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Abstract

Stockswith greaterdownsiderisk, which is measuredby highercorrelationsconditionalon

downsidemovesof themarket,havehigherreturns.After controllingfor themarketbeta,the

sizeeffect andthebook-to-marketeffect, theaveragerateof returnon stockswith thegreatest

downsiderisk exceedstheaveragerateof returnonstockswith theleastdownsiderisk by6.55%

per annum. Downsiderisk is importantfor explainingthe cross-sectionof expectedreturns.

In particular, we find thatsomeof theprofitability of investingin momentumstrategiescanbe

explainedascompensationfor bearinghighexposureto downsiderisk.



1 Introduction

Wedefine“downsiderisk” tobetherisk thatanasset’sreturnishighlycorrelatedwith themarket

whenthemarketis declining.In thisarticle,weshowthattherearesystematicvariationsin the

cross-sectionof stockreturnsthatarelinkedto downsiderisk. Stockswith higherdownsiderisk

havehigherexpectedreturns,which cannotbeexplainedby themarketbeta,thesizeeffect or

thebook-to-marketeffect. In particular, wefind thathighreturnsassociatedwith themomentum

strategies(JegadeeshandTitman,1993)aresensitiveto thefluctuationsin downsiderisk.

Markowitz (1959) raisesthe possibility that agentscareaboutdownsiderisk, ratherthan

aboutthemarketrisk. Headvisesconstructingportfoliosbasedonsemi-variances,ratherthanon

variances,sincesemi-variancesweightupsiderisk (gains)anddownsiderisk (losses)differently.

In Kahnemanand Tversky (1979)’s loss aversionand Gul (1991)’s first-orderrisk aversion

utility, lossesareweightedmoreheavilythangainsin aninvestor’sutility function. If investors

dislikedownsiderisk, thenanassetwith greaterdownsiderisk is notasdesirableas,andshould

haveahigherexpectedreturnthan,anassetwith lowerdownsiderisk. Wefind thatstockswith

highly correlatedmovementson thedownsidehavehigherexpectedreturns.Theportfolio of

greatestdownsiderisk stocksoutperformstheportfolioof lowestdownsideriskstocksby4.91%

perannum.After controllingfor themarketbeta,thesizeeffect andthebook-to-marketeffect,

thegreatestdownsiderisk portfolio outperformsthe lowestdownsiderisk portfolio by 6.55%

perannum.

It is not surprisingthathigher-ordermomentsplay a role in explainingthecross-sectional

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

pricing is still a subjectof debate.Unlike traditionalmeasuresof centeredhigher-ordermo-

ments,our downsiderisk measureemphasizestheasymmetriceffect of risk acrossupsideand

downsidemovements(Ang andChen,2001).We find little discernablepatternin theexpected

returnsof stocksrankedby third-ordermoments(Rubinstein,1973; KrausandLitzenberger,

1976;HarveyandSiddique,2000),by fourth-ordermoments(Dittmar, 2001)bydownsidebetas,

or by upsidebetas(BawaandLindenberg, 1977).

We alsofind that the profitability of the momentumstrategiesis relatedto downsiderisk.

While Famaand French(1996) and Grundy and Martin (2001) find that controlling for the

market,thesizeeffect, andthebook-to-marketeffect increasestheprofitability of momentum

strategies,ratherthanexplainingit, the momentumportfolios load positively on a factor that

reflectsdownsiderisk. A linear two-factor model with the marketand this downsiderisk

factorexplainssomeof thecross-sectionalreturnvariationsamongmomentumportfolios. The

downsiderisk factor commandsa significantlypositiverisk premiumin both Fama-MacBeth

1



(1973) and GeneralizedMethod of Moments(GMM) estimationsand retainsits statistical

significancein thepresenceof theFama-Frenchfactors.Althoughour linearfactormodelswith

downsiderisk are rejectedusing the Hansen-Jagannathan(1997)distancemetric, our results

suggestthatsomeportionof momentumprofitscanbeattributedascompensationfor exposures

to downsiderisk. Pastwinnerstockshavehighreturns,in part,becauseduringperiodswhenthe

marketexperiencesdownsidemoves,winnerstocksmovedownmorewith themarketthanpast

loserstocks.

Existing explanationsof the momentumeffect are largely behavioralin natureand use

modelswith imperfectformationandupdatingof investors’expectationsin responseto new

information(Barberis,ShleiferandVishny, 1998;Daniel,HirshleiferandSubrahmanyam,1998;

HongandStein,1999).Theseexplanationsrely on theassumptionthatarbitrageis limited, so

thatarbitrageurscannoteliminatetheapparentprofitabilityof momentumstrategies.Mispricing

maypersistbecausearbitrageursneedto bearsomeundiversifiablefactorrisk, andrisk-averse

arbitrageursdemandcompensationfor acceptingsuchrisk (Hirshleifer, 2001). In particular,

JegadeeshandTitman(2001)showthatthemomentumeffecthaspersistedsinceits discovery.

Weshowthatmomentumstrategieshavehighexposuresto asystematicdownsiderisk factor.

Ourfindingsarecloselyrelatedto HarveyandSiddique(2000),whoarguethatskewnessis

priced,andshowthatmomentumstrategiesarenegativelyskewed.In our datasample,we fail

to find anypatternrelatingpastskewnessto expectedreturns.Our findingsarealsorelatedto

DeBondtandThaler(1987)who find thatpastwinnerstockshavegreaterdownsidebetasthan

upsidebetas.Thoughtheprofitability of momentumstrategiesis relatedto asymmetriesin risk,

wefind little systematiceffectin thecross-sectionof expectedreturnsrelatingtodownsidebetas.

Instead,wefind thatit is downsidecorrelationwhich is priced.

While ChordiaandShivakumar(2000)try to accountfor momentumwith a factormodel,

wherethefactorbetasvaryovertimeasa linearfunctionof instrumentalvariables,theydo not

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

imposingtheseconstraintsreducesthe profitability of momentumstrategies.Ghysels(1998)

alsoarguesagainsttime-varyingbetamodels,showingthat 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, andtheyfind substantialinstabilitiesin suchmodels.1

Our researchdesignfollows thecustomof constructingandaddingfactorsto explaindevi-

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

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

(2001)rejectthis explanation.
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ationsfrom theCapitalAssetPricingModel (CAPM). However, this approachdoesnot speak

to thesourceof factorrisk premia.Althoughwe designour factorto measureaneconomically

meaningfulconceptof downsiderisk,ourgoalis not to presentatheoreticalmodelthatexplains

howdownsiderisk arisesin equilibrium.Ourgoalis to testwhetherapartof thefactorstructure

in stock returnsis attributableto downsiderisk. Otherauthorsusefactorswhich reflect the

sizeandthebook-to-marketeffects(FamaandFrench,1993and1996),macroeconomicfactors

(Chen,Roll andRoss,1986),productionfactors(Cochrane,1996),labor income(Jagannathan

andWang,1996),marketmicrostructurefactorslike volume(Gervais,Kaniel andMingelgrin,

2001)or liquidity (PástorandStambaugh,2001),andfactorsmotivatedfrom corporatefinance

theory(Lamont,PolkandSáa-Requejo,2001).Momentumstrategiesdonotloadverypositively

onanyof thesefactors,nor do anytheseapproachesusea factorwhich reflectsdownsiderisk.

Therestof thispaperis organizedasfollows. Section2 investigatestherelationshipbetween

pasthigher-ordermomentsandexpectedreturns.We showthatportfoliossortedby increasing

downsidecorrelationshaveincreasingexpectedreturns.Ontheotherhand,portfoliossortedby

otherhighermomentsdo not displayanydiscernablepatternin their expectedreturns.Section

3 detailstheconstructionof ourdownsiderisk factor, showsthatit commandsaneconomically

significantrisk premium,andshowsthat it is not subsumedby the FamaandFrench(1993)

factors.We apply thedownsiderisk factor to pricethemomentumportfolios in Section4 and

find thatthedownsiderisk factoris significantlypricedby themomentumportfolios.Section5

studiestherelationbetweendownsiderisk andliquidity risk, andexploresif thedownsiderisk

factorreflectsinformationaboutfuturemacroeconomicconditions.Section6 concludes.

2 Higher-Order Moments and Expected Returns

Economictheorypredictsthattheexpectedreturnof anassetis linkedto higher-ordermoments

of theasset’sreturnthroughthepreferencesof amarginal investor. ThestandardEulerequation

in anarbitrage-freeeconomyis: �������	��
������� ��
��������
(1)

where
�	��
�

is thepricingkernelor thestochasticdiscountfactor, and
����� ��
�

is theexcessreturn

onasset� . If weassumethatconsumptionandwealthareequivalentthenthepricingkernelis the

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

. By takinga

Taylorexpansionof themarginal investor’sutility function,
�

, wecanwrite:�	��
�+�-,/. #0�1� �2�� �436587 ��
�9. #;:� � �2� �< � �636587 :��
� .>=?=@=?� (2)
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where 36587 ��
� is therateof returnon themarketportfolio, in excessof therisk-freerate.

The coefficient on 36587 ��
� in equation(2),
#%�A� �2� (B� �

, correspondsto the relative risk

aversionof themarginal investor. Thecoefficient on 36587 :��
� is studiedby KrausandLitzen-

berger (1976)andmotivatesHarveyandSiddique(2000)’s coskewnessmeasure,whererisk-

averseinvestorspreferpositively skewedassetsto negativelyskewedassets.Dittmar (2001)

examinesthe cokurtosiscoefficient on 36587 C��
� and arguesthat investorswith decreasing

absoluteprudencedislike cokurtosis.Empirical researchrejectsthestandardspecificationsfor�
, suchaspowerutility, andleavesunansweredwhatthemostappropriaterepresentationfor

�
is.

However, economictheory doesnot restrict the utility function
�

to be smooth. Both

KahnemanandTversky(1979)’s lossaversionutility andGul (1991)’sfirst-orderrisk aversion

utility function havea kink at the referencepoint to which an investorcomparesgainsand

losses.Theseasymmetric,kinked utility functionssuggestthat polynomialexpansionsof
�

,

suchastheexpansionusedby Bansal,HsiehandViswanathan(1993),maynotbeagoodglobal

approximationsof
�

. In particular, standardpolynomialexpansionsmaymissasymmetricrisk.

Weshowin Section2.1thatthereis apositiverelationbetweendownsiderisk andexpected

returns. Stockswith high downsideconditionalcorrelations,which condition on movesof

the marketbelow its mean,havehigher returnsthan stockswith low downsideconditional

correlations.However, thereis norewardnorcostfor bearingrisk on theupside.In Section2.2

weshowthatstockssortedby otherhigher-ordermomentshavenodiscernablepatternsin their

expectedreturns.Wealsoshowthatstockssortedby conditionaldownsideor upsidebetashave

little discernablepatternsin Section2.3. We provideaninterpretationof our resultsin Section

2.4.

2.1 Downside and Upside Correlations

In Table(1),weshowthatstockswith highdownsiderisk with themarkethavehigherexpected

returnsthan stockswith low downsiderisk. We measuredownsiderisk and upsiderisk by

downsideconditionalcorrelations,D�E , andupsideconditionalcorrelations,D 
 , respectively. We

definetheseconditionalcorrelationsas:D E �
corr F ����� �G� 36587 �IH 3�587 �KJ 36587 �*L

and D 
 �
corr F �?�M� �G� 36587 �NH 36587 ��O 36587 �"L+� (3)

where
�?��� �

is theexcessstockreturn, 36587 � is theexcessmarketreturn,and 36587 � is themean

excessmarketreturn.
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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 calculateD�E and D 
 usingdaily continuouslycompounded

excessreturnsover thepreviousyear. We first rankstocksinto deciles,andthenwe calculate

theholdingperiodreturnoverthenextmonthof thevalue-weightedportfolio of stocksin each

decile. We rebalancetheseportfolios eachmonth. Appendix A providesfurther detailson

portfolio construction.

PanelsA andB of Table(1) list monthlysummarystatisticsof theportfoliossortedby D�E
and D 
 , respectively. We first examinethe D�E portfolios in PanelA. Thefirst columnlists the

meanmonthly holding period returnsof eachdecile portfolio. Stockswith the highestpast

downsidecorrelationshavethehighestreturns.In contrast,stockswith thelowestpastdownside

correlationshavethe lowestreturns. Going from portfolio 1, which is theportfolio of lowest

downsidecorrelations,to portfolio 10 which is theportfolio of highestdownsidecorrelations,

theaveragereturnalmostmonotonicallyincreases.Thereturndifferentialbetweentheportfolios

of thehighestdecile D�E stocksandthelowestdecile D�E stocksis 4.91%perannum(0.40%per

month).This differenceis statisticallysignificantat the5% level (t-stat= 2.26),usingNewey-

West(1987)standarderrorswith 3 lags.

Theremainingcolumnslist othercharacteristicsof the D�E portfolios.Theportfolio of stocks

with thehighestpastdownsidecorrelationshavethelowestautocorrelations,but theyalsohave

the highestbetas.Sincethe CAPM predictsthat high betastocksshouldhavehigh expected

returns,we investigatein Section3 if thehigh returnsof high D�E stocksareattributableto high

post-formationperiodbetas.However, highreturnsof high D�E stocksdonotappearto bedueto

thesizeeffect or thebook-to-marketeffect. Thecolumnslabeled“Size” and“B/M” showthat

high D E stockstendto belargestocksandgrowthstocks.Sizeandbook-to-marketeffectswould

predicthigh D�E stocksto havelow returnsratherthanhigh returns.

Thesecondto lastcolumncalculatesthepost-formationconditionaldownsidecorrelationof

eachdecileportfolio,overthewholesample.Thesepost-formationperiodD E aremonotonically

increasing,whichindicatesthatthetopdecileportfolio, formedby takingstockswith thehighest

conditionaldownsidecorrelationover thepastyear, is theportfolio with thehighestdownside

correlationoverthewholesample.This impliesthatusingpast D�E is agoodpredictorof futureD�E andthatdownsidecorrelationsarepersistent.

Thelastcolumnlists thedownsidebetas,P�E , of eachdecileportfolio. We definedownside
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beta,P�E , andits upsidecounterpart,P 
 as:P E � cov
!"�?��� �A� 36587 �QH 36587 ��J 3�587 �$&

var
! 36587 �NH 36587 �KJ 36587 �$&

and P 
 � cov
!"�?��� �A� 36587 �QH 36587 ��O 3�587 �$&

var
! 36587 �NH 36587 �KO 36587 �$& =

(4)

The PRE columnshowsthatthe D�E portfolioshavefairly flat P�E pattern.Hence,thehigherreturns

to higherdownsidecorrelationis notdueto higherdownsidebetaexposure.

PanelB of Table(1)showsthesummarystatisticsof stockssortedby D 
 . In contrasttostocks

sortedby D�E , thereis no discernablepatternbetweenthemeanreturnsandupsidecorrelations.

However, the patternsin the P ’s, marketcapitalizationsandbook-to-marketratiosof stocks

sortedby D 
 aresimilar to thepatternsfoundin D�E sorts.In particular, high D 
 stocksalsotend

to havehigherbetas,tendto belargestocks,andtendto begrowthstocks.Thelasttwo columns

list thepost-formationD 
 and P 
 statistics.Here,both D 
 and P 
 increasemonotonicallyfrom

decile1 to 10,butportfolio sortsby D 
 donotproduceanypatternin their expectedreturns.

In summary, Table (1) showsthat assetswith higher downsidecorrelationshavehigher

returns.Thisresultis consistentwith modelsin whichthemarginal investoris morerisk-averse

on the downsidethanon the upside,anddemandhigherexpectedreturnsfor bearinghigher

downsiderisk.

2.2 Coskewness and Cokurtosis

Table(2) showsthatstockssortedby pastcoskewnessandpastcokurtosisdo not produceany

discernablepatternsin theirexpectedreturns.FollowingHarveyandSiddique(2000),wedefine

coskewnessas:

coskew
� � ��S���� �$S':T � � �U � ��S :��� � ���V��S :T � � � � (5)

where
S���� �W�X�?��� �9Y[Z\�\Y P � 36587 � , is theresidualfrom theregressionof

�?�M� �
on thecontempo-

raneousexcessmarketreturn,and
S T � � is theresidualfrom theregressionof themarketexcess

returnon aconstant.

Similar to thedefinitionof coskewnessin equation(5), wedefinecokurtosisas:

cokurt
� � �]S��M� �"S CT � � �U � ��S :��� � � F � ��S :T � � ��L_^` = (6)

Wecomputecoskewnessin equation(5) andcokurtosisin equation(6) usingdaily dataoverthe

pastyear. AppendixB showsthatcalculatingdaily coskewnessandcokurtosisis equivalentto
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calculatingmonthly, or anyotherfrequency, coskewnessandcokurtosis,assumingreturnsare

drawnfrom infinitely divisibledistributions.

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

HarveyandSiddique(2000),we find that stockswith morenegativecoskewnesshavehigher

returns. However, the differencebetweenthe first and the tenth decile is only 1.79% per

annum,which is not statisticallysignificantat the 5% level (t-stat= 1.17). Stockswith large

negativecoskewnesstendto havehigherbetasandthereis little patternin their post-formation

unconditionalcoskewness.PanelB of Table(2) lists thesummarystatisticsfor theportfolios

sortedby cokurtosis.In summary, wedonotfind anystatisticallysignificantrewardfor bearing

cokurtosisrisk.

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

sortedon pastskewnessdo havestatisticallysignificantpatternin expectedreturns,but the

patternis theoppositeof thatpredictedby aninvestorwith anArrow-Prattutility. Specifically,

stockswith themostnegativeskewnesshavethe lowestaveragereturns.Moreover, skewness

is not persistentin thatstockswith high pastskewnessdo not necessarilyhavehigh skewness

in thefuture. Finally, we find thatstockssortedby kurtosishaveno patternsin their expected

returns.

2.3 Downside and Upside Betas

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

Confirmingmany previousstudies,PanelA showsthat the betadoesnot explain the cross-

sectionof stockreturns.Thereis nopatternacrosstheexpectedreturnsof theportfolio of stocks

sortedon past P . ThecolumnlabeledP alsoshowsthat theportfoliosconstructedby ranking

stocksonpastbetaretaintheir beta-rankingsin thepost-formationperiod.

PanelB of Table(3) reportsthesummarystatisticsof stockssortedby thedownsidebeta,P E . Thereis aweaklyincreasing,butmostlyhumped-shapedpatternin theexpectedreturnsof

the P�E 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,weperformthefollowing decomposition.The

downsidebetais a functionof thedownsidecorrelationanda ratio of theportfolio’sdownside
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volatility to themarket’sdownsidevolatility:P E � cov
!*�?��� �G� 3�587 �IH 36587 �KJ 36587 �$&

var
! 36587 �IH 3�587 �KJ 36587 �"&� D E8acb !*�?��� �dH 36587 �KJ 36587 �$&b !"� T � �dH 36587 ��J 36587 �"& = (7)

We denotethe ratio of the volatilities as efE � b !*�?��� �dH 36587 �gJ 36587 �"&'( b !"� T � �IH 3�587 �gJ36587 �$& , conditioningonthedownside,andacorrespondingexpressionfor e 
 for conditioning

on the upside. This decompositionshowsthat an assetcanhavea high downsidebetaeither

becauseit hasahighdownsidecorrelationor it hasahighdownsidevolatility.

The columnslabeled P E and D E list summarypost-formationP E and D E statisticsof the

decile portfolios over the whole sample. While PanelB of Table (3) showsthat the post-

formation P�E is monotonicfor the P�E portfolios,this canbedecomposedinto non-monotonic

effectsfor D�E and efE . ThedownsidecorrelationD�E increasesandthendecreasesmovingfrom

theportfolio1 to10,while efE decreasesandthenincreases.Thehump-shapein expectedreturns

largelymirrorsthehump-shapepatternin downsidecorrelation.Thetwo differenteffectsof D�E
and efE makeexpectedreturnpatternsin P�E harderto detectthanexpectedreturnpatternsin D�E .

In anunreportedresult,we find thatportfoliosof stockssortedby e E produceno discernable

patternin expectedreturns.

In contrast,Table(1) showsthatportfoliossortedby increasingD�E havelittle patternin the

downsidebetas.Hence,variationin theexpectedreturnsof P E portfoliosis likely to bedriven

by their exposureto D�E . This observationis consistentwith Ang andChen(2001)who show

that variationsin downsidebetaarelargely driven by variationsin downsidecorrelation. We

find thatsortingon downsidecorrelationproducesgreatervariationsin returnsthansortingon

downsidebeta.

Thelastpanelof Table(3) sortsstockson P 
 . Thepanelshowsa relationbetweenP 
 andD 
 . However, justaswith thelackof relationbetweenD 
 andexpectedreturnsreportedin Table

(1), thereis no patternin theexpectedreturnsacrossthe P 
 portfolios.

2.4 Summary and Interpretation

Stockssortedby increasingdownsiderisk, measuredby conditionaldownsidecorrelations,

haveincreasingexpectedreturns.In contrast,portfoliossortedby othercenteredhigher-order

moments(coskewnessandcokurtosis)havelittle discernablepatternsin returns.Althoughwe

calculateourmeasureconditionalatapoint in timeandconditionalonthemeanmarketreturnat

thattime, theemphasisof theconditionaldownsidecorrelationis on theasymmetryacrossthe
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upsidemarketmovesandthedownsidemarketmoves.If amarginal investordislikesdownside

risk, why would thepremiumfor bearingdownsiderisk only appearin portfoliossortedby D�E ,

andnotin othermomentscapturingleft-handtail exposuresuchasco-skewness?If themarginal

investor’s utility is kinked, skewnessand other odd-centeredmomentsmay not effectively

capturetheasymmetricaversionto risk acrossupsideanddownsidemoves.On theotherhand,

downsidecorrelationis a complicatedfunction of many higher-orderedmoments,including

skewness,andtherefore,downsidecorrelationmight serveasabetterproxy for downsiderisk.

Downsidecorrelationmeasuresrisk asymmetryandproducesstrongpatternsin expected

returns.However, portfolios formedby othermeasuresof asymmetricrisk, suchasdownside

beta,donotproducestrongcross-sectionaldifferencesin expectedreturns.Onestatisticalreason

is thatdownsidebetainvolvesdownsidecorrelation,plusamultiplicativeeffect from theratios

of volatilities,whichmaskstheeffectof downsidecorrelation.Second,while thebetameasures

comovementsin boththedirectionandthemagnitudeof anassetreturnandthemarketreturn,

correlationsarescaledto 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 observeddownsiderisk. For example,Chen,Hong andStein(2001)examine

bindingshort-salesconstraintswheretheeffect of a shortsaleconstraintis a fixed costrather

thanaproportionalcost.Similarly, Kyle andXiong (2001)’swealthconstraintsonly bindonthe

downside.

3 A Downside Correlation Factor

In this section,we constructa downsiderisk factor thatcapturesthe returnpremiumbetween

stockswith high downsidecorrelationsandlow 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 factor by going shortstockswith low downsidecorrelations,which have

low expectedreturns,andgoinglong stockswith high downsidecorrelations,which havehigh

expectedreturns.Finally, weshowin 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:�?�h�i�6jk�l.nmI� 36587 �_.[o?�*p 36q �_.srt�vu 36w �_.nS��x��� (8)

whereSMB
�
andHML

�
arethetwo FamaandFrench(1993)factorsrepresentingthesizeeffect

andthebook-to-marketeffect,respectively. Thecoefficients,
mI�

,
o?�

and
r��

, arethefactorloadings

onthemarket,thesizefactorandthebook-to-marketfactor, respectively. Wetestthehypothesis

that the
jB�

’s are jointly equalto zero for all ten portfolios by using the F-testdevelopedby

Gibbons,RossandShanken(1989)(henceforthGRS).

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

stockswith higherdownsidecorrelationshavehigher loadingson the marketportfolio. That

is, stockswith high downsidecorrelationstendto be stockswith high marketbetas,which is

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

labeled
o

and
r

showthat the loadingson SMB andHML both decreasemonotonicallywith

increasingdownsidecorrelations.Theseresultsarealsoconsistentwith thecharacteristicslisted

in Table(1), wherethehighestdownsiderisk stockstendto belargestocksandgrowthstocks.

Table(4) suggeststhattheFama-Frenchfactorsdonotexplainthereturnson thedownsiderisk

portfoliossincetherelationsbetweenD�E andthefactorsgo in theoppositedirectionthanwhat

theFama-Frenchmodelrequires.In particular, stockswith high downsiderisk havethelowest

loadingson sizeandbook-to-marketfactors.

In Table(4), the interceptcoefficients,
jB�

, representthe proportionof the decileportfolio

returnsleft unexplainedby the regressionof equation(8). The interceptcoefficientsincrease

with D E , sothataftercontrollingfor theFama-Frenchfactors,highdownsidecorrelationstocks

still havehigh expectedreturns.Thesecoefficientsarealmostalwaysindividually significant

andarejointly significantlydifferentfrom zeroat the95%confidencelevelusingtheGRStest.

The differencein
jk�

betweenthe decile10 portfolio and the decile1 portfolio is 0.53%per

month,or 6.55%perannumwith ap-value0.00.Hence,thevariationin downsiderisk in the D E
portfolios is not explainedby theFama-Frenchmodel. In fact, controlling for themarket,the

sizefactorandthebook-to-marketfactorincreasesthedifferencesin thereturnsfrom 4.91%to

6.55%perannum.

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

into two subsamples.We split the sampleinto January1964 throughDecember1981 and

from January1982 through December1999. We list the interceptcoefficients,
jk�

, for the
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two subsamples,with robustt-statistics.Within eachof thesetwo sub-samples,thedifference

betweenthe
jk�

for thetenthandfirst decilearelargeandstatisticallysignificantat the5%level.

Thedifferenceis 5.54%perannum(0.45%permonth)for theearliersubsampleand7.31%per

annum(0.59%permonth)for thelattersubsample.

3.2 Constructing the Downside Risk Factor

Table (1) showsthat portfolios with higher downsidecorrelationhavehigher P ’s andTable

(4) showsthat market loadingsincreasewith downsiderisk. This raisesthe issuethat the

phenomenonof increasingreturnswith increasingD E maybedueto arewardfor bearinghigher

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

performa sorton D�E , aftercontrollingfor P . Eachmonth,we placehalf of thestocksbasedon

their P ’sintoalow P groupandtheotherhalf intoahigh P group.Then,within eachP group,we

rankstocksbasedontheir D�E into threegroups:a low D�E group,amediumD�E groupandahighD�E group,with thecutoffs at33.3%and66.7%.Thissortingprocedurecreatessix portfoliosin

total.

We calculatemonthly value-weightedportfolio returnsfor eachof these6 portfolios, and

report their summarystatisticsin the first panelof Table (5). Within the low P group, the

averagereturnsincreasefrom thelow D�E portfolio to thehigh D�E portfolio, with anannualized

differenceof 2.40%(0.20%permonth). Moving acrossthe low P group,meanreturnsof theD�E portfoliosincrease,while thebetaremainsflat at aroundP = 0.66. In thehigh P group,we

observethatthereturnalsoincreaseswith D�E . Thedifferencein returnsof thehigh D�E andlowD�E portfolios,within thehigh P group,is 3.24%perannum(0.27%permonth),with at-statistic

of 1.98.However, the P decreaseswith increasingD�E . Therefore,thehigherreturnsassociated

with portfolioswith high D�E arenot rewardsfor bearinghighermarketrisk, butarerewardsfor

bearinghigherdownsiderisk.

In PanelB of Table(5), for each D E group,we takethe simpleaverageacrossthe two P
groupsandcreatethreeportfolios,whichwecall the P -balancedD�E portfolios.Moving fromtheP -balancedlow D�E portfolio to the P -balancedhigh D�E portfolio, meanreturnsmonotonically

increasewith D E . This increaseis accompaniedby amonotonicdecreasein P from P = 0.94toP = 0.87. HenceP is not contributingto thedownsiderisk effect, sincewithin eachP group,

increasingcorrelationis associatedwith decreasingP .

Wedefineourdownsiderisk factor, CMC,asthereturnsfromazero-coststrategyof shorting

the P -balancedlow D�E portfolio andgoing long the P -balancedhigh D�E portfolio, rebalancing

monthly. Thedifferencein meanreturnsof the P -balancedhigh D�E andthe P -balancedlow D�E
11



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

Sinceweincludeall firmslistedontheNYSE/AMEX andtheNASDAQ,andusedaily data

to computethehigher-ordermoments,theimpactof smallilliquid firmsmightbeaconcern.We

addressthis issuein two ways. First, all of our portfoliosarevalue-weighted,which reduces

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.Thesechecksshowthatour resultsarenotbiasedby smallfirms.

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

SMB andHML factorsof FamaandFrench(1993),theSKScoskewnessfactorof Harveyand

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

stockswith negativecoskewnessandgoeslong stockswith positivecoskewness.The WML

factor is 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

hasamonthlyvolatility of 2.06%,whichis lowerthanthevolatilitiesof SMB(2.93%)andHML

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

Fama-Frenchfactors(17%for SMB and20%for HML). TheHarvey-SiddiqueSKSfactorhasa

smallaveragereturnpermonth(0.10%)andis notstatisticallysignificant.In contrast,theWML

factorhasthehighestaveragereturn,over0.90%permonth.However, unlike theotherfactors,

WML is constructedusingequal-weightedportfolios,ratherthanvalue-weightedportfolios.

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

a slightly negativecorrelationwith the marketportfolio of –16%,a magnitudelessthanthe

correlationof SMBwith themarket(32%)andlessin absolutevaluethanthecorrelationof HML

with themarket(–40%).CMCispositivelycorrelatedwith WML (35%).Thecorrelationmatrix

showsthat SKS andCMC havea correlationof –3%, suggestingthat asymmetricdownside

2 An alternativesortingprocedureis to performindependentsortson y and z|{ , andtaketheintersectionsto be

the6 y / z}{ portfolios. This procedureproducesa similar result,but givesanaveragemonthlyreturnof 0.22%(t-

stat= 1.88),which is significantat the10%level. This procedureproducespoordispersionon z|{ becausey andz|{ arehighly correlated,so the independentsortplacesmorefirms in the low y /low z|{ andthehigh y /high z|{
portfolios,thanin thelow y /high z}{ andthehigh y /low z}{ portfolios. Our sortingprocedurefirst controlsfor y
andthensortson z|{ , creatingmuchmorebalancedportfolioswith greaterdispersionover z|{ .
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correlationrisk hasadifferenteffect thanskewnessrisk.

However, Table(6) showsthatCMC is highly negativelycorrelatedwith SMB (–64%).To

allay fearsthat CMC is not merely reflectingthe inverseof the sizeeffect, we examinethe

individual firm compositionof CMC andSMB. On average,3660firms areusedto construct

SMB eachmonth,of which SMB is long 2755firms andshort905 firms.3 We find that the

overlapof thefirms, thatSMB is going long andCMC is goingshort,constitutesonly 27%of

the total compositionof SMB. Thus,the individual firm compositionsof SMB andCMC are

quitedifferent. We find that thehigh negativecorrelationbetweenthetwo factorsstemsfrom

thefact thatSMB performspoorly in thelate80’s andthe90’s,while CMC performsstrongly

overthisperiod.

3.3 Pricing the Downside Correlation Portfolios

If theCMCfactorsuccessfullycapturesapremiumfor downsiderisk, thenportfolioswith higher

downsiderisk shouldhavehigherloadingsonCMC. To confirmthis,werun(butdonot report)

thefollowing time-seriesregressionon thetheportfoliossortedon D�E :�?�h�\��jk��.smd� 36587 �_.s~I�v� 3 ���f.nS��x��� (9)

wherethecoefficients
md�

and
~N�

areloadingson themarketfactorandthedownsiderisk factor

respectively. Runningthe regressionin equation(9) showsthat 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 portfolios with low D E havenegativeloadingson CMC. By construction,

sincetheCMC factor shortslow D�E stocks,manyof the stocksin the low D�E portfolioshave

shortpositionsin the CMC factor. Similarly, the high D�E portfolio hasa positiveloadingon

CMC becauseCMC goeslonghigh D�E stocks.

Whenweaugmenttheregressionin equation(9) with theFama-Frenchfactors,theintercept

coefficients
jk�

aresmaller. However, the fit of the datais not muchbetter, with the adjusted��:
’s thatarealmostidenticalto theoriginalmodelof around90%. While theloadingsof SMB

andHML arestatisticallysignificant,theseloadingsstill go thewrongway, astheydo in Table

(4). Low D�E portfolios havehigh loadingson SMB andHML, andthe highest D�E portfolio

3 SMB is long morefirms thanit is shortsincethebreakpointsaredeterminedusingmarketcapitalizationsof

NYSEfirms,eventhoughtheportfolio formationusesNYSE,AMEX andNASDAQ firms.
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hasalmostzeroloadingson SMB andHML. However, the CMC factor loadingscontinueto

behighly significant.

As a final check to ensurethat the high downsidecorrelationexpectedreturnsare not

accountedfor by otherfactors,werun aregressionof CMC ontoMKT, SMB, HML andWML

factorsin PanelC of Table(6). Theconstantin this regressionis highly significant,andis 10

basispointspermonthhigherthantheraw meanof CMC in PanelA. Thecoefficient on MKT

is nearzero,sincethe constructionof CMC controlsfor beta. The Fama-Frenchcoefficients,

while significant,arenegative,whichreflectthewrongsignsof thesizeandvalueeffectsonthe

original D�E portfolios.ThecoefficentonWML is positiveandstatisticallysignificant,butsmall,

reflectinga relationbetweenCMC andmomentum,whichweexaminein detailbelow.

ThataCMC factor, constructedfromthe D�E portfolios,explainsthecross-sectionalvariation

acrossD�E portfoliosis nosurprise.Indeed,wewouldbeconcernedif theCMC factorcouldnot

pricethe D�E portfolios. In thenextsection,weusetheCMCfactortohelppriceportfoliosformed

onreturncharacteristicsthatarenot relatedto theconstructionmethodof CMC. This is amuch

hardertestto pass,sincethecharacteristicsof the testassetsarenot necessarilyrelatedto the

explanatoryfactors.

4 Pricing the Momentum Effect

In this section,we demonstratethatour CMC factorhaspartialexplanatorypowerto pricethe

momentumeffect. We beginby presentinga seriesof simpletime-seriesregressionsinvolv-

ing CMC andvariousother factorsin Table(7). The dependentvariableis the WML factor

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

regressesWML ontoaconstantandtheCMC factor. Theregressionof WML ontoCMC hasan��:
of 12%,andasignificantlypositiveloading.In ModelB, addingthemarketportfoliochanges

little; themarketloadingis almostzeroandinsignificant. In Model C, we regressWML onto

MKT andSKS.NeitherMKT nor SKSis significant,andtheadjusted
� :

of theregressionis

zero.Therefore,WML returnsarerelatedto conditionaldownsidecorrelationsbutdonotseem

to berelatedto skewness.

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

regressesWML onto SMB andHML. Both SMB andHML havenegativeloadings,andthe

regressionhas a lower adjusted
��:

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,
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while theCMC factorcontinuesto haveasignificantlypositiveloading.

In eachof the regressionsin Table(7), the interceptcoefficientsaresignificantlydifferent

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

themomentumeffect. Nevertheless,Table(7) showsthatCMC hassomeexplanatorypowerfor

WML which theotherfactors(MKT, SMB, HML andSKS)donothave.

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)’smomentumstrategiesinvolve sortingstocksbasedon theirpast�
monthsreturns,where

�
is equalto 3,6,9 or 12. Foreach

�
, stocksaresortedinto decilesand

heldfor thenext 5 monthsholdingperiods,where5 = 3,6,9or12. Weformanequal-weighted

portfolio within eachdecileandcalculateoverlappingholding periodreturnsfor the next 5
months. Sincestudiesof the momentumeffect focuson the

�
=6 monthsportfolio formation

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

=6

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

horizons,andareparticularlystrongfor the
�

=3 monthssortingperiod.

Figure(1) plots the averagereturnsof the 40 portfolios sortedon past6 monthsreturns.

Theaveragereturnsareshownwith *’ s. Thereare10 portfolioscorrespondingto eachof the5 =3, 6, 9 and12 monthsholdingperiods.Figure(1) showsaveragereturnsto be increasing

acrossthe deciles(from losersto winners)andareroughly the samefor eachholding period5 . Thedifferencesin returnsbetweenthewinnerportfolio (decile10) andthe loserportfolio

(decile1)are0.54,0.77,0.86and0.68percentpermonth,with correspondingt-statisticsof 1.88,

3.00,3.87and3.22,for 5 =3, 6, 9 and12 respectively. Hence,thereturndifferencesbetween

winnersandlosersaresignificantat the1%levelexceptthemomentumstrategycorresponding

to 5 =3. Figure(1) alsoshowsthe P ’s and D�E of themomentumportfolios. While theaverage

returnsincreasefrom decile1 to decile10, thepatternsof betaareU-shaped.In contrast,the
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D�E of the decilesincreasegoing from the losersto the winners,exceptat the highestwinner

decile. Therefore,the momentumstrategiesgenerallyhavea positiverelationwith downside

risk exposure.4 We now turn to formal estimationsof therelationbetweendownsiderisk and

expectedreturnsof momentumreturns.

4.2 Fama-MacBeth (1973) Cross-Sectional Test

Weconsiderlinearcross-sectionalregressionalmodelsof theform:� !"�?�x�$&+���f�K.[� � P �1� (10)

in which
�_�

is a scalar,
�

is a 3 a , vectorof factor premia,and P � is an 3 a , vectorof

factor loadingsfor portfolio � . We estimatethe factor premia,
�
, test if

�_��� �
for various

specificationsof factors,and investigateif the CMC factor hasa significantpremiumin the

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

sectionalestimationprocedure.

In thefirst step,weusetheentiresampleto estimatethefactorloadings,P � :�?�x���6Zi�l.s� �� P ��.����x�A� �+�4,k� < �@=�=�= 7 � (11)

where
Zi�

is a scalarand
�9�

is a 3 a , vectorof factors.We alsoexamine(but do not report)

factor loadingsfrom 5-yearrolling regressionsandfind similar results.In thesecondstep,we

run a cross-sectionalregressionat eachtime
�

over � portfolios,holdingthe P � ’s fixed at their

estimatedvalues, �P � , in equation(11):�?�x�����f�K.[� � �P �l.��_�x�G� � �4,�� < �@=�=M= � = (12)

Thefactorpremia,
�
, areestimatedastheaveragesof thecross-sectionalregressionestimates:

��	� ,7 �� ���� ��t�G= (13)

Thecovariancematrixof
�
, ��� , is estimatedby:

���� � ,7 : �� ���� ! ��_��Y6���&?! ��_��Y6���& � � (14)

4 AngandChen(2001)focusoncorrelationasymmetriesacrossdownsideandupsidemoves,ratherthanthelevel

of downsideandupsidecorrelation.Theyfind that,relativeto a normaldistribution,loserportfolioshavegreater

correlationasymmetrythanwinner portfolios, eventhoughpastwinner stockshavea higher level of downside

correlationthanloserstocks.
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where
��

is themeanof
�
.

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
!�,t. ��_� �� E �� ��& E � , where �� � is theestimatedcovariancematrixof thefactors

�9�
.

In thetables,we reportt-valuescomputedusingbothunadjustedandadjustedstandarderrors.

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

portfolioscorrespondingto the
�

=6 formationperiod,we first examinethe traditionalCAPM

specificationin ModelA: � !*�?�x�$&+�6�_��.s����� � P ��� �� =
(15)

Thefit is verypoorwith anadjusted
��:

of only 7%. Moreover, thepointestimateof themarket

premiumis negative.

ModelB is theFama-French(1993)specification:� !*�?�x�$&+�6�_��.s����� � P ��� �� .s���|��� P �}���� .[�f�K��  P �K�� � =
(16)

Thismodelexplains91%of thecross-sectionalvariationof averagereturnsbut theestimatesof

the risk premiafor SMB andHML arenegative.Thenegativepremiareflectthe fact that the

loadingson SMB andHML go thewrongway for themomentumportfolios.

In comparision,ModelC addsCMC asa factortogetherwith themarket:�V!*�?�x�$&+�6�_�K.[�f��� � P ��� �� .���¡_��¡ P ¡_��¡� �
(17)

andproducesa
��:

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 thefactorpremiaof SMB andHML arestill negative,theCMC factor

premiumremainssignificantlypositiveandtheregressionproducesthesame
��:

of 93%.5

WeexaminetheCarhart(1997)four-factormodelin ModelE:� !"�?�x�$&+���f�K.[�f��� � P ��� �� .[�f�}��� P �|���� .s���¢��  P �¢�� � .[�f£¤��  P £¤�� � =
(18)

We find that addingWML to the Fama-Frenchmodeldoesnot improvethe fit relativeto the

original Fama-Frenchspecification.Both modelsproducethesame
��:

of 91%,but theWML

5 Whenthe ten z|{ portfoliosareusedasbaseassets,theestimateof theCMC premiumis 3.45%perannum,

usingonly theCMC factorin a linearfactormodel.
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premiumis notstatisticallysignificant.However, whenweaddCMC to theCarhartfour-factor

modelin Model F, thefactorpremiaon WML andCMC arebothbecomesignificant.Model F

alsohasan
��:

of 93%.ThefactthatCMC remainssignificantatthe5%level(adjt-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 negativelycorrelatedwith the Fama-Frenchfactorsand

positively correlatedwith WML. In estimationsnot reported,CMC remainssignificantafter

orthogonalizingit with respectto the other factorswith little changein the magnitudeor the

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

Frenchfactorsarebothsignificant.CMC orthogonalizedwith respectto theCarhartfour-factor

modelalsoremainssignificant. Therefore,we concludethat thesignificanceof thedownside

risk factorCMC is notdueto anyinformationthatis alreadycapturedby otherfactors.

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

The loadingsare estimatedfrom the time-seriesregressionsof the momentumportfolios on

the factorsfrom the first stepof the Fama-MacBeth(1973)procedure.We seethat for each

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

(decile10),theloadingsonthemarketportfolio remainflat,sothatthebetahaslittle 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 stronglynegativefor the past

loserportfolios to slightly positivefor the pastwinnerportfolios. The increasingloadingson

CMC acrossthedecileportfoliosfor eachholdingperiod 5 areconsistentwith the increasingD�E statisticsacrossthedecilesin Figure(1). Winnerportfolioshavehigher D�E , higherloadings

on CMC, andhigherexpectedreturns.Sincea linear factormodelimplies that thesystematic

varianceof astock’s returnis P �� � � P � from equation(11), thenegativeloadingsfor loserstocks

imply thatlosershavehigherdownsidesystematicrisk thanwinners.Thenegativeloadingsalso

suggestthatpastwinnerstocksdo poorly whenthemarkethaslargemoveson thedownside,

while pastloserstocksperformbetter.
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4.3 GMM Cross-Sectional Estimation

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

general,sinceGMM testsareone-stepprocedures,theyaremoreefficient thantwo-steptests

suchastheFama-MacBethprocedure.Moreover, weareableto conductadditionalhypotheses

testswithin the GMM framework. We beginwith a brief descriptionof theprocedurebefore

presentingour results.

4.3.1 Description of the GMM Procedure

ThestandardEulerequationfor agrossreturn,
� �x�

, is givenby:�V!*�	�$�V�x�"&+�-,k=
(19)

Linear factormodelsassumethat thepricing kernelcanbewritten asa linearcombinationof

factors: �	�i�6¥��¢.s¥ �� �9���
(20)

where
�9�

is a 3 a , vectorof factors,
¥Q�

is a scalar, and
¥��

is a 3 a , vectorof coefficients.

Therepresentationin equation(20) is equivalentto a linearbetapricingmodel:� !$�V�x�$&R�6�f�¢.[� � P �� � (21)

which is analogousto equation(10) for excessreturns.Theconstant
�f�

is givenby:�f��� ,� !*�	�A& � ,¥��K.s¥ ���¦ !$�\�$& �
thefactorloadings,P � , aregivenby:P �§� cov

!"�9�G�I� �� & E � cov
!"�9���I�V�h�"&Q�

andthefactorpremia,
�
, aregivenby:�¨�4Y ,¥�� cov

!"�9���I� �� &�¥��N=
To testwhethera factor © is priced,we testthenull hypothesis

uª�V«)�)¬���
.

Letting
� �

denotean � a , vectorof grossreturns
�V�9�®!"�¯�*���@=@=@=��I��°\�$& �

, anddenotingthe

parametersof thepricingkernelas
¥±�-!$¥��²�d¥��� &G�

, thesamplepricingerroris:³ � !$¥}&+� ,7 �� ���� !"�	�"�V�Y�,�&N= (22)
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TheGMM estimateof
¥

is thesolutionto´¶µ�·¸ �0� 7 a ³ �� # � ³ � � (23)

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

# �� � p E �� � � 7º¹
cov

! ³ � � ³ �� &G� E � , is used,anover-identifying » : testcanbeperformedby using
�8¼ » :½ , wheree

is thenumberof over-identifying restrictions.

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

variousmodels.TheHJdistancecanbeexpressedas:u¾�¿�ÁÀ ³ � !$¥}& � � ���V�"� �� � E � ³ � !"¥�&I� (24)

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 annualizedstandarddeviationof 20%, then the

maximumannualizedpricingerroris 9 percent.

TheHJ distancecanbeestimatedusingthestandardGMM procedurewith onedifference.

The weightingmatrix usedis the inverseof the covariancematrix of the secondmomentsof

assetreturns,
# � � �V���V�"� �� � E � . 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) presentstheresultsof theGMM estimations.The40 momentum
���ºÂ

portfolios,

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

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

significantlypositive risk premium,ratherthan a negativerisk premium. The Fama-French

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

premiumisestimatedto bepositive.Weconsiderthelinearfactormodelwith MKT andCMC in

ModelC. BothMKT andCMC commandpositivefactorpremiathatarestatisticallysignificant

at the1% level. In particular, theCMC premiumis estimatedto be1.00%per month,with a

t-statisticof 4.75.
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In ModelD, whichis theFama-Frenchmodelaugmentedwith theCMCfactor, factorpremia

for SMB andHML arestill negative,althoughthe HML premiumis insignificantlydifferent

from zero. This modelneststheMKT andCMC modelof Model C andalsoneststheFama-

Frenchmodel(ModelB). Takingthisasanunconstrainedmodelandusingits weightingmatrix

to re-estimateModels B and C, we can conducttwo » : over-identification tests. The null

hypothesisof thefirst testis theFama-Frenchmodel,which testsfor thesignificanceof CMC

given the Fama-Frenchfactors. This testsrejectsthe null hypothesiswith a p-valueof 0.02

( » : � =7.99). Hence,CMC doesprovideadditionalexplanatorypower for the cross-sectionof

momentumportfolioswhich theFama-Frenchmodeldoesnot provide. In thesecondtest,the

null hypothesisis the linear factor modelwith only the MKT and the CMC factors,andthe

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

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

factorsprovidenoadditionalexplanatorypowerfor 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 » : over-identificationtestwith the null of Model D againstthe

alternativeof ModelF. This testsrejectswith ap-valueof 0.01( » :: =6.54).Hence,weconclude

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, thelastcolumnshowsthatnoneof themodels

canpasstheHJ test.TheHJ statisticis generallylarge,around0.54for everymodel.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 explainthemomentumeffect.

Finally, wegraphtheaveragepricingerrorsfor themodelsin Figure(3), following Hodrick

andZhang(2001).Thepricingerrorsarecomputedusingtheweights,
# � ��� �]� �1� �� � E � , which

is thesameweightingmatrixusedto computetheHJdistance.Sincethesameweightingmatrix

is usedacrossall of themodels,wecancomparethedifferencesin thepricingerrorsfor different

models.Figure(3)displayseachmomentumportfolioonthe Ã -axis,wherethefirst tenportfolios
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correspondto the 5 �ºÄ
monthholdingperiod,thesecondten to the 5 �ºÂ

monthholding

period,thethird tento the 5 ��Å
monthholdingperiod,andfinally thefourthtento the 5 �-, <

holdingperiod.The41stassetis therisk-freeasset.Thefigureplotstwo standarderrorbounds

in solid lines,andthepricingerrorsfor eachassetin *’ s.

Figure(3) showsthattheCAPM hasmostof its pricingerrorsoutsidethetwo standarderror

bandsandshowsthattheloserportfoliosarethemostdifficult for theCAPMtoprice.TheFama-

Frenchmodelhasmostdifficulty pricingpastwinners;thepricingerrorsof everyhighestwinner

portfolio lies outsidethe two standarderror bands.The modelusingMKT andCMC factors

is theonly modelthathasall thepricing errorswithin two standarderrorbands.6 Comparing

theCAPM andthemodelwith MKT andCMC factors,we seethataddingCMC to theCAPM

greatlyhelpsto explainloserandwinnerportfolios.AddingCMC to theFamaFrenchmodelor

theCarhartmodeldoesnotchangethepricingerrorsof theassetsverymuch.This is consistent

with thefact thattheFama-FrenchandCarhartmodelsaugmentedwith theCMC factorarestill

rejected,usingtheHJ distance.TheCarhartmodelandtheCarhartmodelaugmentedwith the

CMC factorproduceaninterestingpatternfor pricing errorsrelativeto othermodels.Models

withoutWML typicallyunder-estimatetheexpectedreturnsof thewinnerportfolios. In contrast,

modelswith theWML factorover-estimatetheexpectedreturnsof winnerstocks,andunder-

estimatetheexpectedreturnsof loserstocks.

5 Downside Risk, Aggregate Liquidity and Macroeconomic

Variables

In this sectionwe explore the relation betweendownsiderisk, aggregateliquidity and the

businesscycleby investigatinghowthedownsiderisk factorcovarieswith liquidity andmacroe-

conomicvariables. The investigationin this sectionshouldbe regardedas an exploratory

exercise,ratherthanasaformal testof theunderlyingeconomicdeterminantsof downsiderisk.

5.1 Downside Risk and Liquidity Risk

A numberof studiesfind thatliquidity of themarketdriesup duringdownmarkets.Pástorand

Stambaugh(2001)constructanaggregateliquidity measurewhich usessignedorderflow, and

6 Althoughall pricingerrorsfor themodelof MKT andCMC fall within thetwostandarderrorbands,thismodel

doesnotpasstheHJdistancetest.ThegraphandtheHJdistancegivedifferentresultsbecausetheweightingmatrix

usedin computingtheHJ distancedoesnot assignanequalweight to all theportfolios in thetest,andthegraph

doesnot takeinto accountanycovariancesbetweenthepricingerrors.
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find thattheir liquidity measurespikesdownwardsduringperiodsof extremedownwardmoves,

suchasduring the October1987crash,andduring the OPECoil crisis. Otherauthors,such

asJones(2001)find that the bid-askspreadsincreasewith marketdownturns.Chordia,Roll

andSubrahmanyam(2000)alsofind apositiveassociationatadaily frequencybetweenmarket-

wideliquidity andmarketreturns.Thesedownmarkets,whichcoincidewith systematicallylow

liquidity, arepreciselytheperiodswhichdownsiderisk-averseinvestorsdislike. Wenowtry to

differentiatebetweentheeffectsof downsiderisk andaggregateliquidity risk.

To studythedownsiderisk-liquidity relation,we follow PástorandStambaugh(2001)and

reconstructtheir aggregateliquidity measure,w . Our constructionprocedureis detailedin

AppendixA. After constructingtheliquidity measure,weassignahistoricalliquidity beta,P   , at

eachmonth,for eachstocklistedonNYSE,AMEX andNASDAQ. This is doneusingmonthly

dataovertheprevious5 yearsfrom thefollowing regression:�?�h�\��jk��. P   w �_.nmI� 36587 �f.[o?�vp 3�q �f.srt�Æu 36w �f.nS��x��� (25)

wherew � is theaggregateliquidity measure.

Sinceeachstock � in our samplenow hasa downsidecorrelation( D E��� � ) anda liquidity beta

( P  ��� � ) for eachmonth,wecanexaminetheunconditionalrelationsacrossthetwo measures.First,

wecomputethecross-sectionalcorrelationbetweenD E��� � and P  ��� � ateachtime
�
, andthenaverage

overtime to obtaintheaveragecross-sectionalcorrelationbetweendownsiderisk andliquidity.

Theaveragecross-sectionalcorrelationis–0.0108,whichis closetozero.Weobtaintheaverage

time-seriescorrelationbetweenD E��� � and P  ��� � by computingthe correlationbetweenthesetwo

variablesfor eachfirm acrosstime, andthenaveragingacrossfirms. Theaveragetime-series

correlationis -0.0029,whichis alsoalmostzero.Hence,ourmeasureof downsiderisk is almost

orthogonalto PástorandStambaugh’smeasureof aggregateliquidity risk.

To further investigatethe relationbetweendownsiderisk andaggregateliquidity, we sort

stocksinto 25 portfolios. At eachmonth,we independentlysortall NYSE, AMEX andNAS-

DAQ stocksinto two quintile groups,onegroupby P   andanotherby D�E . Theintersectionof

thesetwo quintile groupsforms 25 portfolios sortedby P   and D�E . To examinethe effect of

liquidity, controllingfor downsiderisk,weaveragethe25portfoliosacrossthe D�E quintiles.We

call theseportfoliosthe‘AverageLiquidity BetaPortfolios’. Wereporttheinterceptcoefficients

from aFama-French(1993)factortime-seriesregressionof theseportfoliosin PanelA of Table

(10). Consistentwith Pástorand Stambaugh,portfolios with the lowest P   havethe most

negativemispricing. However, noneof the estimatesof the intercepttermsare statistically

significant. Furthermore,thedifferencebetween
jBÇ

and
jt�

is positive(0.10%permonth),but

insignificant. Hence,controlling for downsiderisk, thereis little relationbetweenthe cross-
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sectionof stockreturnsandtheir liquidity risk exposure.

In PanelB of Table (10), we averagethe 25 portfolios acrossthe P   quintiles. We call

theseportfolios the ‘AverageDownsideCorrelationPortfolios’. We observea similar pattern

in the averagereturnsmoving from low D�E to high D�E portfolios as in Table (4). Thereis

negativemispricingin the low D E portfoliosandpositivemispricingin thehigh D E portfolio.

Thedifferencebetween
jBÇ

and
j��

is 0.26%permonth,which is statisticallysignificantat the

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

measure,thereremainssignificantmispricingof downsiderisk relativeto theFama-Frenchthree

factormodel.

5.2 Downside Correlations and Macroeconomic Variables

To investigatetherelationbetweendownsiderisk andbusinesscycleconditions,weconsidersix

macroeconomicvariableswhich reflectunderlyingeconomicactivity andbusinessconditions.

Ourfirst twovariablesareleadingindicatorsof economicactivity: thegrowthratein theindexof

leadingeconomicindicators(LEI) andthegrowthratein theindexof HelpWantedAdvertising

in Newspapers(HELP).Wealsousethegrowthrateof total industrialproduction(IP).Thenext

threevariablesmeasurepriceandtermstructureconditions:theCPI inflation rate,thelevel of

theFedfundsrate(FED) andthe termspreadbetweenthe10-yearT-bondsandthe3-months

T-bills (TERM). All growthrates(includinginflation)arecomputedasthedifferencein logsof

theindexat times
�

and
�¢YÈ, <

, where
�

is monthly.

Toexaminetheconnectionbetweendownsideriskandmacroeconomicvariables,weruntwo

setsof regressions.Thefirst setregressesCMC onlaggedmacrovariables,while thesecondset

regressesmacroeconomicvariablesonlaggedCMC.Thefirst setof regressionsareof theform:� 3 ���\�>j�. C� �É�� md� 3�Ê �¤��ËÌ� E ��. C� �Í�� ~N�*� 3 ��� E ��.sS�� (26)

whereweusevariousmacroeconomicvariablesfor 3�Ê �¯��ËÌ� .
PanelA of Table(11) lists theregressionresultsfrom equation(26). Thereis no significant

relationbetweenlaggedmacroeconomicvariablesandtheCMC factor, exceptfor thefirst lag

of LEI, which is significantlynegativelyrelatedwith CMC. A 1% increasein thegrowth rate

of LEI predictsa27basispointdecreasein thepremiumof thedownsiderisk factor. However,

thep-valuefor the joint test(in the lastcolumnof Table(11)) thatall laggedLEI areequalto

zerofails to rejectthenull with p-value=0.09.Overall,with theexceptionof LEI, thereis little

evidenceof predictivepowerby macroeconomicvariablesto forecastCMC returns.
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To exploreif the downsiderisk factorpredictsfuturemovementsof macroeconomicvari-

ableswe run regressionsof theform:

3�Ê �¤��ËÌ�i��j�. C� �Í�� mI�v� 3 ��� E ��. C� �Í�� ~N� 3>Ê �¯��ËÌ� E �t.nS���= (27)

We alsoincludelaggedmacroeconomicvariablesin theright handsideof theregressionsince

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

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

macroeconomicvariablesprovidelittle forecastingpowerfor CMC, theCMC factorhassome

weakforecastingability for futuremacroeconomicvariables.In particular, highCMC forecasts

lower futureeconomicactivity (HELP, p-value= 0.00;IP, p-value= 0.03),lower futureinterest

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

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

to zero.

In general,theseresultsshowthathighCMCforecastseconomicdownturns.Thepredictions

of high CMC andfuture low economicactivity is seendirectly in thenegativecoefficientsfor

HELP andIP. Termspreadsalsotendto belower in economicrecessions.Estimatesof Taylor

(1993)-typepolicy ruleson theFEDoverlongsamples,wheretheFEDrateis a linearfunction

of inflationandrealactivity, showshortratesto belowerwhenoutputis low (Ang andPiazzesi,

2001).Hence,thepositivecorrelationof high CMC with futurelow HELP, low IP, low TERM

andlow FED showsthat high CMC weakly forecastseconomicdownturns. In otherwords,

rewardsto holdingstockswith high downsiderisk is greaterwhenfutureeconomicprospects

turnsour.

6 Conclusion

Stockswith higherdownsiderisk, measuredby greatercorrelationsconditionalon downside

movesof the market,havehigherexpectedreturnsthanstockswith low downsiderisk. The

portfolio of stockswith thegreatestdownsidecorrelationsoutperformstheportfolio of stocks

with thelowestdownsidecorrelationsby 4.91%perannum.Thiseffectcannotbeexplainedby

theFamaandFrench(1993)model,sinceaftercontrolling for themarketbeta,thesizeeffect

andthebook-to-marketeffect, thedifferencein thereturnsbetweenthehighestandthelowest

downsidecorrelationportfolios increasesto 6.55%perannum.To capturethis downsiderisk

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

correlationsandgoesshortstockswith low downsidecorrelations.TheCMC factorcommands
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astatisticallysignificantaveragepremiumof 2.80%perannum.

The factor structurein the cross-sectionof stockreturnsrewardsinvestorsfor bearingas-

setswith greaterdownsiderisk. In particular, pastwinner momentumportfolios havegreater

exposureto thedownsiderisk factorthanpastlosermomentumportfolios.Hence,somepartof

theprofitability of momentumstrategiescanbeexplainedascompensationfor bearinggreater

downsiderisk. Arbitrageurswho engagein momentumstrategiesfacethe risk that the strat-

egyperformspoorly whenthemarketexperiencesextremedownwardmoves.Downsiderisk

providessomeexplanatorypowerfor thecross-sectionof momentumreturns,which theFama

andFrench(1993)modeldoesnotprovide.In GMM cross-sectionalestimations,thedownside

risk factor is significantlypricedby the momentumportfolios, andit commandsa significant

risk premium.However, Hansen-Jagannathan(1997)testsrejectthe linear factormodelswith

theCMC factor, indicatingthatexposureto downsiderisk is only a partial,andnot a complete

explanationfor themomentumeffect.

Sincedownsiderisk is pricedandstocks’sensitivitiesto downsiderisk play a role in asset

pricing,our empiricalwork pointsto theneedfor modelsthatcanexplaintheunderlyingeco-

nomic mechanismswhich generatesdownsidecorrelationasymmetries.Representativeagent

modelssuggestthatdownsiderisk mayarisein equilibiumeconomieswith asymmetricutility

functions,suchasfirstorderriskaversion(Bekaert,HodrickandMarshall,1997)or lossaversion

(Barberis,HuangandSantos,2001). Theseequilibrium studieswith asymmetricutility have

beenappliedonly at anaggregate,ratherthana cross-sectional,level. Asymmetriesin correla-

tionscanalsobeproducedbyeconomieswith frictionsandhiddeninformation(HongandStein,

2001)or with agentsfacingbindingwealthconstraints(Kyle andXiong,2001).Similarly, these

studiesdonotmodellargecross-sectionsof heterogeneousassets.Whichof 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 10or 11. Weusedaily returnsfrom CRSPfor theperiodcoveringJanuary1st,1964to December
31st,1999,includingNASDAQ datawhich is only availablepost-1972.We usetheone-monthrisk-freeratefrom
CRSPandtakeCRSP’s value-weightedreturnsof all stocksasthemarketportfolio. All our returnsareexpressed
ascontinuouslycompoundedreturns.

Higher Moment Portfolios
We constructportfoliosbasedon correlationsbetweenassetÎ ’s excessreturn Ï�Ð andthemarket’sexcessreturn Ï�Ñ
conditionalondownsidemovesof themarket( z}{ ) andonupsidemovesof themarket( z?Ò ). Wealsoconstuctport-
folios basedoncoskewness,cokurtosis,y , y conditionalondownsidemarketmovements( yf{ ), and y conditional
on upsidemarketmovements( ylÒ ). At thebeginningof eachmonth,we calculateeachstock’smomentmeasures
usingthepastyear’sdaily log returnsfrom theCRSPdaily file. For themomentswhichconditionondownsideor
upsidemovements,we defineanobservationat time Ó to bea downside(upside)marketmovementif theexcess
marketreturnat Ó is lessthanor equalto (greaterthanor equalto) the averageexcessmarketreturnduring the
pastoneyearperiodin consideration.We requirea stockto haveat least220observationsto be includedin the
calculation.Thesemomentmeasuresarethenusedto sort thestocksinto decilesanda value-weightedreturnis
calculatedfor all stocksin eachdecile.Theportfoliosarerebalancedmonthly.

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

HarveyandSiddique(2000)use60 monthsof datato computethe coskewnessdefinedin equation(5) for
all stocksin NYSE, AMEX andNASDAQ. Stocksaresortedin orderof increasingnegativecoskewness.The
coskewnessfactorSKSis thevalue-weightedaveragereturnsof firms in thetop 3 deciles(with themostnegative
coskewness)minusthevalue-weightedaveragereturnof firmsin thebottom3deciles(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 returnsoverthepast6 months.We considerholdingperiodof 3, 6, 9 and12 months.This procedureyields
4 strategiesand40portfoliosin 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 ÔIÕIÖ of thereturnsof theworstperformersonemonthago,plus ÔdÕNÖ of the
returnsof theworstperformerstwo monthsago,etc.
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Liquidity Factor and Liquidity Betas
We follow PástorandStambaugh(2001)to constructanaggregateliquidity measure,× . Stockreturnandvolume
dataareobtainedfrom CRSP. NASDAQ stocksareexcludedin theconstructionof theaggregateliquidity measure.
Theliquidity estimate,Ø Ð�Ù Ú , for anindividualstock Î in month Ó is theordinaryleastsquares(OLS)estimateof Ø Ð�Ù Ú
in thefollowing regression:ÏNÛÐ�Ù Ü ÒlÝ Ù ÚtÞàß ÐÍÙ Ú)á¶â�Ð�Ù Ú'ãÏ Ð�Ù Ü�Ù Úká Ø ÐÍÙ Ú*ä Î�å?æ�çÍÏNÛÐÍÙ Ü�Ù Ú*è)é ÐÍÙ Ü�Ù ÚBáëêAÐ�Ù Ü ÒlÝ Ù ÚAìgí Þ Ô ì�î�î�î�ì1ï�î (A-1)

In equation(A-1), ãÏ'ÐÍÙ Ü�Ù Ú is theraw returnon stock Î on day í of month Ó , Ï ÛÐ�Ù Ü�Ù Ú Þ Ï�Ð�Ù Ü�Ù ÚñðòÏ�Ñ¢Ù Ü�Ù Ú is thestockreturn
in excessof themarketreturn,and é Ð�Ù Ü�Ù Ú is thedollar volumefor stock Î on day í of month Ó . Themarketreturn
ondayon day í of month Ó , Ï'Ñ9Ù Ü�Ù Ú , is takenasthereturnon theCRSPvalue-weightedmarketportfolio. A stock’s
liquidity estimate,Ø²Ð�Ù Ú , is computedin a givenmonthonly if thereareat least15 consecutiveobservations,andif
thestockhasa month-endsharepricesof greaterthan$5 andlessthan$1000.

Theaggregateliquidity measure,× , is computedbasedontheliquidity estimates,Ø Ð�Ù Ú , of individualfirmslisted
on NYSE andAMEX from August1962to December1992.Only theindividual liquidity estimatesthatmeetthe
abovecriteriais used.To constructtheinnovationsin aggregateliquidity, wefollow PástorandStambaughandfirst
form thescaledmonthlydifference: ó¯ôØ?Ú ÞÈõ�ö Úö Ý²÷ Ôø ùú Ðüû Ý?ý Ø²ÐÍÙ Ú�ð¯Ø²Ð�Ù Ú {BÝ�þ ì (A-2)

where
ø

is thenumberof availablestocksatmonth Ó , ö Ú is thetotaldollar valueof theincludedstocksat theend
of month Ó�ð	Ô , and ö Ý is thetotal dollar valueof thestocksat theendof July 1962.Theinnovationsin liquidity
arecomputedastheresidualsin thefollowing regression:

ó¯ôØ Ú Þ ÿ á � ó¤ôØ Ú {BÝ á�� ý ö Ú Õ ö Ý þ
ôØ Ú {BÝ á��}ÚAî (A-3)

Finally, theaggregateliquidity measure,×�Ú , is takento bethefitted residuals,×fÚ Þ ô� Ú .
To calculatethe liquidity betasfor individual stocks,at the endof eachmonthbetween1968and1999,we

identify stockslistedon NYSE,AMEX andNASDAQ with at leastfive yearsof monthlyreturns.Foreachstock,
we estimatea liquidity beta,y��Ð , by runningthefollowing regressionusingthemostrecentfive yearsof monthly
data: Ï Ð�Ù Ú Þ y	�Ð á y �Ð × ÚBá y�
Ð����� Ú�á y �Ð������ ÚBá y��Ð���� × Ú�á¶êAÐÍÙ ÚAì (A-4)

whereÏ ÐÍÙ Ú denotesassetÎ ’s excessreturnand × Ú is theinnovationin aggregateliquidity.

Macroeconomic Variables
We usethe following macroeconomicvariablesfrom FederalReserveBank of St. Louis: the growth ratein the
indexof leadingeconomicindicators(LEI), thegrowthratein theindexof HelpWantedAdvertisingin Newspapers
(HELP),thegrowthrateof total industrialproduction(IP), theConsumerPriceIndexinflationrate(CPI),thelevel
of theFedfundsrate(FED),andthetermspreadbetweenthe10-yearT-bondsandthe3-monthsT-bills (TERM).
All growthrates(includinginflation)arecomputedasthedifferencein logsof theindexattimes Ó and Ó�ðÌÔ�� , whereÓ is monthly.

B Time-Aggregation of Coskewness and Cokurtosis
Sincewe computeall of themonthlyhighermomentsmeasuresusingdaily data,theproblemof time aggregation
mayexistfor someof thehighermoments.Assumingthatreturnsaredrawnfrom infinitely divisibledistributions,
centralmomentsat first andsecondorder can scale. That is, an annualestimateof the mean � andvolatility� can be estimatedfrom meansand volatilities estimatedfrom daily data � Ü and � Ü , by the time aggregated
relations� Þ � �"!"� Ü and � Þ # �$�$! � Ü . Hence,daily measuresfor secondordermomentsareequivalentto their
correspondingmonthlymeasures.Wenowprovethatdaily coskewnessandcokurtosisdefinedin equations(5) and
(6) areequivalentto monthlycoskewnessandcokurtosis.

With theassumptionof infinitely divisibledistributions,cumulantsscalebutnotcentralmoments(“cumulants
cumulate”).Thecentralmoment,�	% , of & is definedas:� % Þ ')({ ( ý &ð*� Ý�þ % í,+ for Ï Þ � ì.-|ì0/}ì�îhîüîhì (B-1)
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integratingover thedistributionof returns+ , and � Ý Þ21 ý & þ . Theproductcumulants,34% , arethecoefficientsin
theexpansion: 5

ý Ó þ Þ7698;:�< (ú% û � 3 % ý ÎÆÓ þ %Ï>=@? ì (B-2)

where

5
ý Ó þ is themomentgeneratingfunctionof a univariatenormaldistribution. Thebivariatecentralmoment,� %BA , is definedas �	%CA Þ ' ({ ( ' ({ ( ý &Vð�� Ý � þ % ýED ð*� � Ý þ A í,+ for Ï Þ � ìB-�ì0/}ì�îhîüîhì (B-3)

where + is now thejoint distributionof & and D , and � Ý �GF � Ý of & and � � Ý F � Ý of D . Theproductcumulants,3 %CA , arecoefficientsin 5
ý Ó Ý ì ÓIH þ ÞJ6K8;: < (ú% Ù A û � 34%BA ý ÎÆÓ Ý�þ %Ï>= ý ÎÆÓ H þ Aä =L? ì (B-4)

where

5
ý Ó Ý ì Ó H þ is themomentgeneratingfunctionof a bivariatenormaldistribution.Notethat,� H Þ 3 H ì�	M Þ 3NM ì�	H Ý Þ 3NH Ý ì

and � M Ý Þ 3 M Ý á�- 3NH � 3 Ý1Ý î (B-5)

In thebivariatedistribution,we usethefirst variablefor themarketexcessreturnandthesecondvariablefor an
individualstock’sexcessreturn.Wecomputeall centralmoments,�	% , usingdaily excessreturn.Wedenoteall the
monthlyaggregatecumulantswith tildes, O34% Þ ý �$�$!?Õ@ÔP� þ 3N% andmonthlycentralmomentswith tildes, O�	% .

We now provethatmonthlycoskewnessis equivalentto scaleddaily coskewnessandmonthlycokurtosisis
equivalentto scaleddaily cokurtosis.Forcoskewness,notethat

coskewm Þ O�	H ÝO3 H � # O3 � H , coskewd Þ �	H Ý3 H � # 3 � H ì (B-6)

wherecoskewm ismonthlycoskewnessandcoskewd isdaily coskewness.Since� H Ý Þ 3 H Ý , coskewm Þ QR�SUTQR�SWVBX QR�VWS ÞY SZT# S\[WVTES R SWV X R VWS Þ^] Ý HHB_ � coskewd. Therefore,monthlycoskewnessanddaily coskewnessareequivalentassuming

returnsaredrawnfrom infinitely divisible distributions.
Forcokurtosis:

cokurtm Þ O�	M Ý` O3 MH � # O3 � H , cokurtd Þ �	M Ý` 3 MH � # 3 � H ì (B-7)

wherecokurtm refersto monthlycokurtosis,cokurtd refersto dailly cokurtosisand O�	M Ý Þ O34M Ý áa- O3 H � O3 Ý$Ý . Note
that:

cokurtm Þ O�	M Ý` O3 MH � # O3 � HÞ O3 M Ý á�- O34H � O3 Ý1Ý` O3 MH � # O3 � HÞ Ô���$�"! �	M Ý` 3 MH � # 3 � HÞ Ô���$�"! cokurtd (B-8)

Thelastequationfollows from thefact that 3 Ý1Ý Þ � Ý$Ý Þb1 ý ê.c�Ù d*êBehÙ d þ Þ ! , where êAÐÍÙ Ú Þ Ï ÐÍÙ Ú ðgf Ð ðªy Ð ���@� Ú , is
theresidualfrom theregressionof thefirm Î ’sexcessstockreturn Ï Ð onthecontemporaneousmarketexcessreturn,
and êAÑ9Ù Ú is theresidualfrom theregressionof themarketexcessreturnona constant.
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C Computing Hansen-Jagannathan (1997) Distances and P-
values

JagannathanandWang(1996)derivetheasymptoticdistributionof theHJ distance(equation(24)), showingthat
thedistributionof ��h ý �i þ H involvesaweightedsumof ý ø ð � ðVÔ þkj H Ý statistics.Theweightsarethe

ø ð � ðVÔ
non-zeroeigenvaluesof:l Þ � TSmon TS�pmrqts ð n TSm ï m ý ïvum n m ï m þ {BÝ ïvum n TSwpmyx {BÝ n TSm � TSwpm ì
where� TSm and n TSm aretheupper-triangularCholeskydecompositionsof � m and n m respectively, and ï m Þ{zw|B}zw~ .
JagannathanandWang(1996)showthat

l
hasexactly

ø ð � ð8Ô positiveeigenvaluesß Ý ì�î�î�î�ì ß ù {��K{BÝ . The
asymptoticdistributionof theHJdistancemetricis:��h ý �i þ H�� ù {��K{BÝú"� ß � j H Ý
as � ���

. We simulatetheHJstatistic100,000timesto computetheasymtoticp-valueof theHJdistance.
To calculatea small samplep-valuefor the HJ distance,we assumethat the linear factor modelholdsand

simulatea datageneratingprocess(DGP) with 432 observations,the samelengthasin our samples.The DGP
takestheform: Ï'ÐÍÙ Ú Þ Ï"�Ú {BÝ á y uÐ + Ú á¶ê ÐüÚ ì (C-1)

whereÏ�Ð�Ù Ú is thereturnonthe Î -th portfolio, Ï"�Ú is therisk-freerate,y}Ð is an ��h Ô vectorof factorloadings,and + Ú
is the ��h Ô vectorof factors.We assumethattherisk-freerateandthefactorsfollow a first-orderVAR process.
Let � Ú Þ ý Ï"�Ú ì.+ Ú þ u , and � Ú follows: ��Ú Þ � á l � Ú {BÝ á�� Ú ì (C-2)

where� Ú�� ø ý ! ì�� þ . WeestimatethisVAR systemanduse

ô� ,

ôl
and

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

ôy}Ð , asour factorloadings.Weassumetheerrortermsof thebaseassets,ê Ú , follow IID multivariatenormal
distributionswith meanzeroandcovariancematrix,

ô� %§ð ôy u ô��� ôy , where

ô� % is thecovariancematrixof theassets
and

ô� � is thecovariancematrixof thefactors.
For eachmodel, we simulate5000 time-seriesas describedaboveand computethe HJ distancefor each

simulationrun. Wethencountthepercentageof theseHJdistancesthatarelargerthantheactualHJdistancefrom
realdataanddenotethis ratio empiricalp-value.For eachsimulationrun, we alsocomputethetheoreticp-value
which is calculatedfrom theasymptoticdistribution.
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Table1: PortfoliosSortedonConditionalCorrelations

Panel A: Portfolios Sorted on Past z}{
Portfolio Mean Std Auto y Size B/M Lev z { y { High–Low t-stat
1 Low z { 0.77 4.18 0.15 0.69 2.61 0.63 4.96 0.74 0.94 0.40 2.26�
2 0.88 4.34 0.17 0.81 2.92 0.62 4.71 0.80 0.97
3 0.87 4.32 0.15 0.83 3.19 0.60 4.88 0.82 0.95
4 0.94 4.39 0.15 0.87 3.46 0.58 4.38 0.83 0.97
5 0.97 4.39 0.10 0.90 3.74 0.56 5.15 0.85 0.95
6 1.00 4.45 0.09 0.94 4.04 0.53 4.49 0.90 1.01
7 1.00 4.64 0.09 1.00 4.39 0.50 7.06 0.92 1.02
8 1.03 4.58 0.08 1.00 4.82 0.48 4.04 0.94 1.05
9 1.12 4.77 0.02 1.05 5.36 0.46 5.42 0.96 1.08
10 High z|{ 1.17 4.76 0.01 1.04 6.38 0.39 4.40 0.94 0.97

Panel B: Portfolios Sorted on Past z@Ò
Portfolio Mean Std Auto y Size B/M Lev z@Ò ylÒ High–Low t-stat
1 Low z?Ò 1.13 4.56 0.17 0.82 2.88 0.60 7.52 0.50 0.63 –0.06 –0.38
2 1.05 4.63 0.19 0.90 3.08 0.59 6.18 0.63 0.78
3 1.09 4.61 0.16 0.92 3.24 0.58 4.51 0.68 0.82
4 1.06 4.67 0.15 0.94 3.44 0.56 4.57 0.70 0.85
5 0.99 4.62 0.14 0.95 3.66 0.54 4.47 0.76 0.91
6 1.03 4.62 0.12 0.97 3.91 0.54 4.42 0.78 0.90
7 1.00 4.70 0.09 1.01 4.23 0.52 4.84 0.84 0.97
8 1.11 4.67 0.08 1.01 4.65 0.52 4.25 0.85 0.96
9 1.12 4.63 0.07 1.02 5.27 0.48 4.71 0.92 1.02
10 High z?Ò 1.07 4.52 0.00 1.00 6.65 0.36 4.35 0.95 1.06

The tablelists the summarystatisticsof the value-weightedz}{ and z@Ò portfolios at a monthly frequency,
where z}{ and z@Ò aredefinedin equation(3). For eachmonth,we calculatez|{ ( z?Ò ) of all stocksbased
on daily continuouslycompoundedreturnsover the pastyear. We rank the stocksinto deciles(1–10),and
calculatethe value-weightedsimplepercentagereturnover the nextmonth. We rebalancethe portfoliosat
a monthly frequency. Meansandstandarddeviationsare in percentagetermsper month. Std denotesthe
standarddeviation(volatility), Auto denotesthefirst autocorrelation,and y is thepost-formationbetaof the
portfolio with respectto themarketportfolio. At thebeginningof eachmonth Ó , wecomputeeachportfolio’s
simpleaveragelog marketcapitalizationin millions (size)andvalue-weightedbook-to-marketratio (B/M).
ThecolumnLev is thesimpleaverageof firms leverageratio which is definedastheratio of bookvalueof
assetto bookvalueof equity. Thecolumnslabeledz|{ ( z@Ò ) and y_{ ( yñÒ ) showthepost-formationdownside
(upside)correlationsanddownside(upside)betasof theportfolios. High–Low is themeanreturndifference
betweenportfolio 10andportfolio 1 andt-statgivesthet-statisticfor thisdifference.T-statisticsarecomputed
usingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags. T-statisticsthataresignificant
at the5% levelaredenotedby *. Thesampleperiodis from January1964to December1999.
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Table2: PortfoliosSortedon PastCo-Measures

Panel A: Portfolios Sorted on Past Coskewness

Portfolio Mean Std Auto y 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 y 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

Thetableliststhesummarystatisticsfor thevalue-weightedcoskewnessandcokurtosisportfoliosatamonthly
frequency. Foreachmonth,wecalculatecoskewnessandcokurtosisof all stocksbasedondaily continuously
compoundedreturnsover the pastyear. We rank the stocksinto deciles(1–10),andcalculatethe value-
weightedsimplepercentagereturnover the next month. We rebalancethe portfolios monthly. Meansand
standarddeviationsarein percentagetermspermonth. Stddenotesthestandarddeviation(volatility), Auto
denotesthefirst autocorrelation,and y is thepost-formationbetaof theportfolio with respectto themarket
portfolio. Coskewdenotesthepost-formationcoskewnessof theportfolio asdefinedin equation(5); cokurt
denotesthepost-formationcokurtosisof theportfolio asdefinedin equation(6). High–Lowis themeanreturn
differencebetweenportfolio 10 andportfolio 1 andt-statis thet-statisticfor this difference.T-statisticsare
computedusingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags.Thesampleperiodis
from January1964to December1999.
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Table3: PortfoliosSortedon PastP , P�E and P 

Panel A: Portfolios Sorted on Past y

Portfolio Mean Std Auto y High–Low t-stat
1 Low y 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 y 1.13 7.63 0.05 1.57

Panel B: Portfolios Sorted on Past y_{
Portfolio Mean Std Auto y y_{ z|{ �k{ High–Low t-stat
1 Low y_{ 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 y_{ 1.09 7.81 0.08 1.57 1.52 0.84 1.82

Panel C: Portfolios Sorted on Past yñÒ
Portfolio Mean Std Auto y yñÒ z?Ò �²Ò High–Low t-stat
1 Low yñÒ 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 yñÒ 1.00 6.77 0.06 1.41 1.45 0.80 1.81

Thetablelistssummarystatisticsfor value-weightedy , y_{ and yñÒ portfoliosatamonthlyfrequency, wherey_{ and yñÒ aredefinedin equation(4). Foreachmonth,wecalculatey ( y_{ , yñÒ ) of all stocksbasedondaily
continuouslycompoundedreturnsoverthepastyear. Werankthestocksinto deciles(1–10),andcalculatethe
value-weightedsimplepercentagereturnoverthenextmonth. We rebalancetheportfoliosmonthly. Means
andstandarddeviationsarein percentagetermspermonth. Stddenotesthe standarddeviation(volatility),
Auto denotesthefirst autocorrelation,and y is post-formationthebetaof theportfolio. Thecolumnslabeledy_{ ( ylÒ ) and z}{ ( z@Ò ) showthepost-formationdownside(upside)betasanddownside(upside)correlations
of theportfolios. Thecolumnlabeled�²Ò ( �k{ ) lists theratio of thevolatility of theportfolio to thevolatility
of themarket,bothconditioningon thedownside(upside).High–Lowis 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:Ï'Ð]Ú Þ ÿ Ð á � Ð ����� Ú á ä Ð ����� Ú á)� Ð �@� ×�Ú á¶ê ÐüÚÿ � ä � Ó ý ÿ þ Ó ý � þ Ó ý ä þ Ó ý � þ � H
1 Low z}{ -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 z}{ 0.16 1.04 -0.15 -0.17 2.80 63.75 -5.33 -4.47 0.95

GRS= 1.92 � (GRS)= 0.04

Panel B: ÿ Ð ’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 thistableshowsthetime-seriesregressionof excessreturn Ï�Ð onfactors����� , ����� and �@� × .
Theten z}{ portfoliosof Table(1) areusedin theregression.Ó ý þ is thet-statisticof theregressioncoefficient
computedusingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags.Theregression� H is
adjustedfor thenumberof degreesof freedom.� � � is the + -statisticof Gibbons,RossandShanken(1989),
testingthe hypothesisthat the regressioninterceptare jointly zero. � ý � � � þ is the � -valueof � � � . The
sampleperiodis from January1964to December1999. PanelB reportsthe ÿ ’s andt-statisticsin the time
seriesregressionin subsamples.Column“10–1” is thedifferenceof the ÿ ’s for the10thdecileandthefirst
decile.

36



Table5: Constructionof theDownsideCorrelationFactor

Panel A: Two ( y ) by Three ( z}{ ) Sort

Low z|{ Medium z|{ High z}{ High z|{ - Low z}{
Low y Mean= 0.86 Mean= 0.95 Mean= 1.06 Mean= 0.20

Std= 3.83 Std= 3.61 Std= 3.34 t-stat=1.81y = 0.66 y = 0.69 y = 0.66z}{ = 0.76 z}{ = 0.79 z}{ = 0.81
High y Mean= 0.87 Mean= 1.02 Mean= 1.14 Mean= 0.27

Std= 5.82 Std= 5.28 Std= 4.89 t-stat=1.98y = 1.23 y = 1.16 y = 1.09z}{ = 0.89 z}{ = 0.94 z}{ = 0.96

Panel B: y -Balanced z}{ Portfolios

Low z|{ Medium z|{ High z}{ High z|{ - Low z}{y -balanced Mean=0.86 Mean=0.98 Mean=1.10 Mean= 0.23
Std=4.60 Std=4.29 Std=3.88 t-stat= 2.35y =0.94 y =0.93 y =0.87z}{ =0.88 z}{ =0.92 z|{ =0.96

Summarystatisticsfor the portfoliosusedto constructdownsiderisk factor � � � at a monthly frequency.
Eachmonth,we rankstocksbasedon their y , computedfrom thepreviousyearusingdaily data,into a lowy groupanda high y group,eachgroupconsistingof onehalf of all firms. Then,within each y group,
we rank stocksbasedon their z}{ , which is alsocomputedusingdaily dataover the pastyear, into three
groups:a low z|{ group,a medium z}{ groupanda high z}{ group,with cutoff pointsat 33.3%and66.7%.
We computethemonthly value-weightedsimplereturnsfor eachportfolio. The y -balancedgroupsarethe
equal-weightedaverageof the portfoliosacrossthe two y 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 0.55� 4.40 –0.51 5.50 0.06
SMB 0.19 2.93 0.17 3.84 0.17
HML 0.32� 2.65 –0.12 3.93 0.20
WML 0.90�B� 3.88 –1.05 7.08 0.00
SKS 0.10 2.26 0.69 7.45 0.08
CMC 0.23� 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

Panel C: Regression of CMC onto Various Factors

Constant MKT SMB HML WML
coef 0.33 -0.03 -0.44 -0.21 0.07
t-stat 4.02�C� -1.47 -11.02�C� -5.84�C� 2.65�B�

PanelA showsthe summarystatisticsof the factors. MKT is the CRSPvalue-weightedreturnsof all
stocks.SMB andHML arethesizeandthebook-to-marketfactors(constructedby FamaandFrench(1993)),
WML is thereturnon thezero-coststrategyof 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 columnsshowthemeansandthestandard
deviationsof thefactors,expressedasmonthlypercetages.SkewandKurt aretheskewnessandkurtosisof
theportfolio returns.Auto refersto first-orderautocorrelation.Factorswith statisticallysignificantmeansat
the5% (1%) level aredenotedwith * (**), usingheteroskedastic-robustNewey-West(1987)standarderrors
with 3 lags.Thecorrelationmatrix betweenthefactorsis reportedin PanelB. PanelC reportstheregression
of CMC ontoMKT, SMB, HML andWML factors,with t-statisticscomputedusing3 Newey-Westlags. T-
statisticsthataresignificantat the5%(1%) levelaredenotedwith * (**). Thesampleperiodis from January
1964to December1999.
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Table7: Regressionof WML ontoVariousFactors

Constant MKT SMB HML CMC SKS Adj � H
Model A: coef 0.75 0.66 0.12

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

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

t-stat 5.33�C� –0.06 –0.06

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

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

ThisTableshowsthetime-seriesregressionof themomentumfactor, WML, ontovariousotherfactors.MKT
is themarket,SMBandHML areFama-French(1993)factors,CMCis thedownsiderisk factor,andSKSis the
Harvey-Siddique(2000)skewnessfactor. Thet-statis computedusingNewey-West(1987)heteroskedastic-
robuststandarderrorswith 3 lags.T-statisticsthataresignificantatthe5%(1%)levelaredenotedwith * (**).
Thesampleperiodis from January1964to December1999.
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Table8: Fama-MacBethRegressionTestsof theMomentumPortfolios

FactorPremiums�� � MKT SMB HML CMC WML � H JointSig

Model A: CAPM

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

Model B: Fama-French Model

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

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

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

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

Model F: Carhart Model and CMC

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

This tableshowstheresultsfrom theFama-MacBeth(1973)regressiontestson the40 momentumportfolios
sortedby past6 monthsreturns.MKT, SMB andHML areFamaandFrench(1993)’sthreefactorsandCMC
is thedownsiderisk factor. WML is returnonthezero-coststrategygoinglongpastwinnersandshortingpast
losers(constructedfollowing Carhart(1997)).In thefirst stageweestimatethefactorloadingsoverthewhole
sample. The factor premia, � , areestimatedin the second-stagecross-sectionalregressions.We compute
two t-statisticsfor eachestimate.Thefirst oneis computedusingtheuncorrectedFama-MacBethstandard
errors. The secondoneis computedusingShanken’s (1992)adjustedstandarderrors. The ��� is adjusted
for the numberof degreesof freedom. The last columnof the tablereportsp-valuesfrom ��� testson the
joint significanceof thebetasof eachmodel. Thefirst p-valueis computedusingtheuncorrectedvariance-
covariancematrix,while thesecondoneusesShanken’s (1992)correction.T-statisticsthataresignificantat
the5%(1%) levelaredenotedwith * (**). 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(� ) 1.01 –4.68 57.81 0.59
t-stat 70.87�C� –4.14�C� [0.03]� [0.00]�C�
Premium( � ) 0.92
t-stat 4.14�C�
Model B: Fama-French Model

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

Model C: Using MKT and CMC

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

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

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

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

This tablelists the optimalGMM estimationresultsof the modelsusing40 momentumportfolios with the
risk-freerate.Coefficient ( � ) refersto thefactorcoefficientsin thepricingkernelandPremia( � ) refersto the
factorpremia( � ) in monthlypercentageterms.P-valuesof JandHJ testsareprovidedin [], with p-valuesof
lessthan5% (1%) denotedby * (**). TheJ-testis Hansen’s (1982) ��� teststatisticson theover-identifying
restrictionsof themodel. HJ denotestheHansen-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  ¡ ¢ £ ¤9¥E ;¦ ¤9¥W¡9¦ ¤9¥W¢P¦ ¤9¥\£§¦ ���
1 Low ¨�© -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 ¨ © -0.08 1.01 0.42 0.11 -0.92 44.22 12.77 2.88 0.91 >ª -  ;« = 0.10t-stat=0.71

Panel B: Mispricing across Average Downside Correlation Portfolios  ¡ ¢ £ ¤9¥E ;¦ ¤9¥W¡9¦ ¤9¥W¢P¦ ¤9¥\£§¦ ���
1 Low ¬N -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 ¬N 0.08 1.07 -0.13 -0.13 1.80 90.83 -7.70 -4.70 0.98  ª -   « = 0.26t-stat=2.62

This tableshowsthetime-seriesregressionof excessreturn ®w¯ on factors °�±�² , ³´°�µ and ¶@°�· . In each
month,wesortall NYSE,AMEX andNASDAQ stocksinto 25 portfolios. We first sortstocksinto quintiles
by ¨ © andsort stocksinto quintilesby ¬  , where ¨ © is computedusingequation(25) usingthe previous
5 yearsof monthlydata.Theintersectionof thesequintilesforms25 portfolioson ¨�© and ¬4 . Theaverage
liquidity betaportfoliosin PanelA aretheliquidity betaquintilesaveragedoverthe ¬4 quintiles.Theaverage¬  portfolios in PanelB arethe ¬  quintilesaveragedover the liquidity betaquintiles. The tablereports
the coefficientsfrom a time-seriesregressionof the portfolio returnsonto the Fama-French(1993)factors:® ¯¹¸�º   ¯ » ¡ ¯ °�±�² ¸ » ¢ ¯ ³�°�µ ¸>» £ ¯ ¶@°�· ¸>»�¼C¯¹¸ . ¤9¥\¦ is thet-statisticof theregressioncoefficientcomputed
usingNewey-West(1987)heteroskedastic-robuststandarderrorswith 3 lags. Theregression� � is adjusted
for thenumberof degreesof freedom.January1968to December1999.  >ª -  k« is thedifferencein thealphas  betweenthe5thquintile andthefirst quintile.
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Table11: MacroeconomicVariablesand ½�¾^½
Panel A: ¿À°Á¿o¸ º   »ÃÂJÄ¯ÆÅ « ¡ ¯\°�ÇÈ¿��ÀÉ�¸  ¯ »ÃÂaÄ¯¹Å «ËÊ ¯W¿À°Á¿o¸  ¯ »�¼ ¸°�ÇÈ¿��ÀÉÌ¸  « °�ÇÍ¿���É�¸ §� °�ÇÈ¿��ÀÉ�¸  Ä JointSig

LEI coef –0.27 0.22 0.06 0.09
t-stat –2.27� 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:°�ÇÈ¿��ÀÉ ¸Îº   » Â Ä¯ÆÅ « ¡ ¯ ¿À°Á¿ ¸  ¯§» Â Ä¯¹Å « Ê ¯ °�ÇÈ¿��ÀÉ ¸  ¯4»�¼.¸¿À°Á¿ ¸  « ¿À°Á¿ ¸ §� ¿À°Á¿ ¸  Ä 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 0.00�C�

t-stat –5.34�B� 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 0.03�

t-stat –1.77 –2.04� 0.03
FED coef 0.00 –0.03 –0.03 0.01�C�

t-stat 0.30 –1.37 –2.42�
TERM coef –0.02 0.02 –0.01 0.03�

t-stat –2.21� 1.42 –0.82

This tableshowsthe resultsof the regressionsbetweenCMC andthe macroeconomicvariables. PanelA
lists the resultsfrom the regressionsof ¿À°Á¿ on lagged ¿À°Á¿ andlaggedmacroeconomicvariables,but
reportsonly the coefficientson laggedmacrovariables. PanelB lists the resultsfrom the regressionsof
macrovariableson laggedCMC andlaggedmacroeconomicvariables,but reportsonly the coefficientson
laggedCMC. LEI is the growth rateof the indexof leadingeconomicindicators,HELP is the growth rate
in the indexof Help WantedAdvertisingin Newspapers,IP is thegrowthrateof industrialproduction,CPI
is thegrowthrateof ConsumerPriceIndex,FED is thefederaldiscountrateandTERM is theyield spread
between10yearbondand3 monthT-bill. All growthrate(includinginflation)arecomputedasthedifferences
in logsof theindexat time ¤ andtime ¤�Ï)Ð�Ñ , where¤ 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,andarelistedbeloweachestimate.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,Ò , Ó�Ô of MomentumPortfolios
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Theseplots showthe averagemonthly percentagereturns, ¨ and ¬4 of the JegadeeshandTitman (1993)
momentumportfolios. Õ refersto formationperiodand ± refersto holding periods. For eachmonth,we
sortall NYSE andAMEX stocksinto decileportfoliosbasedon their returnsoverthepast Õ =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 MomentumPortfolioson Factors
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Theseplotsshowtheloadingsof theJegadeeshandTitman(1993)momentumportfoliosonMKT,SMB,HML
andCMC. Factorloadingsareestimatedin the first stepof theFama-MacBeth(1973)procedure(equation
(11)). Õ refersto formationperiodand ± refersto holdingperiods.For eachmonth,we sortall NYSE and
AMEX stocksinto decileportfoliosbasedon their returnsover the past Õ =6 months.We considerholding
periodsover the next 3, 6, 9 and12 months. This procedureyields 4 strategiesand40 portfolios in total.
MKT, SMB andHML areFamaandFrench(1993)’s threefactorsandCMC is thedownsidecorrelationrisk
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 Õ º×Ö or the risk-freeasset.The first ten portfolios
correspondto the ± ºaØ monthholdingperiod,thesecondtento the ± ºJÖ monthholdingperiod,thethird
tento the ± º{Ù monthholdingperiod,andfinally thefourth ten to the ± º Ð�Ñ holdingperiod. The41st
assetis therisk-freeasset.Thegraphsshowtheaveragepricingerrorswith asterixes,with two standarderror
bandsin solid lines. Theunitson the Ú -axisarein percentageterms.Pricingerrorsareestimatedfollowing
computationof theHansen-Jagannathan(1997)distance.
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