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Abstract

Stockswith greaterdownsiderisk, which is measuredby highercorrelationsconditionalon
downsidemovesof the market,havehigherreturns. After controlling for the marketbeta,the
sizeeffect andthe book-to-marketffect, the averageateof returnon stockswith the greatest
downsiderisk exceedsheaverageateof returnon stockswith theleastdownsiderisk by 6.55%
per annum. Downsiderisk is importantfor explainingthe cross-sectiorof expectedreturns.
In particular we find thatsomeof the profitability of investingin momentumstrategiecanbe
explainedascompensatioffior bearinghigh exposurego downsiderisk.



1 Introduction

Wedefine“"downsiderisk” to betheriskthatanassetsreturnis highly correlatedvith themarket
whenthe marketis declining. In this article, we showthattherearesystematic/ariationsin the

cross-sectionf stockreturnsthatarelinkedto downsiderisk. Stockswith higherdownsiderisk

havehigherexpectedeturns,which cannotbe explainedby the marketbeta,the sizeeffect or

thebook-to-markeeffect. In particular we find thathighreturnsassociateavith themomentum
strategiegJegadeesandTitman,1993)aresensitiveto the fluctuationsn downsiderisk.

Markowitz (1959) raisesthe possibility that agentscare aboutdownsiderisk, ratherthan
aboutthemarketrisk. Headvisesonstructingportfoliosbasednsemi-variancesatherthanon
variancessincesemi-variancegeightupsiderisk (gains)anddownsiderisk (lossesylifferently.
In Kahnemanand Tversky (1979)'s loss aversionand Gul (1991)' first-orderrisk aversion
utility, lossesareweightedmoreheavilythangainsin aninvestorsutility function. If investors
dislike downsiderisk, thenanassetwith greatedownsiderisk is notasdesirableas,andshould
havea higherexpectedeturnthan,anassetvith lower downsiderisk. We find thatstockswith
highly correlatednmovementon the downsidehavehigherexpectedeturns. The portfolio of
greatestlownsiderisk stocksoutperformgheportfolio of lowestdownsiderisk stocksby 4.91%
perannum.After controlling for the marketbeta,the sizeeffect andthe book-to-marketeffect,
the greatestownsiderisk portfolio outperformsthe lowestdownsiderisk portfolio by 6.55%
perannum.

It is not surprisingthat higherordermomentsplay a role in explainingthe cross-sectional
variationof returns. However which higherordermomentsareimportantfor cross-sectional
pricing is still a subjectof debate. Unlike traditional measure®f centeredchigherorder mo-
ments,our downsiderisk measureemphasizethe asymmetriceffect of risk acrossupsideand
downsidemovementgAng andChen,2001). We find little discernablgatternin the expected
returnsof stocksrankedby third-ordermoments(Rubinstein,1973; Kraus and Litzenbeper,
1976;HarveyandSiddique 2000),by fourth-ordemomentgDittmar, 2001)by downsidebetas,
or by upsidebetas(BawaandLindenbeg, 1977).

We alsofind that the profitability of the momentumstrategiess relatedto downsiderisk.
While Famaand French(1996) and Grundy and Martin (2001) find that controlling for the
market,the size effect, andthe book-to-markeeffect increaseshe profitability of momentum
strategiesratherthan explainingit, the momentumportfolios load positively on a factor that
reflectsdownsiderisk. A linear two-factor model with the marketand this downsiderisk
factorexplainssomeof the cross-sectionakturnvariationsamongmomentunportfolios. The
downsiderisk factor commandsa significantly positiverisk premiumin both Fama-MacBeth



(1973) and GeneralizedMethod of Moments(GMM) estimationsand retainsits statistical
significancan thepresencef the Fama-Frencfactors.Althoughourlinearfactormodelswith
downsiderisk are rejectedusing the Hansen-Jagannathgh997) distancemetric, our results
suggesthatsomeportionof momentunprofitscanbeattributedascompensatiofor exposures
to downsiderisk. Pastwinnerstockshavehighreturns,n part,becauseluringperiodswhenthe
marketexperiencegdownsidemoves winnerstocksmovedownmorewith themarketthanpast
loserstocks.

Existing explanationsof the momentumeffect are largely behavioralin natureand use
modelswith imperfectformation and updatingof investors’expectationsn responseo new
information(Barberis ShleiferandVishny, 1998;Daniel,HirshleiferandSubrahmanyani,998;
HongandStein,1999). Theseexplanationgely on the assumptiorthatarbitrageis limited, so
thatarbitrageurgannoteliminatetheapparenprofitability of momentunstrategiesMispricing
may persistbecausarbitrageursieedto bearsomeundiversifiablefactorrisk, andrisk-averse
arbitrageursddemandcompensatiorior acceptingsuchrisk (Hirshleifer, 2001). In particular
JegadeeshndTitman (2001)showthatthe momentumeffect haspersistedsinceits discovery
We showthatmomentunrstrategiefiavehigh exposureso a systematicownsiderisk factor.

Ourfindingsarecloselyrelatedto HarveyandSiddique(2000),who aguethatskewnesss
priced,andshowthatmomenturnrstrategiearenegativelyskewed.In our datasample we fail
to find any patternrelating pastskewnesgso expectedeturns. Our findingsarealsorelatedto
DeBondtandThaler(1987)who find thatpastwinner stockshavegreaterdownsidebetasthan
upsidebetas.Thoughthe profitability of momentunrstrategiess relatedto asymmetriesn risk,
wefindlittle systematieffectin thecross-sectionf expectedeturnsrelatingto downsidebetas.
Insteadwe find thatit is downsidecorrelationwhichis priced.

While Chordiaand Shivakumar(2000)try to accountfor momentumwith a factor model,
wherethefactorbetasvary overtime asalinearfunctionof instrumentalvariablestheydo not
estimatethis modelusingcross-sectionahethods.Ahn, ConradandDittmar (2001)find that
imposingtheseconstraintseduceshe profitability of momentumstrategies.Ghysels(1998)
alsoamguesagainsttime-varyingbetamodels,showingthat linear factor modelswith constant
risk premia,like the modelswe estimate performbetterin smallsamples Hodrick andZhang
(2001) alsofind that modelsthat allow betasto be a function of businesscycle instruments
performpoorly, andtheyfind substantiainstabilitiesin suchmodels!

Ourresearcldesignfollows the customof constructingandaddingfactorsto explaindevi-

1 An alternativenon-behavioragéxplanatiorfor momenturris proposedy ConradandKaul (1998),who argue
thatthemomentunreffectis dueto cross-sectionalariationsin (constantexpectedeturns.JegadeesandTitman
(2001)rejectthis explanation.



ationsfrom the Capital AssetPricing Model (CAPM). However this approachdoesnot speak
to the sourceof factorrisk premia. Althoughwe designour factorto measureaneconomically
meaningfulconcepbf downsiderisk, ourgoalis notto presentitheoreticamodelthatexplains
howdownsiderisk arisesn equilibrium. Ourgoalis to testwhethera partof thefactorstructure
in stockreturnsis attributableto downsiderisk. Otherauthorsusefactorswhich reflectthe
sizeandthebook-to-markeeffects(FamaandFrench,1993and1996),macroeconomiactors
(Chen,Roll andRoss,1986),productionfactors(Cochrane1996),laborincome(Jagannathan
andWang,1996),marketmicrostructurdactorslike volume(Gervais,Kaniel andMingelgrin,
2001)or liquidity (PastorandStambaugh?001),andfactorsmotivatedfrom corporateinance
theory(Lamont,PolkandSaa-Requejo2001). Momentumstrategieslonotloadvery positively
on anyof thesefactors,nor do anytheseapproachessea factorwhich reflectsdownsiderisk.
Therestof thispaperis organizedasfollows. Section2 investigatesherelationshigetween
pasthigherordermomentsandexpectedeturns.We showthat portfolios sortedby increasing
downsidecorrelationhaveincreasingexpectedeturns.Ontheotherhand portfoliossortedoy
otherhighermomentsdo not displayanydiscernablgatternin their expectedeturns.Section
3 detailsthe constructiorof our downsiderisk factor, showsthatit commandsneconomically
significantrisk premium,and showsthatit is not subsumedy the Famaand French(1993)
factors. We apply the downsiderisk factorto price the momentunportfoliosin Section4 and
find thatthe downsiderisk factoris significantlypricedby the momentunyportfolios. Sections
studiesherelationbetweerdownsiderisk andliquidity risk, andexploresif the downsiderisk
factorreflectsinformationaboutfuture macroeconomiconditions.Section6 concludes.

2 Higher-Order Moments and Expected Returns

Economictheorypredictsthattheexpectedeturnof anassets linked to higherordermoments
of theasse® returnthroughthepreferencesf amamginalinvestor Thestandardzulerequation
in anarbitrage-freeeconomyis:

Eimysi7i1] = 0, (1)

wherem,, is thepricing kernelor the stochastiaiscountfactor, andr; ;. is theexcesseturn
onasset. If weassumehatconsumptiorandwealthareequivalenthenthepricingkernelisthe
mauginal rateof substitutionfor themamginalinvestor:m;,, = U'(W,,1)/U'(W;). By takinga
Taylor expansiorof the mamginalinvestors utility function,U, we canwrite:

WtU" WQUIII
o MKTy + ;7UIMKTE+1

miy =1+ .. (2)



whereM KT, is therateof returnonthe marketportfolio, in excesf therisk-freerate.

The coeficient on M K'T;,; in equation(2), W,U" /U’, corresponddo the relative risk
aversionof themamginal investor The coeficienton M K'T7, is studiedby KrausandLitzen-
beger (1976) and motivatesHarvey and Siddique(2000)'s coskewnessneasurewhererisk-
averseinvestorsprefer positively skewedassetdo negativelyskewedassets.Dittmar (2001)
examinesthe cokurtosiscoeficient on M K72, and amguesthat investorswith decreasing
absoluteprudencelislike cokurtosis.Empirical researchrejectsthe standardspecificationgor
U, suchaspowerutility, andleavesunanswereavhatthe mostappropriateepresentatiofor U
is.

However economictheory doesnot restrict the utility function U to be smooth. Both
KahnemarandTversky(1979)slossaversionutility andGul (1991)5sfirst-orderrisk aversion
utility function havea kink at the referencepoint to which an investorcomparegyainsand
losses. Theseasymmetric kinked utility functionssuggesthat polynomialexpansionof U,
suchastheexpansiorusedby Bansal HsiehandViswanathar{1993),maynotbeagoodglobal
approximation®f U. In particular standargolynomialexpansiongnay missasymmetriaisk.

We showin Section2.1thatthereis a positiverelationbetweerdownsiderisk andexpected
returns. Stockswith high downsideconditional correlations,which condition on movesof
the marketbelow its mean, have higher returnsthan stockswith low downsideconditional
correlations However thereis norewardnor costfor bearingrisk ontheupside.ln Section2.2
we showthatstockssortedby otherhigherordermomentshaveno discernablgatternsn their
expectedeturns.We alsoshowthatstockssortedoy conditionaldownsideor upsidebetashave
little discernablgoatterngn Section2.3. We provideaninterpretatiorof our resultsin Section
2.4,

2.1 Downside and Upside Correlations

In Table(1), we showthatstockswith high downsiderisk with the markethavehigherexpected
returnsthan stockswith low downsiderisk. We measuredownsiderisk and upsiderisk by
downsideconditionalcorrelationsp~, andupsideconditionalcorrelationsp™, respectivelyWe
definetheseconditionalcorrelationsas:

p~ =corr(r;y, MKT,|MKT, < MKT})
and p* =corr(ry;, MKT,|MKT, > MKT,), (3)

wherer; ; is theexcesstockreturn,M KT, is theexcessnarketreturn,andM KT, is themean
excessnarketreturn.



To ensurethat we do not capturethe endogenousnfluenceof contemporaneouslizigh
returnson higherordermomentswe form portfolios sortedby pastreturncharacteristicand
examineportfolio returnsover a future period. To sort stocksbasedon downsideand upside
correlationsat a point in time, we calculatep™ and p™ usingdaily continuouslycompounded
excesgeturnsoverthe previousyear We first rank stocksinto deciles,andthenwe calculate
theholding periodreturnoverthe nextmonthof the value-weightegortfolio of stocksin each
decile. We rebalanceheseportfolios eachmonth. Appendix A providesfurther detailson
portfolio construction.

PanelsA andB of Table(1) list monthly summarystatisticsof the portfolios sortedby p~
andpt, respectively We first examinethe p~ portfoliosin PanelA. Thefirst columnlists the
meanmonthly holding period returnsof eachdecile portfolio. Stockswith the highestpast
downsidecorrelationdavethehighesteturns.In contraststockswith thelowestpastdownside
correlationshavethe lowestreturns. Going from portfolio 1, which is the portfolio of lowest
downsidecorrelationsto portfolio 10 which is the portfolio of highestdownsidecorrelations,
theaverageeturnalmostmonotonicallyincreasesThereturndifferentialbetweertheportfolios
of the highestdecilep~ stocksandthelowestdecilep~ stocksis 4.91%perannum(0.40%per
month). This differenceis statisticallysignificantat the 5% level (t-stat= 2.26),usingNewey-
West(1987)standarcerrorswith 3 lags.

Theremainingcolumndist othercharacteristicef the p~ portfolios. Theportfolio of stocks
with thehighestpastdownsidecorrelationshavethelowestautocorrelationgyut theyalsohave
the highestbetas. Sincethe CAPM predictsthat high betastocksshouldhavehigh expected
returnswe investigatan Section3 if the high returnsof high p~ stocksareattributableto high
post-formatiorperiodbetas.However highreturnsof high p~ stocksdo notappeato bedueto
the sizeeffect or the book-to-markeeffect. The columnslabeled‘Size” and“B/M” showthat
highp~ stockstendto belargestocksandgrowthstocks.Sizeandbook-to-markeeffectswould
predicthigh p~ stocksto havelow returnsratherthanhigh returns.

Thesecondo lastcolumncalculateghe post-formatiorconditionaldownsidecorrelationof
eachdecileportfolio, overthewholesample.Thesepost-formatiomperiodp™ aremonotonically
increasingyhichindicateghatthetopdecileportfolio, formedby takingstockswith thehighest
conditionaldownsidecorrelationoverthe pastyeatr is the portfolio with the highestdownside
correlationoverthewhole sample.Thisimpliesthatusingpastp™ is agoodpredictorof future
p~ andthatdownsidecorrelationsarepersistent.

Thelastcolumnlists the downsidebetas,3—, of eachdecileportfolio. We definedownside



beta,3, andits upsidecounterpart3* as:

cov(riy, MKT,|MKT, < MKT},)
var(M KT, MKT, < MKT,)
covr;y, MKT,|MKT, > MKT),)

and gt = — (4)
varlM KT, MKT, > MKT,)

ﬂiz

The3~ columnshowsthatthep~ portfolioshavefairly flat 5~ pattern.Hencethehigherreturns
to higherdownsidecorrelationis not dueto higherdownsidebetaexposure.

PaneB of Table(1) showshesummarnystatisticof stockssortedby p*. In contrasto stocks
sortedby p—, thereis no discernablgatternbetweerthe meanreturnsandupsidecorrelations.
However the patternsin the 3’s, marketcapitalizationsand book-to-marketatios of stocks
sortedby p* aresimilarto thepatternsfoundin p~ sorts.In particular high p* stocksalsotend
to havehigherbetastendto belarge stocks.andtendto begrowthstocks.Thelasttwo columns
list the post-formatiorp™ ands™ statistics.Here,bothp* andg3* increasemonotonicallyfrom
decilel to 10, but portfolio sortsby p™ do not produceany patternin their expectedeturns.

In summary Table (1) showsthat assetswith higher downsidecorrelationshave higher
returns.Thisresultis consistentvith modelsin whichthemarginalinvestoris morerisk-averse
on the downsidethan on the upside,and demandhigher expectedreturnsfor bearinghigher
downsiderisk.

2.2 Coskewnessand Cokurtosis

Table(2) showsthatstockssortedby pastcoskewnesandpastcokurtosisdo not produceany
discernablgatternsn theirexpectedeturns.FollowingHarveyandSiddique(2000),we define
coskewnesss:

s m,t] ’ (5)

wheree;; = r;; — oy — 3;M KT}, is theresidualfrom the regressiorof r; ; on the contempo-
raneousexcesdnarketreturn,ande,, ; is theresidualfrom theregressiorof the marketexcess
returnon a constant.

Similarto thedefinition of coskewness equation(5), we definecokurtosisas:

E[6i7t6§n,t]

JEE] (Bl )

We computecoskewness equation(5) andcokurtosisn equation(6) usingdaily dataoverthe

cokurt=

(6)

pastyear AppendixB showsthatcalculatingdaily coskewnesandcokurtosisis equivalentto
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calculatingmonthly, or any otherfrequency coskewnesandcokurtosis,assumingeturnsare
drawnfrom infinitely divisible distributions.

PanelA of Table (2) lists the characteristicof stockssortedby pastcoskewness.Like
Harveyand Siddique(2000),we find that stockswith more negativecoskewnesfavehigher
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
negativecoskewnesgendto havehigherbetasandthereis little patternin their post-formation
unconditionalcoskewnessPanelB of Table(2) lists the summarystatisticsfor the portfolios
sortedby cokurtosis.In summarywe do notfind anystatisticallysignificantrewardfor bearing
cokurtosisisk.

We alsoperform(but do not report)sortson skewnessndkurtosis.We find thatportfolios
sortedon pastskewnesslo have statistically significantpatternin expectedreturns,but the
patternis the oppositeof that predictedby aninvestorwith an Arrow-Prattutility. Specifically
stockswith the mostnegativeskewnessavethe lowestaverageeturns. Moreover skewness
is not persistentn thatstockswith high pastskewnesslo not necessariljhavehigh skewness
in thefuture. Finally, we find that stockssortedby kurtosishaveno patterngn their expected
returns.

2.3 Downside and Upside Betas

In Table (3), we sortstockson the unconditionalbeta,the downsidebetaandthe upsidebeta.
Confirming many previousstudies,PanelA showsthat the betadoesnot explainthe cross-
sectionof stockreturns.Thereis no patternacrosgsheexpectedeturnsof theportfolio of stocks
sortedon past/. The columnlabeleds alsoshowsthatthe portfolios constructedy ranking
stockson pastbetaretaintheir beta-ranking$n the post-formatiorperiod.

PanelB of Table(3) reportsthe summarystatisticsof stockssortedby the downsidebeta,
(B~. Thereis aweaklyincreasingbut mostly humped-shapegatternin the expectedeturnsof
the 5~ portfolios. However the differencein the returnsis not statisticallysignificant. This is
in contrastto the strongmonotonicpatternwe find acrosshe expectedeturnsof stockssorted
by downsidecorrelation.

Both the downsidebetaandthe downsidecorrelationmeasurdow anasset returnmoves
relativeto themarketsreturn,conditionalondownsidemovesof themarket.In orderto analyze
why thetwo measureproducedifferentresults we performthefollowing decompositionThe
downsidebetais a functionof the downsidecorrelationanda ratio of the portfolio’s downside



volatility to the markets downsidevolatility:

cov(riy, MKT,|MKT, < MKT,)
va(MKT, MKT, < MKT),)
o(rit MKT, < MKT)

=p X —. (7)
O'(Tm’t|MK7-;: < MKTt)

ﬂ_:

We denotethe ratio of the volatilities ask™ = o(ri;]MKT, < MKT;)/o(rmMKT, <
MKT),), conditioningonthedownside anda correspondingxpressiofior k* for conditioning
on the upside. This decompositiorshowsthat an assetcan havea high downsidebetaeither
becausét hasa high downsidecorrelationor it hasa high downsidevolatility.

The columnslabeleds™ andp~ list summarypost-formations— and p~ statisticsof the
decile portfolios over the whole sample. While PanelB of Table (3) showsthat the post-
formation 3~ is monotonicfor the 3~ portfolios, this canbe decomposedihto non-monotonic
effectsfor p~ andk~. Thedownsidecorrelationp™ increasesndthendecreasemovingfrom
theportfolio 1to 10,while £~ decreaseandthenincreasesThehump-shape expectedeturns
largely mirrorsthe hump-shapgatternin downsidecorrelation. Thetwo differenteffectsof p—
andk~ makeexpectedeturnpatternsn 5~ harderto detecthanexpectedeturnpatternsn p—.
In anunreportedesult,we find that portfolios of stockssortedby £~ produceno discernable
patternin expectedeturns.

In contrast,Table(1) showsthatportfoliossortedby increasingo™ havelittle patternin the
downsidebetas.Hence variationin the expectedeturnsof 5~ portfoliosis likely to bedriven
by their exposureo p~. This observatioris consistentvith Ang and Chen(2001)who show
that variationsin downsidebetaarelargely driven by variationsin downsidecorrelation. We
find thatsortingon downsidecorrelationproducegyreatervariationsin returnsthansortingon
downsidebeta.

Thelastpanelof Table(3) sortsstockson 5*. The panelshowsa relationbetweens* and
pT. However justaswith thelackof relationbetweerp™ andexpectedeturnsreportedn Table
(1), thereis no patternin the expectedeturnsacrosshe 5+ portfolios.

24 Summary and Interpretation

Stockssortedby increasingdownsiderisk, measuredoy conditional downsidecorrelations,
haveincreasingexpectedeturns. In contrast portfolios sortedby othercenterechigherorder
momentgcoskewnesandcokurtosis)havelittle discernablgatternsn returns. Althoughwe
calculateour measureonditionalatapointin time andconditionalonthemeanmarketreturnat
thattime, theemphasi®f the conditionaldownsidecorrelationis on the asymmetryacrosshe
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upsidemarketmovesandthe downsidemarketmoves.If amarginalinvestordislikesdownside
risk, why would the premiumfor bearingdownsiderisk only appeaiin portfoliossortedby p—,
andnotin othermomentsapturingeft-handtail exposuresuchasco-skewness# themaiginal
investors utility is kinked, skewnessand other odd-centerednomentsmay not effectively
capturetheasymmetricaversiono risk acrosaupsideanddownsidemoves.Ontheotherhand,
downsidecorrelationis a complicatedfunction of many higherorderedmoments,including
skewnessandtherefore downsidecorrelationmight serveasa betterproxy for downsiderisk.

Downsidecorrelationmeasuresisk asymmetryand producesstrongpatternsin expected
returns. However portfolios formedby othermeasure®f asymmetriaisk, suchasdownside
beta,donotproducestrongcross-sectionalifferencesn expectedeturns.Onestatisticareason
is thatdownsidebetainvolvesdownsidecorrelation plusamultiplicative effect from theratios
of volatilities, which maskgheeffect of downsidecorrelation.Secondwhile thebetameasures
comovementi boththe directionandthe magnitudeof anassetreturnandthe marketreturn,
correlationsare scaledto emphasizeéhe comovementsn only direction. Hence,our results
suggesthatwhile agentsareaboutdownsiderisk (amagnitudeanddirectioneffect),economic
constraintswhich bind only on the downside(a direction effect only) are also importantin
producingthe observeddownsiderisk. For example,Chen,Hong and Stein (2001) examine
binding short-saleconstraintsvherethe effect of a shortsaleconstraintis a fixed costrather
thanaproportionalcost. Similarly, Kyle andXiong (2001)swealthconstraintonly bindonthe
downside.

3 A Downsde Correation Factor

In this section,we constructa downsiderisk factor that captureghe returnpremiumbetween
stockswith high downsidecorrelationsandlow downsidecorrelations. First, in Section3.1,

we show that the Fama-Frenci{1993) model doesnot explain the cross-sectionabariation

in the returnsof portfolios formed by sortingon downsidecorrelations. Second,Section3.2

detailsthe constructionof the downsidecorrelationfactor, which we call the CMC factor. We

constructthe CMC factor by going shortstockswith low downsidecorrelationswhich have
low expectedeturns,andgoinglong stockswith high downsidecorrelationswhich havehigh

expectedeturns.Finally, we showin Section3.3thatthe CMC factordoesproxy for downside
correlationrisk by explainingthe cross-sectionalariationsof in thereturnsof thetendownside
correlationportfolios.



3.1 Famaand French (1993) and the Downside Correlation Portfolios

To seeif the FamaandFrench(1993)modelcanprice thetendownsidecorrelationportfolios,
we runthefollowing time-seriesegression:

Tl't:a,i—f—biMKT;g—f—SiSMBt—f—hiHMLt—f—Eit, (8)

whereSMB; andHML ; arethetwo FamaandFrench(1993)factorsrepresentinghesizeeffect

andthebook-to-markeeffect,respectively Thecoeficients,b;, s; andh;, arethefactorloadings
onthemarketthesizefactorandthebook-to-markefactor, respectively Wetestthehypothesis
thatthe a;’s arejointly equalto zerofor all ten portfolios by using the F-testdevelopedby

Gibbons,RossandShanker(1989)(henceforthGRS).

Table (4) presentghe resultsof the regressiorin equation(8). We find that portfolios of
stockswith higherdownsidecorrelationshavehigherloadingson the marketportfolio. That
is, stockswith high downsidecorrelationstendto be stockswith high marketbetas,which is
consistenwith the patternof increasingbetasacrossdeciles1-10in Table(1). The columns
labeleds and h showthatthe loadingson SMB andHML both decreasenonotonicallywith
increasinglownsidecorrelations Theseresultsarealsoconsistentwith thecharacteristicisted
in Table(1), wherethe highestdownsiderisk stockstendto belarge stocksandgrowth stocks.
Table(4) suggestshatthe Fama-Frencliactorsdo not explainthereturnson the downsiderisk
portfolios sincetherelationsbetweerny~ andthe factorsgo in the oppositedirectionthanwhat
the Fama-Frencimodelrequires.In particular stockswith high downsiderisk havethe lowest
loadingson sizeandbook-to-markefactors.

In Table (4), the interceptcoeficients, a;, representhe proportionof the decile portfolio
returnsleft unexplainedoy the regressiorof equation(8). Theinterceptcoeficientsincrease
with p~, sothataftercontrollingfor the Fama-Frenclfactors,high downsidecorrelationstocks
still havehigh expectedeturns. Thesecoeficientsarealmostalwaysindividually significant
andarejointly significantlydifferentfrom zeroatthe 95% confidencdevel usingthe GRStest.
The differencein a; betweenthe decile 10 portfolio andthe decile 1 portfolio is 0.53% per
month,or 6.55%perannumwith ap-value0.00. Hence thevariationin downsiderisk in the p~
portfoliosis not explainedby the Fama-Frencimodel. In fact, controlling for the market,the
sizefactorandthe book-to-marketactorincreaseshedifferencesn thereturnsfrom 4.91%to
6.55%perannum.

In PanelB of Table(4), we testwhetherthis mispricingsurviveswhenwe split the sample
into two subsamples.We split the sampleinto January1964 through December1981 and
from January1982 through Decemberl999. We list the interceptcoeficients, a;, for the
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two subsamplesyith robustt-statistics.Within eachof thesetwo sub-sampleshe difference
betweertheq; for thetenthandfirst decilearelarge andstatisticallysignificantatthe 5%level.

Thedifferences 5.54%perannum(0.45%permonth)for the earliersubsamplend7.31%per
annum(0.59%permonth)for the lattersubsample.

3.2 Constructing the Downside Risk Factor

Table (1) showsthat portfolios with higher downsidecorrelationhave higher 3’s and Table
(4) showsthat marketloadingsincreasewith downsiderisk. This raisesthe issuethat the
phenomenowf increasingeturnswith increasingp™ maybedueto arewardfor bearinghigher
exposuren 3, ratherthanfor greaterexposureso downsiderisk. To investigatethis, we
performasorton p~, aftercontrollingfor 3. Eachmonth,we placehalf of the stocksbasedon
their 3’sinto alow 3 groupandtheotherhalfinto ahigh 8 group. Then,within eachd group,we
rankstocksbasedntheir p~ into threegroups:alow p~ group,amediump™ groupandahigh
p~ group,with the cutoffs at 33.3%and66.7%. This sortingprocedurecreatesix portfoliosin
total.

We calculatemonthly value-weightedoortfolio returnsfor eachof these6 portfolios, and
report their summarystatisticsin the first panelof Table (5). Within the low 3 group, the
averageeturnsincreasdrom thelow p~ portfolio to the high p~ portfolio, with anannualized
differenceof 2.40%(0.20%per month). Moving acrosshe low § group, meanreturnsof the
p~ portfoliosincreasewhile the betaremainsflat at aroundg = 0.66. In the high 5 group,we
observehatthereturnalsoincreasesvith p~. Thedifferencen returnsof the high o~ andlow
p~ portfolios,within thehigh g group,is 3.24%perannum(0.27%permonth),with at-statistic
of 1.98. However the 3 decreasewith increasingo—. Thereforethehigherreturnsassociated
with portfolioswith high p~ arenotrewardsfor bearinghighermarketrisk, but arerewardsfor
bearinghigherdownsiderisk.

In PanelB of Table(5), for eachp™ group,we takethe simple averageacrossthe two
groupsandcreatethreeportfolios,whichwe call the -balanceg~ portfolios. Moving from the
(B-balancedow p~ portfolio to the g-balancechigh p~ portfolio, meanreturnsmonotonically
increasewith p—. Thisincreasas accompaniedby a monotonicdecreasén 5 from g = 0.94to
B = 0.87. Hencef is not contributingto the downsiderisk effect, sincewithin eachs group,
increasingcorrelationis associatedavith decreasings.

We defineourdownsiderisk factor, CMC, asthereturnsfrom azero-cosstrategyof shorting
the s-balancedow p~ portfolio andgoinglong the 5-balancecdhigh p~ portfolio, rebalancing
monthly Thedifferencein meanreturnsof the 3-balancecdigh p~ andthe g-balancedow p~
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is 2.80%perannum(0.23%permonth)with at-statisticof 2.35anda p-valueof 0.02?

Sinceweincludeall firmslistedontheNYSE/AMEX andthe NASDAQ), andusedaily data
to computethe higherordermomentstheimpactof smallilliquid firmsmightbeaconcern.We
addresdhis issuein two ways. First, all of our portfolios are value-weightedyhich reduces
the influenceof smallerfirms. Secondwe performthe samesortingprocedureasabove,but
excludefirms thataresmallerthanthetenthNY SE percentile. With this alternativeprocedure,
wefind thatCMC is still statisticallysignificantwith anaveragenonthlyreturnof 0.23%anda
t-statisticof 2.04. Thesechecksshowthatour resultsarenot biasedoy smallfirms.

Table (6) lists the summarystatisticsfor the CMC factor in comparisonto the market,
SMB andHML factorsof FamaandFrench(1993),the SKS coskewnes$actorof Harveyand
Siddique(2000)andthe WML momentunfactorof Carhart(1997). The SKSfactorgoesshort
stockswith negativecoskewnessindgoeslong stockswith positive coskewnessThe WML
factoris designedo capturethe momentumpremium,by shortingpastloserstocksandgoing
long pastwinnerstocks.The constructiorof theseotherfactorsis detailedin AppendixA.

Table(6) reportsthatthe CMC factorhasa monthly meanreturnof 0.23%,whichis higher
thanthe meanreturn of SMB (0.19% per month) and approximatelytwo-thirds of the mean
return of HML (0.32% per month). While the returnson CMC and HML are statistically
significantat the 5% confidencdevel, thereturnon SMB is not statisticallysignificant. CMC
hasamonthlyvolatility of 2.06%,whichis lowerthanthevolatilities of SMB (2.93%)andHML
(2.65%). CMC alsohascloseto zeroskewnessandit is lessautocorrelated10%) thanthe
Fama-Frenclactors(17%for SMB and20%for HML). TheHarvey-SiddiquesKSfactorhasa
smallaverageeturnpermonth(0.10%)andis notstatisticallysignificant.In contrastthe WML
factorhasthehighestaverageaeturn,over0.90%permonth. However unlike the otherfactors,
WML is constructedisingequal-weightegbortfolios, ratherthanvalue-weightegortfolios.

We list the correlationmatrix acrossthe variousfactorsin PanelB of Table(6). CMC has
a slightly negativecorrelationwith the marketportfolio of —16%, a magnitudelessthanthe
correlationof SMB with themarket(32%)andlessin absolutesaluethanthecorrelationof HML
with themarket(—40%).CMCi s positivelycorrelatedvith WML (35%). Thecorrelationmatrix
showsthat SKS and CMC havea correlationof —3%, suggestinghat asymmetricdownside

2 An alternativesortingprocedurés to performindependensortson 3 andp—, andtaketheintersectiongo be
the6 B/p— portfolios. This procedureproducesa similar result,but givesanaveragemonthly returnof 0.22%(t-
stat= 1.88),which s significantat the 10% level. This procedureproducegoordispersioron p~ becaused and
p~ arehighly correlated sothe independensort placesmorefirms in thelow g/low p~ andthehigh g/high p~
portfolios, thanin thelow g/high p— andthehigh g/low p— portfolios. Our sortingprocedurdirst controlsfor 8
andthensortson p—, creatingmuchmorebalancegortfolioswith greaterdispersioroverp—.
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correlationrisk hasa differenteffect thanskewnessisk.

However Table(6) showsthat CMC is highly negativelycorrelatedvith SMB (—64%). To
allay fearsthat CMC is not merely reflectingthe inverseof the size effect, we examinethe
individual firm compositionof CMC and SMB. On average 3660firms are usedto construct
SMB eachmonth, of which SMB is long 2755 firms andshort 905 firms2 We find thatthe
overlapof the firms, that SMB is goinglong andCMC is going short,constitutesonly 27% of
the total compositionof SMB. Thus,the individual firm compositionsof SMB andCMC are
quite different. We find thatthe high negativecorrelationbetweenthe two factorsstemsfrom
thefactthat SMB performspoorly in the late 80's andthe 90’s, while CMC performsstrongly
overthis period.

3.3 Pricingthe Downside Correlation Portfolios

If theCMC factorsuccessfullapturespremiumfor downsiderisk, thenportfolioswith higher
downsiderisk shouldhavehigherloadingson CMC. To confirmthis, we run (butdo notreport)
thefollowing time-seriegegressioron thethe portfoliossortedon p~:

rit:ai—kbiMKTt—i—ciCMC’t—{—eit, (9)

wherethe coeficientsb; andc; areloadingson the marketfactorandthe downsiderisk factor
respectively Runningthe regressionin equation(9) showsthat the loadingon CMC ranges
from —1.09for thelowestdownsiderisk portfolio to 0.37for thehighestdownsiderisk portfolio.

Thesdoadingsarehighly statisticallysignificant. Theregressiomproducesnterceptcoeficients
thatarecloseto zero. In particular the GRStestfor the null hypothesighatthesenterceptsare
jointly equalto zero,fails to rejectwith a p-valueof 0.49.

Downsiderisk portfolios with low p~ havenegativeloadingson CMC. By construction,
sincethe CMC factor shortslow p~ stocks,many of the stocksin the low p~ portfolios have
shortpositionsin the CMC factor. Similarly, the high p~ portfolio hasa positive loadingon
CMC becaus€MC goeslong high p~ stocks.

Whenwe augmentheregressionn equation(9) with theFama-Frenclactors theintercept
coeficientsa; aresmaller However the fit of the datais not muchbetter with the adjusted
R? sthatarealmostidenticalto the original modelof around90%. While theloadingsof SMB
andHML arestatisticallysignificant,thesdoadingsstill go thewrongway, astheydoin Table
(4). Low p~ portfolios havehigh loadingson SMB and HML, andthe highestp~ portfolio

3 SMB is long morefirms thanit is shortsincethe breakpointsare determinedusingmarketcapitalizationsof
NY SE firms, eventhoughthe portfolio formationusesNYSE, AMEX andNASDAQ firms.
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hasalmostzeroloadingson SMB andHML. However the CMC factor loadingscontinueto
be highly significant.

As a final checkto ensurethat the high downsidecorrelationexpectedreturnsare not
accountedor by otherfactors,werunaregressiorof CMC ontoMKT, SMB, HML andWML
factorsin PanelC of Table(6). The constantn this regressions highly significant,andis 10
basispointspermonthhigherthanthe raw meanof CMC in PanelA. The coeficienton MKT
is nearzero, sincethe constructionof CMC controlsfor beta. The Fama-Frencltoeficients,
while significant,arenegativewhich reflectthewrongsignsof thesizeandvalueeffectsonthe
original p~ portfolios. Thecoeficenton WML is positiveandstatisticallysignificant,butsmall,
reflectingarelationbetweenCMC andmomentumwhich we examinen detailbelow

Thata CMC factor, constructedrom the p~ portfolios,explainshecross-sectionalariation
across~ portfoliosis nosurprise.Indeedwe would beconcernedf the CMC factorcouldnot
pricethep portfolios. In thenextsectionwe usetheCMC factorto helppriceportfoliosformed
onreturncharacteristicthatarenotrelatedto the constructiormethodof CMC. Thisis amuch
hardertestto pass,sincethe characteristic®f the testassetsarenot necessarilyelatedto the
explanatoryfactors.

4  Pricing the Momentum Effect

In this section,we demonstraté¢hatour CMC factorhaspartial explanatorypowerto pricethe
momentumeffect. We beginby presentinga seriesof simpletime-seriesegressionsnvolv-
ing CMC andvariousotherfactorsin Table (7). The dependentariableis the WML factor
developedoy Carhart(1997),which capturegshe momentumpremium. Model A of Table(7)
regresse8VML ontoaconstanandthe CMC factor Theregressiorof WML ontoCMC hasan
R? of 12%,andasignificantlypositiveloading.In Model B, addingthemarketportfoliochanges
little; the marketloadingis almostzeroandinsignificant. In Model C, we regressSVML onto
MKT andSKS.NeitherMKT nor SKSis significant,andthe adjustedR? of the regressioris
zero. Therefore WML returnsarerelatedto conditionaldownsidecorrelationgutdo notseem
to berelatedto skewness.

Models D and E usethe Fama-Frenchactorsto price the momentumeffect. Model D
regresse$VML onto SMB andHML. Both SMB andHML havenegativeloadings,andthe
regressiorhas a lower adjustedR? than using the CMC factor alonein Model A. In this
regressionthe SMB loadingis significantly negative(t-statistic= -3.20), but whenthe CMC
factor is includedin Model E, the loading on the Fama-FrencHactorsbecomeinsignificant,
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while the CMC factorcontinuego havea significantlypositiveloading.

In eachof theregressiongn Table(7), the interceptcoeficientsare significantly different
from zero. Comparedo the unadjustedneanreturnof 0.90%per month,controllingfor CMC
reducegheunexplainegortionof returnsto 0.75%permonth.In contrastcontrollingfor SKS
doesnt changethe unexplainegortionof returnsandcontrollingfor SMB andHML increases
theunexplainegortionof returngo 1.05%permonth. While theWML momentunfactorloads
significantlyontothedownsiderisk factor, the CMC factoraloneis unlikely to completelyprice
themomentuneffect. NeverthelesslTable(7) showsthatCMC hassomeexplanatorypowerfor
WML whichtheotherfactors(MKT, SMB, HML andSKS)do nothave.

Theremainderof this sectionconductsross-sectionakestsusingthe momentunyportfolios
asbaseassets.Section4.1 describeghe Jegadeeshnd Titman (1993) momentumportfolios.
Section4.2 estimatesinear factor modelsusingthe Fama-Macbetl{1973)two-stagemethod-
ology. In Section4.3, we usea GMM approactsimilar to JagannathaandWang(1996)and
Cochrang1996).

4.1 Description of the Momentum Portfolios

JegadeesandTitman(1993)'s momentunstrategiesnvolve sortingstocksbasedn their past
J monthsreturnswhereJ is equalto 3,6,9 or 12. Foreach/, stocksaresortednto decilesand
heldfor thenext K monthsholdingperiodswhereK = 3,6,9 or 12. Weform anequal-weighted
portfolio within eachdecile and calculateoverlappingholding period returnsfor the next K
months. Sincestudiesof the momentumeffect focuson the J=6 monthsportfolio formation
period(JegadeesandTitman,1993;ChordiaandShivakumar2001),we alsofocusonthe /=6
monthssorting periodfor our cross-sectionaiests. However our resultsare similar for other
horizonsandareparticularlystrongfor the /=3 monthssortingperiod.

Figure (1) plots the averagereturnsof the 40 portfolios sortedon past6 monthsreturns.
The averageaeturnsareshownwith *'s. Thereare 10 portfolios correspondingo eachof the
K=3, 6,9 and12 monthsholding periods. Figure (1) showsaveragereturnsto be increasing
acrossthe deciles(from losersto winners)andare roughly the samefor eachholding period
K. Thedifferencesn returnsbetweernthe winner portfolio (decile 10) andthe loserportfolio
(decilel) are0.54,0.77,0.86and0.68percenpermonth,with correspondindystatisticsof 1.88,
3.00,3.87and3.22,for K=3, 6, 9 and12 respectively Hencethereturndifferencedetween
winnersandlosersaresignificantat the 1% level exceptthe momentunstrategycorresponding
to K=3. Figure(1) alsoshowsthe §’sandp~ of themomentunportfolios. While theaverage
returnsincreasdrom decile 1 to decile 10, the patternsof betaare U-shaped.In contrastthe
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p~ of the decilesincreasegoing from the losersto the winners,exceptat the highestwinner
decile. Therefore the momentumstrategiegenerallyhavea positiverelationwith downside
risk exposure’. We now turn to formal estimationf the relationbetweendownsiderisk and
expectedeturnsof momentunreturns.

4.2 Fama-MacBeth (1973) Cross-Sectional Test

We considedinear cross-sectionakegressionamodelsof the form:
E(ri) = Xo + X3, (10)

in which )y is ascalar A isa M x 1 vectorof factor premia,andg; is an M x 1 vectorof
factor loadingsfor portfolio 7. We estimatethe factor premia, A, testif A\, = 0 for various
specificationsof factors,andinvestigateif the CMC factor hasa significantpremiumin the
presencef the Fama-Frencliactors. We first usethe Fama-MacBetl{1973)two-stepcross-
sectionalestimationprocedure.

In thefirst step,we usethe entiresampleto estimatethefactorloadings,s;:

Tit = O + Ft,ﬂi + Eity t= 1, 2, T, (11)

whereq; is ascalarand F; is a M x 1 vectorof factors. We alsoexamine(but do not report)
factorloadingsfrom 5-yearrolling regressionsndfind similar results.In the secondstep,we
run a cross-sectionalegressiorat eachtime ¢ over N portfolios, holdingthe 3;’s fixed at their
estimatedralues,3;, in equation(11):

Tit = )\0+)\',3i+uit, 1= 1,2,N (12)

Thefactorpremia,)\, areestimatedasthe average®f the cross-sectionakegressiorestimates:

1 T
A= D A (13)
t=1
Thecovariancematrix of A, 3, is estimatedy:

1

=2 (- N =), (14)

WE

£

t=1

4 AngandChen(2001)focusoncorrelatiorasymmetrieacrossiownsideandupsidemovesyatherthanthelevel
of downsideandupsidecorrelation. Theyfind that, relativeto a normaldistribution,loserportfolios havegreater
correlationasymmetrythan winner portfolios, eventhoughpastwinner stockshavea higherlevel of downside
correlationthanloserstocks.
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where) is the meanof \.

Sincethe factor loadingsare estimatedin the first stageand theseloadingsare usedas
independenvariablesin the secondstage thereis an errors-in-variableproblem. To remedy
this, we useShankers (1992) methodto adjustthe standarcerrorsby multiplying 3 with the
adjustmentactor(1 +;\’ﬁ1;15\)*1, where3:; is theestimatedtovariancenatrixof thefactorsF;.
In thetableswe reportt-valuescomputediusingboth unadjustecindadjustedstandarcerrors.

Table (8) showsthe resultsof the Fama-MacBethests. Using dataon the 40 momentum
portfolios correspondindo the J=6 formationperiod, we first examinethe traditional CAPM
specificationn Model A:

E(ri) = Ao + AurrB 5T (15)

Thefit is very poorwith anadjustedR? of only 7%. Moreover thepoint estimateof the market
premiumis negative.
Model B is the Fama-Frencl{1993)specification:

E(rit) = Ao + )\MKTﬁZMKT + )\SMBﬁz'SMB + )\HMLﬂiHML- (16)

Thismodelexplains91%of thecross-sectionalariationof averageeturnsbutthe estimateof
therisk premiafor SMB andHML arenegative.The negativepremiareflectthe fact thatthe
loadingson SMB andHML gothewrongway for the momentunportfolios.

In comparisionModel C addsCMC asa factortogethemith the market:

E(ri) = Ao + /\MKTﬂiMKT + )\CMCﬂiCMca (17)

andproduces R? of 93%,whichis slightly higherthanthe Fama-Frencimodel. Theestimated
premiumon CMC is 8.76%perannum(0.73 per month)andstatisticallysignificantat the 5%
level. Theseresultsdo notchangevhenSMB andHML areaddedo equation(17)in ModelD.
While the estimatesf the factor premiaof SMB andHML arestill negative the CMC factor
premiumremainssignificantlypositiveandthe regressiomproduceshe sameR? of 93%?

We examinethe Carhart(1997)four-factormodelin Model E:

E(rit) = Ao + )\MKTﬂz']V[KT + )\SMBﬂ{gMB + )\HMLﬂZ'HML + )\WMLﬁZ'WML- (18)

We find thataddingWML to the Fama-Frencimodeldoesnot improvethefit relativeto the
original Fama-Frenclspecification.Both modelsproducethe sameR? of 91%, but the WML

5Whentheten p~ portfolios are usedasbaseassetsthe estimateof the CMC premiumis 3.45%per annum,
usingonly the CMC factorin alinearfactormodel.
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premiumis not statisticallysignificant. However whenwe addCMC to the Carhartfour-factor
modelin Model F, the factorpremiaon WML andCMC arebothbecomesignificant. Model F
alsohasan R? of 93%. ThefactthatCMC remainssignificantatthe5%level (adjt-stat=2.01)n
the presencef WML showsthe explanatorypowerof downsiderisk. Moreover the premium
associateavith CMC is of the sameorderof magnitudeasthatof WML, despitethe fact that
CMC is constructedisingcharacteristicsinrelatedo pastreturns.

The downsiderisk factor CMC is negativelycorrelatedwith the Fama-Frenchactorsand
positively correlatedwith WML. In estimationsnot reported, CMC remainssignificantafter
orthogonalizingt with respecto the otherfactorswith little changein the magnitudeor the
significancdevels.In particular CMC orthogonalizedvith respecto eitherMKT or theFama-
Frenchfactorsarebothsignificant. CMC orthogonalizedvith respecto the Carhartfour-factor
modelalsoremainssignificant. Therefore we concludethat the significanceof the downside
risk factor CMC is notdueto anyinformationthatis alreadycapturedoy otherfactors.

Figure(2) graphgheloadingsof eachmomentunportfolioonMKT, SMB,HML andCMC.
The loadingsare estimatedrom the time-seriesregression®f the momentumportfolios on
the factorsfrom the first stepof the Fama-MacBet{1973) procedure.We seethat for each
setof portfolios, aswe go from the pastloserportfolio (decile 1) to the pastwinner portfolio
(decile10),theloadingsonthemarketportfolio remainflat, sothatthebetahaslittle explanatory
power Theloadingson SMB decreasdrom the losersto the winners,exceptfor the lasttwo
deciles. Similarly, the loadingson the HML factoralsogo in the wrong direction,decreasing
monotonicallyfrom thelosersto thewinners.

In contrastto the decreasindoadingson the SMB andHML factors,the loadingson the
CMC factorin Figure (2) almostmonotonicallyincreasefrom strongly negativefor the past
loser portfoliosto slightly positivefor the pastwinner portfolios. The increasingoadingson
CMC acrosghedecileportfoliosfor eachholding period K are consistentvith theincreasing
p~ statisticsacrosghedecilesin Figure(1). Winner portfolioshavehigherp~, higherloadings
on CMC, andhigherexpectedeturns. Sincea linear factor modelimplies thatthe systematic
varianceof astocks returnis 3.X ;3; from equation(11), the negativeloadingsfor loserstocks
imply thatlosershavehigherdownsidesystematicisk thanwinners.Thenegativdoadingsalso
suggesthat pastwinner stocksdo poorly whenthe markethaslarge moveson the downside,
while pastloserstocksperformbetter
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4.3 GMM Cross-Sectional Estimation

In this section,we conductassetpricing testsin the GMM framework (Hansen,1982). In
generalsinceGMM testsare one-steroceduresthey are more efficient thantwo-steptests
suchasthe Fama-MacBetlprocedure Moreover we areableto conductadditionalhypotheses
testswithin the GMM framework. We beginwith a brief descriptionof the procedurebefore
presentingour results.

4.3.1 Description of the GMM Procedure
ThestandardEulerequationfor agrossreturn, R;;, is givenby:
E(mtRit) =L (19)

Linearfactor modelsassumehatthe pricing kernelcanbe written asa linear combinationof
factors:

my = 50 + 51Ft, (20)

whereF; isa M x 1 vectorof factors,d, is ascalarandd; isa M x 1 vectorof coeficients.
Therepresentatiom equation(20) is equivalento alinearbetapricing model:

E(Ri) = Mo + N3, (21)

whichis analogougo equation(10) for excesgeturns.Theconstant\, is givenby:

1 1

A = =
7T E(m,) ~ b+ 08 E(F,)

thefactorloadings,s;, aregivenby:
B; = CcoV(Fy, F})~'cov(F}, Ry),
andthefactorpremia,\, aregivenby:

A= —lcov(Ft, F))é,.
do
To testwhetherafactor j is priced,we testthe null hypothesisi, : A; = 0.
Letting R; denotean N x 1 vectorof grossreturnsRk; = (R, ..., Ry:)', anddenotingthe
parametersf thepricing kernelasd = (dy, 67)’, the samplepricing erroris:

T

97(8) = %Z(mth —1). (22)

t=1
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TheGMM estimateof § is the solutionto
m(sinJ =T x gpWrgr, (23)

where Wy is a weighting matrix. If the optimal weighting matrix, Wy = S,' = [T -
cov(gr, ¢7)] ", is usedanoveridentifying x? testcanbe performedby using.J ~ x2, wherek
is the numberof overidentifying restrictions.

We also usethe Hansenand Jagannatha1997) (HJ) distancemeasureto comparethe
variousmodels.TheHJ distancecanbe expresseas:

HJ = \/9T(5)'E[RtRﬂ_lgT(5)a (24)

andcanbeinterpretedastheleast-squardistancebetweeragivenpricing kernelandtheclosest
pointin the setof the pricing kernelsthat canprice the baseassetsorrectly The HJ distance
is alsothe maximummispricing possibleper unit of standarddeviation. For example,if the
HJ distanceis 0.45 andthe portfolio hasan annualizedstandarddeviationof 20%, thenthe
maximumannualizedricing erroris 9 percent.

The HJ distancecanbe estimatedusingthe standardSMM procedurewith onedifference.
The weightingmatrix usedis the inverseof the covariancematrix of the secondmomentsof
assetreturns,Wr = E[R,R;j]~!. The optimal weighting matrix cannotbe usedin this case
sincetheweightsarespecificto eachmodel,which makest unsuitablegor modelcomparisons.
Hypothesidestswith theoptimalweightingmatrix mayfail to rejectamodelbecaus¢hemodel
is difficult to estimateratherthanbecausehe modelproducesmallpricing errors.In contrast,
the inverseof the covariancematrix of asseteturnsis invariantacrossmodels,sothatthe HJ
distanceprovidesan uniform measureacrossdifferentmodels. We computeboth asymptotic
andsmallsampledistributionsfor the HJ distancewhich we detailin AppendixC.

4.3.2 Empirical Results

Table(9) presentgheresultsof the GMM estimations.The 40 momentumJ = 6 portfolios,
togetherwith the risk-free assetare usedasthe baseassetsn theseestimates.We first turn
to Model A, the CAPM. Unlike the Fama-MacBettestimationin Table(8), the markethasa
significantly positive risk premium,ratherthan a negativerisk premium. The Fama-French
model(Model B) estimate®f risk premiafor SMB andHML arenegative but the marketrisk
premiumis estimatedo bepositive. We considethelinearfactormodelwith MKT andCMC in
Model C. BothMKT andCMC commandpositivefactorpremiathatarestatisticallysignificant
atthe 1% level. In particular the CMC premiumis estimatedo be 1.00%per month,with a
t-statisticof 4.75.
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In Model D, whichis theFama-Frencimodelaugmentedavith the CMC factor, factorpremia
for SMB andHML arestill negative,althoughthe HML premiumis insignificantly different
from zero. This modelneststhe MKT and CMC modelof Model C andalsoneststhe Fama-
Frenchmodel(Model B). Takingthis asanunconstrainethodelandusingits weightingmatrix
to re-estimateModels B and C, we can conducttwo x? overidentificationtests. The null
hypothesiof thefirst testis the Fama-Frencimodel,which testsfor the significanceof CMC
given the Fama-FrencHactors. This testsrejectsthe null hypothesiswith a p-valueof 0.02
(x3=7.99). Hence,CMC doesprovide additionalexplanatorypower for the cross-sectiorof
momentumportfolios which the Fama-Frencimodeldoesnot provide. In the secondest,the
null hypothesiss the linear factor modelwith only the MKT andthe CMC factors,andthe
alternativehypothesigs Model D (MKT, SMB, HML andCMC). This testfails to reject,with
a p-valueof 0.15(x2=2.12). Hence,given MKT and CMC, the size andthe book-to-market
factorsprovideno additionalexplanatorypowerfor pricing momentunportfolios.

ModelE is the Carhartfour-factormodel,which extendg¢he Fama-Frencimodelby adding
WML. TheWML premiumis significantlypositive,aswe would expectsincethe WML factor
is constructedusing the momentumportfolios themselves. The Carhartmodelis nestedby
Model F, which addsCMC. This modelalso nestsModel D, which usesMKT, SMB, HML
and CMC factors. We run a x? overidentificationtestwith the null of Model D againstthe
alternativeof Model F. This testsrejectswith ap-valueof 0.01(x3=6.54).Hence we conclude
thatWML still hasfurtherexplanatorypowet in thepresencef CMC, to pricethecross-section
of momentunportfolios. However the premiumof the CMC factoris still significantatthe 1%
levelin the presencef the WML factor.

Thelasttwo columnsof Table(9) list theresultsof Hansers overidentificationtest(J-test)
andthe HJ test. Only the CAPM modelis rejectedusing the J-test(p-value0.03), while the
remainingmodelscannotberejected.However thelastcolumnshowsthatnoneof themodels
canpassthe HJ test. The HJ statisticis generallylarge,around0.54for everymodel. Both the
asymptoticandsmall-sample-valuesof the HJ testarelessthan0.00%. Hence althoughthe
downsiderisk factoris pricedby the momentunportfolios,the pricing errorsarestill largeand
we rejectthatthe pricing erroris zero. Exposureto downsiderisk accountdor a statistically
significantportionof momentunprofits, butit cannotfully explainthe momentuneffect.

Finally, we graphtheaveragepricing errorsfor themodelsin Figure(3), following Hodrick
andZhang(2001). Thepricing errorsarecomputedisingtheweights, Wy = E[R, R}]~!, which
is thesameweightingmatrix usedto computethe HJ distance Sincethe sameweightingmatrix
is usedacrossall of themodelswe cancomparehedifferencesn thepricing errorsfor different
models.Figure(3) displayseachmomentunportfolio onthez-axis,wherethefirsttenportfolios
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correspondo the K = 3 monthholding period,the secondento the K = 6 monthholding
period,thethird tento the K = 9 monthholdingperiod,andfinally thefourthtentothe K = 12

holdingperiod. The41stassets therisk-freeasset.Thefigure plotstwo standarderrorbounds
in solid lines,andthe pricing errorsfor eachassein *'s.

Figure(3) showsthatthe CAPM hasmostof its pricing errorsoutsidethetwo standarderror
bandsandshowshattheloserportfoliosarethemostdifficult for the CAPMto price. TheFama-
Frenchmodelhasmostdifficulty pricing pastwinners;thepricing errorsof everyhighestwinner
portfolio lies outsidethe two standarderror bands. The modelusing MKT and CMC factors
is the only modelthat hasall the pricing errorswithin two standarcerrorbands? Comparing
the CAPM andthe modelwith MKT andCMC factors,we seethataddingCMC to the CAPM
greatlyhelpsto explainloserandwinnerportfolios. Adding CMC to the FamaFrenchmodelor
the Carhartmodeldoesnot changehe pricing errorsof theassetvery much. Thisis consistent
with thefactthatthe Fama-FrenclandCarharimodelsaugmenteavith the CMC factorarestill
rejected usingthe HJ distance.The Carhartmodelandthe Carhartmodelaugmentedvith the
CMC factor produceaninterestingpatternfor pricing errorsrelativeto othermodels. Models
withoutWML typically underestimateéheexpectedeturnsof thewinnerportfolios. In contrast,
modelswith the WML factor overestimatethe expectedeturnsof winner stocks,andunder
estimatethe expectedeturnsof loserstocks.

5 Downside Risk, Aggregate Liquidity and Macroeconomic
Variables

In this sectionwe explore the relation betweendownsiderisk, aggregatdiquidity and the
businesgyclebyinvestigatinghowthedownsideisk factorcovarieswith liquidity andmacroe-
conomicvariables. The investigationin this sectionshould be regardedas an exploratory
exerciseratherthanasaformaltestof theunderlyingeconomiadeterminant®f downsiderisk.

5.1 Downside Risk and Liquidity Risk

A numberof studiesfind thatliquidity of the marketdriesup duringdownmarkets.Pastorand
Stambaugt§2001) constructan aggregatdiquidity measuravhich usessignedorderflow, and

6 Althoughall pricingerrorsfor themodelof MKT andCMC fall within thetwo standararrorbandsthis model
doesnotpassheHJdistancdest. ThegraphandtheHJdistancegive differentresultshecaus¢heweightingmatrix
usedin computingthe HJ distancedoesnot assignan equalweightto all the portfoliosin the test,andthe graph
doesnottakeinto accountany covariancebetweerthe pricing errors.
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find thattheirliquidity measurespikesdownwardsluringperiodsof extremedownwardmoves,
suchasduring the October1987 crash,and during the OPECa il crisis. Otherauthors,such
asJones(2001)find that the bid-askspreadsncreasewith marketdownturns. Chordia,Roll
andSubrahmanyarR000)alsofind apositiveassociatioratadaily frequencybetweermarket-
wide liquidity andmarketreturns.Thesedownmarketswhichcoincidewith systematicallyow
liquidity, arepreciselythe periodswhich downsiderisk-aversaenvestorsdislike. We nowtry to
differentiatebetweerthe effectsof downsiderisk andaggregatdiquidity risk.

To studythe downsiderisk-liquidity relation,we follow Pastorand Stambaugt{2001)and
reconstructtheir aggregatdiquidity measure,L. Our constructionprocedureis detailedin
AppendixA. After constructingheliquidity measureweassigrahistoricalliquidity beta,3”, at
eachmonth,for eachstocklistedonNYSE,AMEX andNASDAQ. Thisis doneusingmonthly
dataoverthe previous5 yearsfrom thefollowing regression:

Tit = az+,8LLt+szKﬂ+SZSMBt+hZHMLt+€Zt, (25)

whereL, is theaggregatdiquidity measure.

Sinceeachstock: in our samplenow hasa downsidecorrelation(p; ;) anda liquidity beta
(@L,t) for eachmonth,we canexamingheunconditionatelationsacrosghetwo measureskirst,
we computethecross-sectionalorrelationbetweery; , and ift ateachtimet, andthenaverage
overtimeto obtaintheaveragecross-sectionatorrelationbetweerdownsiderisk andliquidity.
Theaverageross-sectionalorrelations —0.0108whichis closeto zero.We obtaintheaverage
time-seriescorrelationbetweenp;, and ﬁf,t by computingthe correlationbetweenthesetwo
variablesfor eachfirm acrossime, andthenaveragingacrossfirms. The averagdime-series
correlationis -0.0029 whichis alsoalmostzero. Hence pur measuref downsiderisk is almost
orthogonato PastorandStambaugls measuref aggregatdiquidity risk.

To further investigatethe relation betweendownsiderisk and aggregatdiquidity, we sort
stocksinto 25 portfolios. At eachmonth,we independenthsortall NYSE, AMEX andNAS-
DAQ stocksinto two quintile groups,onegroupby 5% andanotherby p~. Theintersectiorof
thesetwo quintile groupsforms 25 portfolios sortedby 3~ and p~. To examinethe effect of
liquidity, controllingfor downsiderisk, we averagehe 25 portfoliosacrosghe p— quintiles.We
calltheseportfoliosthe‘Average_.iquidity BetaPortfolios’. Wereporttheinterceptcoeficients
from aFama-Frencl(1993)factortime-seriesegressiorof theseportfoliosin PanelA of Table
(10). Consistentwith Pastorand Stambaughportfolios with the lowest 3~ havethe most
negativemispricing. However noneof the estimatesof the intercepttermsare statistically
significant. Furthermorethe differencebetweenus; anda, is positive (0.10%per month),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 g* quintiles. We call
theseportfolios the ‘AverageDownsideCorrelationPortfolios’. We observea similar pattern
in the averagereturnsmoving from low p~ to high p~ portfolios asin Table (4). Thereis
negativemispricingin thelow p~ portfolios and positive mispricingin the high p~ portfolio.
The differencebetweenas anda; is 0.26%per month,which is statisticallysignificantat the
1% level. Hence evenaftercontrollingfor liquidity risk usingthe PastorStambaughiquidity
measurethereremainssignificantmispricingof downsideisk relativeto theFama-Frenckhree
factormodel.

5.2 Downsde Correlations and M acroeconomic Variables

Toinvestigataherelationbetweerdownsideisk andbusinesgycleconditions we considersix
macroeconomiwariableswhich reflectunderlyingeconomicactivity andbusinessonditions.
Ourfirsttwo variablesareleadingindicatorsof economiactivity: thegrowthratein theindexof
leadingeconomidndicators(LEI) andthegrowthratein theindexof Help WantedAdvertising
in NewspaperéHELP). We alsousethe growthrateof totalindustrialproduction(IP). Thenext
threevariablesmeasuregrice andterm structureconditions:the CPl inflation rate, thelevel of
the Fedfundsrate (FED) andthe term spreadbetweenhe 10-yearT-bondsandthe 3-months
T-bills (TERM). All growthrates(includinginflation) arecomputedasthedifferencen logs of
theindexattimest andt — 12, wheret is monthly.

To examingheconnectiorbetweerdownsideisk andmacroeconomieariablesyweruntwo
setsof regressionsThefirst setregresse€MC onlaggedmacrovariableswhile thesecondset
regressemacroeconomigariablesonlaggedCMC. Thefirst setof regressionareof theform:

3 3
CMCy=a+Y b;MACRO, i+ Y c:CMCy i+ ¢ (26)
=1 =1
wherewe usevariousmacroeconomieariablesfor M ACRO,.

PanelA of Table(11) lists theregressiomesultsfrom equation(26). Thereis no significant
relationbetweenlaggedmacroeconomiwariablesandthe CMC factor, exceptfor thefirst lag
of LEI, which is significantlynegativelyrelatedwith CMC. A 1% increasdn the growthrate
of LEI predictsa 27 basispointdecreasén the premiumof the downsiderisk factor However
the p-valuefor thejoint test(in thelastcolumnof Table(11)) thatall laggedLEI areequalto
zerofails to rejectthe null with p-value=0.09Overall,with the exceptionof LEI, thereis little
evidenceof predictivepowerby macroeconomiwariablesto forecastCMC returns.

24



To exploreif the downsiderisk factor predictsfuture movementof macroeconomivari-
ableswe runregressionsf theform:

3 3
MACRO; =a+» bCMCi_i+ Y  c;MACRO,; + €. (27)
=1 =1

We alsoincludelaggedmacroeconomiwariablesin the right handsideof theregressiorsince
mostof the macroeconomiwariablesare highly autocorrelatedPanelB of Table(11) lists the
regressiomesultsof equation(27). We reportonly the coeficientson laggedCMC. While the
macroeconomiwariablesprovidelittle forecastingpowerfor CMC, the CMC factorhassome
weakforecastingability for futuremacroeconomiwariables.In particular high CMC forecasts
lower future economicactivity (HELP, p-value= 0.00;IP, p-value= 0.03),lower futureinterest
rates(FED, p-value= 0.01)andlower future term spread§ TERM, p-value= 0.03),wherethe
p-valuegeferto ajoint testthatthethreecoeficientsonlaggedCMC in equation(27) areequal
to zero.

In generaltheseaesultsshowthathigh CMC forecasteconomiadownturns.Thepredictions
of high CMC andfuturelow economicactivity is seendirectly in the negativecoeficientsfor
HELP andIP. Termspreadslsotendto belower in economicecessionsEstimatesf Taylor
(1993)-typepolicy rulesonthe FED overlong sampleswherethe FED rateis alinearfunction
of inflation andrealactivity, 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 holding stockswith high downsiderisk is greaterwhenfuture economicprospects
turn sour

6 Conclusion

Stockswith higherdownsiderisk, measuredy greatercorrelationsconditionalon downside
movesof the market,havehigherexpectedeturnsthanstockswith low downsiderisk. The
portfolio of stockswith the greatesdownsidecorrelationsoutperformshe portfolio of stocks
with thelowestdownsidecorrelationsby 4.91%perannum.This effect cannotbe explainedoy
the FamaandFrench(1993) model,sinceafter controlling for the marketbeta,the size effect
andthe book-to-markeeffect, the differencein the returnsbetweerthe highestandthe lowest
downsidecorrelationportfolios increasego 6.55%perannum. To capturethis downsiderisk
effect, we constructa downsiderisk factor (CMC) that goeslong stockswith high downside
correlationsandgoesshortstockswith low downsidecorrelations.The CMC factorcommands
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astatisticallysignificantaveraggremiumof 2.80%perannum.

The factor structurein the cross-sectiomf stockreturnsrewardsinvestorsfor bearingas-
setswith greaterdownsiderisk. In particular pastwinner momentumportfolios havegreater
exposurdo thedownsiderisk factorthanpastiosermomentunportfolios. Hence somepartof
the profitability of momentunstrategiesanbe explainedascompensatioffior bearinggreater
downsiderisk. Arbitrageurswho engagen momentumstrategiedacethe risk that the strat-
egy performspoorly whenthe marketexperiencegxtremedownwardmoves. Downsiderisk
providessomeexplanatorypowerfor the cross-sectiof momentunreturns,which the Fama
andFrench(1993)modeldoesnot provide.In GMM cross-sectionastimationsthedownside
risk factoris significantly priced by the momentumportfolios, andit commandsa significant
risk premium. However Hansen-Jagannath&t997)testsrejectthe linear factor modelswith
the CMC factor, indicatingthatexposurdo downsiderisk is only a partial,andnota complete
explanatiorfor the momentumeffect.

Sincedownsiderisk is pricedandstocks’sensitivitiesto downsiderisk play arole in asset
pricing, our empiricalwork pointsto the needfor modelsthatcanexplainthe underlyingeco-
nomic mechanismsvhich generateslownsidecorrelationasymmetries Representativagent
modelssuggesthat downsiderisk may arisein equilibium economiesvith asymmetriautility
functions suchasfirstorderrisk aversionBekaertHodrickandMarshall,1997)or lossaversion
(Barberis,Huangand Santos,2001). Theseequilibrium studieswith asymmetricutility have
beenappliedonly atanaggregateratherthana cross-sectionalevel. Asymmetriesn correla-
tionscanalsobeproducedy economiesvith frictionsandhiddeninformation(HongandStein,
2001)or with agentdacingbindingwealthconstraintgKyle andXiong, 2001). Similarly, these
studiesdo not modellarge cross-sectionsf heterogeneouassetsWhich of theseexplanations
bestexplainsthedriving mechanisnbehindcross-sectionalariationsin downsiderisk remains
to beexplored.

26



Appendix

A Data and Portfolio Construction

Data

We usedatafrom the Centerfor Researchn SecurityPrices(CRSP)to constructportfolios of stockssortedby
varioushighermomentsof returns. We confineour attentionto ordinarycommonstockson NYSE, AMEX and
NASDAQ, omitting ADRs, REITs, closed-endunds,foreignfirms andothersecuritiesvhichdo nothavea CRSP
sharetypecodeof 100r 11. We usedaily returnsirom CRSPfor theperiodcoveringJanuarylst,1964to December
31st,1999,includingNASDAQ datawhichis only availablepost-1972 We usethe one-monttrisk-freeratefrom
CRSPandtake CRSPs value-weightedeturnsof all stocksasthe marketportfolio. All our returnsareexpressed
ascontinuouslycompoundedeturns.

Higher M oment Portfolios

We constructportfoliosbasedon correlationsbetweerasset’s excesgeturnr; andthe markets excesseturnr,,
conditionalon downsidemovesof themarket(p~) andon upsidemovesof themarket(p™). We alsoconstucport-
folios basedn coskewness;okurtosis 3, 8 conditionalon downsidemarketmovementg3—), andg conditional
onupsidemarketmovement§3T). At thebeginningof eachmonth,we calculateeachstock's momentmeasures
usingthepastyearsdaily log returnsfrom the CRSPdaily file. Forthe momentswvhich conditionon downsideor
upsidemovementsye definean observatiorat time ¢ to be a downside(upside)marketmovementf the excess
marketreturnat ¢ is lessthanor equalto (greaterthanor equalto) the averageexcessamarketreturnduring the
pastoneyearperiodin consideration.We requirea stockto haveat least220 observationgo be includedin the
calculation. Thesemomentmeasuresirethenusedto sortthe stocksinto decilesanda value-weightedeturnis
calculatedor all stocksin eachdecile. The portfoliosarerebalanceanonthly.

SMB, HML, SKSand WML Factor Construction

TheFamaandFrench(1993)factors,SMB andHML, arefrom thedatalibrary at KennethFrenchs websiteat
http://web.mit.edu/kfrench/www/dalibrary.html.

Harveyand Siddique(2000) use 60 monthsof datato computethe coskewnesslefinedin equation(5) for
all stocksin NYSE, AMEX and NASDAQ. Stocksare sortedin order of increasingnegativecoskewnessThe
coskewnesfactor SKSis the value-weightediverageeturnsof firmsin thetop 3 deciles(with the mostnegative
coskewnesghinusthevalue-weightedverageaeturnof firmsin thebottom3 decileg(stockswith themostpositive
coskewnesdh the 61stmonth.

Following Carhart(1997),we constructWML (calledPR1YRin his paper)asthe equally-weightedaverage
of firms with the highest30 percenteleven-monthreturnslaggedone monthminusthe equally-weightedgverage
of firms with the lowest30 percenteleven-monthreturnslaggedone month. In constructingVML, all stocksin
NYSE,AMEX andNASDAQ areusedandportfoliosarerebalanceanonthly.

Theconstructiorof CMC is detailedin Section3.2.

Momentum Portfolios

To constructthe momentumportfolios of Jegadeeshnd Titman (1993), we sort stocksinto portfolios basedon
their returnsoverthe pasté months.We considerolding periodof 3, 6, 9 and12 months. This procedureyields
4 strategiesnd40 portfoliosin total. We illustratethe constructiorof the portfolioswith the exampleof the '6-6’
strategies.To constructthe '6-6’ deciles,we sortour stocksbaseduponthe pastsix-monthsreturnsof all stocks
in NYSE andAMEX. Eachmonth,anequal-weightegbortfolio is formedbasedn six-monthsreturnsendingone
monthprior. Similarly, equal-weightegortfolios areformedbasedon pastreturnsthatendedone monthsprior,
threemonthsprior, andsoonupto six monthsprior. We thentakethesimpleaveragef six suchportfolios. Hence,
our first momentunportfolio consistof 1/6 of thereturnsof theworstperformersonemonthago,plus1/6 of the
returnsof theworstperformerswo monthsago,etc.
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Liquidity Factor and Liquidity Betas

We follow PastorandStambauglf2001)to constructanaggregatdiquidity measure. Stockreturnandvolume
dataareobtainedrom CRSPNASDAQ stocksareexcludedn theconstructiorof theaggregatdiquidity measure.
Theliquidity estimateyy; ;, for anindividual stock: in montht is the ordinaryleastsquaregOLS) estimateof ; ¢
in thefollowing regression:

7§ a1 = it + GitFiae + Yiusign (rf q4) vide + €iavre, d=1,...,D. (A-1)

In equation(A-1), 7; 4,¢ is theraw returnon stocks on dayd of montht, TS at = Tidt — Tmyd,t is the stockreturn
in excesf the marketreturn,andw; 4, is the dollar volumefor stocki on dayd of montht. The marketreturn
ondayondayd of montht, r,, 4.+, is takenasthereturnon the CRSPvalue-weightednarketportfolio. A stock’s
liquidity estimate;y; ¢, is computedn agivenmonthonly if thereareatleast15 consecutiveobservationsandif
the stockhasa month-endsharepricesof greaterthan$5 andlessthan$1000.

Theaggregatdéiquidity measureL, is computedasedntheliquidity estimatesy; ., of individualfirmslisted
onNYSE andAMEX from August1962to Decemberl992. Only theindividual liquidity estimategshatmeetthe
abovecriteriais used.To constructheinnovationsn aggregatdiquidity, wefollow PastorandStambauglandfirst
form thescaledmonthly difference:

N
n my 1
Ajy = <m_1> S O = 4. (A-2)

i=1

whereNN is thenumberof availablestocksat montht, m; is thetotal dollar valueof theincludedstocksat theend
of montht — 1, andm; is thetotal dollar valueof the stocksat the endof July 1962. Theinnovationsin liquidity
arecomputedastheresidualsn thefollowing regression:

Ay = a+ bAY_1 + c(my/m1) 1 + ug. (A-3)

Finally, theaggregatdiquidity measureL,, is takento bethefitted residuals L; = ;.

To calculatethe liquidity betasfor individual stocks,at the endof eachmonthbetween1968and1999,we
identify stockslistedon NYSE,AMEX andNASDAQ with atleastfive yearsof monthlyreturns.For eachstock,
we estimatea liquidity beta,3%, by runningthe following regressiorusingthe mostrecentfive yearsof monthly
data:

rig =09 + BF Ly + B MKT, + 37 SM By + B{f HM Ly + €4, (A-4)

wherer; ; denotesasset’s excesseturnandL; is theinnovationin aggregatdiquidity.

M acr oeconomic Variables

We usethe following macroeconomiwariablesfrom FederalReserveBank of St. Louis: the growthratein the
indexof leadingeconomiandicatorgLEI), thegrowthratein theindexof Help WantedAdvertisingin Newspapers
(HELP),thegrowthrateof totalindustrialproduction(IP), the ConsumePricelndexinflation rate(CPI), thelevel
of the Fedfundsrate (FED), andthe term spreacbetweerthe 10-yearT-bondsandthe 3-monthsT-bills (TERM).
All growthrates(includinginflation) arecomputedasthedifferencdn logsof theindexattimest andt — 12, where
t is monthly.

B Time-Aggregation of Coskewness and Cokurtosis

Sincewe computeall of the monthly highermomentsmeasuresisingdaily data,the problemof time aggregation
may existfor someof the highermoments Assumingthatreturnsaredrawnfrom infinitely divisible distributions,
centralmomentsat first and secondorder can scale. That is, an annualestimateof the meany and volatility
o canbe estimatedfrom meansand volatilities estimatedfrom daily datau? and o, by the time aggregated
relationsy = 250u? ando = v/2500¢. Hence daily measureor secondordermomentsareequivalentto their
correspondingnonthlymeasuresWe now provethatdaily coskewnesandcokurtosisdefinedin equationg5) and
(6) areequivalento monthly coskewnesandcokurtosis.

With theassumptiorof infinitely divisible distributions,cumulantsscalebut notcentralmomentg“cumulants
cumulate”).Thecentralmoment,u,, of z is definedas:

Wy = / (x — p1)"dF forr =2,3,4,..., (B-1)

— 00
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integratingover thedistributionof returnsF, andu; = E(z). The productcumulants,., arethe coeficientsin
theexpansion:

®(t) = exp <i /-:ﬁi’f%) , (B-2)
r=0

where®(t) is the momentgeneratingunction of a univariatenormaldistribution. The bivariatecentralmoment,
s, IS definedas

Hrs = / / (.’L‘ - Mlo)r(y - ,um)de forr =2,3,4,..., (B-S)

whereF' is now thejoint distributionof  andy, andui9 = g1 of x andug: = p1 of y. The productcumulants,
ks, arecoeficientsin

o . .
(ltl)r (th)s
®(t1,t2) = exp (Z Frs— o1 | (B-4)
7r,8=0
where ®(t1,t2) is themomentgeneratingunctionof a bivariatenormaldistribution. Note that,
M2 = K,
M3 = K3,
MH21 = K21,
and  p3; = k31 + 3KooK11- (B-5)

In the bivariatedistribution,we usethefirst variablefor the marketexcesseturnandthe secondvariablefor an
individual stock’s excesseturn.We computeall centralmomentsy,., usingdaily excesseturn. We denoteall the
monthlyaggregateumulantswith tildes, £, = (250/12)«, andmonthly centralmomentswith tildes, zi;..

We now provethat monthly coskewnesss equivalentto scaleddaily coskewnesand monthly cokurtosisis
equivalento scaleddaily cokurtosis.For coskewnessjotethat

fi21 H21
coskeW = —~2_ coskeW = — 2 — (B-6)
K20V Ko2 K204/ K02 ’
wherecoskew" is monthlycoskewnesandcoskew is daily coskewnessSinceps; = ka1, coskew = ﬁ =
21 — 12 . . .
Ve \/ 350 coskew. Therefore monthly coskewnesanddaily coskewnesare equivalentassuming
returnsaredrawnfrom infinitely divisible distributions.
For cokurtosis:
cokurf" = % cokurf = 5*, (B-7)
K20V Ko2 K20v/ K02

v;gherecokurt“ refersto monthly cokurtosis cokurt refersto dailly cokurtosisandjis; = &s1 + 3k20k11. Note
that:
A3
VF3ovVFoz
Fa1 + 3Ra0k11
12 H31

250 /i, /Fion

12
= —cokurf B-8
250 (8-8)
Thelastequationfollows from thefactthatkiys = p11 = E(emt€it) = 0, wheree;; = r;p — a; — BiM KTy, is
theresiduafrom theregressiorof thefirm i's excesstockreturnr; onthecontemporaneousarketexcesseturn,
ande,, ¢ is theresidualfrom theregressiorof the marketexcesgeturnon a constant.

cokurf” =
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C Computing Hansen-Jagannathan (1997) Distances and P-
values

JagannathaandWang(1996)derivethe asymptoticdistributionof the HJ distance(equation(24)), showingthat
thedistributionof T' x (H J)? involvesaweightedsumof (N — K — 1) x? statistics. Theweightsarethe N — K — 1
non-zerceigenvalue®f:

S

’ 1 171 11
A=SiWi [I-WiDr(DyWrDr) 'DyWi | WiS

Nl
~

whereS% andWé aretheuppertriangularCholeskydecompositionsf S andWy respectivelyand Dy = ‘:’gl.
JagannathaandWang(1996)showthat A hasexactly N — K — 1 positiveeigenvalue®,...,0n_k—_1. Ti1e
asymptotiadistributionof the HJ distancemetricis:

N—K-1
x (HI)> = > 0ix3
J

asT — oo. We simulatethe HJ statistic100,000timesto computethe asymtoticp-valueof the HJ distance.

To calculatea small samplep-valuefor the HJ distance we assumehat the linear factor modelholds and
simulatea datageneratingproces§DGP) with 432 observationsthe samelengthasin our samples.The DGP
takestheform:

ris =1y + BiF; + €ir, (C-1)

wherer; ; is thereturnonthei-th portfolio, r{ is therisk-freerate,3; isan M x 1 vectorof factorloadings andF;
isthe M x 1 vectorof factors.We assumehattherisk-freerateandthe factorsfollow afirst-orderVAR process.

LetX, = (], F,)', and X, follows:
Xe=p+AX 1 +uy, (C-2)

whereu; ~ N(0,X). We estimatethis VAR systemanduseyi, A and$: astheparametergor ourfactorgenerating
processln eachsimulation,we generatet32 observationsf factorsandtherisk-freeratefrom the VAR systemin
equation(C-2). For the portfolio returns,we usethe sampleregressiorcoeficient of eachportfolio returnon the

factors,ﬁi, asourfactorloadings.We assumeheerrortermsof the baseassetse;, follow 11D multivariatenormal
distributionswith meanzeroandcovariancematrix, X, — 'YX 3, whereX,. is thecovariancematrix of theassets

andSr is the covariancematrix of thefactors.

For eachmodel, we simulate5000 time-seriesas describedaboveand computethe HJ distancefor each
simulationrun. We thencountthe percentagef theseHJ distanceshatarelargerthantheactualHJ distancerom
real dataanddenotethis ratio empiricalp-value. For eachsimulationrun, we alsocomputethe theoreticp-value
whichis calculatedrom the asymptotiadistribution.
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Tablel: PortfoliosSortedon ConditionalCorrelations

Panel A: Portfolios Sorted on Past p~

Portfolio Mean Std Auto (3 Size B/IM Lev p~ (B~ High-Low t-stat
llowp~ 0.77 4.18 0.15 069 261 0.63 496 0.74 0.94 0.40 2.26
2 0.88 434 0.17 081 292 062 471 080 0.97
3 0.87 432 0.15 083 3.19 0.60 4.88 0.82 0.95
4 094 439 0.15 087 346 058 4.38 0.83 0.97
5 0.97 439 0.10 090 3.74 056 515 0.85 0.95
6 1.00 445 0.09 0.94 4.04 053 449 090 1.01
7 1.00 464 0.09 1.00 439 050 7.06 0.92 1.02
8 1.03 458 0.08 1.00 4.82 0.48 4.04 0.94 1.05
9 1.12 477 0.02 1.05 536 0.46 542 0.96 1.08
10Highp~ 1.17 4.76 0.01 1.04 6.38 0.39 4.40 0.94 0.97

Panel B: Portfolios Sorted on Past p™

Portfolio Mean Std Auto (3 Size B/M Lev pt Bt High-Low t-stat
lLow pT 1.13 456 0.17 082 288 060 7.52 050 0.63 —0.06 -0.38
2 1.05 463 0.19 090 3.08 059 6.18 0.63 0.78
3 1.09 461 0.16 092 3.24 058 451 0.68 0.82
4 1.06 4.67 0.15 094 344 056 457 0.70 0.85
5 099 462 0.14 095 366 054 447 076 0.91
6 1.03 462 0.12 097 391 054 4.42 0.78 0.90
7 1.00 470 0.09 1.01 423 052 484 0.84 0.97
8 1.11 467 0.08 1.01 465 052 425 0.85 0.96
9 1.12 463 0.07 1.02 527 048 471 092 1.02
10High pt 1.07 452 0.00 1.00 6.65 036 4.35 0.95 1.06

The tablelists the summarystatisticsof the value-weightegp~ andp* portfolios at a monthly frequency
wherep~ and pt aredefinedin equation(3). For eachmonth, we calculatep— (p*) of all stocksbased
on daily continuouslycompoundedeturnsover the pastyear We rank the stocksinto deciles(1-10),and
calculatethe value-weightedsimple percentageeturn over the next month. We rebalancehe portfolios at
a monthly frequency Meansand standarddeviationsarein percentageermsper month. Std denoteshe
standarddeviation(volatility), Auto denoteshefirst autocorrelationandg is the post-formatiorbetaof the
portfolio with respecto the marketportfolio. At thebeginningof eachmontht, we computeeachportfolio’s
simpleaveragdog marketcapitalizationin millions (size)andvalue-weightedook-to-marketatio (B/M).
The columnLev is the simpleaverageof firms leverageratio which is definedasthe ratio of book value of
asseto bookvalueof equity. Thecolumnslabeledp~ (p*) andB~ (31) showthe post-formatiordownside
(upside)correlationsanddownside(upside)betasof the portfolios. High—Low is the meanreturndifference
betweemportfolio 10andportfolio 1 andt-statgivesthet-statisticfor this difference T-statisticsaarecomputed
usingNewey-West(1987)heteroskedastic-robustandarderrorswith 3 lags. T-statisticsthataresignificant
atthe5%level aredenotedby *. Thesampleperiodis from Januaryl964to Decembed999.
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Table2: PortfoliosSortedon PastCo-Measures

Panel A: Portfolios Sorted on Past Coskewness

Portfolio Mean Std Auto (3  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

3 113 471 0.08 1.02 -0.27
4 116 4.75 0.04 1.04 0.20
5 113 4.74 0.05 1.02 -0.13
6 1.06 459 0.04 1.00 0.01
7 119 464 0.08 1.01 0.03
8 110 4.63 0.02 1.02 0.04
9 1.07 454 0.03 1.00 0.18
10Highcoskew 1.03 4.44 0.03 0.96 0.15

Panel B: Portfolios Sorted on Past Cokurtosis

Portfolio Mean Std Auto g Cokurt High—Low t-stat
1 Low cokurt 121 464 0.02 1.01 -0.64 -0.18 -1.68
2 1.09 472 0.06 1.03 0.51

3 111 464 0.02 1.01 0.42
4 1.01 475 0.06 1.04 0.04
5 1.04 458 0.02 0.99 0.32
6 1.08 4.74 0.06 1.03 -0.22
7 112 447 0.03 0.97 0.49
8 1.08 460 0.07 0.99 -0.49
9 117 463 0.05 1.01 -0.41
10High cokurt 1.03 4.58 0.07 0.99 -0.45

Thetableliststhesummarystatisticfor thevalue-weighted oskewnesandcokurtosigportfoliosatamonthly
frequency For eachmonth,we calculatecoskewnesandcokurtosisof all stocksbasedndaily continuously
compoundedeturnsover the pastyear We rank the stocksinto deciles(1-10), and calculatethe value-
weightedsimple percentageeturn over the next month. We rebalancehe portfolios monthly. Meansand
standarddeviationsarein percentagéermspermonth. Std denoteshe standarddeviation(volatility), Auto

denoteghefirst autocorrelationandg is the post-formatiorbetaof the portfolio with respecto the market
portfolio. Coskewdenoteghe post-formationrcoskewnessf the portfolio asdefinedin equation(5); cokurt
denoteghepost-formatiorcokurtosisof theportfolio asdefinedn equation(6). High—Lowis themearreturn
differencebetweerportfolio 10 andportfolio 1 andt-statis the t-statisticfor this difference.T-statisticsare
computedisingNewey-West(1987)heteroskedastic-robustandarcerrorswith 3 lags. Thesampleperiodis

from Januaryl964to Decembet1999.
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Table3: PortfoliosSortedon Past3, 3~ and3+

Panel A: Portfolios Sorted on Past 3

Portfolio Mean Std Auto g High—-Low t-stat
lLow g 0.90 3.72 0.13 042 0.23 0.70
2 0.93 3.19 0.20 0.49
3 1.01 333 0.18 0.59

4 095 3.62 0.14 0.70
5 1.13 3.78 0.08 0.76
6 1.02 384 0.06 0.79
7 1.00 437 0.07 0.93
8 0.97 4.87 0.07 1.04
9 1.07 5.80 0.08 1.23
10High g 1.13 7.63 0.05 157

Panel B: Portfolios Sorted on Past 5~

Portfolio Mean Std Auto g 8-  p- k~ High-Low t-stat
1Lowgs™ 0.78 4.21 0.16 067 089 0.71 1.26 0.31 1.04
2 0.93 3.74 0.14 068 0.74 0.73 1.02
3 0.99 3.71 0.09 0.73 0.82 0.83 0.98
4 1.09 392 0.05 0.80 0.88 0.89 0.99
5 105 400 0.06 0.85 0.89 0.91 0.98
6 1.06 452 0.07 0.98 0.98 0.93 1.06
7 1.11 482 0.04 104 102 092 1.1
8 124 539 0.05 1.17 1.12 0.92 1.21
9 122 6.26 0.04 1.32 1.30 0.89 1.46
10Highg~ 1.09 7.81 0.08 157 152 0.84 1.82

Panel C: Portfolios Sorted on Past 3+

Portfolio Mean Std Auto g g+t  pt  kt High-Low t-stat
1Low 8+ 1.05 546 0.16 093 0.77 0.46 1.67 -0.05 -0.21
1.06 433 0.19 083 0.67 059 1.14
1.05 4.06 0.16 0.80 0.69 0.67 1.04
4 101 410 011 0.83 0.82 0.75 1.09
5 0.98 4.03 0.13 0.84 0.79 0.75 1.05
6 1.05 407 0.06 087 0.86 0.84 1.02
7 1.07 435 0.06 094 0.90 0.86 1.05
8
9
1

w N

1.02 4.65 004 1.01 098 0.88 1.11
1.12 525 005 1.12 1.13 0.86 1.31
OHigh8* 1.00 6.77 0.06 1.41 1.45 0.80 1.81

Thetablelists summarystatisticsfor value-weighted3, 3~ and3+ portfoliosatamonthlyfrequencywhere
B~ andg™T aredefinedin equation(4). Foreachmonth,we calculate3 (3—, 81 ) of all stocksbasecbn daily
continuouslycompoundedeturnsoverthepastyear We rankthe stocksinto deciles(1-10),andcalculatethe
value-weightedsimplepercentageeturnoverthe nextmonth. We rebalanceahe portfolios monthly. Means
andstandarddeviationsarein percentageermsper month. Std denoteshe standarddeviation(volatility),
Auto denoteghefirst autocorrelationand g is post-formatiorthe betaof the portfolio. Thecolumnslabeled
B~ (B%) andp~ (pt) showthe post-formationdownside(upside)betasanddownside(upside)correlations
of the portfolios. The columnlabeledk™ (k™) lists the ratio of the volatility of the portfolio to the volatility
of themarket,bothconditioningon the downside(upside).High—Lowis themeanreturndifferencebetween
portfolio 10 andportfolio 1 andt-statgivesthet-statisticfor this difference.T-statisticsarecomputedusing
Newey-West(1987) heteroskedastic-robustandarderrorswith 3 lags. The sampleperiodis from January
1964to Decembetl999.
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Table4: CorrelationPortfoliosandFama-Frenclkactors

Panel A: Whole Sample Regression Jan 64 - Dec 99
Regressionry = a; + b M KT, + s;SMBy + hi HM Ly + €

a b s h t(a) t(b) t(s) t(h) R?

1Lowp~ -0.37 069 0.53 043 -3.35 2158 1045 9.68 0.72
2 -0.30 0.80 048 0.38 -3.13 28.74 1058 9.30 0.81
3 -0.31 0.83 043 0.38 -356 2943 9.70 847 0.83
4 -0.24 086 041 033 -256 2745 9.13 6.69 0.86
5 -0.19 090 033 0.26 -235 3294 812 527 0.88
6 -0.16 094 0.24 024 -207 3743 6.65 475 0.89
7 -0.15 1.00 0.18 0.16 -2.12 43.00 529 384 091
8 -0.10 101 0.10 O01m -147 5458 326 3.20 0.93
9 0.02 105 0.04 000 033 7270 136 -0.06 0.95

10Highp~ 0.16 1.04 -0.15 -0.17 2.80 63.75 -5.33 -4.47 0.95

GRS= 1.92p(GRS)= 0.04

Panel B: a;'sin Two Subsamples

Decile
1 2 3 4 5 6 7 8 9 10 101

Jan64-Dec81 -0.23 -0.21 -0.24 -0.23 -0.06 -0.12 -0.13 -0.05 011 0.22 045
t-stat -1.82 -2.03 -2.12 -2.04 -0.73 -1.21 -145 -0.67 154 206 241

Jan82-Dec99 -049 -0.34 -0.36 -0.25 -0.30 -0.20 -0.13 -0.12 -0.05 0.10 0.59
t-stat -2.94 -219 -291 -160 -228 -1.74 -1.21 -1.13 -0.56 2.09 3.21

PanelA of thistableshowsthetime-seriesegressiomf excesseturnr; onfactorsM KT, SM B andH M L.
Thetenp~ portfoliosof Table(1) areusedin theregressiont() is thet-statisticof the regressiorcoeficient
computedusingNewey-W\est(1987)heteroskedastic-robustandarcerrorswith 3 lags. TheregressiorR? is
adjustedor thenumberof degree®f freedom.GRS is the F'-statisticof GibbonsRossandShanker(1989),
testingthe hypothesighat the regressiorinterceptarejointly zero. p(GRS) is the p-valueof GRS. The
sampleperiodis from Januaryl964to Decemberl999. PanelB reportsthe a’s andt-statisticsin the time
seriesregressiorin subsamplesColumn“10-1" is the differenceof the a’s for the 10th decileandthefirst
decile.
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Table5: Constructiomnf the DownsideCorrelationFactor

Panel A: Two (8) by Three (p~) Sort

Low p~ Mediump~ High p~ High p~ - Low p~
Low g Mean=0.86 | Mean=0.95 | Mean=1.06 Mean=0.20
Std=3.83 Std=3.61 Std=3.34 t-stat=1.81
3=0.66 B =0.69 3 =0.66
p~ =0.76 p~ =0.79 p =0.81
High 5 Mean=0.87 | Mean=1.02 | Mean=1.14 Mean=0.27
Std=5.82 Std=5.28 Std=4.89 t-stat=1.98
B8=1.23 B=1.16 B =1.09
p~ =0.89 p~ =0.94 p~ =0.96
Panel B: g-Balanced p— Portfolios
Low p~ Medium p~ High p~ || Highp~ - Low p~
[-balanced| Mean=0.86] Mean=0.98] Mean=1.10 Mean=0.23
Std=4.60 Std=4.29 Std=3.88 t-stat=2.35
3=0.94 3=0.93 3=0.87
p—=0.88 p~=0.92 p~=0.96

Summarystatisticsfor the portfolios usedto constructdownsiderisk factor C M C at a monthly frequency
Eachmonth,we rank stocksbasedon their 3, computedrom the previousyearusingdaily data,into alow
B groupand a high 8 group, eachgroup consistingof one half of all firms. Then, within eachg group,
we rank stocksbasedon their p—, which is also computedusing daily dataover the pastyear into three
groups:alow p~ group,amediump— groupanda high p~ group,with cutoff pointsat 33.3%and66.7%.
We computethe monthly value-weightedsimplereturnsfor eachportfolio. The g-balancedgroupsarethe
equal-weightediverageof the portfolios acrossthe two 3 groups. T-statisticsare computedusing Newey-
West(1987)heteroskedastic-robustandarcerrorswith 3 lags. The sampleperiodis from Januaryl964to

December1999.
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Table6: SummaryStatisticsof the Factors
Panel A: Summary Statistics

Factor Mean Std Skew Kurt Auto
MKT 055 440 -0.51 5.50 0.06
SMB 0.19 293 0.17 384 0.17
HML 0.32 265 -0.12 3.93 0.20
WML 0.90**+ 3.88 -1.05 7.08 0.00
SKS 0.10 226 0.69 7.45 0.08
CMC 0.23 206 0.04 541 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 -0.01 100
cMC -0.16 -0.64 -0.17 035 -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** -1.47 -11.02** -5.84* 2.65*

PanelA showsthe summarystatisticsof the factors. MKT is the CRSP value-weightedreturnsof all
stocks.SMB andHML arethesizeandthebook-to-markefactors(constructedy FamaandFrench(1993)),
WML is thereturnonthe zero-cosstrategyof goinglong pastwinnersandshortingpastlosers(constructed
following Carhart(1997)),andSKSis thereturnon goinglong stockswith themostnegativepastcoskewness
and shorting stockswith the most positive past coskewnesgconstructedollowing Harvey and Siddique
(2000)). CMC is thereturnon a portfolio going long stockswith the highestpastdownsidecorrelationand
shortingstockswith thelowestpastdownsidecorrelation.Thetwo columnsshowthemeansaandthe standard
deviationsof thefactors,expresse@smonthly percetagesSkewandKurt arethe skewnessandkurtosisof
the portfolio returns.Auto refersto first-orderautocorrelationFactorswith statisticallysignificantmeansat
the 5% (1%) level aredenotedwith * (**), usingheteroskedastic-robultewey-West(1987)standarcerrors
with 3 lags. Thecorrelationmatrix betweerthe factorsis reportedn PanelB. PanelC reportstheregression
of CMC ontoMKT, SMB, HML andWML factors,with t-statisticscomputedusing3 Newey-Westlags. T-
statisticshataresignificantat the 5% (1%) level aredenotedwith * (**). Thesampleperiodis from January
1964to Decembetl999.
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Table7: Regressiomf WML onto VariousFactors

Constant MKT SMB HML CMC SKS AdjR?

ModelA: coef 0.75 0.66 0.12
t-stat 4.34** 4.48*

ModelB: coef 0.72 0.05 0.68 0.12
t-stat 4.19** 0.73 4.82*

ModelC: coef 0.90 0.00 -0.01 0.00
t-stat 5.33* -0.06 -0.06

ModelD: coef 1.05 0.02 -0.41 -0.26 0.10

t-stat 6.25" 0.33 -3.20* -2.19

ModelE: coef 0.86 0.04 -0.19 -0.15 0.47 0.13
t-stat 4.87* 0.55 -1.18 -1.27 2.81*

This Tableshowsthetime-seriegegressiomf themomentunfactor, WML, ontovariousotherfactors.MKT
isthemarket, SMB andHML areFama-Frenclil993)factors CMCisthedownsideisk factor, andSKSisthe
Harvey-Siddiqug2000)skewnesgactor. Thet-statis computedusingNewey-West(1987)heteroskedastic-
robuststandarderrorswith 3 lags. T-statisticghataresignificantatthe 5% (1%) level aredenotedvith * (**).
The sampleperiodis from Januaryl 964to Decemben 999.
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Table8: Fama-MacBetliRegressioestsof the MomentumPortfolios

FactorPremiums\

Ao MKT SMB HML CMC WML R? JointSig
Model A: CAPM
Premium(\) 1.49 -0.62 0.07 p-val=0.32
t-stat 2.5 -0.99 p-val(adj)=0.33

t-stat(adj) 249 -0.98

Model B: Fama-French Model

Premium(A) -049 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) -045 166 -1.65 -2.17

Model C: Using MKT and CMC

Premium(A) -0.66 1.98 0.73 0.93 p-val=0.02*
t-stat -1.09 2.73* 2.80** p-val(adj)=0.03
t-stat(adj) -0.92 2.3% 2.38

Model D: Fama-French Factorsand CMC

Premium(A) -0.65 1.73 -011 -052 1.02 0.93 p-val=0.00*
t-stat -0.72 152 -0.31 -1.02 3.02** p-val(adj)=0.00*
t-stat(adj) -0.57 1.22 -0.25 -0.81 243

Model E: Carhart M odel

Premium(\) -0.83 2.81 -0.79 -1.63 0.41 0.91 p-val=0.00*
t-stat -0.98 2.84* -2.11* -247 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 0.45 050 064 098 084 0093 p-val=0.00*
t-stat -0.27 041 1.48 153 2.86* 3.89* p-val(adj)=0.01*
t-stat(adj  -0.19 029 1.04 1.08 2.0 2.74*

Thistableshowstheresultsfrom the Fama-MacBetl{1973)regressioniestson the 40 momentunportfolios
sortedby pasté monthsreturns.MKT, SMB andHML areFamaandFrench(1993)’sthreefactorsandCMC
isthedownsiderisk factor WML is returnonthezero-cosstrategygoinglong pastwinnersandshortingpast
loserg(constructedollowing Carhart(1997)). In thefirst stagewe estimatehefactorloadingsoverthewhole
sample. The factor premia, A, are estimatedn the second-stageross-sectionalegressionsWe compute
two t-statisticsfor eachestimate.Thefirst oneis computedusingthe uncorrected-ama-MacBetlstandard
errors. The secondoneis computedusing Shankers (1992) adjustedstandarderrors. The R? is adjusted
for the numberof degreesf freedom. The lastcolumnof the tablereportsp-valuesfrom x? testson the
joint significanceof the betasof eachmodel. The first p-valueis computedusingthe uncorrectedrariance-
covariancematrix, while the secondoneusesShankers (1992)correction. T-statisticsthatare significantat
the 5% (1%) level aredenotedwith * (**). Thesampleperiodis from Januaryl964to Decembei1999.
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Table9: GMM Testsof the MomentumPortfolios

Constant MKT SMB HML CMC WML J-Test HJITest
Model A: CAPM
Coeficient(s) 1.01 -4.68 57.81 0.59
t-stat 70.87* —-4.14* [0.03]F [0.00F*
Premium(X) 0.92
t-stat 4.14*
Model B: Fama-French M odel
Coeficient(s) 1.00 -9.41 18.80 5.80 43.74 0.54
t-stat 31.13* —-6.00* 5.30* 1.16 [0.21] [0.00F**
Premium(}) 1.32 -1.15 -0.92
t-stat 4.67* -437* -1.88
Model C: Using MKT and CMC
Coeficient(s) 1.1 -7.75 —-26.10 48.30 0.57
t-stat 33.48* —-6.00* -5.12* [0.12] [0.00]*
Premium(}) 1.13 1.00
t-stat 4.87* 4.75*
Model D: Fama-French Factorsand CMC
Coeficient(s) 1.06 -9.55 13.46 0.61 -12.19 44.09 0.54
t-stat 21.08* -595* 2.29* 011 -1.42 [0.17] [0.00F*
Premium(}) 1.14 -1.21 -0.43 0.90
t-stat 3.94* 471 -1.35 417
Model E: Carhart Model
Coeficient(¢) 1.04 —7.49 14.09 2.16 -3.73 44.80 0.51
t-stat 26.48* —-4.43* 3.46* 0.42 -1.70 [0.15] [0.00]*
Premium() 0.97 -0.99 -0.38 1.02
t-stat 3.23* -3.82* -1.15 3.74*
Modd F: Carhart Model and CMC
Coeficient(s) 1.08 -8.43 11.31 -0.64 -11.01 -2.35 44.86 0.51
t-stat 19.62* —-4.88* 1.83 -0.11 -1.28 -1.13 [0.12] [0.00F*
Premium() 0.98 -1.12 -0.34 1.00 0.84
t-stat 3.16* -4.29* -1.05 3.83* 3.63*

This tablelists the optimal GMM estimationresultsof the modelsusing40 momentumportfolios with the
risk-freerate. Coeficient (6) refersto thefactorcoeficientsin the pricing kernelandPremia()) refersto the
factor premia() in monthly percentagéerms.P-valuesof JandHJ testsareprovidedin [], with p-valuesof
lessthan5% (1%) denotedoy * (**). The J-testis Hansens (1982)x?2 teststatisticson the overidentifying
restrictionsof the model. HJ denoteghe Hansen-Jagannath§h997) distancemeasuravhich is definedin
equation(24). Asymptoticandsmall-sample-valuesof the HJ testareboth 0.00for all models. Statistics
thataresignificantat 5% (1%) level aredenotedby * (**). In all models,Wald testsof joint significanceof
all premiumsarestatisticallysignificantwith p-valuesof lessthan0.01. The sampleperiodis from January
1964to Decembed 999.
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Table10: Liquidity BetaPortfoliosandDownsideCorrelationPortfolios
Panel A: Mispricing across Aver age Liquidity Beta Portfolios

a b s h t(a) t(b) t(s) t(h) R?
lLowgl -0.17 1.05 042 0.19 -1.93 40.39 9.88 3.30 0.91

2 -0.09 091 0.13 0.23 -1.36 4944 430 576 0.94
3 -0.06 0.88 0.09 0.29 -1.15 4936 354 8.19 0.93
4 -0.03 095 0.16 0.21 -049 36.88 444 480 0.93

5Highp* -0.08 1.01 0.42 011 -0.92 4422 12.77 2.88 0.91
as-a; = 0.10t-stat=0.71
Panel B: Mispricing across Aver age Downside Correlation Portfolios

a b s h tla) t(d) t(s) t(h) R?
lLowp~ -0.18 081 0.54 045 -2.38 30.89 12.64 12.69 0.86

2 -0.17 091 0.44 037 -214 36,51 11.32 7.29 0.91
3 -0.12 098 0.26 0.23 -1.67 46.77 8.00 4.90 0.93
4 -0.05 102 01m 0.10 -0.76 60.21 3.93 2.68 0.96

5Highp~ 0.08 1.07 -0.13 -0.13 1.80 90.83 -7.70 -4.70 0:98

as-a; = 0.26t-stat=2.62

This tableshowsthetime-seriegegressiorof excesseturnr; onfactorsM KT, SM B and HM L. In each
month,we sortall NYSE, AMEX andNASDAQ stocksinto 25 portfolios. We first sortstocksinto quintiles
by % andsort stocksinto quintilesby p~, where3 is computedusing equation(25) usingthe previous
5 yearsof monthly data. The intersectiorof thesequintilesforms 25 portfolioson 8¢ andp~—. Theaverage
liquidity betaportfoliosin PanelA aretheliquidity betaquintilesaveragedaverthep™ quintiles. Theaverage
p~ portfoliosin PanelB arethe p~ quintilesaveragedver the liquidity betaquintiles. The tablereports
the coeficientsfrom a time-seriegegressiorof the portfolio returnsonto the Fama-Frenct{1993)factors:
ri = a; +biM KTy + s;SM B, + h; HM L, + €. t() is thet-statisticof theregressiorroeficientcomputed
usingNewey-W\est(1987)heteroskedastic-robustandarcerrorswith 3 lags. Theregression?? is adjusted
for thenumberof degree®f freedom.Januaryl968to Decembef999. a5-a; is thedifferencen thealphas
a betweerthe 5th quintile andthefirst quintile.
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Table11: Macroeconomid/ariablesandC M C

Panel A: CMCy =a+ Y2, byMACRO; i + Y3, c;CMCy_; + ¢

MACROtfl MACROtfg MACROt,3 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
P 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:
MACRO; = a+ Y5 biCMCy_i + Y0, i MACRO_; + €
CMCt_l CMCt_Q CMCt_g 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**
t-stat —5.34* 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**
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 table showsthe resultsof the regressiondbetweenCMC andthe macroeconomiwariables. PanelA
lists the resultsfrom the regression®f C'M C onlaggedC M C' andlaggedmacroeconomiwariables,but
reportsonly the coeficients on laggedmacrovariables. PanelB lists the resultsfrom the regression®f
macrovariable®n laggedCMC andlaggedmacroeconomiwariables,but reportsonly the coeficientson
laggedCMC. LEI is the growthrate of the index of leadingeconomicindicators,HELP is the growth rate
in theindexof Help WantedAdvertisingin NewspaperslP is the growth rate of industrialproduction,CPI
is the growth rateof ConsumerPriceIndex, FED is the federaldiscountrateand TERM is the yield spread
betweerl0yearbondand3 monthT-bill. All growthrate(includinginflation)arecomputedasthedifferences
in logsof theindexattime ¢t andtime ¢ — 12, wheret is in months.FED is thefederalfundsrateand TERM
is theyield spreadbetweenthe 10 yeargovernmenbondyield andthe 3-monthT-bill yield. All variables
areexpressed@spercentagesT-statisticsare computedusing Newey-Westheteroskedastic-robustandard
errorswith 3 lags,andarelistedbeloweachestimate JointSig in PanelA denotego the p-valueof thejoint
significanceaestonthe coeficientsonlaggedmacrovariables.JointSigin PanelB denoteghep-valueof the
joint significanceestonthe coeficientsof laggedCMC. T-statisticshataresignificantatthe 5% (1%) level
aredenotedwith * (**). P-valuesof lessthan5% (1%) aredenotedwith * (**). Thesampleperiodis from

Januaryl964to Decembef999.
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Figurel: AverageReturn,s3, p~ of MomentumPortfolios

J=6 K=3 J=6 K=6

Decile Decile

J=6 K=9 J=6 K=12

Decile Decile

Theseplots showthe averagemonthly percentageeturns,3 and p~ of the Jegadeeshnd Titman (1993)
momentumportfolios. J refersto formationperiodand K refersto holding periods. For eachmonth,we
sortall NYSE andAMEX stocksinto decileportfoliosbasedon their returnsoverthe pastJ=6 months.We
considerholding periodsover the next 3, 6, 9 and 12 months. This procedureyields 4 strategiesand 40
portfoliosin total. The sampleperiodis from Januaryl964to December 999.
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Figure2: Loadingsof MomentumPortfolioson Factors
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Theseplotsshowtheloadingsof theJegadeesandTitman(1993)momentunportfoliosonMKT, SMB,HML
and CMC. Factorloadingsare estimatedn the first stepof the Fama-MacBeth{1973) procedurgequation
(12)). J refersto formationperiodand K refersto holding periods.For eachmonth,we sortall NYSE and
AMEX stocksinto decile portfolios basedon their returnsover the past.J=6 months. We considerholding
periodsover the next 3, 6, 9 and 12 months. This procedureyields 4 strategiesand 40 portfoliosin total.
MKT, SMB andHML areFamaandFrench(1993)'sthreefactorsandCMC is the downsidecorrelationrisk
factor Thesampleperiodis from Januaryl964to Decembed999.
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Figure3: Pricing Errorsof GMM Estimation(HJ method)
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Theseplots show the pricing errorsof variousmodelsconsideredn Section4.2. Eachstarin the graph
represent®ne of the 40 momentumportfolios with J = 6 or the risk-free asset. The first ten portfolios
correspondo the K = 3 monthholdingperiod,the secondento the K = 6 monthholding period,the third
tento the K = 9 monthholding period,andfinally the fourth tento the K = 12 holding period. The 41st
assets therisk-freeasset.Thegraphsshowtheaverageoricing errorswith asterixeswith two standarcerror
bandsin solid lines. The unitson the y-axisarein percentagéerms. Pricing errorsareestimatedollowing
computatiorof the Hansen-Jagannath&t©97)distance.
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