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1 Introduction

We define“downsiderisk” to be the risk that an asset returnis highly correlatedwith the
marketwhenthemarketis declining.In thisarticle,we show thattherearesystematiwariations
in thecross-sectionf stockreturnsthatis linkedto downsiderisk. Stockswith higherdownside
risk have higherexpectedreturns thanreturnsthatcanbe explainedby themarlketbeta thesize
effectandthe book-to-marlet effect. In particular we find thathigh returnsassociateavith the
momentunstratgies(JegadeeslandTitman,1993)aresensitveto thefluctuationsan downside
risk.

Markowitz (1959) raisesthe possibility that agentscareaboutdownsiderisk, ratherthan
aboutthe marlet risk. He advisesconstructingportfolios basedon semi-\ariances,rather
thanon variancessincesemi-\ariancesveight upsiderisk (gains)anddownsiderisk (losses)
differently In Kahnemarand Tversky (1979)s lossaversionandGul (1991)5s first-orderrisk
aversionutility, lossesare weightedmore heavily thangainsin aninvestors utility function.
If investorsdislike downsiderisk, thenan assetwith greaterdownsiderisk is not asdesirable
as,andshouldhave a higherexpectedreturnthan,an assetwith lower downsiderisk. We find
that stockswith highly correlatedmovementson the downside have higher expectedreturns.
The portfolio of greatesdownsiderisk stocksoutperformsthe portfolio of lowestdownside
risk stocksby 4.91%perannum. After controlling for the market beta,the sizeeffect andthe
book-to-marlet effect, the greatestdownsiderisk portfolio outperformsthe lowestdownside
risk portfolio by 6.55%perannum.

It is not surprisingthat higherordermomentsplay a role in explaining the cross-sectional
variationof returns. However, which higherordermomentsare importantfor cross-sectional
pricing is still a subjectof debate. Unlike traditional measuresof centeredhigherorder
moments our downsiderisk measureemphasizeshe asymmetriceffect of risk acrossupside
and downside movements(Ang and Chen, 2001). We find little discernablepatternin the
expectedreturns of stocksranked by third-order moments(Rubinstein, 1973; Kraus and
Litzenbeger, 1976; Harvey and Siddique,2000), by fourth-ordermoments(Dittmar, 2001)
by downsidebetasor by upsidebetagBawa andLindenbeg, 1977).

We find thatthe profitability of the momentunstrateyiesis relatedto downsiderisk. While
FamaandFrench(1996)andGrundyandMartin (2001)find thatcontrollingfor the market, the
size effect, and the book-to-marlet effect increaseghe profitability of momentumstratagies,
rather than explaining it, the momentumportfolios load positively on a factor that reflects
downsiderisk. A lineartwo-factormodelwith themarketandthis downsiderisk factorexplains
someof the cross-sectionaleturnvariationsamongmomentunportfolios. The downsiderisk



factor commandsa significantly positive risk premiumin both Fama-MacBeth(1973) and
GeneralizedMethod of Moments(GMM) estimationsand retainsits statisticalsignificance
whenthe Fama-Frenctactorsare added. Although our linear factor modelswith downside
risk arerejectedusingthe Hansen-Jagannath&t997)distancemetric, our resultssuggesthat
someportionof momentunprofitscanbeattributedascompensatiofor exposureso downside
risk. Pastwinner stockshave high returns,in part, becauseluring periodswhenthe market
experienceglovnsidemoves,winner stocksmove down morewith the market thanpastloser
stocks.

Existing explanationsof the momentumeffect are largely behaioral in natureand use
modelswith imperfectformationand updatingof investors’expectationsn responsdo new
information (Barberis, Shleifer and Vishry, 1998; Daniel, Hirshleifer and Subrahmayam,
1998; Hong and Stein, 1999). Theseexplanationsrely on the assumptionthat arbitrage
is limited, so that arbitrageurscannot eliminate the apparentprofitability of momentum
stratgies.Mispricing may persistbecausearbitrageursieedto bearfactorrisk, andrisk-averse
arbitrageursddemandcompensatiorior acceptingsuchrisk (Hirshleifer, 2001). In particular
JggadeestandTitman (2001)shav thatmomentumhaspersistedsinceits discovery. We show
thatmomentunstratgieshave high exposurego a systematiadownsiderisk factor

Ourfindingsarecloselyrelatedto Harvey andSiddique(2000),who arguethatskewnessis
priced,andshowv thatmomentunstratgiesarenegatively skewed. In our datasample we fail
to find ary patternrelatingpastskewnessto expectedreturns.DeBondtand Thaler(1987)find
thatpastwinner stockshave greaterdownsidebetasthanupsidebetas.Thoughthe profitability
of momenturrstratgiesis relatedto asymmetriesn risk, we find little systematieffectin the
cross-sectionf expectedreturnsrelatingto downsidebetas.Insteadwe find thatit is downside
correlationwhichis priced.

While Chordiaand Shivakumar(2000)try to accountfor momentumwith a factormodel
wherethe factorbetasvary overtime asalinearfunctionof instrumentalariablesthey do not
estimatethis modelwith cross-sectionainethods.Ahn, Conradand Dittmar (2001)find that
imposingtheseconstraintsyeduceshe profitability of momentumstratgies. Ghysels(1998)
alsoamguesagainsttime-varying betamodels,shaving thatlinear factormodelswith constant
risk premia,lik e the modelswe estimate performbetterin smallsamplesHodrick andZhang
(2001) alsofind that modelsthat allow betasto be a function of businesscycle instruments
performpoorly, andthey find substantialnstabilitiesin suchmodels!

1 An alternatie non-behaioral explanationfor momentunis proposedy ConradandKaul (1998),who argue
thatthemomentuneffectis dueto cross-sectionalariationsin (constantexpectedreturns.JeggadeeskandTitman
(2001)rejectthis explanation.



Our researchdesignfollows the customof constructingand adding factorsto explain
deviationsfrom the Capital AssetPricing Model (CAPM). However, this approachdoesnot
speakto the sourceof factor risk premia. Although we designour factor to measurean
economicallymeaningfulconceptof downsiderisk, our goal is not to presenta theoretical
model that explains how downsiderisk arisesin equilibrium. Our goal is to test whether
a part of the factor structurein stockreturnsis attributableto downsiderisk. Otherauthors
usefactorswhich reflectthe sizeandthe book-to-marlet effects (Famaand French,1993and
1996), macroeconomidactors(Chen, Roll and Ross,1986), productionfactors(Cochrane,
1996),laborincome(JagannathaandWang,1996),market microstructurdactorslik e volume
(Genwis, Kaniel andMingelgrin, 2001)or liquidity (Pastorand Stambaugh2001)andfactors
motivatedfrom corporatefinancetheory(Lamont,Polk and Saa-Requejo2001). Momentum
stratgyiesdo notloadvery positively on ary of thesefactors,nordo ary theseapproachessea
factorwhich reflectsdownsiderisk.

Therestof this papelis organizedasfollows. Section? investigatesherelationshigbetween
pasthigherordermomentsandexpectedreturns.We show that portfolios sortedby increasing
downsidecorrelationshave increasingexpectedeturns.Onthe otherhand,portfoliossortedby
otherhighermomentsdo not displayary discernablgatternin their expectedreturns.Section
3 detailsthe constructiorof our downsiderisk factor shavs thatit commandsneconomically
significantrisk premium,and shaw thatit is not subsumedy the Famaand French(1993)
factors.We apply the downsiderisk factorto price the momentunportfoliosin Section4 and
find thatthe downsiderisk factoris significantlypricedby the momentunportfolios. Section5
studiesthe relationbetweendownsiderisk andliquidity risk, andexploresif the downsiderisk
factorreflectsinformationaboutfuture macroeconomiconditions.Section6 concludes.

2 Higher-Order Moments and Expected Returns

Economictheory predictsthat the expectedreturn of an assetis linked to the higherorder
momentsof the asset return throughthe preference®f a mamginal investor The standard
Eulerequationin anarbitrage-freeeconomyis:

E; [mt+17“i,t+ﬂ =0, (1)

in which m,,; is the pricing kernelor the stochastiadiscountfactor andr; ., is the excess
returnon asseti. If we assumehat consumptionis proportionalto wealth, thenthe pricing
kernelis themaminal rateof substitutiorfor themawinalinvestor:m; ., = U'(W;,1)/U'(W}).



By takinga Taylor expansionof the marginal investors utility function,U, we canwrite:

W U// W2U///
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M1 =1+

whereM KT, is therateof returnonthe market portfolio, in excessof therisk-freerate.

The coeficient on M KT, in equation(2), W,U"”/U’, correspondgo the relative risk
aversion of the mamginal investor The coeficient on M KT?, is studiedby Kraus and
Litzenbepger (1976)and motivatesHarvey andSiddique(2000)s coslkewnessmeasurewhere
risk-averseinvestorgreferpositively skewedasset$o negatively skewedassetsDittmar (2001)
examinesthe cokurtosiscoeficient on M KT}, and aguesthat investorswith decreasing
absoluteprudencedislike cokurtosis.Empirical researchrejectsstandardspecificationgor U,
suchaspower utility, andleavesunanswereavhatthe mostappropriateepresentatiofor U is.

Economictheory doesnot restrictthe utility function U to be smooth. Both Kahneman
and Tversky (1979)5s loss aversion utility and Gul (1991)5 first-order risk aversion utility
function have a kink at the referencepoint to which an investorcomparegyainsand losses.
Theseasymmetric,kinked utility functions suggestthat polynomial expansionsof U, such
asthe expansionusedby Bansal,Hsieh and Viswanathan(1993), may not be a good global
approximation®f U. In particular standargolynomialexpansionsnay missasymmetriaisk.

We shaw in Section2.1thatthereis a positive relationbetweerdownsiderisk andexpected
returns. Stockswith high downside conditional correlations,which condition on moves of
the marlket belov its mean, have higher returnsthan stockswith low downside conditional
correlationsHowever, thereis no rewardnor costfor bearingrisk ontheupside.ln Section2.2
we shaw thatstockssortedby otherhigherordermomentshave no discernablgatternsn their
expectedreturns.We alsoshow thatstockssortedby conditionaldownsideor upsidebetashave
little discernablgpatternan Section2.3. We provide aninterpretatiorof our resultsin Section
2.4,

2.1 Downside and Upside Correlations

In Table(1), we show thatstockswith high downsiderisk with themarket have higherexpected
returnsthan stockswith low downsiderisk. We measuredownsiderisk and upsiderisk by
downside conditional correlations,p~, and upsideconditional correlations,p™, respectiely.
We definetheseconditionalcorrelationsas:

p~ =corr(ry, MKT,|MKT, < MKT,)
pt =corr(riyy, MKT,\MKT, > MKT},), (3)
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wherer; ; is theexcessstockreturn, M K'T; is theexcessmarket return,andM KT, is themean
excessmarketreturn.

To ensurethat we do not capturethe endogenousnfluenceof contemporaneouslitigh
returnson higherordermomentswe form portfolios sortedby pastreturncharacteristicand
examineportfolio returnsover a future period. To sort stocksbasedon downsideandupside
correlationsat a point in time, we calculatep™ and p™ usingdaily continuouslycompounded
excessreturnsover the previousyear We first rank stocksinto deciles,andthenwe calculate
theholding periodreturnover the next monthof the value-weightegortfolio of stocksin each
decile. We rebalancetheseportfolios eachmonth. Appendix A provides further detailson
portfolio construction.

PanelsA andB of Table (1) list monthly summarystatisticsof the portfolios sortedby p~
and p™, respectiely. We first examinethe p~ portfolios in Panel A. The first column lists
the meanmonthly holding period returnsof eachdecile portfolio. Stockswith the highest
pastdownside correlationshave the highestreturns. In contrast,stockswith the lowestpast
downsidecorrelationshave the lowestreturns. Going from portfolio 1, which is the portfolio
of lowest downside correlations,to portfolio 10 which is the portfolio of highestdownside
correlationstheaveragereturnalmostmonotonicallyincreasesThereturndifferentialbetween
theportfoliosof thehighestdecilep~ stocksandthelowestdecilep™ stockss 4.91%perannum
(0.40% per month). This differenceis statisticallysignificantat the 5% level (t-stat= 2.26),
usingNewey-West(1987)standarcerrorswith 3 lags.

The remainingcolumnslist other characteristicof the p~ portfolios. The portfolio of
highestdownsidecorrelationstockshave the lowestautocorrelationsat almostzero, but they
alsohave the highestbetas. Sincethe CAPM predictsthat high betastocksshouldhave high
expectedeturnsweinvestigatan Section3 if thehighreturnsof high p~ stocksareattributable
to the high betasg(which arecomputedpost-formatiorof the portfolios). However, highreturns
of high p~ stocksdo not appearto be dueto the sizeeffect or the book-to-marlet effect. The
columnslabeled‘Size” and“B/M” shaw thathigh p~ stockstendto belarge stocksandgrowth
stocks.Sizeandbook-to-marlet effectswould predicthigh p~ stocksto have low returnsrather
thanhighreturns.

The secondto last column calculateghe post-formationconditionaldownsidecorrelation
of eachdecile portfolio, over the whole sample. Thesepost-formationp~ are monotonically
increasing,which indicatesthat the top decile portfolio, formed by taking stockswith the
highestconditionaldownside correlationover the pastyeat is the portfolio with the highest
downsidecorrelationoverthewholesample.Thisimpliesthatusingpastp~ is agoodpredictor
of future p— andthatdownsidecorrelationsarepersistent.
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Thelastcolumnlists the downsidebetas,5—, of eachdecileportfolio. We definedownside
beta,3~, andits upsidecounterpart3+ as:
cov(riy, MKT,| MKT, < MKT,)
va(MKT,|MKT, < MKT,)
cov(riy, MKT,|MKT, > MKT,)
va(lMKT,|MKT, > MKT;)

6 =

and [+ (4)

The 5~ columnshaws that the p~ portfolios have fairly flat 5~ pattern. Hence,the higher
returnsto higherdownsidecorrelationis not dueto higherdownsidebetaexposure.

Panel B of Table (1) showvs the summarystatisticsof stockssortedby p*. In contrast
to stockssortedby p—, thereis no discernablepattern betweenmean returns and upside
correlationsHowever, the patternsn the 3’s, market capitalizationsandbook-to-marlet ratios
of stockssortedby p* are similar to the patternsfound in p~ sorts. In particular high p*
stocksalsotendto have higherbetastendto belarge stocks,andtendto be growth stocks.The
lasttwo columnslist the post-formationo™ and 3+ statistics.Here,both p* and 3" increase
monotonicallyfrom decilel to 10, but portfolio cutsby p* do not give ary patternin expected
returns.

In summary Table (1) shows that assetswith higher downside correlationshave higher
returns.Thisresultis consistentvith modelsin which themaginal investoris morerisk-averse
on the downsidethan on the upside,and demandhigher expectedreturnsfor bearinghigher
downsiderisk.

2.2 Coskewnessand Cokurtosis

Table(2) shows that stockssortedby pastcoskewnessandpastcokurtosisdo not produceary
discernablgatternsn theirexpectedeturns.Following Harvey andSiddique(2000),we define
coslewnessas:

E[Eitegnt}
coslew = — , (5)
E[E?,t]E[egn,t}
wheree,, = r; — a; — B;MKT,, is the residual from the regressionof r;; on the

contemporaneowscesanarketreturn,ande,, , is theresiduaffrom theregressiorof themarket
excesgeturnonaconstant.
Similarto thedefinition of coskewnessin equation(5), we definecokurtosisas:

E[Gi,tefn,t]

Ele?] (Ele,])

m,t

(6)

cokurt=

3"
2



We computecoskewnessn equation(5) andcokurtosisn equation(6) usingdaily dataoverthe
pastyear AppendixB shows thatcalculatingdaily coskewnessandcokurtosisis equialentto
calculatingmonthly, or ary otherfrequeng, coslewnessandcokurtosis.

Panel A of Table (2) lists the characteristicof stockssortedby pastcoslewness. Like
Harvey and Siddique(2000),we find that stockswith more negative coskewnesshave higher
returns.However, thedifferencebetweerthefirst andthetenthdecileis only 1.79%perannum,
which is not significantat the 5% level (t-stat= 1.17). Stockswith large negative coskewness
tendto have higherbetasandthereis little patternin post-formatiorunconditionacoslkewness.
PanelB of Table(2) lists summarystatisticsfor portfolios sortedby cokurtosis.In summary
we do notfind ary statisticallysignificantrewardfor bearingcokurtosisrisk.

We alsoperform(but do not report)sortson skewnessandkurtosis. We find that portfolios
sortedon pastskewnessdo have statistically significantpatternin expectedreturns,but the
patternis the oppositeof thatpredictedoy aninvestorwith an Arrow-Prattutility. Specifically
stockswith the mostnegative skewnesshave the lowestaveragereturns. Moreover, skewness
is not persistenin that stockswith high pastskewnessdo not necessariljhave high skewness
in the future. Finally, we find that stockssortedby kurtosishave no patternsn their expected
returns.

2.3 Downside and Upside Betas

In Table (3), we sortstockson the unconditionalbeta,the downsidebetaandthe upsidebeta.
Confirming mary previous studies,Panel A shows that the betadoesnot explain the cross-
sectionof stockreturns.Thereis no patternacrosgsheexpectedeturnsof the portfolio of stocks
formedby pasts. Thecolumnlabeleds shavsthatthe portfoliosconstructedby rankingstocks
on pastbetaretaintheir beta-rankingsn the post-formatiorperiod.

PanelB of Table (3) reportsthe summarystatisticsof stockssortedby the downsidebeta,
(. Thereis aweaklyincreasingput mostly humped-shapepatternin the expectedreturnsof
the 6~ portfolios. However, the differencein thereturnsis not statisticallysignificant. This is
in contrasto the strongmonotonicpatternwe find acrosshe expectedreturnsof stockssorted
by downsidecorrelation.

Both the downsidebetaandthe downsidecorrelationmeasuréow anasses returnmoves
relatveto themarket'sreturn,conditionalondownsidemovesof themarket. In orderto analyze
why thetwo measureproducedifferentresults we performthe following decompositionThe
downsidebetais afunction of the downsidecorrelationanda ratio of the portfolio’s downside



volatility to themarket’'s downsidevolatility:

cov(ris, MKT,|MKT, < MKT,)
vaMKT,|MKT, < MKT})
O'(’f'z"t|MKth < MKTt)

=p X —. 7
P G rmi MKT, < MKT,) (7)

ﬂ_:

We denotethe ratio of the volatilities ask~ = o(ri;|]MKT, < MKT;)/o(rm:MKT, <
MKT),), conditioningonthedownside andacorrespondingxpressiorfor k" for conditioning
ontheupside.

The columnslabeleds~ and p~ list summarypost-formations— and p~ statisticsof the
decile portfolios over the whole sample. While Panel B of Table (3) shavs that the post-
formation 5~ is monotonicfor the 5~ portfolios, this canbe decomposedhto non-monotonic
effectsfor p— andk~. Thedownsidecorrelationp— increasesindthendecreasemoving from
the portfolio 1 to 10, while k£~ decreasesnd thenincreases.The hump-shapen expected
returnslargely mirrors the hump-shapepatternin downside correlation. The two different
effectsof p~ andk™ make expectedreturnpatternan g~ harderto detectthanexpectedreturn
patternsn p—. In anunreportedesult,we find that portfolios of stockssortedby £~ produce
no discernablegatternin expectedreturns.

In contrast, Table (1) shaws that portfolios sortedby increasingp~ have no patternin
downsidebetas.Hence variationin the expectedreturnsof 5~ portfoliosis likely to be driven
by their exposureto p~. This obsenationis consistenwith Ang andChen(2001)who showv
that variationsin downsidebetaare largely driven by variationsin downsidecorrelation. We
find thatsortingon downsidecorrelationproducegyreatervariationsin returnsthansortingon
downsidebeta.

Thelastpanelof Table(3) sortsstockson 3*. The panelshavs arelationbetween3™ and
pT. However, justaswith thelack of relationbetweerp™ andexpectedeturnsreportedn Table
(1), thereis no patternin the expectedreturnsacrosshe 3+ portfolios.

24 Summary and Interpretation

Stockssortedby increasingdownside risk, measureddy conditional downside correlations,
have increasingexpectedreturns. Portfolios sortedby other centeredhigherorder moments
(coslewnessand cokurtosis)have little discernablepatternsin returns. If a mamginal investor
dislikes downsiderisk, why would the premium for bearingdownside risk only appearin

portfolio sortsby p~, and not in other momentscapturingleft-hand tail exposuresuch as
co-slewness? If the mamginal investors utility is kinked, skewnessand other odd-centered

8



momentsnay not effectively capturethe asymmetrieeffect of risk acrossupsideanddownside
moves. On the other hand,downsidecorrelationis a complicatedfunction of mary higher
orderedmoments,including skewness,and therefore,downside correlationmight sene asa
betterproxy for downsiderisk. Although we calculateour measureconditionalat a pointin
time and conditionalon the meanmarket returnat that time, the emphasif the conditional
downsidecorrelationis on the asymmetryacrossthe upsidemarket movesandthe downside
market moves.

Downsidecorrelationmeasuresisk asymmetryand producesstrongpatternsin expected
returns. However, portfolios formedby othermeasure®f asymmetriaisk, suchasdownside
beta, do not producestrong cross-sectionatlifferencesin expectedreturns. One statistical
reasoris thatdownsidebetainvolvesdownsidecorrelation plusa multiplicative effectfrom the
ratiosof volatilities, which masksthe effect of downsiderisk. Secondwhile the betameasures
comovementdn boththedirectionandthe magnitudeof anasseteturnandthe marketreturn,
correlationsare scaledto emphasizéhe comovementsin only direction. Hence,our results
suggesthatwhile agentareaboutdownsiderisk (amagnitudeanddirectioneffect),economic
constraintswhich bind only on the downside (a direction effect only) are also importantin
producingthe obsered downsiderisk. For example,Chen,Hong and Stein (2001) examine
binding short-saleconstraintsvherethe effect of a shortsaleconstraintis a fixed costrather
thana proportionalcost. Similarly, Kyle and Xiong (2001)'s wealth constraintsonly bind on
thedownside.

3 A Downsde Correlation Factor

In this section,we constructa downsiderisk factorthat captureghe return premiumbetween
stockswith high downsidecorrelationsand low downsidecorrelations. First, in Section3.1,

we show that the Fama-French(1993) model doesnot explain the cross-sectionavariation
in the returnsof portfolios formedby sorting on downsidecorrelations. Second,Section3.2

detailsthe constructionof the downsidecorrelationfactot which we call the CMC factor We

constructthe CMC factor by going shortstockswith low downsidecorrelationswhich have

low expectedreturns,andgoinglong stockswith high downsidecorrelationswhich have high

expectedreturns.Finally, we shav in 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-seriegegression:

Tit:ai+biMKTt+SiSMBt+hiHMLt+€it, (8)

where SMB; and HML, are the two Famaand French(1993) factorsrepresentinghe size
effect andthe book-to-marlet effect, respectiely. The coeficients,b;, s; andh;, arethefactor
loadingson the market, the size factor and the book-to-marlet factot respectrely. We test
the hypothesighat the ¢;'s arejointly equalto zerofor all ten portfolios by usingthe F-test
developedby Gibbons,RossandShanlen (1989)(henceforthGRS).

Table (4) presentghe resultsof the regressionin equation(8). We find that portfolios of
stockswith higherdownsidecorrelationshave higherloadingson the market portfolio. That
is, stockswith high downsidecorrelationstendto be stockswith high market betas,which is
consistenwith the patternof increasingbetasacrossdeciles1-10in Table(1). The columns
labeleds andh show thatthe loadingson SMB andHML both decreasenonotonicallywith
increasinglownsidecorrelations Theseesultsarealsoconsistentith thecharacteristicisted
in Table(1), wherethe highestdownsiderisk stockstendto be large stocksandgrowth stocks.
Table(4) suggestshatthe Fama-Frenchiactorsdo not explain thereturnson the downsiderisk
portfolios sincetherelationsbetweerny~ andthefactorsgo in the oppositedirectionthanwhat
the Fama-Frencimodelrequires.In particular stockswith high downsiderisk have the lowest
loadingson sizeandbook-to-marlet factors.

In Table(4), theinterceptcoeficients,a;, representhe proportionof thedecilereturnsleft
unexplainedby the regressionof equation(8). The interceptcoeficientsincreasewith p—, so
thatafter controlling for the Fama-Frenchactors,high downsidecorrelationstocksstill have
high expectedreturns. Thesecoeficients are almostalways individually significantand are
jointly significantly differentfrom zeroat the 95% confidencdevel usingthe GRStest. The
differencen a; betweerthedecile10 portfolio andthedecilel portfolio is 0.53%permonth,or
6.55%perannumwith ap-value0.00.Hence thevariationin downsiderisk in the p~ portfolios
is not explainedby the Fama-Frencimodel. In fact, controlling for the market, the sizefactor
andthebook-to-marletfactorincreaseshedifferencesn thereturnsfrom 4.91%to 6.55%per
annum.

In PanelB of Table(4), we testwhetherthis mispricingsurviveswhenwe split the sample
into two subsamplegynefrom Jan64to Dec81 andtheotherfrom Jan82to Dec99. We list the
interceptcoeficients,a;, for thetwo subsamplesyith robustt-statistics.In both sub-samples,
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thedifferencebetweerthea; for thetenthandfirst decilearelargeandstatisticallysignificantat
the 1% level. Thedifferenceis 5.54%perannum(0.45%per month)for the earliersubsample
and7.31%(0.59%permonth)for the latersubsample.

3.2 Constructing the Downside Risk Factor

Table (1) shaws that portfolios with higher downside correlationhave higher 3’s and Table
(4) shaws that market loadingsincreasewith downsiderisk. This raisesthe issuethat the
phenomenowf increasingeturnswith increasingp— maybedueto arewardfor bearinghigher
exposureson (3, ratherthanfor greaterexposuresto downsiderisk. To investigatethis, we
performa sorton p~, after controlling for 3. Eachmonth,we placehalf of the stocksbased
on their #’sinto alow 3 groupandthe otherhalf into a high 8 group. Then,within each(
group,we rankstocksbaseddntheir p into threegroups:alow p— group,amediump— group
anda high p~ group,with the cutoffs at 33.3%and66.7%. This sortingprocedurecreatessix
portfoliosin total.

We calculatemonthly value-weightedoortfolio returnsfor eachof these6 portfolios, and
reportthe summarystatistican thefirst panelof Table(5). Within thelow 5 group,theaverage
returnsncreasdromthelow p~ portfolio to thehigh p~ portfolio, with anannualizedlifference
of 2.40%(0.20%permonth).Moving acrosghelow 5 group,meanreturnsof the p~ portfolios
increasewhile thebetaremaindlat atarounds = 0.66. In thehigh 3 group,we obserethatthe
returnalsoincreasesvith p~. Thedifferencein returnsof the high p~ andlow p~ portfolios,
within the high g group, is 3.24% per annum(0.27% per month), with a t-statisticof 1.98.
However, the 5 decreasesvith increasingp—. Therefore,the higherreturnsassociatedvith
higherdownsiderisk arenotrewardsfor bearinghighermarketrisk, but arerewardsfor bearing
higherdownsiderisk.

In PanelB of Table(5), for eachp™ group,we take the simple averageacrossthe two
groupsandcreatethreeportfolios,whichwe call the 3-balanceg ™ portfolios. Moving from the
(B-balancedow p~ portfolio to the g-balancechigh p~ portfolio, meanreturnsmonotonically
increasewith p~. This increasds accompaniedy a monotonicdecreaseén 5 from 5 = 0.94
to 6 = 0.87.Henceg is not contributing to the downsiderisk effect, sincewithin eachg group
increasingcorrelationis associatedavith decreasings.

We defineourdownsiderisk factor CMC, asthereturnsfrom azero-cosstratgy of shorting
the g-balancedow p~ portfolio andgoinglong the 5-balancedhigh p— portfolio, rebalancing
monthly Thedifferencein meanreturnsof the 5-balancedigh p~ andthe 5-balancedow p~
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is 2.80%perannum(0.23%permonth)with at-statisticof 2.35anda p-valueof 0.022

Sincewe includeall firmslistedonthe NYSE/AMEX andthe NASDAQ, andusedaily data
to computethe higherordermoments the impactof smallilliquid firms might be a concern.
We addresshisissuein two ways.First, all of our portfoliosarevalue-weightedwhichreduces
the influenceof smallerfirms. Secondwe performthe samesorting procedureasabove, but
excludefirms thataresmallerthanthe tenthNY SE percentile.With this alternatve procedure,
wefind thatCMC is still statisticallysignificantwith anaveragemonthlyreturnof 0.23%anda
t-statisticof 2.04. Thesechecksshaw thatour resultsarenot biasedoy smallfirms.

Table (6) lists the summarystatisticsfor the CMC factorin comparisonto the market,
SMB andHML factorsof FamaandFrench(1993),the SKS coskewnessfactorof Harvey and
Siddique(2000)andthe WML momentunfactorof Carhart(1997). The SKSfactorgoesshort
stockswith negative coslewnessand goeslong stockswith positive coskewness. The 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 meanreturnof 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
hasa monthly volatility of 2.06%,which is lower than the volatilities of SMB (2.93%)and
HML (2.65%). CMC alsohascloseto zeroskewness andit is lessautocorrelated10%) than
the Fama-Frenchiactors(17%for SMB and20%for HML). The Harvey-SiddiqueSKS factor
hasa small averagereturnper month (0.10%)andis not statisticallysignificant. In contrast,
the WML factorhasthe highestaveragereturn, over 0.90% per month. However, unlike the
otherfactors WML is constructedisingequal-weightegbortfolios, ratherthanvalue-weighted
portfolios.

We list the correlationmatrix acrosghe variousfactorsin PanelB of Table(6). CMC has
a slightly negative correlationwith the market portfolio of —16%, a magnitudelessthanthe
correlationof SMB with the market (32%) andlessin absolutevalue thanthe correlationof
HML with themarket (—40%).CMC is positively correlatedvith WML (35%). Thecorrelation

2 An alternatie sorting procedureis to performindependensortson 3 andp—, andtake the intersectiongo
bethe6 G/p~ portfolios. This procedureproducesa similar result,but givesan averagemonthly returnof 0.22%
(t-stat= 1.88),which is significantat the 10% level. This procedureproducespoor dispersionon p— becauses
andp— arehighly correlated sothe independensort placesmorefirmsin thelow g/low p~ andthe high G/high
p~ portfolios,thanin thelow s/high p~ andthehigh g/low p~ portfolios. Our sortingprocedurdirst controlsfor
(8 andthensortson p~, creatingmuchmorebalancegortfolioswith greaterdispersiorover p—.
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matrix shavs that SKS and CMC have a correlationof —3%, suggestingthat asymmetric
downsidecorrelationrisk hasa differenteffect thanskewnessrisk.

Table(6) shonvsthat CMC is highly negatively correlatedvith SMB (—64%).To allay fears
that CMC is not merelyreflectingthe inverseof the sizeeffect, we examinetheindividual firm
compositionof CMC andSMB. Onaverage 3660firms areusedto constructSMB eachmonth,
of which SMB is long 2755firms andshort905firms2 We find thatthe overlapof the firms,
thatSMB is goinglong andCMC is goingshort,constitutesonly 27% of the total composition
of SMB. Thus, the individual firm compositionsof SMB and CMC are quite different. We
find that the high negative correlationbetweenthe two factorsstemsfrom the factthat SMB
performspoorly in thelate 80’s andthe 90’s, while CMC performsstronglyover this period.

3.3 Pricingthe Downside Correlation Portfolios

If the CMC factor successfullycapturesa premiumfor downsiderisk, then portfolios with
higherdownsiderisk shouldhave higherloadingson CMC. To confirmthis, we run (but do not
report)thefollowing time-seriegegressioron the portfoliosformedby p—:

rie = a; + oM KT, + ¢;CMCy + €, (9)

wherethe coeficientsd; andc; areloadingson the market factorandthe downsiderisk factor
respectrely. Runningthe regressionin equation(9) shaws that the loadingon CMC ranges
from —1.09for thelowestdownsiderisk portfolio to 0.37for thehighestdownsiderisk portfolio.

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

Downsiderisk portfolioswith low p~ have negative loadingson CMC. Thatis, thelow p~
portfolios are negatively correlatedwith the CMC factor Sincethe CMC factorshortslow p~
stocks,mary of the stocksin the low p~ portfolios have short positionsin the CMC factor
Similarly, thehigh p~ portfolio hasa postitive loadingon CMC becausehy constructionCMC
goeslong high p~ stocks.

Whenwe augmentheregressiorin equation9) with the Fama-FrencHactors theintercept
coeficientsa; aresmaller However, thefit of thedatais notmuchbetter with theadjusted??'s
thatarealmostidenticalto the original modelof around90%. While the loadingsof SMB and
HML arestatisticallysignificantthesdoadingsgothewrongway. Low p~ portfolioshave high

3 SMB is long morefirms thanit is shortsincethe breakpointsare determinedusingmarket capitalizationsof
NYSE firms, eventhoughthe portfolio formationusesNYSE, AMEX andNASDAQ firms.
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loadingson SMB andHML, andthehighestp™ portfolio hasalmostzeroloadingson SMB and
HML. However, the CMC factorloadingscontinueto be highly significant.

Thata CMC factort constructedrom the p~ portfolios,explainsthecross-sectionalariation
acrossp~ portfoliosis no surprise. Indeed,we would be concernedf the CMC factorcould
not pricethe p~ portfolios. In the next section we usethe CMC factorto help price portfolios
formedon returncharacteristicshat are not relatedto the constructiormethodof CMC. This
is amuchhardertestto passsincethe characteristicef the basetestassetarenot necessarily
relatedto the explanatoryfactors.

4 Pricing the Momentum Effect

In this section,we demonstrat¢hatour CMC factorhaspartial explanatorypower to pricethe
momentumeffect. We begin by presentinga seriesof simpletime-seriegegressionsnvolving
CMC and various other factorsin Table (7). The dependentariable is the WML factor
developedby Carhart(1997),which captureghe momentumpremium. Model A of Table(7)
regressesVML onto a constaniandthe CMC factor Theregressionof WML onto CMC has
an R? of 12%, and a significantly positive loading. In Model B, addingthe market portfolio
changedittle; the market loadingis almostzero and insignificant. In Model C, we regress
WML onto MKT and SKS. Neither MKT nor SKSis significant,andthe adjustedR? of the
regressioris zero. Therefore WML returnsarerelatedto conditionaldownsidecorrelationgut
do notseento berelatedto skewness.

Models D and E usethe Fama-FrencHactorsto price the momentumeffect. Model D
regressesVML onto SMB andHML. Both SMB andHML have negative loadings,andthe
regressionhas a lower adjusted?? than using the CMC factor alonein Model A. In this
regressionthe SMB loadingis significantly negative (t-statistic= -3.20), but whenthe CMC
factoris includedin Model E, the loading on the Fama-FrencHhactorsbecomeinsignificant,
while the CMC factorcontinuego have a significantlypositive loading.

In all of the regressiongn Table (7), the interceptcoeficients are significantly different
from zero. Comparedo the unadjustedneanreturnof 0.90%permonth,controllingfor CMC
reducegheunexplainedportionof returnsto 0.75%permonth.In contrastcontrollingfor SKS
doesnt changethe unexplainedportionof returnsandcontrollingfor SMB andHML increases
theunexplainedportionof returngto 1.05%permonth.While theWML momentunfactorloads
significantlyontothedownsiderisk factor the CMC factoraloneis unlikely to completelyprice
the momentumeffect. NeverthelessTable(7) shavs that CMC hassomeexplanatorypower
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for WML whichtheotherfactorstMKT, SMB, HML andSKS)do not have.

Theremainderof this sectionconductsross-sectionakestsusingthe momentunyportfolios
asbaseassets.Section4.1 describeghe Jeggadeestand Titman (1993) momentumportfolios.
Section4.2 estimatedinear factormodelsusingthe Fama-Macbett{1973)two-stagemethod-
ology. In Section4.3, we usea GMM approactsimilar to JagannathaandWang(1996)and
Cochrang1996).

4.1 Description of the Momentum Portfolios

JggadeeslandTitman (1993)s momentunrstratgjiesinvolve sortingstocksbasedn their past
J monthsreturns,whereJ is equalto 3, 6, 9 or 12. For each.J, stocksaresortedinto deciles
andheldfor the next K monthsholding periods,whereK = 3, 6, 9 or 12. We form anequal-
weightedportfolio within eachdecileandcalculateoverlappingholding periodreturnsfor the
next K months.Sincestudiesof themomentunreffectfocuson J=6 monthsportfolio formation
period(JegadeestandTitman,1993;ChordiaandShivakumay2001),we alsofocusonthe /=6
monthssorting periodfor our cross-sectionaests. However, our resultsare similar for other
horizons,andareparticularlystrongfor the /=3 monthssortingperiod.

Figure(1) plotstheaveragereturnsof the40 portfoliossortedon past6é monthsreturns.The
averagereturnsareshowvn with *'s. Thereare 10 portfolios correspondingo eachof the K'=3,
6, 9 and 12 monthsholding periods. Figure (1) showvs averagereturnsto be increasingacross
the deciles(from losersto winners)andareroughly the samefor eachholdingperiod K. The
differencesn returnsbetweenthe winner portfolio (decile 10) andthe loser portfolio (decile
1) are 0.54,0.77,0.86 and 0.68 percentper month, with corresponding-statisticsof 1.88,
3.00,3.87and3.22,for K=3, 6, 9 and12 respectrely. Hence thereturndifferencedbetween
winnersandlosersaresignificantat the 1% level exceptthe momentunstratgy corresponding
to K=3. Figure(1) alsoshonsthe 5’sandp~ of the momentunportfolios. While the average
returnsincreasdrom decile 1 to decile 10, the patternsof betaare U-shaped.In contrastthe
p~ of the decilesincreasegoing from the losersto the winners,exceptat the highestwinner
decile. Therefore the momentumstratgies generallyhave a positive relationwith downside
risk exposure! We now turn to formal estimationof the relationbetweendownsiderisk and
expectedreturnsof momentunreturns.

4 Ang and Chen(2001)focuson correlationasymmetriesacrossdownsideand upsidemoves, ratherthanthe
level of downsideand upsidecorrelatio. They find that, relative to a normal distribution, loser portfolios have
greatercorrelationasymmetry than winner portfolios, even though pastwinner stockshave a higher level of
downsidecorrelationthanloserstocks.
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4.2 Fama-MacBeth (1973) Cross-Sectional Test
We considedinearcross-sectionakegressionamodelsof theform:
E(rit) = Ao + N, (10)

in which )\q is ascalar )\ is a M x 1 vectorof factorpremia,and; is an M x 1 vectorof
factorloadingsfor portfolio i. We estimatethe factor premia, A, testif Ay = 0 for various
specificationsof factors,andinvestigateif the CMC factor hasa significantpremiumin the
presencef the Fama-FrencHactors. We first usethe Fama-MacBeth{1973) two-stepcross-
sectionalestimationprocedure.

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

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

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

T = Mo+ NGB +uy, i=1,2..N. (12)

Thefactorpremia,), areestimatedasthe averagef the cross-sectionakegressiorestimates:

1 T
A= > A (13)
t=1
Thecovariancematrix of \, X,, is estimatedy:

1 T

Br= ) (=N =AY, (14)
t=1
where) is themeanof \.

Sincethe factor loadingsare estimatedin the first stageand theseloadingsare usedas
independenvariablesin the secondstage thereis an errors-in-\ariablesproblem. To remedy
this, we useShanlen’s (1992) methodto adjustthe standarcerrorsby multiplying = with the
adjustmentactor(1 +5\’f3;15\)—1, wheres: s istheestimatedovariancematrix of thefactorsr;.
In thetableswe reportt-valuescomputedusingbothunadjustec&andadjustedstandarcerrors.

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

E(Tit) = /\0 + )\MKTﬂiJWKT. (15)
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Thefit is very poorwith anadjustedR? of only 7%. Moreover, the point estimateof the market
premiumis negatie.
Model B is the Fama-Frencl{1993)specification:

E(ri) = Xo + )\MKTBzMKT + )\SMBBiSMB + )\HMLBiHML- (16)

Thismodelexplains91%of the cross-sectionalariationof averagereturnsbut the estimateof
therisk premiafor SMB andHML arenegative. The negative premiareflectthe factthatthe
loadingson SMB andHML gothewrongway for the momenturnportfolios.

In comparisionModel C addsCMC asafactortogethemwith the market:

E(ri) = Ao + Arrer BT + AemeB7MC, (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 estimateof the factorpremiaof SMB andHML arestill negative, the CMC factor
premiumremainssignificantlypositive andthe regressiorproduceghe sameR? of 93%?2

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

E(rit) = Mo + Arrr BT + AsarsBME + A 87 4 Awarn 87 ME (18)

We find thataddingWML to the Fama-Frenchmodeldoesnot improve the fit relative to the
original Fama-Frenclspecification.Both modelsproducethe sameR? of 91%, but the WML
premiumis not statisticallysignificant. However, whenwe addCMC to the Carhartfour-factor
modelin Model F, thefactorpremiaon WML andCMC arebothbecomesignificant.Model F
alsohasan R? of 93%. Thefactthat CMC remainssignificantatthe 5% level (adjt-stat=2.01)
in thepresencef WML showvstheexplanatorypowerof downsiderisk. Moreover, thepremium
associateavith CMC is of the sameorderof magnitudeasthat of WML, despitethe factthat
CMC is constructedisingcharacteristicsinrelatedo pastreturns.

The downsiderisk factor CMC is negatively correlatedwith the Fama-FrenchHactorsand
positively correlatedwith WML. In estimationsnot reported,CMC remainssignificantafter
orthogonalizingwith respectto the other factorswith little changein the magnitudeor the
significancdevels. In particular CMC orthogonalizedvith respecto eitherMKT or theFama-
Frenchfactorsarebothsignificant. CMC orthogonalizedvith respecto the Carhartfour-factor

SWhentheten p~ portfolios are usedas baseassetsthe estimateof the CMC premiumis 3.45%per annum,
usingonly the CMC factorin alinearfactormodel.
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modelalsoremainssignificant. Therefore we concludethat the significanceof the downside
risk factorCMC is notdueto ary informationthatis alreadycapturedoy otherfactors.

Figure(2) graphgheloadingsof eachmomentunportfolioonMKT, SMB, HML andCMC.
Theloadingsareestimatedrom thetime-seriegegression®f the momentunportfoliosonthe
factorsfrom thefirst stepof the Fama-MacBeth{1973)procedure We seethatfor eachsetof
portfolios,aswe go from the pastloserportfolio (decile 1) to the pastwinner portfolio (decile
10), the loadingson the market portfolio remainflat, so that the betahaslittle 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 negative for the past
loser portfolios to slightly positive for the pastwinner portfolios. The increasingoadingson
CMC acrosghedecileportfoliosfor eachholding period K are consistentvith theincreasing
p~ statisticsacrosghedecilesin Figure(1). Winnerportfolioshave higherp~, higherloadings
on CMC, andhigherexpectedreturns. Sincea linear factormodelimplies thatthe systematic
varianceof astock’sreturnis 3, ;3; from equation(11), the negative loadingsfor loserstocks
imply thatlosershave higherdownsidesystematigisk thanwinners. Thenegative loadingsalso
suggesthat pastwinner stocksdo poorly whenthe market haslarge moveson the downside,
while pastloserstocksperformbetter

4.3 GMM Cross-Sectional Estimation

In this section,we conductassetpricing testsin the GMM framewvork (Hansen,1982). In
general,sinceGMM testsareone-steproceduresthey are more efficient thantwo-steptests
suchasthe Fama-MacBetlprocedureMoreover, we areableto conductadditionalhypotheses
testswithin the GMM framewvork. We begin with a brief descriptionof the procedurebefore
presentingour results.

4.3.1 Description of the GMM Procedure

Thestandardeulerequationfor agrossreturn, R;;, is givenby:

E(mRy) = 1. (19)
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Linearfactormodelsassumehatthe pricing kernelcanbe written asa linear combinationof
factors:

my — 60 + 51Ft, (20)

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

E(Ri) = Ao + N6, (21)

whichis analogougo equation(10) for excessreturns.The constant\, is givenby:

1 1

A: p—
7" E(my) 0o+ OLE(F)’

thefactorloadings,s;, aregivenby:
B; = cov(Fy, F)) " cov(Fy, Ry),
andthefactorpremia,), aregivenby:

1
A = ——cov(Fy, F))o.
do

To testwhetherafactor; is priced,we testthe null hypothesisi, : A; = 0.
Letting R, denotean N x 1 vectorof grossreturnsik; = (Ry, . .., Ry:)’, anddenotingthe
parametersf thepricing kernelasd = (4o, 67)’, the samplepricing erroris:

1 T
Z mth — 1 (22)
t=1
The GMM estimateof ¢ is the solutionto
méan =T x g}WTgT, (23)
where Wy is a weighting matrix. If the optimal weighting matrix, W = S;' = [T -

cov(gr, g7)] 7!, is usedanoveridentifying x* testcanbe performedby usingJ ~ x2, wherek
is the numberof over-identifying restrictions.

We also usethe Hansenand Jagannathai1997) (HJ) distancemeasureto comparethe
variousmodels.The HJ distancecanbe expresseds:

HJ = \/9r(0)E[R.R}] 191 (9), (24)
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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 annualizedstandarddeviation of 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}]"!. The optimal weighting matrix cannotbe usedin this case
sincetheweightsarespecificto eachmodel,which makesit unsuitableor modelcomparisons.
Hypothesidestswith the optimalweightingmatrix mayfail to rejectamodelbecaus¢hemodel
is difficult to estimateratherthanbecause¢he modelproducesmallpricing errors.In contrast,
theinverseof the covariancematrix of assetreturnsis invariantacrossmodels,so thatthe HJ
distanceprovidesan uniform measureacrossdifferentmodels. We computeboth asymptotic
andsmallsampledistributionsfor the HJ distancewhich we detailin AppendixC.

4.3.2 Empirical Results

Table (9) presentghe resultsof the GMM estimations.The 40 momentumJ = 6 portfolios,
togetherwith the risk-free asset,are usedasthe baseassetsn theseestimates.We first turn
to Model A, the CAPM. Unlike the Fama-MacBethestimationin Table (8), the market has
a significantly positive risk premium,ratherthana negative risk premium. The Fama-French
model(Model B) estimate®f risk premiafor SMB andHML arenegative, but the market risk
premiumis estimatedo bepositive. We considethelinearfactormodelwith MKT andCMCin
Model C. Both MKT andCMC commandositive factorpremiathatarestatisticallysignificant
atthe 1% level. In particular the CMC premiumis estimatedo be 1.00%per month,with a
t-statisticof 4.75.

In Model D, which is the Fama-Frenchmodel augmentedvith the CMC factor factor
premiafor SMB and HML are still negative, althoughthe HML premiumis insignificantly
differentfrom zero.This modelneststhe MKT andCMC modelof Model C andalsoneststhe
Fama-Frencimodel(Model B). Takingthis asanunconstrainednodelandusingits weighting
matrix to re-estimateModels B and C, we canconducttwo y? overidentificationtests. The
null hypothesisof the first testis the Fama-Frenchmodel, which testsfor the significanceof
CMC giventhe Fama-FrencHactors. This testsrejectsthe null hypothesiswvith a p-value of
0.02(x?=7.99). Hence,CMC doesprovide additionalexplanatorypower for the cross-section
of momentumportfolios which the Fama-Frenchmodeldoesnot provide. In the secondtest,
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thenull hypothesiss thelinearfactormodelwith only the MKT andthe CMC factors,andthe
alternatve hypothesiss Model D (MKT, SMB, HML andCMC). This testfails to reject,with
a p-valueof 0.15(y%=2.12). Hence,given MKT and CMC, the size andthe book-to-marlet
factorsprovide no additionalexplanatorypower for pricing momentunyportfolios.

Model E is the Carhartfour-factormodel,which extendsthe Fama-Frencimodelby adding
WML. TheWML premiumis significantlypositive,aswe would expect,sincethe WML factor
is constructedusing the momentumportfolios themseles. The Carhartmodelis nestedby
Model F, which addsCMC. This modelalso nestsModel D, which usesMKT, SMB, HML
and CMC factors. We run a x? over-identificationtestwith the null of Model D againstthe
alternative of Model F. This testsrejectswith ap-valueof 0.01(x3=6.54).Hence we conclude
thatWML still hasfurtherexplanatorypower, in the presencef CMC, to pricethecross-section
of momentunportfolios. However, the premiumof the CMC factoris still significantatthe1%
level in the presencef the WML factot

Thelasttwo columnsof Table(9) list theresultsof Hansers over-identificationtest(J-test)
andthe HJ test. Only the CAPM modelis rejectedusing the J-test(p-value 0.03), while the
remainingmodelscannotbe rejected.However, the lastcolumnshows thatnoneof the models
canpassthe HJ test. The HJ statisticis generallylarge, around0.54for every model. Both the
asymptoticandsmall-sample-valuesof the HJ testarelessthan0.00%. Hence althoughthe
downsiderisk factoris pricedby the momentunyportfolios,the pricing errorsarestill largeand
we rejectthatthe pricing erroris zero. Exposureto downsiderisk accountdor a statistically
significantportionof momentunprofits, but it cannotfully explainthe momentumeffect.

Finally, we graphthe averagepricing errorsfor themodelsin Figure(3), following Hodrick
and Zhang (2001). The pricing errors are computedusing the weights, Wr = E[R; R},
whichis thesameweightingmatrix usedto computethe HJ distance Sincethe sameweighting
matirxis usedacrossll of themodels we cancomparehedifferencesn the pricing errorsfor
differentmodels. Figure (3) displayseachmomentumportfolio on the z-axis, wherethe first
ten portfolios correspondo the K = 3 month holding period, the secondtento the K = 6
monthholding period,the third tento the K = 9 monthholding period,andfinally the fourth
tento the K = 12 holding period. The 41stassets the risk-free asset. The figure plots two
standarcerrorboundsin solid lines,andthe pricing errorsfor eachassein *'s.

Figure (3) shaws that the CAPM hasmostof its pricing errorsoutsidethe two standard
error bandsand shows that the loser portfolios are the mostdifficult for the CAPM to price.
The Fama-Frenchmodelhasmostdifficulty pricing pastwinners;the pricing errorsof every
highestwinner portfolio lies outsidethe two standarderror bands. The model using MKT
and CMC factorsis the only modelthat hasall the pricing errorswithin two standarderror
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bands® Comparingghe CAPM andthe modelwith MKT andCMC factors we seethatadding

CMC to the CAPM greatly helpsto explain loserandwinner portfolios. Adding CMC to the

FamaFrenchmodelor the Carhartmodeldoesnot changethe pricing errorsof the assetsery

much. This is consistentwith the fact that the Fama-Frenctand Carhartmodelsaugmented
with the CMC factorarestill rejectedusingtheHJdistance . The Carhartmodelandthe Carhart
modelaugmenteavith the CMC factorproduceaninterestingpatternfor pricing errorsrelatve

to othermodels. Modelswithout WML typically underestimatethe expectedreturnsof the

winner portfolios. In contrastmodelswith the WML factorover-estimatehe expectedreturns
of winnerstocks,andunderestimatethe expectedreturnsof loserstocks.

5 Downside Risk, Aggregate Liquidity and Macroeconomic
Variables

In this sectionwe explore the relation betweendownside risk, aggreate liquidity and the
businesscycle by investigatinghow the downside risk factor covaries with liquidity and
macroeconomivariables.Theinvestigationn this sectionshouldberegardedasanexploratory
exercise ratherthanasaformaltestof theunderlyingeconomiadeterminant®f downsiderisk.

5.1 Downside Risk and Liquidity Risk

A numberof studiesfind that liquidity of the market driesup during down markets. Pastor
and Stambaugt{2001) constructan aggreateliquidity measuravhich usessignedorderflow,
andfind thattheir liquidity measurespikes downwardsduring periodsof extremedownward
moves,suchasduring the October1987 crash,andduringthe OPECail crisis. Otherauthors,
suchasJones(2001)find that the bid-askspreadsncreasewith market downturns. Chordia,
Roll and Subrahmayam (2000) alsofind a positive associatiorat a daily frequeng between
market-wideliquidity andmarketreturns.Thesedown markets,which coincidewith systematic
low liquidity, arepreciselythe periodswhich downsiderisk-averseinvestorsdislike. We now
try to differentiatebetweerthe effectsof downsiderisk andaggreateliquidity risk.

To study this relation, we follow Pastor and Stambaugh(2001) and reconstructtheir
aggreateliquidity measure . Our constructionprocedurds detailedin AppendixA. After

6 Althoughall pricing errorsfor themodelof MKT andCMC fall within thetwo standararrorbandsthis model
doesnotpasgheHJdistancedest. ThegraphandtheHJ distancegive differentresultsbhecaus¢heweightingmatrix
usedin computingthe HJ distancedoesnot assignan equalweightto all the portfoliosin the test,andthe graph
doesnottake into accountary covariancedetweerthepricing errors.
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constructingheliquidity measurewe assignanhistoricalliquidity beta,3%, ateachmonth,for
eachstocklisted on NYSE, AMEX andNASDAQ. This is doneusingmonthly dataover the
previous5 yearsfrom thefollowing regression:

T = a; + B"Ly + by MKT, + s;SMB; + h;HML, + €;, (25)

whereL, is theaggreateliquidity measure.

Sinceeachstock: in our samplenow hasa downsidecorrelation(p; ;) andaliquidity beta
(ﬁft) for eachmonth, we can examinethe unconditionalrelationsacrossthe two measures.
First, we computethe cross-sectionatorrelationbetweery; , and f,t ateachtime t, andthen
averageover time to obtainthe averagecross-sectionatorrelationbetweendownsiderisk and
liquidity. Theaveragecross-sectionatorrelationis —0.0108 whichis closeto zero. We obtain
the averagetime-seriescorrelationbetweery;, ; and ﬁft by computingthe correlationbetween
thesetwo variablesfor eachfirm acrosstime, andthen averagingacrossfirms. The average
time-seriesorrelationis -0.0029,which is alsoalmostzero. Hence,our measureof downside
risk is almostorthogonako Pastorand Stambaugts measuref aggreateliquidity risk.

To further investigatethe relation betweendownsiderisk and aggreateliquidity, we sort
stocksinto 25 portfolios. At eachmonth, we independentlysort all NYSE, AMEX and
NASDAQ stocksinto two quintile groups,onegroupby 3% andanothemby p~. Theintersection
of these2 quintilesforms 25 portfolios sortedby 3% andp . To examinethe effect of liquidity,
controllingfor downsiderisk, we averagethe25 portfoliosacrosghep— quintiles.We call these
portfoliosthe ‘AverageLiquidity BetaPortfolios’. We reportthe interceptcoeficientsfrom a
Fama-Frencl{1993)factortime-seriegegressionof theseportfoliosin PanelA of Table(10).
Consistentith Pastorand Stambaughportfolios with the lowest 3% have the mostnegative
mispricing. However, noneof the estimatef the intercepttermsare statisticallysignificant.
Furthermorethedifferencebetweerus; anda is positive (0.10%per month),but insignificant.
Hence,controlling for downsiderisk, thereis little relationbetweerthe cross-sectiomf stock
returnsandtheir liquidity risk exposure.

In Panel B of Table (10), we averagethe 25 portfolios acrossthe 5= quintiles. We call
theseportfolios the ‘AverageDownside CorrelationPortfolios’. We obsere a similar pattern
in the averagereturnsmoving from low p~ to high p~ portfolios asin Table (4). Thereis
negative mispricingin the low p~ portfolios and positive mispricingin the high p~ portfolio.
The differencebetweena; anda; is 0.26%per month,which is statisticallysignificantat the
1% level. Hence,evenaftercontrolling for liquidity risk usingthe PastorStambaughiquidity
measure there remainssignificantmispricing of downsiderisk relative to the Fama-French
threefactormodel.
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5.2 Downsde Correations and M acroeconomic Variables

Toinvestigateherelationbetweerdownsiderisk andbusinessycle conditions we considesix
macroeconomiwariableswhich reflectunderlyingeconomicactiity andbusinessconditions.
Our first two variablesare leadingindicatorsof economicactiity: the growth rate in the
index of leadingeconomicindicators(LEI) andthe growth ratein the index of Help Wanted
Advertisingin NewspapergHELP). We alsousethe growth rateof total industrialproduction
(IP). The next threevariablesmeasureprice and term structureconditions: the CPI inflation
rate, the level of the Fedfundsrate (FED) andthe term spreadbetweenthe 10-yearT-bonds
andthe 3-monthsT-bills (TERM). All growth rates(including inflation) are computedasthe
differencen logsof theindex attimest andt — 12, wheret is monthly.

To examinethe connectionbetweendownsiderisk and macroeconomiwariables,we run
two setsof regressions. The first setregresse<CMC on laggedmacro variables,while the
secondsetregressesnacroeconomiwariableson laggedCMC. Thefirst setof regressionsare
of theform:

3 3
CMCy=a+ Y bMACRO, i+ Y cCMCy ;i + ¢ (26)
=1 =1
wherewe usevariousmacroeconomivariablesor M AC RO;.

PanelA of Table(11) lists theregressiorresultsfrom equation(26). Thereis no significant
relationbetweenaggedmacroeconomiwariablesandthe CMC factorexceptfor thefirst lag
of LEI, whichis significantlynegatively relatedwith CMC. A 1%increasen the growth rateof
LEI predictsa 30 basispoint decreasén the premiumof the downsiderisk factor The p-value
for thejoint test(in thelastcolumnof Table(11)) thatall laggedLEI areequalto zerorejectsthe
null with p-value=0.02 Overall, with the exceptionof LEI, thereis little evidenceof predictive
power by macroeconomigariablesto forecastCMC returns.

To explore if the downside risk factor predicts future movementsof macroeconomic
variableswve runregression®f theform:

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

We alsoincludelaggedmacroeconomiwariablesin the right handsideof the regressiorsince
mostof the macroeconomiwariablesarehighly autocorrelatedPanelB of Table(11) lists the
regressiorresultsof equation(27). We reportonly the coeficientson laggedCMC. While the
macroeconomiwariablesprovide little forecastingoower for CMC, the CMC factorhassome
weakforecastingability for futuremacroeconomieariables.In particular high CMC forecasts
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lower future economicactivity (HELP p-value= 0.00,IP p-value= 0.04),lower futureinterest
rates(FED p-value= 0.01) andlower future term spread§ TERM p-value= 0.03), wherethe
p-valuesreferto ajoint testthatthethreecoeficientsonlaggedCMC in equation(27) areequal
to zero.

In general, these results shov that high CMC forecastseconomic downturns. The
predictionsof high CMC and future low economicactuvity is seendirectly in the negative
coeficients for HELP and IP. Term spreadsalso tend to be lower in economicrecessions.
Estimatesof Taylor (1993)-typepolicy ruleson the FED over long sampleswherethe FED
rateis alinearfunction of inflation andreal actwity, shov shortratesto be lower whenoutput
is low (Ang and Piazzesi,2001). Hence,the positive correlationof high CMC with future
low HELP, low IP, low TERM andlow FED shavs thathigh CMC weaklyforecasteconomic
downturns.

6 Conclusion

Stockswith higherdownsiderisk, measuredy greatercorrelationsconditionalon downside
movesof the market, have higher expectedreturnsthan stockswith low downsiderisk. The
portfolio of stockswith the greatesdownsidecorrelationsoutperformshe portfolio of stocks
with thelowestdownsidecorrelationdy 4.91%perannum.This effect cannotbe explainedby
the FamaandFrench(1993) model,sinceafter controlling for the market beta,the size effect
andthe book-to-marlet effect, the differencein the returnsbetweerthe highestandthe lowest
downsidecorrelationportfolios increasedo 6.55% perannum. To capturethis downsiderisk
effect, we constructa downsiderisk factor (CMC) that goeslong stockswith high downside
correlationsandgoesshortstockswith low downsidecorrelationsThe CMC factorcommands
astatisticallysignificantaveragereturnof 2.80%perannum.

The factor structurein the cross-sectiorof stock returnsrewards investorsfor bearing
assetwvith greaterdownsiderisk. In particular pastwinnermomentunportfolios have greater
exposureto the downsiderisk factorthan pastlosermomentumportfolios. Hence,somepart
of the profitability of momentumstrategjies can be explained as compensatiorfor bearing
greaterdownsiderisk. Arbitrageurswho engagen momentunstrategiesfacetherisk thatthe
stratgy performspoorly whenthe market experiencesxtremedownward moves. Downside
risk provides someexplanatorypower for the cross-sectiorof momentumreturns,which the
Famaand French(1993) model doesnot provide. In GMM cross-sectiona¢stimationsthe
downsiderisk factoris significantly priced by the momentumportfolios, andit commandsa
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significantrisk premium. However, Hansen-Jagannathd&h997)testsrejectthe linear factor
modelswith the CMC factor, indicatingthatexposureto downsiderisk is only apartial,andnot
acompleteexplanationfor the momentumeffect.

Sincedownsiderisk is pricedandstocks’sensitvities to downsiderisk play arole in asset
pricing, our empirical work pointsto the needfor modelsthat can explain the underlying
economicmechanismsvhich generateslownside correlationasymmetries. Representate
agentmodelssuggesthatdownsiderisk may arisein equilibiumeconomiesvith asymmetric
utility functions, suchas first orderrisk aversion(Bekaert,Hodrick and Marshall, 1997) or
loss aversion (Barberis,Huangand Santos,2001). Asymmetriesin correlationscan also be
producedby economieswith frictions andhiddeninformation(Hong and Stein,2001) or with
agentdacingbindingwealthconstraintgKyle andXiong, 2001). Which of theseexplanations
bestexplainsthedriving mechanisnbehindcross-sectionalariationsin downsiderisk remains
to beexplored.
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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 andothersecuritiesvhichdonothave a CRSP
sharetypecodeof 100r 11. We usedaily returnsfrom CRSPfor the periodcoveringJanuarylst,1964to December
31st,1999,including NASDAQ datawhich is only availablepost-1972 We usethe one-monttrisk-freeratefrom
CRSPandtake CRSPs value-weightedeturnsof all stocksasthe market portfolio.

Higher M oment Portfolios

We constructportfoliosbasecdn correlationsetweerasset’s excessreturnr; andthe market's excessreturnr,,
conditionalon downsidemovesof the market (p~) andon upsidemovesof the market (p™). We also constuct
portfoliosbasedon coslewness cokurtosis 3, 3 conditionalon downsidemarket movementy3—), 8 conditional
onupsidemarket mavementg3™). At the beginning of eachmonth,we calculateeachstock's momentmeasures
usingthe pastyears daily log returnsfrom the CRSPdaily file. For the momentswvhich conditionon downsideor
upsidemovementswe definean obsenationat time ¢ to be a downside(upside)market movementif the excess
market returnat ¢ is lessthanor equalto (greaterthanor equalto) the averageexcessmarket returnduring the
pastoneyearperiodin consideration We requirea stockto have at least220 obsenationsto be includedin the
calculation. Thesemomentmeasuresrethenusedto sortthe stocksinto decilesanda value-weightedeturnis
calculatedor all stocksin eachdecile. The portfoliosarerebalancednonthly.

SMB, HML, SKSand WML Factor Construction

TheFamaandFrench(1993)factors,SMB andHML, arefrom the datalibrary at KennethFrenchs websiteat
http://webmit.edu/kfrench/www/dtalibrary.html.

Harvey and Siddique(2000) use60 monthsof datato computethe coslewnessdefinedin equation(5) for
all stocksin NYSE, AMEX and NASDAQ. Stocksaresortedin orderof increasingnegative coslewness. The
coslewnessfactorSKSis the value-weightedwveragereturnsof firmsin thetop 3 deciles(with the mostnegative
coslawness)ninusthevalue-weightedveragereturnof firmsin thebottom3 decileg(stockswith themostpositive
coslewness)n the 61stmonth.

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

The constructiorof CMC is detailedin Section3.2.

Momentum Portfolios

To constructthe momentumportfolios of Jegadeestand Titman (1993), we sort stocksinto portfolios basedon
their returnsover the pasté months.We considerholding periodof 3, 6, 9 and12 months.This procedureyields
4 stratgiesand40 portfoliosin total. We illustratethe constructiorof the portfolioswith the exampleof the '6-6’
stratgies. To constructthe '6-6" deciles,we sort our stocksbaseduponthe pastsix-monthsreturnsof all stocks
in NYSE andAMEX. Eachmonth,anequal-weightegbortfolio is formedbasedon six-monthsreturnsendingone
monthprior. Similarly, equal-weightegortfolios areformedbasedon pastreturnsthatendedone monthsprior,
threemonthsprior, andsoon upto six monthsprior. We thentake the simpleaverageof six suchportfolios. Hence,
ourfirst momenturrportfolio consistof 1 /6 of thereturnsof theworstperformersonemonthago,plus1/6 of the
returnsof theworstperformergdwo monthsago,etc.

Liquidity Factor and Liquidity Betas

We follow Pastorand Stambauglf2001)to constructanaggreyateliquidity measure/.. Stockreturnandvolume
dataareobtainedrom CRSPNASDAQ stocksareexcludedin theconstructiorof theaggreyateliquidity measure.
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Theliquidity estimateyy; ;, for anindividual stock: in montht is the ordinaryleastsquaregOLS) estimateof ; ;
in thefollowing regression:

75 a1, = it + GieTide + Yinsign (1§ ) Vide + €idire, d=1,...,D. (A-1)

In equation(A-1), 7; 4+ is theraw returnon stocki on dayd of montht, Tf,d,t = Tidt — T'm,d, ISthestockreturn
in excessof the market return,andv; 4 ; is the dollar volumefor stocki on dayd of montht. The marketreturn
ondayondayd of montht, rp, 4, iS takenasthereturnon the CRSPvalue-weightednarket portfolio. A stock’s
liquidity estimate;y; +, is computedn agivenmonthonly if thereareat least15 consecutie obsenations,andif
the stockhasa month-endsharepricesof greaterthan$5 andlessthan$1000.

Theaggreateliquidity measurel, is computedasedntheliquidity estimatesy; ;, of individualfirmslisted
onNYSE andAMEX from August1962to Decemberl992. Only theindividual liquidity estimateshatmeetthe
above criteriais used. To constructthe innovationsin aggreyateliquidity, we follow Pastorand Stambaugland
first form the scaledmonthly difference:

N
~ my¢ 1
Ay = (m_1) N Z(%‘,t - ’Yi,tfl)a (A-2)

i=1

whereNN is thenumberof availablestocksat montht, m; is thetotal dollar valueof theincludedstocksattheend
of montht — 1, andm, is thetotal dollar valuefo the stocksat the endof July 1962. The innovationsin liquidity
arecomputedastheresidualsof the following regression:

A’Ayt =a-+ bA’A}/tfl +c (mt/ml) Y1 + ug. (A-3)

Finally, theaggreyateliquidity 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:

riv =B+ BEL + BMMKT, + B°SMB, + BEHML; + €; 4, (A-4)

wherer; ; denotesasset’s excessreturn, L, is theinnovationin aggreyateliquidity.

M acr oeconomic Variables

We usethe following macroeconomiwariablesfrom FederalResere Bank of St. Louis: the growth ratein the
index of leadingeconomidndicatorg(LEI), thegrowth ratein theindex of Help WantedAdvertisingin Newspapers
(HELP),thegrowth rateof totalindustrialproduction(IP), the ConsumePricelndex inflation rate (CPI), thelevel
of the Fedfundsrate (FED), andthe term spreacbetweerthe 10-yearT-bondsandthe 3-monthsT-bills (TERM).
All growth rates(including inflation) are computedasthe differencein logs of the index at timest and¢ — 12,
wheret is monthly.

B Time-Aggregation of Coskewness and Cokurtosis

Sincewe computeall of the monthly highermomentameasuresisingdaily data,the problemof time aggreyation
may exist for someof the highermoments Assumingthatreturnsaredravn from infinitely divisible distributions,
centralmomentsatfirst andsecondrdercanscale.Thatis, anannualestimateof the meanu andvolatility o can
be estimatedrom meansand volatilities estimatedrom daily datap? ando?, by the time aggreyatedrelations
= 250p ando = +/2500¢. Hence daily measurdor seconcbrdermomentssuchasp—, pt, 5, 3~ andst are
equivalentto their correspondingnonthly measuresWe now prove thatdaily coskewnessandcokurtosisdefined
in equationg5) and(6) areequialentto monthly coslewnessandcokurtosis.

With theassumptiorof infinitely divisible distributions,cumulantsscalebut not centralmomentg“cumulants
cumulate”).Thecentralmoment,u,., of z is definedas:

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

—0o0
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integratingover the distribution of returnsF, andu; = E(z). The productcumulants .., arethe coeficientsin

theexpansion:
= (@)
() = exp (Z% o H) ) , (B-2)

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

s = / / (x — p10)"(y — po1)°dF forr =2,3,4, ..., (B-3)
— o —OoQ

whereF' is now thejoint distribution of « andy, andui9 = p1 of x andug; = pp of y. The productcumulants,
ks, arecoeficientsin

(o] . .
Ztl r 'lt2 s
®(t1,t2) = exp <Z "vm( r!) ( S!) > ; (B-4)
r,s=0
where (¢4, t2) is themomentgeneratindgunctionof a bivariatenormaldistribution. Note that,
M2 = K2,
K3 = K3,
MH21 = Ko1,
and H31 = K31+ 3&20%11. (B-S)

In the bivariatedistribution, we usethe first variablefor the market excessreturnandthe secondvariablefor an
individual stock’s excessreturn.We computeall centralmomentsy,., usingdaily excesseturn.We denoteall the
monthlyaggregatecumulantswith tildes, £, = (250/12)x,- andmonthly centralmomentswith tildes, ..

We now prove that monthly coskewnessis equivalentto scaleddaily coskewnessand monthly cokurtosisis
equivalentto scaleddaily cokurtosis.For coskewnessnotethat

coslew™ = % coslew? = A, (B-6)
K20V Ko2 K204/ K02
wherecoskew™ is monthlycoskewnessandcoskew! is daily coslewness Sincepis; = ka1, coskew™ = #\Z/ﬁ =

M21 — ﬁ d . . N
e \/ 355 coslew®. Therefore, monthly coslewnessanddaily coslewnessare equivalentassuming
returnsaredrawn from infinitely divisible distributions.

For cokurtosis:

cokurt" = L cokurf = —H% (B-7)
VR0V Foz VK30 Foz

v;gherecokurf“ refersto monthly cokurtosis,cokurt refersto dailly cokurtosisandjiz; = &3, + 3&20k11. Note
that:
fi31
NG NG
Ra1 + 3R20R11
NG
12 131

250 \/ey Rz

12
= —cokurf B-8
250 (8-8)
Thelastequationfollows from thefactthatki; = p11 = E(ems€is) = 0, wheree; , = 0 — oy — Bi M KTy, is
theresidualfrom theregressiorof thefirm i’s excessstockreturnr; onthecontemporaneousarketexcesseturn,
ande,, ; is theresidualfrom theregressiorof the market excessreturnon a constant.

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

JagannathaandWang(1996)derive the asymptoticdistribution of the HJ distance(equation(24)), shaving that
thedistributionof 7' x (H J)? involvesaweightedsumof (N — K — 1) x? statistics Theweightsarethe N — K —1
non-zerceigervaluesof:

A=S2W2

)

N ol

1 17 —1 1
I — W2 Dy(DyWrDr) " D W, ] W2s

whereS% andWT% aretheuppertriangularCholesky decompositionsf S andWr respectiely, and Dy = %ﬂ.
JagannathaandWang (1996)shav that A hasexactly N — K — 1 positive eigervaluesfy,...,0n _x 1. The

asymptotiadistribution of the HJ distancemetricis:

N—-K-1
X (HI)? = > 0;x3
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 datageneratingprocesg DGP) with 432 obsenations,the samelengthasin our samples.The DGP
takestheform:

Tt = 7”{71 + BiF; + €z, (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 a first-orderVAR process.

Let X, = (r{, ), and X, follows:
Xt =K + Athl + Ut, (C'Z)

whereu; ~ N(0,X). We estimatethis VAR systemandusefi, A ands: astheparametersor ourfactorgenerating
processln eachsimulation,we generatet32 obsenationsof factorsandtherisk-freeratefrom the VAR systemin
equation(C-2). For the portfolio returns,we usethe sampleregressioncoeficient of eachportfolio returnon the

factorsﬁi, asourfactorloadings.We assumeheerrortermsof thebaseassetse,, follow [ID multivariatenormal
distributionswith meanzeroandcovariancematrix, X, — 3’33, whereY,. is the covariancematrix of the assets

and3p is the covariancematrix of thefactors.

For eachmodel, we simulate 5000 time-seriesas describedabove and computethe HJ distancefor each
simulationrun. We thencountthe percentagef theseHJ distanceshatarelargerthantheactualHJ distancerom
realdataanddenotethis ratio empirical p-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 [ Size BIM p~ B~ High-Low t-stat
1Low p~ 0.77 418 0.15 069 261 0.63 0.74 0.94 0.40 2.26
2 0.88 4.34 0.17 081 292 0.62 0.80 0.97
3 0.87 432 0.15 083 3.19 0.60 0.82 0.95
4 0.94 439 0.15 087 3.46 0.58 0.83 0.97
5 0.97 439 0.10 090 3.74 056 0.85 0.95
6 1.00 445 0.09 094 404 053 090 1.01
7 1.00 464 0.09 1.00 439 050 0.92 1.02
8 1.03 458 0.08 1.00 4.82 0.48 0.94 1.05
9 112 477 0.02 1.05 536 0.46 0.96 1.08
10Highp~ 117 476 0.01 1.04 6.38 0.39 0.94 0.97

Panel B: Portfolios Sorted on Past pt

Portfolio Mean Std Auto B3 Size BM pt 3% High-Low t-stat
1Low p™ 1.13 456 0.17 082 2.88 0.60 0.50 0.63 -0.06 -0.38
2 1.05 463 0.19 090 3.08 059 0.63 0.78
3 1.09 461 0.16 0.92 324 058 0.68 0.82
4 1.06 4.67 0.15 094 344 056 0.70 0.85
5 099 462 0.14 095 366 054 0.76 0.91
6 1.03 462 0.12 097 391 054 0.78 0.90
7 1.00 470 0.09 1.01 4.23 052 0.84 0.97
8 1.11 467 0.08 1.01 465 0.52 0.85 0.96
9 1.12 463 0.07 1.02 5.27 0.48 0.92 1.02
10High p* 1.07 452 0.00 1.00 6.65 0.36 0.95 1.06

The tablelists the summarystatisticsof the value-weightegp~ and p™ portfolios at a monthly frequeng,
wherep~ and p* 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 percentageeturnover the next month. We rebalancehe portfolios at
a monthly frequeng. Meansand standarddeviationsarein percentageermsper month. Std denoteshe
standarddeviation (volatility), Auto denoteghefirst autocorrelationandg is the post-formatiorbetaof the
portfolio with respecto themarket portfolio. At thebeginningof eachmontht, we computeeachportfolio’s
simpleaveragelog market capitalizationin millions (size)andvalue-weightedook-to-marlet ratio (B/M).
The columnslabeledp™ (p™) and 3~ (5") shaw the post-formationdownside (upside)correlationsand
downside(upside)betasof the portfolios. High—Low is the meanreturndifferencebetweerportfolio 10 and
portfolio 1 andt-stat givesthe t-statisticfor this difference. T-statisticsare computedusing Newey-West
(1987)heteroskdastic-robststandarcerrorswith 3 lags. T-statisticsthatare significantat the 5% level are
denotedby *. Thesampleperiodis from Januaryl964to Decembe1999.
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Table2: PortfoliosSortedon PastCo-Measures

Panel A: Portfolios Sorted on Past Coskewness

Portfolio
1 Low coslkew
2

3
4
5
6
7
8
9
10 High coslew

Portfolio
1 Low cokurt
2

3
4
5
6
7
8
9
1

0 High cokurt

The table lists the summarystatisticsfor the value-weightedcoskewnessand cokurtosisportfolios at a
monthly frequeng. For eachmonth, we calculatecoslkewnessand cokurtosisof all stocksbasedon daily

continuouslycompoundedeturnsoverthepastyear We rankthestocksinto deciles(1-10),andcalculatethe
value-weightedsimplepercentageeturnover the next month. We rebalancehe portfolios monthly. Means
andstandarddeviationsarein percentageéermsper month. Std denoteghe standarddeviation (volatility),

Auto denoteghe first autocorrelationand 5 is the post-formationbetaof the portfolio with respecto the
market portfolio. Coslew denoteghe post-formatiorcoskewnessof the portfolio asdefinedin equation(5);

cokurt denotegshe post-formationcokurtosisof the portfolio asdefinedin equation(6). High—Low is the
meanreturn differencebetweenportfolio 10 and portfolio 1 andt-statis the t-statisticfor this difference.
T-statisticsare computedusingNewey-West(1987) heteroskdastic-robiststandarcerrorswith 3 lags. The

Mean

1.18
1.18
1.13
1.16
1.13
1.06
1.19
1.10
1.07
1.03

Mean

121
1.09
111
1.01
1.04
1.08
112
1.08
1.17
1.03

Std  Auto

5.00
4.80
4.71
4.75
4.74
4.59
4.64
4.63
4.54
4.44

0.09
0.05
0.08
0.04
0.05
0.04
0.08
0.02
0.03
0.03

Std Auto

4.64
4.72
4.64
4.75
4.58
4.74
4.47
4.60
4.63
4.58

0.02
0.06
0.02
0.06
0.02
0.06
0.03
0.07
0.05
0.07

sampleperiodis from Januaryl 964to Decembel 999.
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p
1.06

1.03
1.02
1.04
1.02
1.00
1.01
1.02
1.00
0.96

g
1.01

1.03
1.01
1.04
0.99
1.03
0.97
0.99
1.01
0.99

Coslew
-0.13
0.07
-0.27
0.20
-0.13
0.01
0.03
0.04
0.18
0.15

Cokurt
-0.64
0.51
0.42
0.04
0.32
-0.22
0.49
-0.49
-0.41
-0.45

High—Low
-0.15

Panel B: Portfolios Sorted on Past Cokurtosis

High—Low
-0.18

t-stat
-1.17

t-stat
-1.68



Table3: PortfoliosSortedon Pasts3, 5~ 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 0.20 049
3 1.01 3.33 0.18 0.59

4 095 3.62 0.14 0.70
5 1.13 3.78 0.08 0.76
6 1.02 3.84 0.06 0.79
7 1.00 437 0.07 0.93
8 0.97 4.87 0.07 104
9 1.07 5.80 0.08 1.23
10High g 1.13 7.63 0.05 1.57

Panel B: Portfolios Sorted on Past 3~

Portfolio Mean Std Auto g 6= p” k= High—-Low t-stat
1lLows~ 0.78 421 0.16 0.67 0.89 0.71 1.26 0.31 1.04
2 0.93 3.74 0.14 0.68 0.74 0.73 1.02
3 0.99 3.71 0.09 0.73 0.82 0.83 0.98
4 1.09 392 0.05 0.80 0.88 0.89 0.99
5 1.05 400 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 1.04 1.02 0.92 1.11
8 1.24 539 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 5+

Portfolio Mean Std Auto 3 3% pt kT High-Low t-stat
lLow B+ 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 1.01 410 0.112 0.83 0.82 0.75 1.09
5 0.98 403 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 0.06 094 090 0.86 1.05
8
9
1

w N

1.02 465 004 1.01 0.98 088 1.11
112 525 005 1.12 1.13 086 1.31
OHighg* 1.00 6.77 0.06 1.41 1.45 0.80 1.81

Thetablelists summarystatisticsfor value-weighted, 3~ and3™ portfoliosatamonthlyfrequeng, where
B~ andB3™ aredefinedin equation(4). For eachmonth,we calculate3 (3, 57 ) of all stocksbasedbn daily
continuouslycompoundedeturnsoverthepastyear We rankthestocksinto deciles(1-10),andcalculatethe
value-weightedsimplepercentageeturnover the next month. We rebalancehe portfolios monthly. Means
andstandarddeviationsarein percentageermsper month. Std denoteshe standarddeviation (volatility),
Auto denoteghefirst autocorrelationandg is post-formatiorthe betaof the portfolio. The columnslabeled
B~ (8%) andp~ (pT) shaw the 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, both conditioningon the downside(upside).High—Low is the meanreturndifferencebetween
portfolio 10 andportfolio 1 andt-statgivesthet-statisticfor this difference.T-statisticsarecomputedusing
Newey-West(1987) heteroskdastic-robiststandarderrorswith 3 lags. The sampleperiodis from January
1964to Decembetl999.
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Table4: CorrelationPortfoliosandFama-Frenchractors

Panel A: Whole Sample Regression Jan 64 - Dec 99

R@reSSion:’rit =a; +bMKT; + s;SMB; + hi HM L; + €;;

a b s h t(a) t(b) t(s) t(h) R?
lLow p~ -0.37 0.69 053 043 -3.35 2158 10.45 9.68 0.72
-0.30 0.80 048 0.38 -3.13 28.74 1058 9.30 0.81
3 -0.31 0.83 043 0.38 -3.56 2943 9.70 8.47 0.83
4 -0.24 0.86 041 0.33 -256 2745 9.13 6.69 0.86
5 -0.19 090 0.33 0.26 -235 3294 8.12 527 0.88
6 -0.16 094 0.24 0.24 -207 3743 6.65 475 0.89
7 -0.15 1.00 0.18 0.16 -2.12 43.00 5.29 384 0.91
8 -0.10 1.01 0.10 0.11 -1.47 5458 326 3.20 0.93
0.02 1.05 0.04 000 033 7270 1.36 -0.06 0.95
10High p~ 0.16 1.04 -0.15 -0.17 280 63.75 -533 -447 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 10-1
Jan64-Dec81 -0.23 -0.21 -0.24 -0.23 -0.06 -0.12 -0.13 -0.05 0.11 0.22 0.45
t-stat -1.82 -2.03 -2.12 -2.04 -0.73 -1.21 -1.45 -0.67 154 2.06 241
Jan82-Dec99 -0.49 -0.34 -0.36 -0.25 -0.30 -0.20 -0.13 -0.12 -0.05 0.10 0.59
t-stat -2.94 -219 -291 -160 -2.28 -1.74 -1.21 -1.13 -0.56 2.09 3.21

PanelA of thistableshovsthetime-seriesegressiorof excesseturnr; onfactorsM KT, SM B andH M L.
Thetenp~ portfoliosof Table(1) areusedin theregressioni() is thet-statisticof theregressiorcoeficient
computedusing Newey-West(1987) heteroskdastic-robiststandarcerrorswith 3 lags. The regressionik?
is adjustedfor the numberof degreesof freedom. GRS is the F-statisticof Gibbons,Rossand Shanlen
(1989),testingthe hypothesighatthe regressioninterceptarejointly zero. p(GRS) is the p-valueof GRS.
The sampleperiodis from Januaryl964to Decemberl999. PanelB reportsthe a's andt-statisticsin the
time seriesregressionn two subsamplesColumn®“10-1" is the differenceof the a’s for the 10thdecileand

thefirst decile.
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Table5: Constructiomf the DownsideCorrelationFactor

Panel A: Two (3) by Three (p~) Sort

Low p~ Mediump~ High p~ Highp~ - Low p~
Low 3 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
6=0.66 3 =0.69 3 =0.66
p- =0.76 p- =0.79 p- =081
High 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
=123 B=1.16 B =1.09
p~ =0.89 p~ =0.94 p~ =0.96
Panel B: 3-Balanced p— Portfolios
Low p~ Mediump~ Highp~ || 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 factorC M C' at a monthly frequeng.
Eachmonth,we rank stockshasedon their 3, calculatedrom the previousyearusingdaily data,into a low
8 group anda high g group, eachgroup consistingof one half of all firms. Then, within eachs group,
we rank stocksbasedon their p—, which is also calculatedusing daily dataover the pastyeat into three
groups:alow p— group,amediump— groupandahigh p~ group,with cutoff pointsat 33.3%and66.7%.
We computethe monthly value-weightedsimplereturnsfor eachportfolio. The g-balancedgroupsarethe
equal-weightedwerageof the portfolios acrossthe two 3 groups. T-statisticsare computedusing Newey-
West(1987)heteroskdastic-robststandarcerrorswith 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 4.40 -0.51 5.50 0.06
SMB 0.19 293 0.17 3.84 0.17
HML 0.3 2.65 -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 1.00

CMC -0.16 -0.64 -0.17 0.35 —-0.03 1.00

This table shavs the summarystatisticsof the factors. MKT is the CRSPvalue-weightedeturnsof all
stocks.SMB andHML arethesizeandthebook-to-marletfactors(constructedy FamaandFrench(1993)),
WML is thereturnonthe zero-cosstrateyy of goinglong pastwinnersandshortingpastlosers(constructed
following Carhart{1997)),andSKSis thereturnon goinglong stockswith themostnegative pastcoslewness
and shorting stockswith the most positive pastcoslewness(constructedollowing Harvey and Siddique
(2000)). CMC is thereturnon a portfolio going long stockswith the highestpastdownsidecorrelationand
shortingstockswith thelowestpastdownsidecorrelation.Thetwo columnsshav themeansandthe standard
deviationsof thefactors,expresseds monthly percetagesSkew andKurt arethe skewnessandkurtosisof
the portfolio returns.Auto refersto first-orderautocorrelationFactorswith statisticallysignificantmeansat
the 5% (1%) level aredenotedwith * (**), usingheteroskdastic-robstNewey-West(1987)standarcerrors
with 3 lags.Thesampleperiodis from Januaryl964to Decembef 999.
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Table7: Regressiorof WML ontoVariousFactors

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**

Time-seriegegressiornf the momentunfactor WML, ontovariousotherfactors.MKT is the market, SMB

andHML areFama-Frencltf1993)factors CMC is thedownsiderisk factor andSKSis theHarvey-Siddique
(2000) skewnessfactor Thet-statis calculatedusing Newey-West(1987) heteroskdastic-robist standard
errorswith 3 lags. T-statisticsthat are significantat the 5% (1%) level aredenotedwith * (**). The sample

periodis from Januaryl964to December1999.
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Table8: Fama-MacBetRegressionlrestsof 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 251 -0.99 p-val(adj)=0.33

t-stat(adj) 249 -0.98

Model B: Fama-French Model

Premium(}) -0.49 2.04 -0.50 -0.98 0.91 p-val=0.02
t-stat -0.52 1.95 -1.93 -2.55 p-val(adj)=0.07
t-stat(adj) -0.45 166 -1.65 -2.17

Model C: Using MKT and CMC

Premium(}) -0.66 1.98 0.73 0.93 p-val=0.01*
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(\) -0.65 1.73 -0.11 052 1.02 0.93 p-val=0.00*
t-stat -0.72 1.52 -0.31 -1.02 3.02* p-val(adj)=0.00*
t-stat(adj) -0.57 1.22 -0.25 -0.81 243

Modéd E: Carhart Model

Premium(\) -0.83 2.81 -0.79 -1.63 041 091 p-val=0.00*
t-stat -0.98 2.84* -211F -2.47 1.74 p-val(adj)=0.02
t-stat@@adj)  -0.72 2.10° -1.56 -1.82 1.28

Modd F: Carhart Model and CMC

Premium(\) -0.24 045 050 0.64 098 0.84 0.93 p-val=0.00*
t-stat -0.27 041 148 153 2.86* 3.89* p-val(adj)=0.01*
t-stat@adj -0.19 0.29 1.04 108 201" 2.74*

This tableshavs theresultsfrom the Fama-MacBetl{1973)regressiortestson the 40 momentunportfolios
sortedby pasté monthsreturns.MKT, SMB andHML areFamaandFrench(1993)’sthreefactorsandCMC
is the downsiderisk factor WML is returnon the zero-coststratgy going long pastwinnersandshorting
pastlosers(constructedollowing Carhart(1997)). In the first stagewe estimatethe factorloadingsover
thewhole sample. The factorpremia,\, areestimatedn the second-stageross-sectionalegressions.We
computetwo t-statisticsfor eachestimate.Thefirst oneis calculatedusingthe uncorrected-ama-MacBeth
standarderrors. The secondoneis calculatedusing Shanlken’s (1992) adjustedstandarderrors. The R? is
adjustedor thenumberof degreesof freedom. Thelastcolumnof thetablereportsp-valuesfrom x? testson
thejoint significanceof thebetasof eachmodel. Thefirst p-valueis computedisingtheuncorrectediariance-
covariancematrix, while the secondneusesShanlen’s (1992)correction.T-statisticsthat aresignificantat
the 5% (1%) level aredenotedwith * (**). The sampleperiodis from Januaryl 964to Decembet1999.
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Table9: GMM Testsof the MomentumPortfolios
Constant MKT SMB HML CMC WML J-Test HJITest

Model A: CAPM

Coeficient(9) 1.01 —-4.68 57.81 0.59
t-stat 70.87*  —-4.14* [0.03]* [0.00F*
Premium() 0.92

t-stat 414+

Moddl B: Fama-French Model

Coeficient(y) 1.00 -9.41  18.80 5.80 43.74 0.54
t-stat 31.18* -6.00* 5.30* 1.16 [0.21] [0.001*
Premium() 1.32 -1.15 -0.92

t-stat 4.67* 437 -1.88

Model C: Using MKT and CMC

Coeficient(9) 1.11 -7.75 -26.10 48.30 0.57
t-stat 33.48* -6.00* -5.12+* [0.12] [0.00OF*
Premium(}) 1.13 1.00

t-stat 4.87* 4,75~

Model D: Fama-French Factorsand CMC

Coeficient(9) 1.06 -9.55  13.46 0.61 -12.19 44.09 0.54
t-stat 21.03* -5.95* 229* 011 -1.42 [0.27] [0.00F*
Premium(}) 1.14 -1.21 -0.43 0.90

t-stat 3.94* -47¥* -1.35 4.17*

Model E: Carhart Model

Coeficient()) 1.04  -7.49 14.09  2.16 -3.73 4480 051
t-stat 26.48* —4.43* 3.46* 0.42 -1.70  [0.15]  [0.00]*
Premium()\) 097 -0.99 -0.38 1.02
t-stat 3.23* -3.82* -1.15 3.74*

Modd F: Carhart Model and CMC

Coeficient)) 1.08  -8.43 1131 -0.64 -11.01 -2.35 4486 051
t-stat 19.62* -4.88* 1.83 -011 -1.28 -1.13 [0.12] [0.00]*
Premium()\) 098 -112 -0.34 100 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 (¢) refersto thefactorcoeficientsin the pricing kernelandPremia()) refersto the
factorpremia()\) in monthly percentagéerms.P-valuesof JandHJtestsareprovidedin [], with p-valuesof
lessthan5% (1%) denotedby * (**). TheJ-testis Hansens (1982)x? teststatisticson the over-identifying
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 aredenotecby * (**). In all models,Wald testsof joint significanceof
all premiumsarestatisticallysignificantwith p-valuesof lessthan0.01. The sampleperiodis from January
1964to Decemberd 999.
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Table10: Liquidity BetaPortfoliosandDownsideCorrelationPortfolios
Panel A: Mispricing across Average Liquidity Beta Portfolios

a b s h t(a) t(b) t(s) t(h) R?
lLowsl -0.17 105 042 0.19 -1.93 4039 9.88 3.30 0091

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

5Highg” -0.08 1.01 0.42 0.11 -0.92 4422 12.77 2.88 0.91
as-ay = 0.10t-stat=0.71
Panel B: Mispricing across Average Downside Correlation Portfolios

a b s h tla) tlb) t(s) t(h) R?
lLowp~ -0.18 081 054 045 -2.38 30.89 12.64 12.69 0.86

2 -0.17 091 0.44 037 -214 36,51 1132 7.29 091
3 -0.12 098 0.26 0.23 -1.67 46.77 8.00 4.90 0.93
4 -0.05 1.02 0.11 0.10 -0.76 60.21 393 2.68 0.96

5Highp~ 0.08 107 -0.13 -0.13 180 90.83 -7.70 -4.70 0:98

as-a; = 0.26t-stat=2.62

This table shavs the time-seriesregressionof excessreturnr; on factors M KT, SMB and HM L. In
eachmonth, we sortall NYSE, AMEX and NASDAQ stocksinto 25 portfolios. We first sort stocksinto
quintilesby 5 andsort stocksinto quintilesby p~, where3” is computedusing equation(25) usingthe
previous5 yearsof monthlydata. Theintersectiorof thesequintilesforms 25 portfolioson 5% andp—. The
averageliquidity betaportfoliosin Panel A arethe liquidity betaquintilesaveragedover the p— quintiles.
Theaveragep~ portfoliosin PanelB arethep™ quintilesaveragedvertheliquidity betaquintiles. Thetable
reportsthe coeficientsfrom a time-seriesregressionof the portfolio returnsonto the Fama-Frenchi{1993)
factors:ryy = a; + b M KT; + s;SM B; + h; HM L, + €;;. t() is thet-statisticof theregressiorcoeficient
computedusingNewey-West(1987)heteroskdastic-robststandarcerrorswith 3 lags. TheregressionRk? is
adjustedor the numberof degreesof freedom.Januaryl968to December1999. as-a, is the differencein
thealphasa betweerthe 5th quintile andthefirst quintile.
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Tablel11: Macroeconomid/ariablesandC M C
Panel A: CMCy = a+ Z?:l b; MACRO;_; + Z?:l GCMCy_; + ¢

MACRO;—y MACRO;_» MACRO; 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

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

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

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

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

Panel B:

MACRO; =a+ Y5 biCMCy_i + 3> ¢; MACRO—_; + ¢

CMthl CMthz CMCt,:), JOIhtSIg

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 —2.4%

TERM coef -0.02 0.02 -0.01 0.03
t-stat —-2.2T 1.42 -0.82

This table shavs the resultsof the regressiondetweenCMC and the macroeconomiwariables. Panel A
lists the resultsfrom the regressionof C M C on laggedC M C andlaggedmacroeconomiwariables,but
reportsonly the coeficients on laggedmacrovariables. PanelB lists the resultsfrom the regressionsof
macrovariableson laggedCMC andlaggedmacroeconomiwariables,but reportsonly the coeficientson
laggedCMC. LEI is the growth rateof theindex of leadingeconomidndicators HELP is the growth ratein
theindex of Help WantedAdvertisingin NewspaperslP is thegrowth rateof industrialproduction CPlis the
growth rateof ConsumepPricelndex, FEDis thefederaldiscountrateandTERM is theyield spreachetween
10 yearbondand 3 month T-bill. All growth rate (including inflation) are computedasthe differencesn
logsof theindex attime ¢ andtime ¢ — 12, wheret is in months.FED is the federalfundsrateand TERM
is theyield spreacbetweerthe 10 yeargovernmentbondyield andthe 3-monthT-bill yield. All variables
are expresseds percentagesT-statisticsare computedusing Newey-Westheteroskdastic-rohst standard
errorswith 3 lags,andarelistedbelov eachestimate Joint Sig in PanelA denotedo the p-valueof thejoint
significanceestonthecoeficientsonlaggedmacrovariables.JointSigin PanelB denoteghep-valueof the
joint significanceeston the coeficientsof laggedCMC. T-statisticsthataresignificantat the 5% (1%) level
aredenotedwith * (**). P-valuesof lessthan5% (1%) aredenotedwith * (**). The sampleperiodis from
Januaryl964to Decembefl999.
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Figurel: AverageReturn,s3, p— of MomentumPortfolios
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Theseplots shov the averagemonthly percentageeturns,5 and p~— of the Jegadeestand Titman (1993)
momentumportfolios. J refersto formationperiodand K refersto holding periods. For eachmonth, we
sortall NYSE andAMEX stocksinto decileportfoliosbasedon their returnsover the past/=6 months.We
considerholding periodsover the next 3, 6, 9 and 12 months. This procedureyields 4 stratgies and 40
portfoliosin total. The sampleperiodis from Januaryl964to Decembef 999.
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Figure2: Loadingsof MomentumPortfolioson Factors
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Theseplots shown the loadingsof the Jegadeestand Titman (1993) momentumportfolios on MKT, SMB,
HML and CMC. Factor loadingsare estimatedin the first step of the Fama-MacBeth(1973) procedure
(equation(11)). J refersto formationperiodand K refersto holding periods. For eachmonth,we sortall
NYSE andAMEX stocksinto decileportfoliosbasedntheir returnsoverthepastJ=6 months.We consider
holding periodsover the next 3, 6, 9 and12 months. This procedureyields 4 stratgyiesand40 portfoliosin
total. MKT, SMB andHML areFamaandFrench(1993)'sthreefactorsandCMC is thedownsidecorrelation
risk factor The sampleperiodis from Januaryl 964to Decemben 999.
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Figure3: Pricing Errorsof GMM Estimation(HJ method)
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Theseplots shav 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 XK' = 12 holding period. The 41st
assets therisk-freeassetThegraphsshav theaveragepricing errorswith asterixes,with two standarcerror
bandsin solid lines. The units on the y-axisarein percentagéerms. Pricing errorsareestimatedollowing
computatiorof the Hansen-Jagannath&t©97)distance.
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