sandthe90’s,while CMC performsstronglyover this period.

3.3 Pricing the Downside Correlation Portfolios

If the CMC factor successfullycapturesa premiumfor downsiderisk, then portfolios with

higherdownsiderisk shouldhavehigherloadingsonCMC. To confirmthis,werun (but donot

report)thefollowing time-seriesregressionon theportfoliosformedby > ? :

���`�E��a��s,:c.� 0�243 �@,:t �)u 0 u-�v,dJ�m� �
(9)

wherethecoefficients
c �

and
t �

areloadingson themarket factorandthedownsiderisk factor

respectively. Runningthe regressionin equation(9) shows that the loadingon CMC ranges

from –1.09for thelowestdownsiderisk portfolio to 0.37for thehighestdownsiderisk portfolio.

Theseloadingsarehighlystatisticallysignificant.Theregressionproducesinterceptcoefficients

thatarecloseto zero.In particular, theGRStestfor thenull hypothesisthattheseinterceptsare

jointly equalto zero,fails to rejectwith ap-valueof 0.49.

Downsiderisk portfolioswith low > ? have negative loadingson CMC. That is, thelow > ?
portfoliosarenegatively correlatedwith theCMC factor. SincetheCMC factorshortslow > ?
stocks,many of the stocksin the low > ? portfolios have shortpositionsin the CMC factor.

Similarly, thehigh > ? portfolio hasapostitiveloadingonCMC because,by construction,CMC

goeslonghigh > ? stocks.

Whenweaugmenttheregressionin equation(9) with theFama-Frenchfactors,theintercept

coefficients
an�

aresmaller. However, thefit of thedatais notmuchbetter, with theadjustedw 6
’s

thatarealmostidenticalto theoriginal modelof around90%. While theloadingsof SMB and

HML arestatisticallysignificant,theseloadingsgothewrongway. Low > ? portfolioshavehigh
3 SMB is long morefirms thanit is shortsincethebreakpointsaredeterminedusingmarket capitalizationsof

NYSEfirms,eventhoughtheportfolio formationusesNYSE,AMEX andNASDAQ firms.
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loadingsonSMB andHML, andthehighest> ? portfolio hasalmostzeroloadingsonSMB and

HML. However, theCMC factorloadingscontinueto behighly significant.

ThataCMC factor, constructedfrom the> ? portfolios,explainsthecross-sectionalvariation

across> ? portfolios is no surprise. Indeed,we would be concernedif the CMC factorcould

not pricethe > ? portfolios. In thenext section,we usetheCMC factorto helppriceportfolios

formedon returncharacteristicsthatarenot relatedto theconstructionmethodof CMC. This

is a muchhardertestto pass,sincethecharacteristicsof thebasetestassetsarenot necessarily

relatedto theexplanatoryfactors.

4 Pricing the Momentum Effect

In this section,we demonstratethatour CMC factorhaspartialexplanatorypower to pricethe

momentumeffect. We begin by presentinga seriesof simpletime-seriesregressionsinvolving

CMC and various other factors in Table (7). The dependentvariable is the WML factor

developedby Carhart(1997),which capturesthemomentumpremium.Model A of Table(7)

regressesWML ontoa constantandtheCMC factor. The regressionof WML ontoCMC has

an w 6
of 12%, anda significantlypositive loading. In Model B, addingthe market portfolio

changeslittle; the market loading is almostzero and insignificant. In Model C, we regress

WML onto MKT andSKS.NeitherMKT nor SKS is significant,andthe adjustedw 6
of the

regressionis zero.Therefore,WML returnsarerelatedto conditionaldownsidecorrelationsbut

donotseemto berelatedto skewness.

Models D and E usethe Fama-Frenchfactorsto price the momentumeffect. Model D

regressesWML onto SMB andHML. Both SMB andHML have negative loadings,andthe

regressionhas a lower adjusted w 6
than using the CMC factor alone in Model A. In this

regression,the SMB loadingis significantlynegative (t-statistic= -3.20),but whenthe CMC

factor is includedin Model E, the loadingon the Fama-Frenchfactorsbecomeinsignificant,

while theCMC factorcontinuesto haveasignificantlypositive loading.

In all of the regressionsin Table (7), the interceptcoefficients are significantly different

from zero.Comparedto theunadjustedmeanreturnof 0.90%permonth,controllingfor CMC

reducestheunexplainedportionof returnsto 0.75%permonth.In contrast,controllingfor SKS

doesn’t changetheunexplainedportionof returnsandcontrollingfor SMB andHML increases

theunexplainedportionof returnsto 1.05%permonth.While theWML momentumfactorloads

significantlyontothedownsiderisk factor, theCMC factoraloneis unlikely to completelyprice

the momentumeffect. Nevertheless,Table(7) shows that CMC hassomeexplanatorypower
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for WML which theotherfactors(MKT, SMB, HML andSKS)donot have.

Theremainderof thissectionconductscross-sectionaltestsusingthemomentumportfolios

asbaseassets.Section4.1 describestheJegadeeshandTitman(1993)momentumportfolios.

Section4.2 estimateslinear factormodelsusingtheFama-Macbeth(1973)two-stagemethod-

ology. In Section4.3,we usea GMM approachsimilar to JagannathanandWang(1996)and

Cochrane(1996).

4.1 Description of the Momentum Portfolios

JegadeeshandTitman(1993)’smomentumstrategiesinvolvesortingstocksbasedon their pastx
monthsreturns,where

x
is equalto 3, 6, 9 or 12. For each

x
, stocksaresortedinto deciles

andheld for thenext 2 monthsholdingperiods,where 2 = 3, 6, 9 or 12. We form anequal-

weightedportfolio within eachdecileandcalculateoverlappingholdingperiodreturnsfor the

next 2 months.Sincestudiesof themomentumeffectfocuson
x

=6monthsportfolio formation

period(JegadeeshandTitman,1993;ChordiaandShivakumar, 2001),wealsofocusonthe
x

=6

monthssortingperiodfor our cross-sectionaltests.However, our resultsaresimilar for other

horizons,andareparticularlystrongfor the
x

=3 monthssortingperiod.

Figure(1) plotstheaveragereturnsof the40portfoliossortedonpast6 monthsreturns.The

averagereturnsareshown with *’ s. Thereare10 portfolioscorrespondingto eachof the 2 =3,

6, 9 and12 monthsholdingperiods.Figure(1) shows averagereturnsto be increasingacross

thedeciles(from losersto winners)andareroughly thesamefor eachholdingperiod 2 . The

differencesin returnsbetweenthe winner portfolio (decile10) andthe loserportfolio (decile

1) are 0.54, 0.77, 0.86 and 0.68 percentper month, with correspondingt-statisticsof 1.88,

3.00,3.87and3.22,for 2 =3, 6, 9 and12 respectively. Hence,the returndifferencesbetween

winnersandlosersaresignificantat the1% level exceptthemomentumstrategy corresponding

to 2 =3. Figure(1) alsoshows the F ’s and >@? of themomentumportfolios. While theaverage

returnsincreasefrom decile1 to decile10, thepatternsof betaareU-shaped.In contrast,the

> ? of the decilesincreasegoing from the losersto the winners,exceptat the highestwinner

decile. Therefore,the momentumstrategiesgenerallyhave a positive relationwith downside

risk exposure.4 We now turn to formal estimationsof the relationbetweendownsiderisk and

expectedreturnsof momentumreturns.
4 Ang andChen(2001)focuson correlationasymmetriesacrossdownsideandupsidemoves,ratherthanthe

level of downsideandupsidecorrelatio. They find that, relative to a normaldistribution, loserportfolios have

greatercorrelationasymmetry, than winner portfolios, even thoughpastwinner stockshave a higher level of

downsidecorrelationthanloserstocks.
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4.2 Fama-MacBeth (1973) Cross-Sectional Test

Weconsiderlinearcross-sectionalregressionalmodelsof theform:

�I�G���m�.$y��zj{|,:z � F ��
(10)

in which
zj{

is a scalar,
z

is a 0 X *
vectorof factorpremia,and F �

is an 0 X *
vectorof

factor loadingsfor portfolio � . We estimatethe factorpremia,
z
, test if

z�{}�[�
for various

specificationsof factors,and investigateif the CMC factorhasa significantpremiumin the

presenceof the Fama-Frenchfactors. We first usethe Fama-MacBeth(1973)two-stepcross-

sectionalestimationprocedure.

In thefirst step,weusetheentiresampleto estimatethefactorloadings,F �
:

���m�~�bRs��,:� �� F �s,����m�)� ���1*;� 8 ��9N9N9 3 �
(11)

where
RT�

is a scalarand
�T�

is a 0 X *
vectorof factors.We alsoexamine(but do not report)

factorloadingsfrom 5-yearrolling regressionsandfind similar results.In thesecondstep,we

run a cross-sectionalregressionat eachtime
�

over � portfolios,holdingthe F �
’s fixedat their

estimatedvalues, �F �
, in equation(11):

���m�~�bzj{|,:z � �F ��,��T�m�.� � �1*B� 8 ��9N9�9 � 9
(12)

Thefactorpremia,
z
, areestimatedastheaveragesof thecross-sectionalregressionestimates:

�z4� *
3

�
�	��
 �zj�.9 (13)

Thecovariancematrixof
z
, ��� , is estimatedby:

���� � *
3 6

�
�	��
 � �zr�TQ��zs$�� �zr�TQ��zs$ � �

(14)

where
�z

is themeanof
z
.

Sincethe factor loadingsare estimatedin the first stageand theseloadingsare usedas

independentvariablesin thesecondstage,thereis anerrors-in-variablesproblem. To remedy

this,we useShanken’s (1992)methodto adjustthestandarderrorsby multiplying ���� with the

adjustmentfactor
��*�, �z � �� ? 
� �zs$ ? 


, where �� � is theestimatedcovariancematrixof thefactors
�@�

.

In thetables,we reportt-valuescomputedusingbothunadjustedandadjustedstandarderrors.

Table(8) shows the resultsof the Fama-MacBethtests. Using dataon the 40 momentum

portfolioscorrespondingto the
x

=6 formationperiod,we first examinethe traditionalCAPM

specificationin ModelA:

�I�W���m�.$y��z�{_,dzr��� � F ��� �� 9
(15)
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Thefit is verypoorwith anadjustedw 6
of only 7%. Moreover, thepointestimateof themarket

premiumis negative.

ModelB is theFama-French(1993)specification:

�I�W���m�.$y��z�{_,dzr��� � F ��� �� ,dzr����� F ������ ,:zj�E��� F �E���� 9
(16)

Thismodelexplains91%of thecross-sectionalvariationof averagereturnsbut theestimatesof

the risk premiafor SMB andHML arenegative. The negative premiareflectthe fact that the

loadingson SMB andHML go thewrongway for themomentumportfolios.

In comparision,ModelC addsCMC asa factortogetherwith themarket:

�M�W���m�.$y��z�{|,:zj��� � F ��� �� ,�zv����� F ������ �
(17)

andproducesa w 6
of 93%,whichis slightly higherthantheFama-Frenchmodel.Theestimated

premiumon CMC is 8.76%perannum(0.73permonth)andstatisticallysignificantat the5%

level. TheseresultsdonotchangewhenSMB andHML areaddedto equation(17) in ModelD.

While theestimatesof the factorpremiaof SMB andHML arestill negative, theCMC factor

premiumremainssignificantlypositiveandtheregressionproducesthesamew 6
of 93%.5

WeexaminetheCarhart(1997)four-factormodelin ModelE:

�I�G���m�.$y��zj{|,:zj��� � F ��� �� ,:zj����� F ������ ,dzr�5��� F �5���� ,:z@����� F ������ 9
(18)

We find that addingWML to the Fama-Frenchmodeldoesnot improve the fit relative to the

original Fama-Frenchspecification.Both modelsproducethesamew 6
of 91%,but theWML

premiumis not statisticallysignificant.However, whenweaddCMC to theCarhartfour-factor

modelin ModelF, thefactorpremiaon WML andCMC arebothbecomesignificant.Model F

alsohasan w 6
of 93%. ThefactthatCMC remainssignificantat the5% level (adj t-stat=2.01)

in thepresenceof WML showstheexplanatorypowerof downsiderisk. Moreover, thepremium

associatedwith CMC is of thesameorderof magnitudeasthatof WML, despitethe fact that

CMC is constructedusingcharacteristicsunrelatedto pastreturns.

The downsiderisk factorCMC is negatively correlatedwith the Fama-Frenchfactorsand

positively correlatedwith WML. In estimationsnot reported,CMC remainssignificantafter

orthogonalizingwith respectto the other factorswith little changein the magnitudeor the

significancelevels. In particular, CMC orthogonalizedwith respectto eitherMKT or theFama-

Frenchfactorsarebothsignificant.CMC orthogonalizedwith respectto theCarhartfour-factor
5 Whenthe ten p q portfoliosareusedasbaseassets,theestimateof theCMC premiumis 3.45%perannum,

usingonly theCMC factorin a linearfactormodel.
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modelalsoremainssignificant. Therefore,we concludethat the significanceof the downside

risk factorCMC is notdueto any informationthatis alreadycapturedby otherfactors.

Figure(2) graphstheloadingsof eachmomentumportfolioonMKT, SMB,HML andCMC.

Theloadingsareestimatedfrom thetime-seriesregressionsof themomentumportfolioson the

factorsfrom thefirst stepof theFama-MacBeth(1973)procedure.We seethat for eachsetof

portfolios,aswe go from thepastloserportfolio (decile1) to thepastwinnerportfolio (decile

10), the loadingson the market portfolio remainflat, so that the betahaslittle explanatory

power. The loadingson SMB decreasefrom the losersto thewinners,exceptfor the last two

deciles.Similarly, the loadingson theHML factoralsogo in thewrongdirection,decreasing

monotonicallyfrom thelosersto thewinners.

In contrastto the decreasingloadingson the SMB andHML factors,the loadingson the

CMC factor in Figure (2) almostmonotonicallyincreasefrom stronglynegative for the past

loserportfolios to slightly positive for the pastwinner portfolios. The increasingloadingson

CMC acrossthedecileportfoliosfor eachholdingperiod 2 areconsistentwith the increasing

> ? statisticsacrossthedecilesin Figure(1). Winnerportfolioshavehigher> ? , higherloadings

on CMC, andhigherexpectedreturns.Sincea linear factormodelimplies that thesystematic

varianceof astock’s returnis F �� � � F �
from equation(11), thenegative loadingsfor loserstocks

imply thatlosershavehigherdownsidesystematicrisk thanwinners.Thenegativeloadingsalso

suggestthatpastwinner stocksdo poorly whenthemarket haslarge moveson thedownside,

while pastloserstocksperformbetter.

4.3 GMM Cross-Sectional Estimation

In this section,we conductassetpricing testsin the GMM framework (Hansen,1982). In

general,sinceGMM testsareone-stepprocedures,they aremoreefficient thantwo-steptests

suchastheFama-MacBethprocedure.Moreover, weareableto conductadditionalhypotheses

testswithin the GMM framework. We begin with a brief descriptionof the procedurebefore

presentingour results.

4.3.1 Description of the GMM Procedure

ThestandardEulerequationfor agrossreturn, w �m�
, is givenby:

�M�W��� w �m�)$y�+*;9
(19)
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Linear factormodelsassumethat thepricing kernelcanbe written asa linear combinationof

factors:

���5�b ¡{�,:  �
 �@� �
(20)

where
�@�

is a 0 X *
vectorof factors,

  {
is a scalar, and

 B

is a 0 X *

vectorof coefficients.

Therepresentationin equation(20) is equivalentto a linearbetapricingmodel:

�I� w �m�.$���zj{�,:z � F �� �
(21)

which is analogousto equation(10) for excessreturns.Theconstant
zj{

is givenby:

zj{I� *
�I�W���¡$ � *

 ¡{|,:  � 
&¢ �(�T�.$ �

thefactorloadings,F �
, aregivenby:

F �~�
cov

�"�@�.��� �� $ ? 

cov

�"�@�.� w �m�.$��
andthefactorpremia,

z
, aregivenby:

z£��Q *
 ¡{ cov

�"�@�.�;� �� $� ;
f9
To testwhethera factor ¤ is priced,we testthenull hypothesis

k¥{I¦szr§_���
.

Letting w �
denotean � X *

vectorof grossreturnsw �E�¨� w 
©� ��9�9�9B� w_ª �)$ �
, anddenotingthe

parametersof thepricingkernelas
 ¥�«�(  {���  � 
 $ �

, thesamplepricingerroris:

¬ � �( n$y� *
3

�
�	��
 �G��� w �@Qb*B$&9

(22)

TheGMM estimateof
 

is thesolutionto

¯®N°± x²� 3 X ¬ �� ! � ¬ � �
(23)

where
! � is a weighting matrix. If the optimal weighting matrix,

! �� � g ? 
� � � 3´³
cov

� ¬ � � ¬ �� $&� ? 

, is used,anover-identifying µ 6

testcanbeperformedby using
x²¶ µ 6· , where\

is thenumberof over-identifyingrestrictions.

We also usethe Hansenand Jagannathan(1997) (HJ) distancemeasure,to comparethe

variousmodels.TheHJdistancecanbeexpressedas:

k^x¸� ¬ � �( n$ � �I� w � w �� � ? 
 ¬ � �" �$��
(24)
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andcanbeinterpretedastheleast-squaredistancebetweenagivenpricingkernelandtheclosest

point in thesetof thepricing kernelsthatcanprice thebaseassetscorrectly. TheHJ distance

is alsothe maximummispricingpossibleper unit of standarddeviation. For example,if the

HJ distanceis 0.45 and the portfolio hasan annualizedstandarddeviation of 20%, then the

maximumannualizedpricingerroris 9 percent.

TheHJ distancecanbeestimatedusingthestandardGMM procedurewith onedifference.

The weightingmatrix usedis the inverseof the covariancematrix of the secondmomentsof

assetreturns,
! � �¹�I� w � w �� � ? 


. The optimal weightingmatrix cannotbe usedin this case

sincetheweightsarespecificto eachmodel,whichmakesit unsuitablefor modelcomparisons.

Hypothesistestswith theoptimalweightingmatrixmayfail to rejectamodelbecausethemodel

is difficult to estimate,ratherthanbecausethemodelproducessmallpricingerrors.In contrast,

the inverseof thecovariancematrix of assetreturnsis invariantacrossmodels,so that theHJ

distanceprovidesan uniform measureacrossdifferentmodels. We computeboth asymptotic

andsmallsampledistributionsfor theHJ distance,whichwe detail in AppendixC.

4.3.2 Empirical Results

Table(9) presentsthe resultsof theGMM estimations.The 40 momentum
xº�¼»

portfolios,

togetherwith the risk-freeasset,areusedasthe baseassetsin theseestimates.We first turn

to Model A, the CAPM. Unlike the Fama-MacBethestimationin Table (8), the market has

a significantlypositive risk premium,ratherthana negative risk premium. The Fama-French

model(Model B) estimatesof risk premiafor SMB andHML arenegative,but themarket risk

premiumis estimatedto bepositive.Weconsiderthelinearfactormodelwith MKT andCMC in

ModelC. BothMKT andCMC commandpositivefactorpremiathatarestatisticallysignificant

at the 1% level. In particular, the CMC premiumis estimatedto be 1.00%per month,with a

t-statisticof 4.75.

In Model D, which is the Fama-Frenchmodel augmentedwith the CMC factor, factor

premiafor SMB and HML are still negative, althoughthe HML premiumis insignificantly

differentfrom zero.ThismodelneststheMKT andCMC modelof ModelC andalsoneststhe

Fama-Frenchmodel(ModelB). Takingthis asanunconstrainedmodelandusingits weighting

matrix to re-estimateModelsB andC, we canconducttwo µ 6
over-identificationtests. The

null hypothesisof the first test is the Fama-Frenchmodel,which testsfor the significanceof

CMC given the Fama-Frenchfactors. This testsrejectsthe null hypothesiswith a p-valueof

0.02(µ 6

=7.99). Hence,CMC doesprovide additionalexplanatorypower for thecross-section

of momentumportfolioswhich the Fama-Frenchmodeldoesnot provide. In the secondtest,
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thenull hypothesisis thelinearfactormodelwith only theMKT andtheCMC factors,andthe

alternativehypothesisis Model D (MKT, SMB, HML andCMC). This testfails to reject,with

a p-valueof 0.15 (µ 66 =2.12). Hence,given MKT andCMC, the sizeandthe book-to-market

factorsprovideno additionalexplanatorypower for pricingmomentumportfolios.

ModelE is theCarhartfour-factormodel,whichextendstheFama-Frenchmodelby adding

WML. TheWML premiumis significantlypositive,aswewouldexpect,sincetheWML factor

is constructedusing the momentumportfolios themselves. The Carhartmodel is nestedby

Model F, which addsCMC. This modelalsonestsModel D, which usesMKT, SMB, HML

andCMC factors. We run a µ 6
over-identificationtestwith the null of Model D againstthe

alternativeof ModelF. This testsrejectswith ap-valueof 0.01(µ 66 =6.54).Hence,we conclude

thatWML still hasfurtherexplanatorypower, in thepresenceof CMC, to pricethecross-section

of momentumportfolios.However, thepremiumof theCMC factoris still significantat the1%

level in thepresenceof theWML factor.

Thelasttwo columnsof Table(9) list theresultsof Hansen’sover-identificationtest(J-test)

andthe HJ test. Only the CAPM model is rejectedusingthe J-test(p-value0.03),while the

remainingmodelscannotberejected.However, thelastcolumnshows thatnoneof themodels

canpasstheHJ test.TheHJ statisticis generallylarge,around0.54for every model.Both the

asymptoticandsmall-samplep-valuesof theHJ testarelessthan0.00%.Hence,althoughthe

downsiderisk factoris pricedby themomentumportfolios,thepricingerrorsarestill largeand

we rejectthat the pricing error is zero. Exposureto downsiderisk accountsfor a statistically

significantportionof momentumprofits,but it cannotfully explain themomentumeffect.

Finally, wegraphtheaveragepricingerrorsfor themodelsin Figure(3), following Hodrick

and Zhang(2001). The pricing errorsare computedusing the weights,
! � � �I� w � w �� � ? 


,

which is thesameweightingmatrixusedto computetheHJdistance.Sincethesameweighting

matirx is usedacrossall of themodels,wecancomparethedifferencesin thepricingerrorsfor

differentmodels.Figure(3) displayseachmomentumportfolio on the ½ -axis, wherethe first

ten portfolios correspondto the 2 �¿¾
monthholding period, the secondten to the 2 �À»

monthholdingperiod,thethird tento the 2 �1Á
monthholdingperiod,andfinally thefourth

ten to the 2 �[* 8
holding period. The 41stassetis the risk-freeasset.The figure plots two

standarderrorboundsin solid lines,andthepricingerrorsfor eachassetin *’ s.

Figure (3) shows that the CAPM hasmost of its pricing errorsoutsidethe two standard

error bandsandshows that the loserportfolios arethe mostdifficult for the CAPM to price.

The Fama-Frenchmodelhasmostdifficulty pricing pastwinners;the pricing errorsof every

highestwinner portfolio lies outsidethe two standarderror bands. The model using MKT

andCMC factorsis the only model that hasall the pricing errorswithin two standarderror
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bands.6 ComparingtheCAPM andthemodelwith MKT andCMC factors,weseethatadding

CMC to theCAPM greatlyhelpsto explain loserandwinnerportfolios. Adding CMC to the

FamaFrenchmodelor theCarhartmodeldoesnot changethepricing errorsof theassetsvery

much. This is consistentwith the fact that the Fama-FrenchandCarhartmodelsaugmented

with theCMC factorarestill rejected,usingtheHJdistance.TheCarhartmodelandtheCarhart

modelaugmentedwith theCMC factorproduceaninterestingpatternfor pricingerrorsrelative

to othermodels. Modelswithout WML typically under-estimatethe expectedreturnsof the

winnerportfolios. In contrast,modelswith theWML factorover-estimatetheexpectedreturns

of winnerstocks,andunder-estimatetheexpectedreturnsof loserstocks.

5 Downside Risk, Aggregate Liquidity and Macroeconomic

Variables

In this sectionwe explore the relation betweendownside risk, aggregate liquidity and the

businesscycle by investigatinghow the downside risk factor covaries with liquidity and

macroeconomicvariables.Theinvestigationin thissectionshouldberegardedasanexploratory

exercise,ratherthanasaformal testof theunderlyingeconomicdeterminantsof downsiderisk.

5.1 Downside Risk and Liquidity Risk

A numberof studiesfind that liquidity of the market driesup during down markets. Pástor

andStambaugh(2001)constructanaggregateliquidity measurewhich usessignedorderflow,

andfind that their liquidity measurespikesdownwardsduring periodsof extremedownward

moves,suchasduringtheOctober1987crash,andduringtheOPECoil crisis. Otherauthors,

suchasJones(2001)find that the bid-askspreadsincreasewith market downturns. Chordia,

Roll andSubrahmanyam (2000)alsofind a positive associationat a daily frequency between

market-wideliquidity andmarketreturns.Thesedown markets,whichcoincidewith systematic

low liquidity, arepreciselytheperiodswhich downsiderisk-averseinvestorsdislike. We now

try to differentiatebetweentheeffectsof downsiderisk andaggregateliquidity risk.

To study this relation, we follow Pástor and Stambaugh(2001) and reconstructtheir

aggregateliquidity measure,l . Our constructionprocedureis detailedin AppendixA. After
6 Althoughall pricingerrorsfor themodelof MKT andCMC fall within thetwo standarderrorbands,thismodel

doesnotpasstheHJdistancetest.ThegraphandtheHJdistancegivedifferentresultsbecausetheweightingmatrix

usedin computingtheHJ distancedoesnot assignanequalweight to all theportfolios in thetest,andthegraph

doesnot take into accountany covariancesbetweenthepricingerrors.

22



constructingtheliquidity measure,weassignanhistoricalliquidity beta,F �
, ateachmonth,for

eachstocklisted on NYSE, AMEX andNASDAQ. This is doneusingmonthly dataover the

previous5 yearsfrom thefollowing regression:

���`�E��a��s, F �
l �@,dc � 0�243 �v,:ef�g 0�h �v,dij�k 0�l �v,dJ�m� �

(25)

wherel �
is theaggregateliquidity measure.

Sinceeachstock � in our samplenow hasa downsidecorrelation(> ?�	� � ) anda liquidity beta

(F ��	� �
) for eachmonth, we can examinethe unconditionalrelationsacrossthe two measures.

First, we computethecross-sectionalcorrelationbetween> ?�	� � and F ��	� �
at eachtime

�
, andthen

averageover time to obtaintheaveragecross-sectionalcorrelationbetweendownsiderisk and

liquidity. Theaveragecross-sectionalcorrelationis –0.0108,which is closeto zero.We obtain

theaveragetime-seriescorrelationbetween> ?�	� � and F ��	� �
by computingthecorrelationbetween

thesetwo variablesfor eachfirm acrosstime, andthenaveragingacrossfirms. The average

time-seriescorrelationis -0.0029,which is alsoalmostzero. Hence,our measureof downside

risk is almostorthogonalto PástorandStambaugh’smeasureof aggregateliquidity risk.

To further investigatethe relationbetweendownsiderisk andaggregateliquidity, we sort

stocks into 25 portfolios. At eachmonth, we independentlysort all NYSE, AMEX and

NASDAQ stocksinto two quintilegroups,onegroupby F �
andanotherby > ? . Theintersection

of these2 quintilesforms25portfoliossortedby F �
and> ? . To examinetheeffectof liquidity,

controllingfor downsiderisk,weaveragethe25portfoliosacrossthe> ? quintiles.Wecall these

portfolios the ‘AverageLiquidity BetaPortfolios’. We reportthe interceptcoefficientsfrom a

Fama-French(1993)factortime-seriesregressionof theseportfolios in PanelA of Table(10).

Consistentwith PástorandStambaugh,portfolios with the lowest F �
have the mostnegative

mispricing. However, noneof theestimatesof the intercepttermsarestatisticallysignificant.

Furthermore,thedifferencebetween
arÂ

and
aj


is positive(0.10%permonth),but insignificant.

Hence,controlling for downsiderisk, thereis little relationbetweenthecross-sectionof stock

returnsandtheir liquidity risk exposure.

In Panel B of Table (10), we averagethe 25 portfolios acrossthe F �
quintiles. We call

theseportfolios the ‘AverageDownsideCorrelationPortfolios’. We observe a similar pattern

in the averagereturnsmoving from low > ? to high > ? portfolios as in Table (4). Thereis

negative mispricingin the low > ? portfoliosandpositive mispricingin the high > ? portfolio.

Thedifferencebetween
ajÂ

and
aj


is 0.26%per month,which is statisticallysignificantat the

1% level. Hence,evenaftercontrollingfor liquidity risk usingthePástor-Stambaughliquidity

measure,thereremainssignificantmispricing of downsiderisk relative to the Fama-French

threefactormodel.
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5.2 Downside Correlations and Macroeconomic Variables

To investigatetherelationbetweendownsiderisk andbusinesscycleconditions,weconsidersix

macroeconomicvariableswhich reflectunderlyingeconomicactivity andbusinessconditions.

Our first two variablesare leading indicatorsof economicactivity: the growth rate in the

index of leadingeconomicindicators(LEI) andthe growth ratein the index of Help Wanted

Advertisingin Newspapers(HELP).We alsousethegrowth rateof total industrialproduction

(IP). The next threevariablesmeasureprice andterm structureconditions: the CPI inflation

rate,the level of the Fedfundsrate(FED) andthe term spreadbetweenthe 10-yearT-bonds

andthe 3-monthsT-bills (TERM). All growth rates(including inflation) arecomputedasthe

differencein logsof theindex at times
�

and
�EQÃ* 8

, where
�

is monthly.

To examinethe connectionbetweendownsiderisk andmacroeconomicvariables,we run

two setsof regressions. The first set regressesCMC on laggedmacrovariables,while the

secondsetregressesmacroeconomicvariableson laggedCMC. Thefirst setof regressionsare

of theform:

u 0 u-�E��aM, <�©��
 c.� 0�Ä u w�Å � ? �s, <�H��
 t¡�.u 0 u-� ? �s,:J(�
(26)

whereweusevariousmacroeconomicvariablesfor 0�Ä u w�Å �
.

PanelA of Table(11) lists theregressionresultsfrom equation(26). Thereis no significant

relationbetweenlaggedmacroeconomicvariablesandtheCMC factorexceptfor thefirst lag

of LEI, which is significantlynegatively relatedwith CMC. A 1%increasein thegrowth rateof

LEI predictsa 30 basispoint decreasein thepremiumof thedownsiderisk factor. Thep-value

for thejoint test(in thelastcolumnof Table(11))thatall laggedLEI areequalto zerorejectsthe

null with p-value=0.02.Overall,with theexceptionof LEI, thereis little evidenceof predictive

powerby macroeconomicvariablesto forecastCMC returns.

To explore if the downside risk factor predicts future movementsof macroeconomic

variableswe run regressionsof theform:

0�Ä u w�Å �5��aM, <�H��
 c �)u 0 u-� ? �s, <�H��
 t¡� 0�Ä u w�Å � ? �T,dJ� 9
(27)

We alsoincludelaggedmacroeconomicvariablesin theright handsideof theregressionsince

mostof themacroeconomicvariablesarehighly autocorrelated.PanelB of Table(11) lists the

regressionresultsof equation(27). We reportonly thecoefficientson laggedCMC. While the

macroeconomicvariablesprovide little forecastingpower for CMC, theCMC factorhassome

weakforecastingability for futuremacroeconomicvariables.In particular, highCMC forecasts
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lower futureeconomicactivity (HELP p-value= 0.00,IP p-value= 0.04),lower futureinterest

rates(FED p-value= 0.01)andlower future termspreads(TERM p-value= 0.03),wherethe

p-valuesreferto a joint testthatthethreecoefficientsonlaggedCMC in equation(27)areequal

to zero.

In general, these results show that high CMC forecastseconomic downturns. The

predictionsof high CMC and future low economicactivity is seendirectly in the negative

coefficients for HELP and IP. Term spreadsalso tend to be lower in economicrecessions.

Estimatesof Taylor (1993)-typepolicy ruleson the FED over long samples,wherethe FED

rateis a linear functionof inflation andrealactivity, show shortratesto belower whenoutput

is low (Ang and Piazzesi,2001). Hence,the positive correlationof high CMC with future

low HELP, low IP, low TERM andlow FED shows thathigh CMC weaklyforecastseconomic

downturns.

6 Conclusion

Stockswith higherdownsiderisk, measuredby greatercorrelationsconditionalon downside

movesof the market, have higherexpectedreturnsthanstockswith low downsiderisk. The

portfolio of stockswith thegreatestdownsidecorrelationsoutperformstheportfolio of stocks

with thelowestdownsidecorrelationsby 4.91%perannum.Thiseffectcannotbeexplainedby

theFamaandFrench(1993)model,sinceaftercontrolling for themarket beta,thesizeeffect

andthebook-to-market effect, thedifferencein thereturnsbetweenthehighestandthelowest

downsidecorrelationportfolios increasesto 6.55%per annum.To capturethis downsiderisk

effect, we constructa downsiderisk factor(CMC) that goeslong stockswith high downside

correlationsandgoesshortstockswith low downsidecorrelations.TheCMC factorcommands

astatisticallysignificantaveragereturnof 2.80%perannum.

The factor structurein the cross-sectionof stock returnsrewards investorsfor bearing

assetswith greaterdownsiderisk. In particular, pastwinnermomentumportfolioshave greater

exposureto the downsiderisk factorthanpastlosermomentumportfolios. Hence,somepart

of the profitability of momentumstrategies can be explained as compensationfor bearing

greaterdownsiderisk. Arbitrageurswho engagein momentumstrategiesfacetherisk that the

strategy performspoorly whenthe market experiencesextremedownward moves. Downside

risk providessomeexplanatorypower for the cross-sectionof momentumreturns,which the

FamaandFrench(1993)modeldoesnot provide. In GMM cross-sectionalestimations,the

downsiderisk factor is significantlypricedby the momentumportfolios, and it commandsa
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significantrisk premium. However, Hansen-Jagannathan(1997) testsreject the linear factor

modelswith theCMC factor, indicatingthatexposureto downsiderisk is only apartial,andnot

acompleteexplanationfor themomentumeffect.

Sincedownsiderisk is pricedandstocks’sensitivities to downsiderisk play a role in asset

pricing, our empirical work points to the needfor modelsthat can explain the underlying

economicmechanismswhich generatesdownside correlationasymmetries. Representative

agentmodelssuggestthatdownsiderisk mayarisein equilibiumeconomieswith asymmetric

utility functions,suchas first order risk aversion(Bekaert,Hodrick and Marshall, 1997) or

lossaversion(Barberis,HuangandSantos,2001). Asymmetriesin correlationscan alsobe

producedby economieswith frictions andhiddeninformation(HongandStein,2001)or with

agentsfacingbindingwealthconstraints(Kyle andXiong, 2001).Which of theseexplanations

bestexplainsthedriving mechanismbehindcross-sectionalvariationsin downsiderisk remains

to beexplored.
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Appendix

A Data and Portfolio Construction

Data
We usedatafrom the Centerfor Researchin SecurityPrices(CRSP)to constructportfolios of stockssortedby
varioushighermomentsof returns.We confineour attentionto ordinarycommonstockson NYSE, AMEX and
NASDAQ, omittingADRs,REITs,closed-endfunds,foreignfirmsandothersecuritieswhichdonothaveaCRSP
sharetypecodeof 10or11. Weusedaily returnsfrom CRSPfor theperiodcoveringJanuary1st,1964to December
31st,1999,includingNASDAQ datawhich is only availablepost-1972.We usetheone-monthrisk-freeratefrom
CRSPandtakeCRSP’s value-weightedreturnsof all stocksasthemarketportfolio.

Higher Moment Portfolios
We constructportfoliosbasedon correlationsbetweenassetÆ ’s excessreturnÇfÈ andthemarket’sexcessreturn Ç�É
conditionalon downsidemovesof the market (p q ) andon upsidemovesof the market (p�Ê ). We alsoconstuct
portfoliosbasedon coskewness,cokurtosis,o , o conditionalon downsidemarketmovements(oËq ), o conditional
on upsidemarketmovements(o Ê ). At thebeginningof eachmonth,we calculateeachstock’s momentmeasures
usingthepastyear’sdaily log returnsfrom theCRSPdaily file. For themomentswhich conditionon downsideor
upsidemovements,we definean observationat time Ì to bea downside(upside)market movementif the excess
market returnat Ì is lessthanor equalto (greaterthanor equalto) the averageexcessmarket returnduring the
pastoneyearperiodin consideration.We requirea stockto have at least220observationsto be includedin the
calculation.Thesemomentmeasuresarethenusedto sort the stocksinto decilesanda value-weightedreturnis
calculatedfor all stocksin eachdecile.Theportfoliosarerebalancedmonthly.

SMB, HML, SKS and WML Factor Construction
TheFamaandFrench(1993)factors,SMB andHML, arefrom thedatalibrary at KennethFrench’swebsiteat
http://web.mit.edu/kfrench/www/datalibrary.html.

Harvey andSiddique(2000)use60 monthsof datato computethe coskewnessdefinedin equation(5) for
all stocksin NYSE, AMEX andNASDAQ. Stocksaresortedin orderof increasingnegative coskewness. The
coskewnessfactorSKSis thevalue-weightedaveragereturnsof firms in thetop 3 deciles(with themostnegative
coskewness)minusthevalue-weightedaveragereturnof firmsin thebottom3 deciles(stockswith themostpositive
coskewness)in the61stmonth.

Following Carhart(1997),we constructWML (calledPR1YRin his paper)astheequally-weightedaverage
of firms with thehighest30 percenteleven-monthreturnslaggedonemonthminustheequally-weightedaverage
of firms with the lowest30 percenteleven-monthreturnslaggedonemonth. In constructingWML, all stocksin
NYSE,AMEX andNASDAQ areusedandportfoliosarerebalancedmonthly.

Theconstructionof CMC is detailedin Section3.2.

Momentum Portfolios
To constructthe momentumportfolios of JegadeeshandTitman (1993),we sort stocksinto portfolios basedon
their returnsover thepast6 months.We considerholdingperiodof 3, 6, 9 and12 months.This procedureyields
4 strategiesand40 portfoliosin total. We illustratetheconstructionof theportfolioswith theexampleof the’6-6’
strategies. To constructthe ’6-6’ deciles,we sortour stocksbaseduponthepastsix-monthsreturnsof all stocks
in NYSEandAMEX. Eachmonth,anequal-weightedportfolio is formedbasedonsix-monthsreturnsendingone
monthprior. Similarly, equal-weightedportfoliosareformedbasedon pastreturnsthatendedonemonthsprior,
threemonthsprior, andsoonupto six monthsprior. Wethentakethesimpleaverageof six suchportfolios.Hence,
ourfirst momentumportfolio consistsof Í;Î]Ï of thereturnsof theworstperformersonemonthago,plus ÍBÎ�Ï of the
returnsof theworstperformerstwo monthsago,etc.

Liquidity Factor and Liquidity Betas
We follow PástorandStambaugh(2001)to constructanaggregateliquidity measure,Ð . Stockreturnandvolume
dataareobtainedfrom CRSP. NASDAQ stocksareexcludedin theconstructionof theaggregateliquidity measure.
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Theliquidity estimate,ÑnÈHÒ Ó , for anindividualstockÆ in monthÌ is theordinaryleastsquares(OLS) estimateof Ñ�ÈHÒ Ó
in thefollowing regression:

Ç�ÔÈHÒ Õ ÊjÖ Ò Ó�×¸Ø È©Ò ÓrÙ4Ú�ÈHÒ Ó�ÛÇ ÈHÒ Õ�Ò Ó�Ù Ñ È©Ò ÓÜ Æ©ÝBÞ Ç�ÔÈ©Ò Õ�Ò Ó ß È©Ò Õ�Ò ÓjÙ4àHÈHÒ Õ ÊjÖ Ò Óáãâ × Í á¡ä�ä¡ä á�å�ä (A-1)

In equation(A-1), ÛÇ È©Ò Õ�Ò Ó is theraw returnon stockÆ on day â of monthÌ , Ç ÔÈHÒ Õ�Ò Ó × Ç ÈHÒ Õ�Ò Óçæ Ç ÉyÒ Õ�Ò Ó is thestockreturn
in excessof themarket return,and ß ÈHÒ Õ�Ò Ó is thedollar volumefor stock Æ on day â of month Ì . Themarket return
on dayon day â of monthÌ , Ç ÉyÒ Õ�Ò Ó , is takenasthereturnon theCRSPvalue-weightedmarketportfolio. A stock’s
liquidity estimate,Ñ ÈHÒ Ó , is computedin a givenmonthonly if thereareat least15 consecutiveobservations,andif
thestockhasa month-endsharepricesof greaterthan$5 andlessthan$1000.

Theaggregateliquidity measure,Ð , is computedbasedontheliquidity estimates,ÑnÈ©Ò Ó , of individualfirmslisted
on NYSE andAMEX from August1962to December1992.Only theindividual liquidity estimatesthatmeetthe
above criteria is used.To constructthe innovationsin aggregateliquidity, we follow PástorandStambaughand
first form thescaledmonthlydifference:

è=éÑ�Ó × ê Ó
ê Ö

Íë
ì
È�í Ö

î ÑnÈ©Ò Ó æ ÑnÈHÒ Ó q Ö.ï á (A-2)

where
ë

is thenumberof availablestocksat monthÌ , ê Ó is thetotaldollar valueof theincludedstocksat theend
of month Ì æ Í , andê Ö is thetotal dollar valuefo thestocksat theendof July 1962.Theinnovationsin liquidity
arecomputedastheresidualsof thefollowing regression:è=éÑ Ó ×¸ð Ù£ñ èòéÑ Ó q Ö Ù£ó î ê Ó Î ê Ö ï éÑ Ó q Ö Ùõô�Óä (A-3)

Finally, theaggregateliquidity measure,ÐçÓ , is takento bethefitted residuals,ÐöÓ × éô Ó .
To calculatethe liquidity betasfor individual stocks,at the endof eachmonthbetween1968and1999,we

identify stockslistedon NYSE,AMEX andNASDAQ with at leastfive yearsof monthlyreturns.For eachstock,
we estimatea liquidity beta,oö÷È , by runningthefollowing regressionusingthemostrecentfive yearsof monthly
data:

Ç�ÈHÒ Ó × orøÈ Ù o ÷È ÐöÓ Ù oöùÈûúýü�þ Ó Ù oöÿÈ��sú�� Ó Ù o��È�� ú ÐçÓ Ù£à È©Ò Ó á (A-4)

whereÇ È©Ò Ó denotesassetÆ ’s excessreturn, Ð Ó is theinnovationin aggregateliquidity.

Macroeconomic Variables
We usethe following macroeconomicvariablesfrom FederalReserve Bank of St. Louis: the growth ratein the
index of leadingeconomicindicators(LEI), thegrowthratein theindex of HelpWantedAdvertisingin Newspapers
(HELP),thegrowth rateof total industrialproduction(IP), theConsumerPriceIndex inflationrate(CPI),thelevel
of theFedfundsrate(FED),andthetermspreadbetweenthe10-yearT-bondsandthe3-monthsT-bills (TERM).
All growth rates(including inflation) arecomputedasthe differencein logs of the index at times Ì and Ì æ Í	� ,
whereÌ is monthly.

B Time-Aggregation of Coskewness and Cokurtosis
Sincewe computeall of themonthlyhighermomentsmeasuresusingdaily data,theproblemof time aggregation
mayexist for someof thehighermoments.Assumingthatreturnsaredrawn from infinitely divisibledistributions,
centralmomentsat first andsecondordercanscale.Thatis, anannualestimateof themean
 andvolatility � can
be estimatedfrom meansandvolatilities estimatedfrom daily data 
 Õ and � Õ , by the time aggregatedrelations

 × �	���
 Õ and� × � ���	�� Õ . Hence,daily measurefor secondordermoments,suchasprq , p Ê , o , oËq ando Ê are
equivalentto their correspondingmonthlymeasures.We now prove thatdaily coskewnessandcokurtosisdefined
in equations(5) and(6) areequivalentto monthlycoskewnessandcokurtosis.

With theassumptionof infinitely divisibledistributions,cumulantsscalebut notcentralmoments(“cumulants
cumulate”).Thecentralmoment,
�� , of � is definedas:


�� × �
q �

î � æ 
 Ö ï � â�� for Ç × � á��;á��;á¡ä`ä ä`á (B-1)
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integratingover thedistribution of returns� , and 
 Ö ×�� î � ï . Theproductcumulants,� � , arethecoefficientsin
theexpansion:

� î Ì ï ×��! #"
�
� í ø �$�

î Æ©Ì ï �Ç&% á (B-2)

where
� î Ì ï is themomentgeneratingfunctionof a univariatenormaldistribution. Thebivariatecentralmoment,
��(' , is definedas


 �)' × �
q �

�
q �

î � æ 
 Ö ø ï � î+* æ 
 ø Ö ï ' â�� for Ç × � á,�Bá��;á¡ä`ä ä`á (B-3)

where � is now the joint distribution of � and
*

, and 
 Ö ø�- 
 Ö of � and 
 ø Ö - 
 Ö of
*

. Theproductcumulants,���)' , arecoefficientsin

� î Ì Ö á Ì/. ï ×0�/ #"
�
� Ò ' í ø � �('

î Æ©Ì Ö ï �Ç&%
î Æ©Ì . ï 'Ü % á (B-4)

where
� î Ì Ö á Ì . ï is themomentgeneratingfunctionof a bivariatenormaldistribution. Notethat,


 . × � .;á

#1 × �	1 á

#. Ö × �	. Ö á

and 
#1 Ö × �	1 Ö Ù2� �	. ø � ÖÖ ä (B-5)

In the bivariatedistribution, we usethe first variablefor themarket excessreturnandthe secondvariablefor an
individualstock’sexcessreturn.We computeall centralmoments,
 � , usingdaily excessreturn.We denoteall the
monthlyaggregatecumulantswith tildes, 3� � × î ���	;Î]Í	� ï � � andmonthlycentralmomentswith tildes, 3
 � .

We now prove thatmonthly coskewnessis equivalentto scaleddaily coskewnessandmonthly cokurtosisis
equivalentto scaleddaily cokurtosis.For coskewness,notethat

coskewm × 3
#. Ö3� . ø � 3� ø . , coskewd × 
#. Ö� . ø � � ø . á (B-6)

wherecoskewm is monthlycoskewnessandcoskewd is daily coskewness.Since
 . Ö × � . Ö , coskewm × 45$68745 6:9); 45 986 ×< 6!7� 6+=>97+6 5 6:9 ; 5 986 × Ö ..)? ø coskewd. Therefore,monthly coskewnessanddaily coskewnessareequivalentassuming

returnsaredrawn from infinitely divisibledistributions.
For cokurtosis:

cokurtm × 3
 1 Ö3� 1. ø � 3� ø . , cokurtd × 
 1 Ö� 1. ø � � ø . á (B-7)

wherecokurtm refersto monthlycokurtosis,cokurtd refersto dailly cokurtosisand 3
 1 Ö × 3� 1 Ö Ù@� 3� . ø 3� ÖÖ . Note
that:

cokurtm × 3
 1 Ö3� 1. ø � 3� ø .× 3�	1 Ö ÙA� 3��. ø 3� ÖÖ3� 1. ø � 3� ø .× Í	�
�	�	


 1 Ö� 1. ø � � ø .× Í	�
�	�	 cokurtd (B-8)

Thelastequationfollows from thefact that � Ö(Ö × 
 ÖÖ ×B� î à>C Ò D à>E Ò D ï ×  , where à ÈHÒ Ó × ÇfÈ©Ò Ó æGF È æ o'È úýü�þ Ó , is
theresidualfrom theregressionof thefirm Æ ’sexcessstockreturnÇ�È onthecontemporaneousmarketexcessreturn,
and à É�Ò Ó is theresidualfrom theregressionof themarketexcessreturnon a constant.
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C Computing Hansen-Jagannathan (1997) Distances and P-
values

JagannathanandWang(1996)derive theasymptoticdistribution of theHJ distance(equation(24)), showing that
thedistributionof þIH î �KJ ï . involvesaweightedsumof

î ë æ ü æ Í ï�L . Ö statistics.Theweightsarethe
ë æ ü æ Í

non-zeroeigenvaluesof:

M × � 76NPO 76�QN R æ O 76N å N î åTSN O N å N ï q Ö åTSN O
76)QN q Ö O 76N �

76)QN á
where�

76N and O
76N aretheupper-triangularCholesky decompositionsof � N and O N respectively, and å N ×�UWV�XUZY .

JagannathanandWang(1996)show that
M

hasexactly
ë æ ü æ Í positive eigenvaluesØ Ö á¡ä¡ä�ä á Ø ì q\[yq Ö . The

asymptoticdistributionof theHJdistancemetricis:

þ]H î �^J ï .`_
ì qa[yq Ö
b Ø b L . Ö

asþ _dc
. We simulatetheHJstatistic100,000timesto computetheasymtoticp-valueof theHJdistance.

To calculatea small samplep-valuefor the HJ distance,we assumethat the linear factormodelholdsand
simulatea datageneratingprocess(DGP) with 432 observations,the samelengthasin our samples.The DGP
takestheform:

Ç È©Ò Ó × Ç	eÓ q Ö Ù o SÈ ��ÓrÙ£à©È`Óá (C-1)

whereÇ ÈHÒ Ó is thereturnonthe Æ -th portfolio, Ç eÓ is therisk-freerate,o È is an úfH Í vectorof factorloadings,and �'Ó
is the úgH Í vectorof factors.We assumethattherisk-freerateandthefactorsfollow a first-orderVAR process.
Let h Ó × î Ç	eÓ á,� Ó ï S , andh Ó follows:

h Ó × 
 Ù M h Ó q Ö ÙõôjÓ(á (C-2)

whereôjÓ�i ë î  á�j ï . WeestimatethisVAR systemanduse
é
 ,

éM
and

éj astheparametersfor our factorgenerating
process.In eachsimulation,wegenerate432observationsof factorsandtherisk-freeratefrom theVAR systemin
equation(C-2). For theportfolio returns,we usethesampleregressioncoefficient of eachportfolio returnon the
factors,

éo È , asour factorloadings.Weassumetheerrortermsof thebaseassets,àHÓ , follow IID multivariatenormal
distributionswith meanzeroandcovariancematrix,

éj � æ éo S éj�k éo , where
éj � is thecovariancematrix of theassets

and
éj k is thecovariancematrixof thefactors.
For eachmodel, we simulate5000 time-seriesas describedabove and computethe HJ distancefor each

simulationrun. Wethencountthepercentageof theseHJdistancesthatarelargerthantheactualHJdistancefrom
realdataanddenotethis ratio empiricalp-value. For eachsimulationrun, we alsocomputethe theoreticp-value
which is calculatedfrom theasymptoticdistribution.
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Table1: PortfoliosSortedon ConditionalCorrelations

Panel A: Portfolios Sorted on Past prq
Portfolio Mean Std Auto o Size B/M prq oËq High–Low t-stat
1 Low pjq 0.77 4.18 0.15 0.69 2.61 0.63 0.74 0.94 0.40 2.26l
2 0.88 4.34 0.17 0.81 2.92 0.62 0.80 0.97
3 0.87 4.32 0.15 0.83 3.19 0.60 0.82 0.95
4 0.94 4.39 0.15 0.87 3.46 0.58 0.83 0.97
5 0.97 4.39 0.10 0.90 3.74 0.56 0.85 0.95
6 1.00 4.45 0.09 0.94 4.04 0.53 0.90 1.01
7 1.00 4.64 0.09 1.00 4.39 0.50 0.92 1.02
8 1.03 4.58 0.08 1.00 4.82 0.48 0.94 1.05
9 1.12 4.77 0.02 1.05 5.36 0.46 0.96 1.08
10 High prq 1.17 4.76 0.01 1.04 6.38 0.39 0.94 0.97

Panel B: Portfolios Sorted on Past p Ê
Portfolio Mean Std Auto o Size B/M p Ê o Ê High–Low t-stat
1 Low p Ê 1.13 4.56 0.17 0.82 2.88 0.60 0.50 0.63 –0.06 –0.38
2 1.05 4.63 0.19 0.90 3.08 0.59 0.63 0.78
3 1.09 4.61 0.16 0.92 3.24 0.58 0.68 0.82
4 1.06 4.67 0.15 0.94 3.44 0.56 0.70 0.85
5 0.99 4.62 0.14 0.95 3.66 0.54 0.76 0.91
6 1.03 4.62 0.12 0.97 3.91 0.54 0.78 0.90
7 1.00 4.70 0.09 1.01 4.23 0.52 0.84 0.97
8 1.11 4.67 0.08 1.01 4.65 0.52 0.85 0.96
9 1.12 4.63 0.07 1.02 5.27 0.48 0.92 1.02
10 High p Ê 1.07 4.52 0.00 1.00 6.65 0.36 0.95 1.06

The table lists the summarystatisticsof the value-weightedprq and p Ê portfolios at a monthly frequency,
where prq and p Ê aredefinedin equation(3). For eachmonth,we calculateprq (p Ê ) of all stocksbased
on daily continuouslycompoundedreturnsover the pastyear. We rank the stocksinto deciles(1–10),and
calculatethe value-weightedsimplepercentagereturnover the next month. We rebalancethe portfolios at
a monthly frequency. Meansandstandarddeviationsare in percentagetermsper month. Std denotesthe
standarddeviation (volatility), Auto denotesthefirst autocorrelation,and o is thepost-formationbetaof the
portfolio with respectto themarketportfolio. At thebeginningof eachmonthÌ , wecomputeeachportfolio’s
simpleaveragelog market capitalizationin millions (size)andvalue-weightedbook-to-market ratio (B/M).
The columnslabeled p q (pjÊ ) and o q (ovÊ ) show the post-formationdownside(upside)correlationsand
downside(upside)betasof theportfolios.High–Low is themeanreturndifferencebetweenportfolio 10 and
portfolio 1 and t-statgives the t-statisticfor this difference. T-statisticsare computedusingNewey-West
(1987)heteroskedastic-robuststandarderrorswith 3 lags. T-statisticsthataresignificantat the5% level are
denotedby *. Thesampleperiodis from January1964to December1999.
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Table2: PortfoliosSortedon PastCo-Measures

Panel A: Portfolios Sorted on Past Coskewness

Portfolio Mean Std Auto o Coskew High–Low t-stat
1 Low coskew 1.18 5.00 0.09 1.06 –0.13 –0.15 –1.17
2 1.18 4.80 0.05 1.03 0.07
3 1.13 4.71 0.08 1.02 –0.27
4 1.16 4.75 0.04 1.04 0.20
5 1.13 4.74 0.05 1.02 –0.13
6 1.06 4.59 0.04 1.00 0.01
7 1.19 4.64 0.08 1.01 0.03
8 1.10 4.63 0.02 1.02 0.04
9 1.07 4.54 0.03 1.00 0.18
10 High coskew 1.03 4.44 0.03 0.96 0.15

Panel B: Portfolios Sorted on Past Cokurtosis

Portfolio Mean Std Auto o Cokurt High–Low t-stat
1 Low cokurt 1.21 4.64 0.02 1.01 –0.64 –0.18 –1.68
2 1.09 4.72 0.06 1.03 0.51
3 1.11 4.64 0.02 1.01 0.42
4 1.01 4.75 0.06 1.04 0.04
5 1.04 4.58 0.02 0.99 0.32
6 1.08 4.74 0.06 1.03 –0.22
7 1.12 4.47 0.03 0.97 0.49
8 1.08 4.60 0.07 0.99 –0.49
9 1.17 4.63 0.05 1.01 –0.41
10 High cokurt 1.03 4.58 0.07 0.99 –0.45

The table lists the summarystatisticsfor the value-weightedcoskewnessand cokurtosisportfolios at a
monthly frequency. For eachmonth,we calculatecoskewnessandcokurtosisof all stocksbasedon daily
continuouslycompoundedreturnsoverthepastyear. Werankthestocksinto deciles(1–10),andcalculatethe
value-weightedsimplepercentagereturnover thenext month. We rebalancetheportfoliosmonthly. Means
andstandarddeviationsarein percentagetermsper month. Std denotesthe standarddeviation (volatility),
Auto denotesthe first autocorrelation,and o is the post-formationbetaof the portfolio with respectto the
market portfolio. Coskew denotesthepost-formationcoskewnessof theportfolio asdefinedin equation(5);
cokurt denotesthe post-formationcokurtosisof the portfolio asdefinedin equation(6). High–Low is the
meanreturndifferencebetweenportfolio 10 andportfolio 1 and t-stat is the t-statisticfor this difference.
T-statisticsarecomputedusingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags. The
sampleperiodis from January1964to December1999.
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Table3: PortfoliosSortedon PastF , F ? andF �

Panel A: Portfolios Sorted on Past o
Portfolio Mean Std Auto o High–Low t-stat
1 Low o 0.90 3.72 0.13 0.42 0.23 0.70
2 0.93 3.19 0.20 0.49
3 1.01 3.33 0.18 0.59
4 0.95 3.62 0.14 0.70
5 1.13 3.78 0.08 0.76
6 1.02 3.84 0.06 0.79
7 1.00 4.37 0.07 0.93
8 0.97 4.87 0.07 1.04
9 1.07 5.80 0.08 1.23
10 High o 1.13 7.63 0.05 1.57

Panel B: Portfolios Sorted on Past oËq
Portfolio Mean Std Auto o oËq prq m�q High–Low t-stat
1 LowoËq 0.78 4.21 0.16 0.67 0.89 0.71 1.26 0.31 1.04
2 0.93 3.74 0.14 0.68 0.74 0.73 1.02
3 0.99 3.71 0.09 0.73 0.82 0.83 0.98
4 1.09 3.92 0.05 0.80 0.88 0.89 0.99
5 1.05 4.00 0.06 0.85 0.89 0.91 0.98
6 1.06 4.52 0.07 0.98 0.98 0.93 1.06
7 1.11 4.82 0.04 1.04 1.02 0.92 1.11
8 1.24 5.39 0.05 1.17 1.12 0.92 1.21
9 1.22 6.26 0.04 1.32 1.30 0.89 1.46
10 High oËq 1.09 7.81 0.08 1.57 1.52 0.84 1.82

Panel C: Portfolios Sorted on Past o Ê
Portfolio Mean Std Auto o o Ê p Ê m Ê High–Low t-stat
1 Low o Ê 1.05 5.46 0.16 0.93 0.77 0.46 1.67 -0.05 -0.21
2 1.06 4.33 0.19 0.83 0.67 0.59 1.14
3 1.05 4.06 0.16 0.80 0.69 0.67 1.04
4 1.01 4.10 0.11 0.83 0.82 0.75 1.09
5 0.98 4.03 0.13 0.84 0.79 0.75 1.05
6 1.05 4.07 0.06 0.87 0.86 0.84 1.02
7 1.07 4.35 0.06 0.94 0.90 0.86 1.05
8 1.02 4.65 0.04 1.01 0.98 0.88 1.11
9 1.12 5.25 0.05 1.12 1.13 0.86 1.31
10 High o Ê 1.00 6.77 0.06 1.41 1.45 0.80 1.81

Thetablelistssummarystatisticsfor value-weightedo , oËq ando Ê portfoliosatamonthlyfrequency, whereoËq ando Ê aredefinedin equation(4). For eachmonth,wecalculateo (o q , o Ê ) of all stocksbasedondaily
continuouslycompoundedreturnsoverthepastyear. Werankthestocksinto deciles(1–10),andcalculatethe
value-weightedsimplepercentagereturnover thenext month. We rebalancetheportfoliosmonthly. Means
andstandarddeviationsarein percentagetermsper month. Std denotesthe standarddeviation (volatility),
Auto denotesthefirst autocorrelation,ando is post-formationthebetaof theportfolio. ThecolumnslabeledoËq (o Ê ) and pjq (p Ê ) show thepost-formationdownside(upside)betasanddownside(upside)correlations
of theportfolios. Thecolumnlabeledm Ê ( m�q ) lists theratio of thevolatility of theportfolio to thevolatility
of themarket,bothconditioningon thedownside(upside).High–Low is themeanreturndifferencebetween
portfolio 10 andportfolio 1 andt-statgivesthet-statisticfor this difference.T-statisticsarecomputedusing
Newey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags. Thesampleperiodis from January
1964to December1999.
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Table4: CorrelationPortfoliosandFama-FrenchFactors

Panel A: Whole Sample Regression Jan 64 - Dec 99

Regression:Ç È Ó ×¸ð È�Ù4ñ"È úýü�þ Ó'Ù£Ü.È �sú�� Ó�ÙGn�È � ú Ð Ó�Ù£à©È`Ó
ð ñ Ü n Ì î ð ï Ì î ñ ï Ì î Ü ï Ì î n ï o .

1 Low prq -0.37 0.69 0.53 0.43 -3.35 21.58 10.45 9.68 0.72
2 -0.30 0.80 0.48 0.38 -3.13 28.74 10.58 9.30 0.81
3 -0.31 0.83 0.43 0.38 -3.56 29.43 9.70 8.47 0.83
4 -0.24 0.86 0.41 0.33 -2.56 27.45 9.13 6.69 0.86
5 -0.19 0.90 0.33 0.26 -2.35 32.94 8.12 5.27 0.88
6 -0.16 0.94 0.24 0.24 -2.07 37.43 6.65 4.75 0.89
7 -0.15 1.00 0.18 0.16 -2.12 43.00 5.29 3.84 0.91
8 -0.10 1.01 0.10 0.11 -1.47 54.58 3.26 3.20 0.93
9 0.02 1.05 0.04 0.00 0.33 72.70 1.36 -0.06 0.95
10 High prq 0.16 1.04 -0.15 -0.17 2.80 63.75 -5.33 -4.47 0.95

GRS= 1.92p(GRS)= 0.04

Panel B: ð È ’s in Two Subsamples

Decile
1 2 3 4 5 6 7 8 9 10 10-1

Jan64- Dec81 -0.23 -0.21 -0.24 -0.23 -0.06 -0.12 -0.13 -0.05 0.11 0.22 0.45
t-stat -1.82 -2.03 -2.12 -2.04 -0.73 -1.21 -1.45 -0.67 1.54 2.06 2.41

Jan82- Dec99 -0.49 -0.34 -0.36 -0.25 -0.30 -0.20 -0.13 -0.12 -0.05 0.10 0.59
t-stat -2.94 -2.19 -2.91 -1.60 -2.28 -1.74 -1.21 -1.13 -0.56 2.09 3.21

PanelA of this tableshowsthetime-seriesregressionof excessreturnÇ È onfactorsúýü�þ , �sú�� and � ú Ð .
Theten prq portfoliosof Table(1) areusedin theregression.Ì î ï is thet-statisticof theregressioncoefficient
computedusingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags. The regressiono .
is adjustedfor the numberof degreesof freedom. p o � is the � -statisticof Gibbons,RossandShanken
(1989),testingthehypothesisthat theregressioninterceptarejointly zero. q î p o � ï is the q -valueof p o � .
The sampleperiodis from January1964to December1999. PanelB reportsthe ð ’s andt-statisticsin the
time seriesregressionin two subsamples.Column“10–1” is thedifferenceof the ð ’s for the10thdecileand
thefirst decile.
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Table5: Constructionof theDownsideCorrelationFactor

Panel A: Two (o ) by Three (prq ) Sort

Low pjq Medium prq High pjq High prq - Low pjq
Low o Mean= 0.86 Mean= 0.95 Mean= 1.06 Mean= 0.20

Std= 3.83 Std= 3.61 Std= 3.34 t-stat=1.81o = 0.66 o = 0.69 o = 0.66prq = 0.76 prq = 0.79 prq = 0.81
High o Mean= 0.87 Mean= 1.02 Mean= 1.14 Mean= 0.27

Std= 5.82 Std= 5.28 Std= 4.89 t-stat=1.98o = 1.23 o = 1.16 o = 1.09p q = 0.89 p q = 0.94 p q = 0.96

Panel B: o -Balanced prq Portfolios

Low pjq Medium prq High pjq High prq - Low pjqo -balanced Mean=0.86 Mean=0.98 Mean=1.10 Mean= 0.23
Std=4.60 Std=4.29 Std=3.88 t-stat= 2.35o =0.94 o =0.93 o =0.87pjq =0.88 pjq =0.92 pjq =0.96

Summarystatisticsfor the portfoliosusedto constructdownsiderisk factor r ú r at a monthly frequency.
Eachmonth,we rankstocksbasedon their o , calculatedfrom thepreviousyearusingdaily data,into a lowo group anda high o group,eachgroupconsistingof onehalf of all firms. Then, within eacho group,
we rank stocksbasedon their pjq , which is alsocalculatedusingdaily dataover the pastyear, into three
groups:a low prq group,a mediumpjq groupanda high pjq group,with cutoff pointsat 33.3%and66.7%.
We computethe monthly value-weightedsimplereturnsfor eachportfolio. The o -balancedgroupsarethe
equal-weightedaverageof the portfolios acrossthe two o groups. T-statisticsarecomputedusingNewey-
West(1987)heteroskedastic-robuststandarderrorswith 3 lags. Thesampleperiodis from January1964to
December1999.
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Table6: SummaryStatisticsof theFactors

Panel A: Summary Statistics

Factor Mean Std Skew Kurt Auto
MKT 0.55l 4.40 –0.51 5.50 0.06
SMB 0.19 2.93 0.17 3.84 0.17
HML 0.32l 2.65 –0.12 3.93 0.20
WML 0.90l)l 3.88 –1.05 7.08 0.00
SKS 0.10 2.26 0.69 7.45 0.08
CMC 0.23l 2.06 0.04 5.41 0.10

Panel B: Correlation Matrix

MKT SMB HML WML SKS CMC
MKT 1.00
SMB 0.32 1.00
HML –0.40 –0.16 1.00
WML 0.00 –0.27 –0.14 1.00
SKS 0.13 0.08 0.03 –0.01 1.00
CMC –0.16 –0.64 –0.17 0.35 –0.03 1.00

This table shows the summarystatisticsof the factors. MKT is the CRSPvalue-weightedreturnsof all
stocks.SMB andHML arethesizeandthebook-to-marketfactors(constructedby FamaandFrench(1993)),
WML is thereturnon thezero-coststrategy of goinglong pastwinnersandshortingpastlosers(constructed
following Carhart(1997)),andSKSis thereturnongoinglongstockswith themostnegativepastcoskewness
and shortingstockswith the most positive pastcoskewness(constructedfollowing Harvey and Siddique
(2000)). CMC is thereturnon a portfolio going long stockswith thehighestpastdownsidecorrelationand
shortingstockswith thelowestpastdownsidecorrelation.Thetwo columnsshow themeansandthestandard
deviationsof thefactors,expressedasmonthlypercetages.Skew andKurt aretheskewnessandkurtosisof
theportfolio returns.Auto refersto first-orderautocorrelation.Factorswith statisticallysignificantmeansat
the5% (1%) level aredenotedwith * (**), usingheteroskedastic-robustNewey-West(1987)standarderrors
with 3 lags.Thesampleperiodis from January1964to December1999.
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Table7: Regressionof WML ontoVariousFactors

Constant MKT SMB HML CMC SKS Adj o .
Model A: coef 0.75 0.66 0.12

t-stat 4.34l�l 4.48l�l
Model B: coef 0.72 0.05 0.68 0.12

t-stat 4.19l�l 0.73 4.82l�l
Model C: coef 0.90 0.00 –0.01 0.00

t-stat 5.33l�l –0.06 –0.06

Model D: coef 1.05 0.02 –0.41 –0.26 0.10
t-stat 6.25l�l 0.33 –3.20l�l –2.19l

Model E: coef 0.86 0.04 –0.19 –0.15 0.47 0.13
t-stat 4.87l�l 0.55 –1.18 –1.27 2.81l�l

Time-seriesregressionof themomentumfactor, WML, ontovariousotherfactors.MKT is themarket,SMB
andHML areFama-French(1993)factors,CMC is thedownsiderisk factor, andSKSis theHarvey-Siddique
(2000)skewnessfactor. The t-stat is calculatedusingNewey-West(1987)heteroskedastic-robuststandard
errorswith 3 lags. T-statisticsthataresignificantat the5% (1%) level aredenotedwith * (**). Thesample
periodis from January1964to December1999.
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Table8: Fama-MacBethRegressionTestsof theMomentumPortfolios

FactorPremiumss
s ø MKT SMB HML CMC WML o . JointSig

Model A: CAPM

Premium( s ) 1.49 –0.62 0.07 p-val=0.32
t-stat 2.51l –0.99 p-val(adj)=0.33
t-stat(adj) 2.49l –0.98

Model B: Fama-French Model

Premium( s ) –0.49 2.04 –0.50 –0.98 0.91 p-val=0.02l
t-stat –0.52 1.95 –1.93 –2.55l p-val(adj)=0.07
t-stat(adj) –0.45 1.66 –1.65 –2.17l
Model C: Using MKT and CMC

Premium( s ) –0.66 1.98 0.73 0.93 p-val=0.01l)l
t-stat –1.09 2.73l�l 2.80l�l p-val(adj)=0.03l
t-stat(adj) –0.92 2.32l 2.38l
Model D: Fama-French Factors and CMC

Premium( s ) –0.65 1.73 –0.11 –0.52 1.02 0.93 p-val=0.00l)l
t-stat –0.72 1.52 –0.31 –1.02 3.02l�l p-val(adj)=0.00l�l
t-stat(adj) –0.57 1.22 –0.25 –0.81 2.43l
Model E: Carhart Model

Premium( s ) –0.83 2.81 –0.79 –1.63 0.41 0.91 p-val=0.00l)l
t-stat –0.98 2.84l�l –2.11l –2.47l 1.74 p-val(adj)=0.02l
t-stat(adj) –0.72 2.10l –1.56 –1.82 1.28

Model F: Carhart Model and CMC

Premium( s ) –0.24 0.45 0.50 0.64 0.98 0.84 0.93 p-val=0.00l)l
t-stat –0.27 0.41 1.48 1.53 2.86l�l 3.89l�l p-val(adj)=0.01l�l
t-stat(adj) –0.19 0.29 1.04 1.08 2.01l 2.74l�l

This tableshows theresultsfrom theFama-MacBeth(1973)regressiontestson the40momentumportfolios
sortedby past6 monthsreturns.MKT, SMB andHML areFamaandFrench(1993)’sthreefactorsandCMC
is the downsiderisk factor. WML is returnon the zero-coststrategy going long pastwinnersandshorting
pastlosers(constructedfollowing Carhart(1997)). In the first stagewe estimatethe factor loadingsover
the whole sample.The factorpremia, s , areestimatedin the second-stagecross-sectionalregressions.We
computetwo t-statisticsfor eachestimate.Thefirst oneis calculatedusingtheuncorrectedFama-MacBeth
standarderrors. The secondoneis calculatedusingShanken’s (1992)adjustedstandarderrors. The o . is
adjustedfor thenumberof degreesof freedom. Thelastcolumnof thetablereportsp-valuesfrom L . testson
thejoint significanceof thebetasof eachmodel.Thefirst p-valueis computedusingtheuncorrectedvariance-
covariancematrix,while thesecondoneusesShanken’s (1992)correction.T-statisticsthataresignificantat
the5%(1%) level aredenotedwith * (**). Thesampleperiodis from January1964to December1999.
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Table9: GMM Testsof theMomentumPortfolios

Constant MKT SMB HML CMC WML J-Test HJTest

Model A: CAPM

Coefficient(t ) 1.01 –4.68 57.81 0.59
t-stat 70.87l�l –4.14l�l [0.03]l [0.00]l�l
Premium( s ) 0.92
t-stat 4.14l�l
Model B: Fama-French Model

Coefficient(t ) 1.00 –9.41 18.80 5.80 43.74 0.54
t-stat 31.15l�l –6.00l�l 5.30l�l 1.16 [0.21] [0.00]l�l
Premium( s ) 1.32 –1.15 –0.92
t-stat 4.67l�l –4.37l�l –1.88

Model C: Using MKT and CMC

Coefficient(t ) 1.11 –7.75 –26.10 48.30 0.57
t-stat 33.48l�l –6.00l�l –5.12l�l [0.12] [0.00]l�l
Premium( s ) 1.13 1.00
t-stat 4.87l�l 4.75l�l
Model D: Fama-French Factors and CMC

Coefficient(t ) 1.06 –9.55 13.46 0.61 –12.19 44.09 0.54
t-stat 21.05l�l –5.95l�l 2.29l�l 0.11 –1.42 [0.17] [0.00]l�l
Premium( s ) 1.14 –1.21 –0.43 0.90
t-stat 3.94l�l –4.71l�l –1.35 4.17l�l
Model E: Carhart Model

Coefficient(t ) 1.04 –7.49 14.09 2.16 –3.73 44.80 0.51
t-stat 26.48l�l –4.43l�l 3.46l�l 0.42 –1.70 [0.15] [0.00]l�l
Premium( s ) 0.97 –0.99 –0.38 1.02
t-stat 3.23l�l –3.82l�l –1.15 3.74l�l
Model F: Carhart Model and CMC

Coefficient(t ) 1.08 –8.43 11.31 –0.64 –11.01 –2.35 44.86 0.51
t-stat 19.62l�l –4.88l�l 1.83 –0.11 –1.28 –1.13 [0.12] [0.00]l�l
Premium( s ) 0.98 –1.12 –0.34 1.00 0.84
t-stat 3.16l�l –4.29l�l –1.05 3.83l�l 3.63l�l

This tablelists the optimalGMM estimationresultsof the modelsusing40 momentumportfolios with the
risk-freerate.Coefficient ( t ) refersto thefactorcoefficientsin thepricingkernelandPremia( s ) refersto the
factorpremia( s ) in monthlypercentageterms.P-valuesof JandHJ testsareprovidedin [], with p-valuesof
lessthan5% (1%) denotedby * (**). TheJ-testis Hansen’s (1982)L . teststatisticson theover-identifying
restrictionsof themodel. HJ denotesthe Hansen-Jagannathan(1997)distancemeasurewhich is definedin
equation(24). Asymptoticandsmall-samplep-valuesof theHJ testareboth0.00for all models.Statistics
thataresignificantat 5% (1%) level aredenotedby * (**). In all models,Wald testsof joint significanceof
all premiumsarestatisticallysignificantwith p-valuesof lessthan0.01. Thesampleperiodis from January
1964to December1999.
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Table10: Liquidity BetaPortfoliosandDownsideCorrelationPortfolios

Panel A: Mispricing across Average Liquidity Beta Portfolios

ð ñ Ü n Ì î ð ï Ì î ñ ï Ì î Ü ï Ì î n ï o .
1 Low o ÷ -0.17 1.05 0.42 0.19 -1.93 40.39 9.88 3.30 0.91
2 -0.09 0.91 0.13 0.23 -1.36 49.44 4.30 5.76 0.94
3 -0.06 0.88 0.09 0.29 -1.15 49.36 3.54 8.19 0.93
4 -0.03 0.95 0.16 0.21 -0.49 36.88 4.44 4.80 0.93
5 High oö÷ -0.08 1.01 0.42 0.11 -0.92 44.22 12.77 2.88 0.91

ð ? - ð Ö = 0.10t-stat=0.71

Panel B: Mispricing across Average Downside Correlation Portfolios

ð ñ Ü n Ì î ð ï Ì î ñ ï Ì î Ü ï Ì î n ï o .
1 Low p q -0.18 0.81 0.54 0.45 -2.38 30.89 12.64 12.69 0.86
2 -0.17 0.91 0.44 0.37 -2.14 36.51 11.32 7.29 0.91
3 -0.12 0.98 0.26 0.23 -1.67 46.77 8.00 4.90 0.93
4 -0.05 1.02 0.11 0.10 -0.76 60.21 3.93 2.68 0.96
5 High p q 0.08 1.07 -0.13 -0.13 1.80 90.83 -7.70 -4.70 0.98

ð ? - ð Ö = 0.26t-stat=2.62

This table shows the time-seriesregressionof excessreturn Ç�È on factors úýü�þ , �sú�� and � ú Ð . In
eachmonth,we sort all NYSE, AMEX andNASDAQ stocksinto 25 portfolios. We first sort stocksinto
quintilesby oö÷ andsort stocksinto quintilesby prq , where oö÷ is computedusingequation(25) usingthe
previous5 yearsof monthlydata.Theintersectionof thesequintilesforms25 portfolioson oö÷ andprq . The
averageliquidity betaportfolios in PanelA arethe liquidity betaquintilesaveragedover the prq quintiles.
Theaverageprq portfoliosin PanelB arethe pjq quintilesaveragedovertheliquidity betaquintiles.Thetable
reportsthe coefficientsfrom a time-seriesregressionof the portfolio returnsonto the Fama-French(1993)
factors:Ç È`Ó ×ýð È�Ù£ñ(È úýü�þ ÓjÙ£Ü.È �sú�� ÓrÙGn;È � ú Ð ÓjÙ4àHÈ`Ó . Ì î ï is thet-statisticof theregressioncoefficient
computedusingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags.Theregressiono . is
adjustedfor thenumberof degreesof freedom.January1968to December1999. ð ? - ð Ö is thedifferencein
thealphasð betweenthe5th quintileandthefirst quintile.
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Table11: MacroeconomicVariablesand
u 0 u

Panel A: r ú r�Ó ×¸ð Ù 1 È í Ö ñ È ú M r ovu Ó q È Ù 1 È í Ö ó Èwr ú r�Ó q È Ù4à Ó
ú M r ovu Ó q Ö ú M r oxu Ó q . ú M r ovu Ó q 1 JointSig

LEI coef –0.27 0.22 0.06 0.09
t-stat –2.27l 1.24 0.60

HELP coef –0.00 –0.04 0.05 0.24
t-stat –0.12 –1.26 1.97

IP coef –0.13 0.18 –0.02 0.16
t-stat –1.39 1.43 –0.22

CPI coef 0.17 –0.03 –0.18 0.64
t-stat 0.43 –0.05 –0.46

FED coef 0.22 –0.19 –0.02 0.48
t-stat 1.47 –0.83 –0.12

TERM coef 0.10 –0.39 0.26 0.64
t-stat 0.46 –1.11 1.10

Panel B:ú M r ovu Ó ×^ð Ù 1 È í Ö ñ"È r ú r Ó q È�Ù 1 È�í Ö ó"È ú M r ovu Ó q È'Ù£à©Ó
r ú r Ó q Ö r ú r Ó q . r ú r Ó q 1 JointSig

LEI coef –0.02 0.02 0.01 0.62
t-stat –1.04 0.73 0.31

HELP coef –0.48 0.03 0.18 0.00l�l
t-stat –5.34l)l 0.42 1.77

CPI coef –0.01 0.00 –0.01 0.51
t-stat –0.84 –0.17 –1.14

IP coef –0.04 –0.06 0.00 0.03l
t-stat –1.77 –2.04l 0.03

FED coef 0.00 –0.03 –0.03 0.01l�l
t-stat 0.30 –1.37 –2.42l

TERM coef –0.02 0.02 –0.01 0.03l
t-stat –2.21l 1.42 –0.82

This tableshows the resultsof the regressionsbetweenCMC andthe macroeconomicvariables. PanelA
lists the resultsfrom the regressionsof r ú r on lagged r ú r andlaggedmacroeconomicvariables,but
reportsonly the coefficientson laggedmacrovariables. PanelB lists the resultsfrom the regressionsof
macrovariableson laggedCMC andlaggedmacroeconomicvariables,but reportsonly the coefficientson
laggedCMC. LEI is thegrowth rateof theindex of leadingeconomicindicators,HELP is thegrowth ratein
theindex of HelpWantedAdvertisingin Newspapers,IP is thegrowth rateof industrialproduction,CPI is the
growth rateof ConsumerPriceIndex, FEDis thefederaldiscountrateandTERM is theyield spreadbetween
10 yearbondand3 monthT-bill. All growth rate(including inflation) arecomputedasthe differencesin
logsof the index at time Ì andtime Ì æ Í	� , whereÌ is in months.FED is thefederalfundsrateandTERM
is the yield spreadbetweenthe 10 yeargovernmentbondyield andthe 3-monthT-bill yield. All variables
areexpressedaspercentages.T-statisticsarecomputedusingNewey-Westheteroskedastic-robuststandard
errorswith 3 lags,andarelistedbelow eachestimate.JointSig in PanelA denotesto thep-valueof thejoint
significancetestonthecoefficientson laggedmacrovariables.JointSig in PanelB denotesthep-valueof the
joint significanceteston thecoefficientsof laggedCMC. T-statisticsthataresignificantat the5% (1%) level
aredenotedwith * (**). P-valuesof lessthan5% (1%) aredenotedwith * (**). Thesampleperiodis from
January1964to December1999.
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Figure1: AverageReturn,F , > ? of MomentumPortfolios
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Theseplots show the averagemonthly percentagereturns,o and prq of the JegadeeshandTitman (1993)
momentumportfolios. J refersto formationperiodand ü refersto holding periods. For eachmonth,we
sortall NYSE andAMEX stocksinto decileportfoliosbasedon their returnsover thepast J =6 months.We
considerholding periodsover the next 3, 6, 9 and12 months. This procedureyields 4 strategiesand40
portfoliosin total. Thesampleperiodis from January1964to December1999.
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Figure2: Loadingsof MomentumPortfoliosonFactors
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Theseplots show the loadingsof the JegadeeshandTitman (1993)momentumportfolios on MKT, SMB,
HML and CMC. Factor loadingsare estimatedin the first stepof the Fama-MacBeth(1973) procedure
(equation(11)). y refersto formationperiodand z refersto holdingperiods.For eachmonth,we sortall
NYSEandAMEX stocksinto decileportfoliosbasedontheir returnsoverthepasty =6 months.Weconsider
holdingperiodsover thenext 3, 6, 9 and12 months.This procedureyields4 strategiesand40 portfolios in
total. MKT, SMB andHML areFamaandFrench(1993)’sthreefactorsandCMC is thedownsidecorrelation
risk factor. Thesampleperiodis from January1964to December1999.
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Figure3: PricingErrorsof GMM Estimation(HJ method)
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Theseplots show the pricing errorsof variousmodelsconsideredin Section4.2. Eachstar in the graph
representsoneof the 40 momentumportfolios with y]{}| or the risk-freeasset.The first ten portfolios
correspondto the z~{�� monthholdingperiod,thesecondtento the z~{�| monthholdingperiod,thethird
ten to the z�{�� monthholdingperiod,andfinally the fourth ten to the z�{���� holdingperiod. The41st
assetis therisk-freeasset.Thegraphsshow theaveragepricingerrorswith asterixes,with two standarderror
bandsin solid lines. Theunitson the � -axisarein percentageterms.Pricingerrorsareestimatedfollowing
computationof theHansen-Jagannathan(1997)distance.
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