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GeneralIntroduction

1 Motivation

Asfarbackaswrittenhistorygoes,humanityhasconsumedwine.Asamatteroffact,wine
productionhasbeentracedbacktothe4thmillenniumBC(Barnardetal.,2011),whichmakes
itolderthanwritingitself.Today,winerepresentsabout0.4%ofglobalhouseholdconsump-
tion(Andersonetal.,2003),butthehighgeographicconcentrationofthewineindustrymakes
itessentialtotheeconomyofmanyregionsoftheworld.InFrance,thewinesectoraccounts
for1.2%ofGDP,employsmorethan550,000employees,andprovidesaround15%ofworld
production.IntheemblematicFrenchwineregionofBordeaux,thewineindustryaccounts
forabout80%ofthetotalvalueofagriculturalproduction,andvineyardscoverhalfofarable
land.Countriesspecializedinwineproductionalsoenjoysubstantialreturnsfromwineex-
ports,especiallyinFrancewherewineexportsbringabout8billionseuroseachyear.Inad-
ditiontodirecteconomicreturns,thewineindustrygeneratesindirectbenefits.Eachyear,the
oenotourismindustryattractsapproximately4millionsforeigntouristsinFrance,withconsid-
erablespilloversintoothertourism-relatedsectorssuchastransportsandhospitality.Beyond
economicconsiderations,wineconsumptionisapartofeverydaylifeinwinecountriessuchas
FranceorPortugal,wherewineconsumptionpercapitaapproaches43litersperyear;equiv-
alenttooneglassaday.Itisapartoftheirculturalidentity-auniqueproductimbuedwith
symbolism.
Fromaneconomicresearchstandpoint,thewinemarkethasproventobeafruitfulapplica-

tiondomainforvariousfundamentalconcepts,includingtheseminalcost-benefitsanalysisof
AdamSmithandthetheoryofcomparativeadvantagesofDavidRicardo(seeChaikind2012
forareview).Onefeatureofthewinemarketthatmakesitparticularlyappealingtoeconomists
istheoutstandingpricediscrepancyamongalmostidentical-lookingproducts.Forinstance,a
standard-sizebottleof0.75literofentry-levelBordeauxwinesellsataround5 whereasabot-
tleofthefamousBordeaux-basedbrandPétruscanbeworthupto5,0001.Thistremendous
heterogeneitymakesthewinemarketanidealcasestudyforaquantitativeanalysisofquality.
Furthermore,winequalitycanonlybeaccuratelyassessedafterconsumption,whichmakesit
anexperiencegoodintheterminologyofNelson(1970).Inthisrespect,theefficiencyofthe
winemarketcruciallydependsontheaccuracyofthequalitysignalsavailabletoconsumers.
Economistsfocusingonthewinemarkethavethusquestionedtherelevanceofqualitysignals
andtheirimpactonprices,seeStorchmannetal.(2012)forareview.Theaccuracyofquality
scoringhasbeenakeymatterofconcernnotjustforwineeconomists.EvenRobertParker,
arguablyoneofthemostinfluentialwineexpertsinhistory,hasconcededthatwinetastingis
partlydrivenby"theemotionofthemoment"2.Today,manyexpertsawardqualityscores,and
mostpremiumwinesareevaluatedbymultiplescores,whichinturnhasmitigatedtherespec-
tiveinfluenceofeachexpert.Nonetheless,manystillquestiontheinfluenceofthesubjective
opinionsofwineexpertsonprices.Thissituationhasalsoraisedtheasyetunresolvedissue

1Thisisthecurrentretailpriceonthewebsitewww.winedecider.comforaChâteauPétrusofvintage2000,asof
October2017.

2Thefullquotationis:"Ireallythinkprobablytheonlydifferencebetweena96-,97-,98-,99-,and100-pointwine
isreallytheemotionofthemoment.",Mobley-Martinez(2007).

www.winedecider.com
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concerningthecomparisonofthescoresacrossdifferentexperts.Moreover,alltheseexperts
onlyoperateonthepremiumsegmentofquality,therestoftheproducersrelyingoncoarser
qualitysignals.Forthevastmajorityofwineproducers,themainmediumofqualitydifferen-
tiationistoparticipateinwinecompetitionsandwinmedalstoaddtotheirlabels.However,
onlyfewstudieshaveaddressedtheirefficiencyandinfluencesofar.Broadlyspeaking,the
communityofeconomistshasprimarilyfocusedonthetopendqualitysegment,forwhich
thelargepricediscrepancyisbetter-suitedtothequantitativeanalysisoftheimpactofquality.
Consequently,thebulkofthewinemarkethasbeensomewhatneglectedintheliteraturesofar.
Inparticular,classicalissuesinagriculturaleconomicssuchastheanalysisofproducers’price
expectationsandtheroleofstoragehavebeenoverlooked.Itisallthemoresurprisingthat
nofuturesmarketexistsforwine,andassuchproducersandotheractorsofthemarkethave
toformulatetheirpriceexpectationsindependently. Withthisdissertation,Iintendtobridge
thesegapsoftheliteratureadoptingaresolutelyempiricalapproach.
Regardingalltheaforementionedissues,theiconicwineregionofBordeauxisanespecially

attractiveapplicationmarket.Firstly,thequalityheterogeneityoftheregionisunmatched,with
aboutfivethousandsprivatebrandscalledChâteaux,morethanfiftyappellationsoforigin
andseveralofficialrankings.PremiumBordeauxwinesalsoattractthelargestpanelofwine
critics-top-endChâteauxwinesusuallybeingevaluatedbymorethantendifferentexperts.
Themarketisthereforeparticularlyappealingtostudyinconsiderationoftheinfluenceof
expertsandtheirrespectivegradingmethods.Secondly,Bordeauxproducersareparticularly
prevalentinwinecompetitionsandaround20%ofBordeauxwineshavewonatleastone
medal.Lastly,Bordeauxwineproducerssystematicallyreporttheirtransactionsdealtinbulk
tothejoint-tradeorganization,andhavetodeclaretheirannualharvests,endingstocksand
monthlydeliveriestothecustoms.Takentogether,thisdataprovidesauniqueopportunity
toinvestigatethedeterminantsofthefluctuationsofwineprices.Forallthesereasons,the
Bordeauxwinemarketwillbesystematicallytakenasacasestudyinthefourchaptersofthis
dissertation.
Thefirstchapterdevelopsandappliesanewmethodtodisentangletheeffectsofobjective

qualityandsubjectiveopinionsonwineprices3.Thisworkhasraisedtheissueofthecompa-
rabilityofscoresgivenbydifferentexpertsondifferentscale.Inthesecondchapter,asolution
issuggestedwiththeintroductionoftheequipercentilemethodinthewineeconomicslitera-
ture4.Ifthesetwofirstchaptersfollowthetraditionofwineeconomistsandaddressthenar-
rowsuper-premiumsegmentofthewinemarket(typicallyabove20 abottle),therestofthe
dissertationinvestigatesnewissuesonthewiderlower-qualitysegment.Thethirdchapterex-
ploresthemarketofwinecompetitions,andestimatestheimpactoftheawardsonproducers’
prices5.TheoriginaldataalsoallowstostatementstobemadeontheconsistencyofEuropean
winecompetitionsandontheexpectedprofitofparticipation.Inthefourthandlastchapter,
forecastingmethodsareappliedtoBordeauxwineprices.Afruitfulcomparativeanalysisbe-
tweenannualandmonthlyforecastsisconductedinordertoassesstheinterestofthelonger
datahistoryoftheannualdataincomparisontothemonthlydata.Theestimatesprovidesev-
eralcollateralcontributionsontheinfluenceofmacro-leveldeterminantsofwinepricessuch
astotalwinestocks,weather,harvestexpectationsandexchangerates.
Severalareasofwineeconomicsarenotaddressedinthisthesis,notablythefinancializa-

tionofthefinewinemarket.Myoverallaimhasbeentoimproveourunderstandingofthe

3Thisfirstchapterisbasedonapaperco-writtenwithJean-MarieCardebatandJean-MarcFiguetpublished
intheJournalof WineEconomics(Cardebatetal.,2014).Thischapterisanupdatedversionthatincludesafew
corrections.

4Thissecondchapterisbasedonapaperco-writtenwithJean-MarieCardebatandalsopublishedintheJournal
ofWineEconomics(CardebatandParoissien,2015).Theversionpresentedinthischapterincludesafewprecisions.

5Thisthirdchapterisbasedonapaperco-writtenwithMichaelVisser.
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formationofwinepricesanditsdeterminants.Atthemicro-level,qualityinthewidersenseis
thekey.Thisisthecentralfocusofthethreefirstchapters,whichexaminethemeansofachiev-
ingandevaluatingqualitydifferentiation.Thefourthchapterwidensthefocusbyincluding
allthedeterminantsofeconomicconditionsofthewinemarketasawhole.Eachchapterisin-
tendedtobeself-sufficientsothatsomeelementsareredundant,notablypartsofthedifferent
introductions.
Theremainderofthisgeneralintroductionisorganizedasfollows:thefirstsectiondescribes

theorganizationofthewineindustry.Thesecondsectionisareviewoftheliteratureonthe
determinantsofwineprices.Finally,Isummarizethefourchaptersofthisthesisandpresent
howtheyrelatetotheexistingliterature.

2 Thewineindustryorganization

Inthissection,themaincharacteristicsoftheglobalwinemarketarepresented.Asthefour
chaptersofthisthesisexaminedataoftheBordeauxregiononly,theprimaryfocusshallbeon
thecaseofthisregion.Thesectionbeginswithashortsummaryofthestepsofwineproduction
thengoesontodescribethegeographicdistributionofthewineindustry,providinginsights
ofitsdeterminants.Later,thesectionconsiderstheeconomicsofwineproduction,industrial
organization,andconsumption.Thelastsubsectionliststhemainlong-termtrendsandthe
recentevolutionsoftheglobalwinemarket.

2.1 Fromseedtoglass

Theprocessofwineproductionisarguablyoneofthemostcomplexprocessesinagriculture.
Itbeginswiththeplantationofgrapevines,whichcantakeyearsbeforeactuallyyieldingex-
ploitablegrapes.Thechoiceofthegrapevarietymustbecarefullyadaptedtotheclimateand
soilofthelocationofproduction.Thevinesproducegrapeseveryyearfor30to60years,de-
pendingongrapevariety,climate,andcultivationtechniques.Aftertheharvest,thegrapesare
broughttothewinerywherewinemakingtakesplace.Thetransformationofharvestedgrapes
intowinenecessitatesalargenumberofdelicatechemicalreactions-somanythatwinemaking
isoftenreferredtoasan"art".Theharvestedgrapesarefirstcrushedinlargetankstoliberate
thejuice,allowingittofermentandproducealcohol.Thealcoholicdegreeofthefinalprod-
uctdependsonboththesugarcontentofthegrapesandthedurationofthefermentation.For
whitewines,thejuiceisextractedbeforethefermentationbypressingthegrapes.Onthecon-
trary,redwinesareobtainedbylettingthejuicefermentwiththemustforasufficientamount
oftimetoallowthecolortoimpregnate.Therosécolorcanbeobtainedbyearlypressing,by
extractingonlyapartofthemust(bledrosé),orbyblendingredandwhitewines-apro-
cessalmostonlyusedforroséChampagne.Moreover,asecondfermentation(themalolactic
fermentation)isoftensoughtforredwinesandsomewhitewinesinordertoreduceacidity.
Whilethesestagesarethemostessential,therefinementsofwinemakinginvolvesmanyother
technicaloperationswhicharebeyondthescopeofthispresentation.Mostwinesareobtained
fromasinglegrapevariety,butsomeproducersprefertoblenddifferentvarieties,particularly
intheBordeauxregion,whichconsiderablyincreasesthecomplexityofthewholeprocess.The
choice,theorderandthedurationoftheproductionstages,togetherwiththecarebroughtto
eachofthem,definestheidentityofawinemaker.Thequalityofthefinalproductalsocrucially
reliesonthequalityoftheharvestedgrape,buttalentedwinemakersmaybeabletomitigate
thedefaultsofapoorharvest.Finally,finewinesareoftenkeptinbarrelstobeimbuedwith
oakflavors,oftenforaslongaseighteenmonthsforpremiumBordeaux.Thefinalproduct
isthenusuallypackagedinabottle,althoughcertainproducersoptforacheaperbag-in-box
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package.Thelattertypeofpackageallowsabetterconservationafteropening,butislesssuited
forlong-termkeeping.Indeed,somewinesarereadytodrinkrightafterpackagingbutothers
mustbekeptuptotenyearsbeforeoptimalconsumptionandmustthereforebekeptinabottle.
Adaptedandstableconditionsoftemperatureandhumidityarenecessarytoensurethewine
completesitspotential.
Inresponsetothecomplexityofwinemaking,theappreciationandjudgmentofwinesis

alsooftenviewedasanart.Tothisextent,thatwineconsumptionismorethanjustdrinking;
itisprobablytheconsumptiongoodforwhichactualconsumptionrequiresthemostskill.
Professionalwinetastersareremuneratedtocommentandevaluatetheappearance,aromas,
flavorsandaftertasteofwines.Theirtastingskillsareespeciallyusefultoassessthepotential
ofwinesdestinedtoageseveralyearsbeforeconsumption,asduringtheprimeurscampaign
inBordeaux.However,thevastmajorityofwinesdonotfallinthatcategoryandarequickly
consumedinthefewyearsafterproduction.Novicesinwinetastingareofteninsensitiveto
thecomplexityofcertainaromas,sothatsomefinewinesareonlyfullyappreciatedbyhighly
trainedpalates.

2.2 Geographicdistribution

Theorganizationoftheglobalwineindustryismostlydictatedbyclimaticconditions.Broadly
speaking,grapevinecultivationisonlypossiblebetweenthe30thandthe50thparallels6ofboth
hemispheres,apartfromsomemicro-climates.Astheselatitudesaremostlycoveredbyoceans
intheSouth,around90%ofthewineproductionisachievedinnortherncountries.Infact,the
bulkofwineproductionisconcentratedintoahandfulofcountries:France,ItalyandSpain
accountforapproximately45%oftheglobalproductioninvolume.Around85%ofglobal
wineproductionisachievedbyonlytencountries:Italy(16%),Spain(16%),France(15%),USA
(11%),China(6%),Argentina(5%),Chile(4%),Australia(4%),SouthAfrica(4%)andGermany
(3%)7.
Toacertainextent,thegeographicdistributionofwineconsumptionreplicatesthatofwine

production.Inparticular,Europeaccountsforaroundtwo-thirdsofbothproductionandcon-
sumption.Somenon-wineproducingcountrieshavehighconsumptionlevels.Countriessuch
astheUnitedKingdomorSwedenconsumeover20litersofwinepercapitaeachyear,twice
asmuchastheUSA.Ofcourse,themostimportantwine-drinkingcountriesremainthosewith
alargeproduction,suchasFrance(43l.),Italy(34l.)orPortugal(44l.)8.Spanishdomestic
consumptionpercapitais,conversely,ratherlow(22l.)relativetoitsproduction.Spainisin
turntheworldleaderinwineexports. Wineconsumptionpercapitaisvirtuallynullinmost
countriesofSouthernAsiaandSub-SaharanAfrica.Indeed,theseclimatesareunsuitablefor
viticulture,andconsideringwineasaluxuryproduct,manyoftheirinhabitantscannotafford
todrinkit.
Beyondclimateconditionsandfinancialconstraints,culturalpreferencescompletethepuz-

zleofwhysomepopulationsdrinkwineandothersdonot.Religiousviewsonalcoholhave
atleastpartlyshapedregionalpreferences.Inparticular,Islamhasprohibitedalcoholcon-
sumptionsinceitsorigininthe6thcentury.IncountrieslikeSaudiArabia,thecivillawstrictly
observesthispreceptandastrictbanonallalcoholsisenforced.Evenwhenthispreceptisnot
enforcedinthelaw,almostnowineisproducednorconsumedinMuslimcountries.Forexam-
ple,althoughTurkeyexhibitsafineclimateforviticultureandaGDPpercapitacomparable

6Notably,the45◦parallelhasbeencoinedas"theideallatitudeforfinewines"byBernardetal.(2014),sinceit
runsthroughseveralofthemostrenownedvineyards,includingBordeaux.

7ThesefiguresarefromtheFoodandAgriculturalOrganization(FAO),andconcerntheproductionofyear2014,
thelastavailableontheFAOwebsite.

8Figuresarefromyear2014andpublishedbytheCalifornianWineInstitute.
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tothatofmanyoccidentalcountries,itswineproductionisverylowanditsconsumptionper
capitaisvirtuallyzero.Itshouldalsobenotedthattheirtaxes(importplusexciseplusVAT)
representmorethan200%ofwinevalue,againstaboutonly20%inFrance9.
Conversely,someseminalChristianritesandbeliefsactuallyfavorwineconsumption10,

asinsouthernEuropewherewineisapartofeverydaylife.EvenbeforeChristianity,wine
consumptionwasalreadypopularthereandconsideredspiritual11.Ofcourse,theChristianre-
ligiondoesnotintrinsicallycommandonetodrinkwineduetothesinfulnatureofoverindul-
gence,resultingindrunkenness12.Culturalpreferencesandreligiousbeliefsarguablyinfluence
eachother,andonlypartlydetermineconsumptionhabits.Nonetheless,currentalcoholprohi-
bitionisbasedonreligiousgroundsintheMiddleEastwhilstnoreligiousdisincentivesexist
inSouthernEurope.

2.3 Economicsofthewinemarket

Theeconomicsofwineproductionischaracterizedbyahighlevelofuncertainty,forboththe
producersandtheconsumers.Fromtheperspectiveoftheproducer,plantinggrapevinesis
along-terminvestmentwithoutreturninthefirstyears,andwithuncertainreturnsoncethe
vinesstartproducinggrapes.Indeed,newlyplantedvinesdonotproducesignificantvolumes
forafewyearsandfullyieldsareonlyexpectedafteradozenyears.Atmaturity,thequality
oftheharvestisuncertainsinceitcruciallydependsonweathervagaries.Shortepisodesof
extremetemperaturesorprecipitationscanjeopardizeawholeharvest,bothintermsofvol-
umeandquality.Thisvintageeffectismoreorlessintenseacrosswineregions,depending
ontheyear-to-yearvariabilityoftheweather.Forinstance,thequalityofCalifornianwines
isbelievedtovarylittleacrossvintages,whileBordeauxvintagequalityisrelativelyvolatile.
Besides,thegrapeharvestoccursonlyonceayearandproducershavetomanageimportant
stocksduringthemarketingyear.Thearbitragebetweenwaitingandsellingisbasedontheir
expectationsaboutfuturemarketconditions.Formostagriculturalcommodities,thisissueis
partlyresolvedbytheexistenceoffuturesmarketswhereproducerscanselltheirharvestin
advanceandhencesecuretheirprofits.Sincenosuchfuturesmarketexistsforwine,produc-
erscannothedgeagainstmarketfluctuationsandrelysolelyontheirexpectationsregarding
futurepricesandproductionlevels.Theprofitsproducerscanexpectfromplantingvinesare
thereforehighlyuncertain.
Likemostagriculturalmarkets,theindustrialorganizationofthewineindustryischar-

acterizedbyamultitudeofindependentgrapegrowers.InmostoftheNewWorld,thegrape-
growersselltheirharveststoawinerywhichthenmanagestheactualwinemaking.Bycontrast,
mostEuropeanwineproducersaregrapegrowersandwinemakersatthesametime.Bothin
theOldandtheNewWorld,themajorityofwinemakerspromotetheirownbrand,leadingto
auniquediversityofproducts.Whethertheyhaveactuallymanagedthegrapegrowingorhad
grapesprovidedbyupstreamproducers,aplethoraofindependentwinemakerscoexistand

9ThesefiguresaretakenfromAndersonandNelgen(2011)andconcernonlynon-premiumwines.
10TheseminalmiracleofChristianityisthetransformationofwaterintowineatthemarriageatCana.Further-

more,consumptionofwineisanessentialritetocommemorateJesus’LastSupper.
11BackinAntiquitythepeopleofAncientGreeceregularlyconsumedwine,andworshipedthewinegodDion-

isos.Later,theRomansrenamedhimBacchusandcontinueditscultuntilfinallyadoptingtheChristianreligion.
Interestingly,severalotherancientMediterraneanpolytheismsalsoincludedwinedeities,whichtheyassociated
withfundamentalattributesofhumanitysuchaslifeanddeath(OsirisinAncientEgypt,SucellusinAncientGaul),
orrenewalandfertility(Dionisos,orLiberPaterinAncientRome).
12SeveralProtestantchurchesnotablyrecommendedabstinenceorprohibition.Theylaidthecornerstonetothe

temperancemovementofthe19thand20thcenturiesintheUSAandNorthernEurope.Totalorpartialalcohol
prohibitionhasevenbeenenforcedintheUSA(1920-1933)andtheNordiccountriesofIceland(1915-1922),Sweden
(1914-1955),Norway(1916-1923)andFinland(1919-1932).Buttheseperiodsofabstinenceweretooshorttodurably
influencethedrinkinghabitsandnowmostofthesecountriesexhibitarelativelyhighwineconsumptionpercapita.
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eachlabeltheirwinesundertheirownbrand.Thenumberofindependentproducersisespe-
ciallylargeinEurope.InFranceforexample,morethan100,000differentprivatewinebrands
coexist,againstaround4,600inCaliforniaand2,500inAustralia.TheBordeauxregionalone
hostsmoredifferentindependentwineproducersthanthewholeofCalifornia13.Amongthe
multitudeofsmallproducers,afewmassivewinecompaniesaccountforasignificantshare
ofthemarket.IntheUSA,E.&J.GalloWinery,whichisoftenquotedasthelargestwinefirm
(Moutot,2017),producesabout960millionsbottlesayear,morethanthewholeBordeauxre-
gion.Togetherwithtwootherlargewinefirms,namelyConstellationBrandsandThe Wine
Group,thisgiantaccountsforabouthalfofthewineproductionintheUSA.Bycomparison,
thelargestFrenchwinecompany,CastelFrèresproducesabout600millionsbottles,andthe
mainAustralianbrand,Jacob’sCreek,iswaybehindwith5-10millionsbottles14.
Forthesmallestholdings,marketingtheirbrandsontheirownisofteninconceivable.Aside

fromthemarketingeffort,someheavymachinerysuchastheharvestingtruckrepresentshigh
fixedcosts15.Topoolthefixedcostsandthemarketingexpenses,manywinemakerstakepart
inacooperativewinery.Workinginacooperativeallowsproducersbothtotakeadvantageof
economiesofscaleandtoimprovetheirbargainingpowerwiththedownstreamagents16.In
general,cooperativewinemakerscontinuetoproducetheirownprivatebrands,butsalesare
managedcollectively.CooperativewineriesareespeciallypowerfulinFrance,whereabout600
differentcooperativesensuremorethanhalfoftheproductionandrepresentaround65%of
thewinegrowers.ManywinecooperativesarealsoinfluentialinSpain,Italy,SouthAfricaand
Argentinanotably(KarlssonandKarlsson,2014).Inthesecooperatives,profitsaresharedand
theadherentsareremuneratedaccordingtotheirrespectivecontributionstothepool.How-
ever,thefairdistributionofprofitscanbecontroversialwhenqualityisheterogeneousamong
thecontributors.Generallyspeaking,thecooperationmovementfacestheissueofgivingthe
appropriateincentivesformemberstoproducequalityproducts.
Fromtheconsumerperspective,thekeyeconomicissueisthatqualitycannotbeperfectly

assessedbeforeconsumption,andthusbeforepurchase17.Thedifficultyforconsumersthen
liesinassessingthequalityofthewinefromthebottle’slabel.Eventhoughaproducts’diver-
sityisgenerallyconsideredpositive,asitmaymatchthediversityofconsumers’preferences,
thenumberofdifferentwinesmaybeoverwhelmingforthenon-specializedconsumers.For-
tunately,manylabelsexisttofacilitatethechoiceoftheconsumersamongthethousandsof
differentproducers.First,thegrapevarietyisusuallymentionedonthebottle,togetherwith
thealcoholiccontent.Second,thelocationofproductionisalsousuallymentioned,atleastat
thecountrylevel.TheselabelsaremostlyusedinEurope,wheretheFrenchconceptofterroir
prevails18.SeveralhundredsofappellationsoforiginexistinEurope,andEuropeanconsumers

13WineriesareinturnmuchlargerinCaliforniaonaverage.
14Jacob’sCreekisanowbrandoftheFrenchcompanyPernod-Ricard,aworldleaderinwineandspiritswitha

productionofabout300millionsbottlesperyear,onlysecondtotheBritishDiageo.
15Handharvestingismorecostlyandonlyadoptedbyhigh-qualityproducers.
16SeeTraversacetal.(2011)forananalysisoftheincentivetoventureintodirectsalesforwineproducers.
17Consumersbuyingdirectlyfromthewinerycanusuallytastethewinebeforepurchase.
18Theterroirofawineregionisthesetofcharacteristicsinfluencingthetastesofthewinesproducedinthisregion:

producersknow-how,climaticconditionsandsoilcomposition.Iftherolesofclimaticconditionsandwinemaker
skillarewell-documented,theinfluenceofsoilcompositionremainssomewhatcontroversial.Thisisbecausethe
latterisoftenarguedbytop-endwineproducerstojustifytheirdominantposition,andthustodiscouragecompeti-
torsallegedlylesswell-endowed.Infact,GergaudandGinsburgh(2008)haveexamineddataontheHaut-Médoc
regioninBordeauxandestimatedthatnaturalendowmentsexplainlittleoftheheterogeneityofpricesandquality
scorescomparedtotechnologychoices.Astheyputit:"TheFrenchterroirlegendobviouslydoesnothold,atleast
intheHaut-Médocregion,whichisprobablyoneofthemostfamousintheworld.".Nonetheless,asthevinefeeds
onthesoilcomponentstogrowthegrapes,theinfluenceofthesoilcompositiononthetasteofthewinecannotbe
absolutelyrefuted.Buttheintensityofthisinfluencehasnotbeenscientificallyestimatedyet.
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aremoreorlesswell-awareoftheirpreferencesamongthewineregions.Muchlikethecoop-
erativemovement,theappellationsoforigincanbeviewedasacollectivebrandingtopoolthe
marketingandcommunicationefforts.Thesameissuearises,ascommonlabelinglimitsthein-
dividualincentivetoproduceabove-averagequalitywines19.Bycontrast,especiallylargewine
brandsdonotneedcollectivebrandingandthususuallydonotclaimanygeographiclocation
ofproduction.Indeed,appellationsoforigincomewithmanyconstraintsontheproduction
process,andofcourselimittheextensionoftheproduction.Apartfrombrandsandappel-
lationsoforigins,manyotherqualitycertificationsexistforwines,includingorganiclabels,
medalswonatwinecompetitions,qualityscoresgivenbywinecritics,andofficialrankings.

2.4 Long-termtrendsandrecentevolutions

Thissectiongivesapanoramaofthekeybasictrendsoftheglobalwinemarket,aswellas
someofitscurrentandincreasinglycharacteristicfeatures.Mostofthefiguresareextracted
fromAndersonandNelgen(2011),andthefirstpointsofthissectionareasimplesummaryof
theirwork.

Fiercercompetitionbetweencountries

Globalwineproductionhasbeenstableinthepastthirtyyears,butthetraditionallydominant
countrieshavelostasignificantmarketshare.Figure1,extractedfromAndersonandNel-
gen(2011),givesthelong-termevolutionoftheglobaltotalproductioninvolumeacrossfour
groupsofcountries’aggregates.NWE8referstoeightNew Worldwine-exportingcountries,
namelyArgentina,Australia,Canada,Chile,NewZealand,SouthAfrica,USAandUruguay.
ECAreferstothewine-producingcountriesofCentralandEasternEuropeandCentralAsia,
namelyBulgaria,Croatia,Georgia,Hungary, Moldova,Romania,Russia,Ukraine.Thelast
group,EU-15arethefifteenmembersoftheEuropeanUnionasofMarch200420.Figuresareag-
gregatedoverfour-yearsperiods,soastoremovetheyear-to-yearirregularcomponents21.The
dominantpositionofSouthernEuropehasbecomeincreasinglychallengedbytheproducers
oftheNewWorld,whosemarketsharehasjumpedfrom15%inthe1960stoalmost30%today.
TheCalifornianwineindustrynotablywitnessedasuddenboomaftertheJudgmentofParisof
1976,awine-tastingcompetitioninwhichFrenchwinescouldnotdefeatCalifornianwines22.
Byquestioningthewell-anchoredsuperiorityofFrenchwines,thiseventstronglycontributed
tothepopularizationofCalifornianwines.

Smallershareinthemarketforalcohol

Althoughtotalwineproductionhasremainedfairlysteadysince1960,humanityasawhole
nowconsumesmorethanthreetimesasmuchalcohol23.Hence,wineconsumptionpercapita

19Giraud-HéraudandSoler(2003)providesastudyoftheimplicationoftheseappellationsoforiginonwelfare.
20Namely,thosecountriesareAustria,Belgium,Denmark,Finland,France,Germany,Greece,Ireland,Italy,Lux-

embourg,Netherlands,Portugal,Spain,SwedenandtheUnitedKingdom.
21Annualworldwineproductionisquiteirregularsinceabout50%isachievedinFrance,ItalyandSpain,and

therebyaffectedbysimilarweather.
22AsanallusiontoanancientGreekmyth,AmericanandFrenchjudgeswerechargedtoevaluatethequalityof

aselectionoftopqualitywinesfromFranceandCaliforniainablindtasting.ACalifornianwinewasunexpectedly
declaredthewinner,althoughacarefulanalysisoftheresultsshouldprobablyhaveconcludedtoanconsensual
drawbetweenFrenchandCalifornianwines(AshenfelterandQuandt,1999;Ashton,2011).Howevertheresults
arescrutinized,thejudgesdidnotprefertheFrenchwines,whichwasarevolutioninthewineworldatthetime.
Severalreplicationsoftheexperimentshavesinceledtomoreorlessequivalentresults.
23Bothworldpopulationandconsumptionpercapitahaveincreased,theformerfrom3to7.6billionsandthe

laterfrom2.1to2.6litersperyear(AndersonandNelgen,2011).
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FIGURE1–Volumeofglobalwineproduction,1961-64to2005-09(millionliters)

Source:AndersonandNelgen(2011)

FIGURE2–Wine’sshareofglobalrecordedalcoholconsumptionvolume,1961-64
to2005-09(%)

Source:AndersonandNelgen(2011)

hasinturnplummetedfrom7.2litersin1961-64to3.4in2005-09.Onthesameperiod,beer
consumptionpercapitahasrisenfrom15litersto26litersperyear,andthatofspiritshasin-
creasedby40%(AndersonandMagruder,2012).Ascomparedtootheralcoholicbeverages,
winehasbecomelessappealingtohumanityonaverage.Figure2showsthatifwinerepre-
sentedabout40%ofworldalcoholconsumptionin1961-64,itonlyaccountsforabout25%
today24.However,thistrendhasnowstopped,sincethissharehasremainedsteadyinthelast
thirtyyears.

Homogenizationofconsumptionpatterns

Theapparentglobaldecreaseintheconsumptionofwinehasmainlybeendrivenbythepro-
cessofhomogenizationofconsumptionhabits.Thistasteconvergencehasbeenextensively
documentedinthecaseforwineandbeerbyAizenmanandBrooks(2008).Figure3shows

24Bycontrast,todaywinesexhibithigheralcoholcontentonaverage(Alstonetal.,2015b).
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FIGURE3– Wineconsumptionperadult,1961-64and2005-09(litresofalcohol
peryear)

Source:AndersonandNelgen(2011)

thatthemainwine-producingcountriesusedtoexhibitextremelyhighconsumptionlevelper
adult.TheFrenchusedtodrinkabout126litersofwinepercapitain1961(representingabout
20litersofalcoholinfigure3)againstabout43litersofwine(about6litersofalcohol)today.
Ontheotherhand,Australia,NewZealandandmostcountriesofnorthernEuropehavecon-
siderablyincreasedtheirconsumption.Themainlong-termtrendisthatwineconsumption
peradultislessandlessheterogeneousaroundtheworld.Asimilarhomogenizationisalsoat
workontheproductionside.Anderson(2014)andAlstonetal.(2015a)showthatthenational
mixesofgrapevinevarietyinAustraliaandintheUSAisbecomingclosertotheglobalmix.

Acceleratingglobalization

Althoughthedesiretodrinkwineseemstohavespreadtomostregionsoftheworld,climatic
constraintsstillgeographicallylimitsproduction.Consequently,thewinetradehassoaredin
therecentyears.Figure4givestheshareofexportsinwineproductionvolumes,onaverage
for1961-64and2005-09,andamongNew WorldorOld Worldcountries.Theglobalshare
ofexportedvolumehasjumpedfromabout15%inthelate1980stomorethan30%today.
TheEuropeancountrieshavesteadilyincreasedtheirshareofexportsfollowingthedecrease
ofthedomesticdemand.Bycontrast,New Worldwine-producingcountrieshavestartedto
massivelyengageininternationaltradeinthe1990s,thereforeacceleratingtheglobalizationof
thewinemarket25.Besides,theshareofwinestradedinbulkhasrapidlyincreased.In2010,it
represented40%ofNewWorldexportsinvolumeagainstonly20%in2001(Rabobank,2012).

Chineseboom

Ifthetraditionalwinemarketsarestagnating,othershaverecentlyshownasoaringinterest
inwine.ThemostemblematiccaseistherecentmassiveengagementofAsiaintheworld
wineindustry,especiallyinChina(Andersonand Wittwer,2013,2015).Figure5presentsthe
strikinglyfastdevelopmentofthewineindustryinChina,mainlydrivenbyaskyrocketing
consumptionsincethebeginningofthe1990s.However,therapidgrowthoftheChinesewine

25SeeAndersonetal.(2003)foradetailedpresentationontheglobalizationofthewinemarket.
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FIGURE4–Exportsas%ofwineproductionvolumeinEU-15,NewWorldand
globally,1961-64to2005-09

Source:AndersonandNelgen(2011)

marketwasputtoanendin2013.Itisarguedthatthemainreasonisthelaunchofalarge-scale
anti-graftcampaignin2012.

Evidenceofhealthbenefits

Besidestheaforementionedevolutionsofthewineindustry,ourvisionofwineasaconsump-
tiongoodhaschangedintherecentyears.In1991,themedicalresearcherSergeRenaudpre-
sentedthe"Frenchparadox"infrontofalarge-scaleTVaudienceintheUSA.Thetermreferred
totheobservationthattheFrenchwerelesspronetoheartdiseasesthanwhatcouldbeex-
pected,giventheirhighintakeoffats.Thisemissionsuddenlydrewconsiderableattention
onthevirtuesofwinedrinkinghabits,whichappearedtobethemainsingularfeatureofthe
Frenchdiet.Furtherresearchhassincepresentedevidencethatmoderatewineconsumption
canlowertheincidenceofvariousheartdiseasesandstimulateresistancetoinfection,partic-
ularlyforredwines(seeBissonetal.2002forashortreview).Althoughthesebenefitshave
longbeenpopularlyrecognizedinEurope26,nogenuinelyscientificproofyetexisteduntilthe
lastfewyears.Thepopularizationofthisresearchhasconsiderablyalteredtheworldvision
onwineconsumption. Wineisnownotonlysoughtforitsrecreationalvalue,butalsoforits
expectedhealthbenefits.

Climatechange

Climatechangeandglobalwarminghaveconsiderablyaffectedthewineindustry.Interest-
ingly,Jonesetal.(2005)foundthatthistrendhassofarcontributedtoconsolidatethedominant
positionofsomefamouswineregions,suchasBordeauxandChampagne. ManyEuropean
wineregionsappeartobecurrentlyatorneartheiroptimumgrowingseasontemperatures.
Thecurrenthierarchyamongwineregionscouldbedisruptedifthetemperaturecontinues
toincrease,althoughtosomeextentgrapevarietycanbeadaptedtoclimaticchanges(see

26ThisconjecturecanbetracedbacktoHippocrates(460–370BC),oftenreferredtoasthe"fatherofmodern
medicine"andattributedthefollowingclaim:“Wineisanappropriatearticleformankind,bothforthehealthy
bodyandfortheailingman”.



2.Thewineindustryorganization 11

FIGURE5–China’sshareinglobalwineproductionandconsumption,1978-80
to2013-16

Source:FAOforyears1978-2011andOIVforyears2012-2016
Note:Thefiguresforyears2015and2016arenotdefinitiveyet.

AshenfelterandStorchmann2016forareview).Consideringitsabilitytoaidtheproductionof
qualitywine,climatechangeislikelytobenefitcountriesclosertotheNorthandSouthPolesin
thefuture.Theincreaseoftemperaturesalsocauseswinestoexhibithigheralcoholcontenton
average.Alstonetal.(2015b)estimatesthatalcoholcontentshaveaugmentedbetween0.2and
2.0degree-pointsbetween1992and2007.Althoughtheauthorsshowthatmostofthisincrease
isduetotheproducersresponsetoevolvingconsumptionpreferencesandchangesinthemix
ofvarieties,higherglobaltemperaturesleadtostrongerwinesceterisparibus.

Newhighsinfinewineprices

Anotherrecentbutdurablefeatureofthewinemarketisthesky-highpricesfetchedbythetop-
qualitysegment.Figure6presentsthelong-termriseofBordeauxfinewineproducersprices27.
ThetwoseriesrepresenttwosetsofBordeauxChâteaux.ThesetLGCSélectioniscomposedof
about150top-endBordeauxwines.ThePremiersCrusarethefivetop-rankedChâteauxofthe
1855officialclassification.Bothseriesarecloselylinked,butthefivePremiersCruscurrently
costabout700 abottleinBordeaux,againstabout100 forotherclassifiedBordeauxwines28.
TheaveragepriceofBordeauxsuper-premiumwineshasbeenmultipliedbyafactorfivesince
199529.Interestingly,eachjumpofthecurvesofFigure6followsaseriesofconsecutivegood
vintages(1995and1996,2005and2006,2009and2010),andiscontemporaneouswithaperiod
ofincreasingstockprices.Indeed,thosefinewinesareonlypurchasedbywealthyconsumers,
collectorsorinvestors,whosewealthislargelyindexedonequitiesvalues.Therefore,finewines
pricesarepartlydrivenbythelevelofstockmarkets30.

27ThedatahavebeenprovidedbyLesGrandsCrus,aBordeaux-basedwinebrokeryofficespecializedinpremium
winestrading.Thedataarethemonthlyaveragesofthedailyquotationsestimatedbythebrokersforeachwine.
TheserieshavebeencorrectedfortheFrenchinflation,andpricesareexpressedin2017euro.
28Thesefiguresareaveragesamongallprecedingvintages,withthelastvintageshavingalargerweightinthe

average.
29Usingalong-termhistoryofauctionpricesforyears1900-2012,Dimsonetal.(2015)estimatedarealfinancial

returntowineinvestment(netofstoragecosts)of4.1%,whichexceedsbonds,art,andstamps.
30Dimsonetal.(2015)alsofoundthatinthelong-run,thereturnstowineandstockpricesarepositivelycorre-

lated.
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FIGURE6–AverageproducerpricesofpremiumBordeauxChâteaux,
allpreviousvintagemixed,July1995toAugust2017(/0.75literbottle)

Source:LesGrandsCrus
Note:BothseriesaremonthlyaveragesofquotationsfortwosetsofChâteauxandallpreviousvintages
stilltradedonthemarketplace.Thequotationsareestimatedbythebrokerssoastoreflectthecurrent
pricesofferedbyBordeaux-basedsellers.Eachquotationisweightedaccordingtothetradedvolumeof

theChâteauandthevintage.

Expandingdemandforexpertsopinion

Thesenewhighsforfinewinepriceshavesolicitedagrowingdemandforexpertassessments
ofquality.Moreover,thepreviouslymentionedJudgementofParisof1976hadshedserious
doubtsontheconsensualrankingsamongwineproducers.Experts’qualityassessmentswere
thenalreadyincreasinglyindemandevenbeforetheboomofthefinewinemarket.The1976
tastingwasfollowedbythetimelylaunchofthe"The WineAdvocate"magazinein1978by
RobertParker.Sincethebeginningofthe1980’s,anincreasingnumberofpremiumwinesare
reviewedbymoreandmorewine-tastingexperts.Thisthrivingmarkethaslongbeendriven
bythe"wineguru"RobertParker,buthisrecentretirementhaslefttheleadingrolevacant.The
currentsituationwherenumerouswineexpertscompetetoprovidepartlysubjectivequality
certificationsraisesneweconomicchallengesforthewineindustry31.

3 Theliteratureonthedeterminantsofwineprices

Winehasaccompaniedeconomicresearchsincethefirstwritings.Chaikind(2012)hastraced
thementionsofthewinemarketinthebooksofmostoftheclassicaleconomists,backtothe
seminalworksofAdamSmith.Today,twoassociationsgathereconomistsspecializedinwine
topics,namelytheAmericanAssociationofWineEconomistsandtheEuropeanAssociationof
WineEconomists.TheformerhaslaunchedthepublicationoftheJournalofWineEconomicsin
2006,whichhasconsiderablyacceleratedtheresearchinthisfield.
Ifwinehasbeenmerelytakenasanillustrationforbroadereconomicissues,someeconomic

mechanismsarequitespecifictothewinemarketincludingthetremendousimportanceof

31Thisissuealsoappliestothemarketforwinemedals,wherethenumberofwinecompetitionshasexpandedin
therecentyears(seechapter3).



3.Theliteratureonthedeterminantsofwineprices 13

qualityanditsdependenceontheweather.Storchmann(2012)givesarecentandexhaustive
reviewofthequestionsthathaveprevailedinwineeconomics,includingthosesurrounding
theissuesoffinancialization,climatechangeandexpertopinions.Inwhatfollows,Ithusdonot
purporttoprovideacomprehensivepanoramaofthewritingsofeconomistsaboutwine.As
thefocusofthisdissertationistodowithwineprices,thereviewisfocusedonthepastresearch
onthedeterminantsofwineprices.Ifirstreviewthedeterminantsoftheheterogeneityofprices
acrossproducers(reputation)andtime(vintageeffect).Secondly,becausewinepricesmainly
dependonqualityassessments,anothersectionisdevotedtotheliteratureonwinetasting-
relatedissues.Thelastsectionaddressesthethinliteratureonmacro-leveldeterminantsof
wineprice.

3.1 Reputation,weatherandexpertsopinions

Nelson(1970)coinedtheterm"experiencegood"todescribegoodsforwhichqualitycanonly
beassessedbyactualconsumption.Winearguablybelongsinthiscategory.Consumersarenot
usuallyabletogetatastebeforepurchase,andthusrelyontheinformationsdisplayedonthe
labeltoevaluatethequalityinsideabottle.Asamatteroffact,afirststreamofresearchhas
exhibitedthatactualsensoryattributespoorlyexplainedtheheterogeneityofwineprices,as
comparedtotheinformationdisplayedonthelabels.
Combrisetal.(1997)haveconsideredtheresultsofanexperimentinwhich519Bordeaux

wines,boughtattheproducers’wineries,wereanalyzedintermsofsensoryattributesina
blindtasting.Theauthorsconductedahedonicpriceregression32,whichrevealedthatthe
priceswereessentiallydeterminedbytheobservablecharacteristicssuchastheproducers’
name,rankingandappellationoforigin,whichareconstitutiveofthewine’sreputation33.
Strikingly,theprevailingdeterminantofpriceswastherankinginthe1855classification,which
hasnotbeenrevisedsince34.Atleasttwootherstudieshavesinceconfirmedthisfinding-
CardebatandFiguet(2004)alsoonBordeauxwines,andLecocqandVisser(2006a),whohad
includedBurgundywinestotheiranalysis.Inthelatterpaper,theauthorsalsofoundlittle
correlationbetweenwinepricesandthegradesgivenbythejuries.DiVittorioandGinsburgh
(1996)alsocontributedtothisliteraturebyshowingwithalargepanelofauctionpricesthat
Bordeauxwinespricesstillrespectedthehierarchyofthe1855classification.Later,HadjAliand
Nauges(2007)alsoattributedachiefroleofreputationinthepricingbehavioroftheproduc-
ers,ascomparedtoexpertsgrades.Thisseriesofpapersdrewapictureofwinepricesdriven
byout-datedreputation,avisionsupportedbytheresultsofablind-tastingeventheldinSan
Fransiscoin1995whichreshuffledthe1855officialclassification35.
Bycontrast,asecondseminalstreamoftheliteratureonwinepriceshasadvancedthat

muchofthepriceheterogeneityacrossvintagescouldbeexplainedbyweather,aneasilyob-
servableandplausibledeterminantofquality.Ashenfelteretal.(1995)examinedalarge-scale

32TheconceptofthehedonicanalysisofpricesisgenerallyattributedtoCourt(1939),andtheoreticallyrefined
byLancaster(1966).Thetheoryproposesthatthepriceofagoodisacombinationoftheunderlyingpricesforthe
attributesofthegood.Givenabasketofgoods,aregressionanalysisofthepricesonthegoods’characteristicsallows
toretrievetheunderlyingpricesofeachattributes,andhencetocomparetheirrelativeinfluences.Thistheoryis
calledhedonicsincetheunderlyingpricesattributesareinterpretedastherespectiveutilitiesofeachcharacteristics
inthetheoryofrevealedpreferencesofSamuelson(1938).Wineeconomistshavemainlyusedtothisframeworkto
studythedeterminantsofprices.
33SeeZhao(2008),Hay(2010)andChauvin(2013)forexplanationsonthesociologicaldeterminantsofreputation

inBordeaux,France,andCalifornia.
34Since1855,onlytherankofChâteauMoutonRothschildhasbeenmodified.Itwasupgradedfromsecondto

firstrankin1973.
35However,someclassificationshavebeenfoundtobewell-groundedinobjectiveterms.Inthecaseofwines

fromtheFrenchregionMosel,AshenfelterandStorchmann(2010)showedthatthehistoricalrankingfromthe19th

centurycouldbepartlyexplainedbycarefulanalysisofthesolarradiations.
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databaseofauctionpricescoveringtheperiod1971to1991,andincludingvariouspremium
Bordeauxwinesandvintagesfrom1950to1980.First,theyfoundthatChâteauxandvintage
dummyvariableswereabletoexplainmorethan90%oftheheterogeneityofpricesobserved
in1990-1991.ThisresulthashighlightedtheprominentvintageeffectforBordeauxwines36.
Second,theseestimatedvintageeffectsappearedtobewell-explainedbysimpleaggregates
ofweathervariablesoverthegrowingseasonsuchastheaveragetemperaturefromAprilto
SeptemberandthetotalraininAugustandSeptember.DiVittorioandGinsburgh(1996)give
moredetailsontherelationshipbetweenauctionpricesandtheweatherduringthegrowing
season.Inparticular,theydescribethekeyroleplayedbylatefrostandhailstorms.Jonesand
Storchmann(2001)laterconsiderablyrefinedtheanalysisofweatherimpactbydisaggregating
theweathervariablesacrossthesuccessivephenologicalstages,andaccountingfordifferent
grapevarieties.HaegerandStorchmann(2006)and WoodandAnderson(2006)alsofounda
strongrelationshipbetweenweatherandthefinewineprices,respectivelyfortheUSAand
Australia.
ThethirdandmostsurprisingresultofAshenfelteretal.(1995)wasthatthepricesgivenby

theweatherequationappearedtobeaccurateforecastsoftheevolutionofprices.Ashenfelter
interpretedtheevolutionofpricesasareflectionoftheprogressivediscoveryoftruequality
byconsumers,whichcouldhavebeenreadilyassessedbyexaminingweatherinformation.His
resultssuggestedthattheweatherinformationwasnotusedefficientlytosetprices,which
appearedtohaveoffendedpartofthewineworld.Notably,theincreasinglyinfluentialcritic
RobertParkerqualifiedAshenfelter’sworkas"aNeanderthalwayoflookingatwine".Tosome
extent,theestimationsofAshenfelterquestionedtherelevanceofhavingwineexpertsevalu-
atingvintagequality,sinceweatherinformationseemedtodothejobfairlywell.Therelevance
ofexpertopinionwasfurtherquestionedbyAshenfelterandJones(1998)37,whoshowedhow
simpleweatherinformationcouldimprovethefitofamodelwherepriceswereexplained
byexpertsratings.ExaminingretailpricesforwinesfromCaliforniaandOregon,Haegerand
Storchmann(2006)alsofoundthatexpertsratingsaddlittletotheoverallfitaftercontrollingfor
weatherandotherobservablecharacteristics.AnotherstudyfromGinsburghetal.(2013)fur-
thershowedhowwellpricescouldbeexplainedsolelybyproducers’reputationsandweather
variables.Interestingly,LecocqandVisser(2006a)foundthatusinglocalweatherdataforsub-
areasoftheBordeauxregioninsteadofasingleseriesofweatherdataforthewholeregionlead
toalmostidenticalestimates.Theoverallqualityandglobalweatherconditionsofthevintage
thusseemtopredominateinthedeterminationofprices.
AlthoughAshenfelterandJones(1998)showedthatweathervariableswerebetterexplana-

toryvariablesoffinewineprices,expertsopinionshavebeenfoundtosignificantlyinfluence
winepricesaswell.Inwhatseemstobethefirsthedonicanalysisofwineprices,Oczkowski
(1994)estimatedthatqualityevaluationsinAustralianguidebookswereastrongdeterminant
forAustralianfinewineprices.Lima(2006)foundsignificanteffectsofmedalsobtainedinwine
competitionsonCalifornianwinesprices.Usinganaturalexperimentin200338,HadjAlietal.
(2008)foundthatthescoresgivenbyRobertParkerhadasignificantimpactonthepricesfor
fineBordeauxwinesattheproducerlevel.TheseresultswerefurtherconsolidatedbyDubois
andNauges(2010)whostudiedthesamemarketforvintages1994-1998.Furthermore,expert
opinionhasalsobeenproventoinfluencethetermsofinternationaltrade.Crozetetal.(2012)
andFribergandGrönqvist(2012)showthatexpertsevaluationsofqualitysignificantlyaffect

36Inalong-termanalysisofpricesforafamousBordeauxChâteauovertheperiod1800-2009,Chevetetal.(2011)
showedthatthisvintageeffecthasbecomestrongerovertheyears.
37Thisstudywasrepublishedin2013intheJournalofWineEconomics(AshenfelterandJones,2013).
38Thatyear,RobertParkergavehisratingsonlyaftertheproducershadsettheirprices.Intheotheryears,prices

weresetaftertheratings.
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theexportsofChampagneandthewineimportsofSweden.Controllingforrankingandvin-
tagefixedeffects,Ashton(2016)foundthattheexperts’ratingshaveasignificantimpacton
Bordeauxproducerspricesforvintages2004-2012.Inanexhaustivemeta-regressionanalysis,
OczkowskiandDoucouliagos(2015)estimatethattherelationshipbetweenthepriceofwine
anditsqualityratinghasbeenfoundtobebothmoderateandsignificantinpastresearch.

3.2 Reliabilityofwinequalityassessments

Experts’opinionsarenotoriouslyimperfectatindicatingquality,notablyinthearts(seeGins-
burgh2003foranextensivereview).However,asshownbyHadjAlietal.(2008)andDubois
andNauges(2010),theycancauselargeshiftsinwineprices,especiallyforfinewines.Due
totheimpactofexpertsopinionsonprices,thisissuehasbeenexaminedwithconsiderable
attention,notablybyresearchersinexperimentaleconomicsandcognitivesciences.
Hodgson(2008)hasinsertedreplicatesamplesinaCalifornianwinecompetitionforthree

consecutiveyears,andfoundthatonly18%ofwinejudgeswereabletoreplicatetheirevalu-
ation. Whenattributingamedal,only10%ofthejudgesmanagedtoawardthesamemedal
tobothidenticalsamples. Weil(2001,2005)alsoconductedvariousexperimentsandshowed
thatwinetastersrarelyevenidentifydifferencesacrossvintages.Whentheydo,theyaremore
likelytoprefertheonetheleastappreciatedbycritics.Inalarge-scalereview,Ashton(2012)
hascomparedtheaccuracyofwinejudgingtosixotherfields:medicine,clinicalpsychology,
business,auditing,personnelmanagement,andmeteorology.Hefoundthatwineexertsex-
hibitonaverageasubstantiallylowerlevelofreliability,asmeasuredbytheabilityforexperts
toreplicatetheirevaluation,andconsensus.TherenownedBritishwineexpertJancisRobinson
acknowledgesthelimitsofratingqualitybyasinglescoreonherwebsite:"Iknowitwouldbe
muchmoreconvenientforeveryoneiftherewereasingleobjectivequalityscaleagainstwhich
everywineintheworldcouldbemeasured,butI’mafraidIjustdon’tbelievesuchascale
existsgiventhemyriadstylesandarchetypesofwinethat,thankgoodness,stillexist.".
Thetaskofwinetastinginvolvesbothsensoryskillstocollecttheinformationonawine’s

tasteandcognitiveskillstoreportthatinformation(Ashton,2017).Inhisdissertationinoenol-
ogy,Brochet(2000)hashighlightedthetroublinginfluenceofexpectationsonperceptions,are-
sultretrievedbyAshton(2014b).SeePiqueras-FiszmanandSpence(2015)forarecentreviewof
theliteratureonhowexpectationsinfluencetasteperceptions.Inaddition,Morrotetal.(2001)
exhibitedtheperceptualillusionbetweenodorandcolor.Inanexperiment,awhitewinearti-
ficiallycoloredredwasolfactorilydescribedasaredwinebyapanelof54tasters.Thelesson
ofthisexperimentisthatoursensesinfluenceeachother,whichlimitsourabilitytoidentify
thesensoryattributesofawine.EventhetremendouslyinfluentialwineexpertRobertParker
himselfhasconfessedthathisratingswerepartlydrivenby"theemotionoftheinstant"(see
thefullquoteinfootnote2).Theindividualevaluationofawine’squalityislargelycontext-
contingent,andassuchmaynotbeanaccuraterepresentationofthetastingexperienceof
futureconsumers.
Grouptastingmayaccountforidiosyncraticerrorsofjudgments,butthereareotherissues

involved.Inwinecompetitions,samplesaretypicallysubmittedtoanumberofjudgeswho
giveindividualevaluationsofeachsample.Onekeyissueyetunresolvedistheoptimalway
ofaggregatingthescores.Indeed,theoverallresultdependsontheaggregationmethod,as
shownbyAshenfelterandQuandt(1999)andAshton(2011)inthecaseoftheJudgmentof
Paris.TwovotingmethodshavebeenproposedbyGinsburghandZang(2012)andBalinski
andLaraki(2013),bothusefulindifferentregards.Somenon-qualityrelatedaspectsalsoinflu-
encetheoutcomeofcompetitions.GinsburghandVanOurs(2003)highlightthattherandom
orderinwhichthepianistsperformedattheQueenElisabethcompetitionaffectedtheirrank-
ing.Inwinecompetitions,therandomorderoftastingamongthedifferentflightsalsoaffects

https://www.jancisrobinson.com/how-we-score
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theevaluations.Inparticular,thelastevaluationsmaybesubjecttoabias,asreportedbya
judgeinterviewedbyAshenfelter,whoremarked"eventhoughIwasspittingthewinesout,by
thistimemymouthwasdryandpuckered.InretrospectIdon’tseehowanythingotherthan
abigextract,highalcoholwinecouldhaveprevailedinsuchamassivecompetition."(Ashen-
felter,2006).Hodgson(2009)alsocastsdoubtuponthereliabilityofwinecompetitions.Hehas
examinedthenumberofgoldmedalsobtainedbyproducerswhohaveparticipatedinseveral
competitions,andhasconcludedthatthedatacouldnotrejectthehypothesisthatgoldmedals
hadbeengivenatrandom.
Thesedifficultiessurroundingtheevaluationofwinequalitymustnotsuggestthethetask

isuseless.Ashton(2017)notesthatexpertsopinionsarealwaysinformative,sinceprofession-
alsinwinetastingaretrainedtosensandreportobjectiveinformationaboutwinetaste39.
Thus,theylessentheasymmetryofinformationbetweenproducersandconsumers,especially
inplaceswhereinformationonwinequalityisscarce.Massetetal.(2015)demonstratedthat
expertsopinionshavegreaterinfluenceonthedeterminationofpricesamongBordeauxpro-
ducersnotcoveredbythe1855classification.Furthermore,evencoarseinformationisbetter
thannoinformationatall.Infact,Harbaughetal.(2012)havedemonstratedthatcoarsequality
certificationschemesaremoreinformativethanexactqualityreportingbecausetheyincrease
participation.
Thelastkeyissueofwinequalityratingsurroundsthesubjectivityoftastes.Ashton(2013)

notablyfindslittleconsensusbetweenthetwoprevailingwineexpertsRobertParkerandJancis
Robinson,fromtheUSAandtheUKrespectively.Astheauthornotes:"Britishcriticstend
toagreewithRobinsonwhileAmericancriticstendtoagreewithParker,analignmentoften
ascribedtocritics’preferencesfor“elegance”vs.“power.”".Therefore,onesomehowneedsto
"evaluate"eachwinecriticintermsoftheirproximitywithhisorherowntastesoastoqualify
theirratings.Yetoneofthemostremarkablecasesofheterogeneouspreferencesisprobablythe
onementionedbyLecocqandVisser(2006b),whowritethat:"whennon-expertsblind-taste
cheapandexpensivewinestheytypicallytendtopreferthecheaperones".Goldsteinetal.
(2008)haveexaminedtheresultsofmorethan6,000blindtastingsconductedbyGoldstein,
andconcludedthat"individualsonaverageenjoymoreexpensivewinesslightlyless,slightly
morewithwinetraining".Inasimilarexperiment,Ashton(2014a)foundnomoreevidence
ofarelationshipbetweenpriceandenjoymentamongnovices.Thesestudiessuggestthata
largepartofconsumersarewelcometoignorethetopsegmentofthemarket,sincetheymight
actuallynotenjoyexpensivewines.

3.3 Macro-leveldeterminants

Qualitydifferentiationandsignalingarethekeydeterminantsoftheheterogeneityofwine
pricesincrosssections.Yetmacro-levelmechanismsofsupplyanddemandarealsoatwork
onthewinemarket,althoughlessdocumented.Tomyknowledge,relativelyfewpapersdeal
withthemacroeconomicdeterminantofwineprices.However,manystudiesarededicated
totheestimationofthedemandelasticityforwineandotheralcoholicbeverages,usuallyto
assisthealthpolicymakers.Fogarty(2010)providesareviewofthisliteratureandhighlights
thedecreasingtrendoftheelasticitiesofdemandandexpenditures.Hissurveyalsoreveals
thatincomeelasticityofthedemandforwinedependsonthecountry,makingiteitheralux-
uryproductoranecessity.HaegerandStorchmann(2006)relatetothisliteratureandestimate
thereactionofthepricestothequantitysupplied,usingretailpricesgivenbythemagazine
WineSpectatorforCaliforniaandOregonwinesoveryears1998to2004.Theyregressthelog
ofpricesonthelogofthevolumeproducedandothercontrolvariables,andfindanestimate

39Theexperimentsonthecognitivebiasesofwinetasting(Weil,2001,2005;Brochet,2000;Morrotetal.,2001)
typicallyinvolvednovicesinwinetasting.
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of0.13,whichindicatesahighpriceelasticityofdemand.Nerlove(1995)alsoestimatealarge
elasticityofdemand,about-1.65,forwineimportsofSwedenin1989-1990.Theauthorsde-
scribetheirestimatesholdingqualityconstant,butthemechanismsofsupplyanddemandare
especiallyhardtoidentifyonthewinemarket.Asthewinemarketishighlyverticallydif-
ferentiated,thedefinitionoftherelevantmarketsintermsofqualitysegmentsisespecially
hazardous.Nonetheless,Wittweretal.(2003)haveproposedsegmentationbetweenpremium
andnon-premiumwinesinacomprehensivemodeloftheworldwinemarketasin1999.Their
projectionsfrom1999to2005hadforecastedthefallofpricesforpremiumwineinEurope(see
chapter4),becausethegrowthsprojectionsofthesupplyexceededthatofthedemand.They
hadalsosuccessfullyforecastedtheexpansionofsupplyofpremiumwinesintheNewWorld
countries.Duetotradeaccountingforanimportantshareofproductionand/orconsumption
inthemajorityofcountries,exchangeratesarethekeyfluctuatingmacroeconomicdetermi-
nantsofwineprices.Andersonand Wittwer(2013)acknowledgethisintheeconomicfluc-
tuationoftheglobalwinemarket.Finally,afewpapershavementionedthepositiveincome
effectonwineconsumption,thusclassifyingwineinthecategoryofluxurygoods. Wittwer
etal.(2003)haveconsideredexpenditureelasticitiesof1.5forpremiumwineand0.6fornon-
premium,basedonpreviousestimatesoftheAustralianCentreforInternationalEconomics.
Crozetetal.(2012)haveexhibitedtheinfluenceofthenationalrevenuepercapitaonCham-
pagneimportsusingincomethresholds.Dimsonetal.(2015)foundaweakpositivecorrelation
ofwinereturnswithGDPgrowth,suggestingacloserelationshipbetweenfinewinepricesand
stockprices.Thisfurthersuggeststhatconsumers’incomehasaneffectonthepriceofwine.

4 Fouressaysonwineeconomics

Thefirstchapterofthisdissertationisderivedfromworkundertakenincollaborationwith
Jean-MarcFiguetandJean-MarieCardebat.Themainobjectivehasbeentoestimatetherespec-
tiveimpactsofobjectiveandsubjectiveobservableinformationaboutqualityonretailwine
prices,namelyweatherandexpertsopinions.Alargedatasethasbeencollectedfrom137wine
producersfromBordeauxandvintages2000to2010.Theretailpriceshavebeenextractedfrom
thewebsitewinedecider.comduringthelastweekofMay2011.Allwinesaregradedbyfour
experts,allowingustodiscusstheinfluenceofthelevelofconsensusbetweentheexperts.We
conductatwo-stageestimationtoassesstheimpactofeachoftheseexperts.Firstly,allscores
areprojectedonweatherdatabyOrdinaryLeastSquares(OLS).Theresidualsofthisestimation
areassumedtoreflecttherespectiveopinionsoftheexperts,asopposedtothefittedvaluesthat
merelyaccountfortheproducersandvintageeffects.Thetwocomponentsarethenincluded
intheright-handsideofahedonicpriceequation,alsoestimatedbyOLS.Ourestimationex-
hibitsthesignificantinfluenceofbothcomponentsonprices,andweareabletocommenton
therelativeinfluencesoftheexperts.Furthermore,wefindthatincludingthestandarddevi-
ationamongexpertopinionsinthepriceequationleadstoapositiveandstronglysignificant
influenceofthedispersionofscoresonprices.Wealsoestimatethatthemostfavorableopin-
ionsamongexpertstendtobethosemostcorrelatedwithprices.Thislatterresultstemsfrom
amarketingeffect,causingawiderdisseminationoftheinformationaboutbestscores.
Thecontributionsofthisfirstchapteraretwofold.First,weintroduceatwo-stagesmethod-

ologytodisentangletheinfluencesofexperts’ratingsonpricesfromthatofotherobservable
variables,suchasweatherandproducername.Secondly,itappearsthatlessconsensusbe-
tweenexpertsisassociatedwithhigherprices.Thisisincontradictionwiththeconsensual
viewthatconsumersarerisk-adverse.Thisstatementisconsolidatedbyshowingthatthehigh-
estscoreshavethestrongestinfluenceonretailprices.Ourexplanationbaseduponastrategic
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withholdingofinformationsuggeststhatweoverestimatetheaccessofconsumerstoexisting
informationonquality.
Thesecondchapteraddressesthelatterissuebyproposingamethodtoaggregatethein-

formationonexpertsscores.Thischapterhasbeenco-writtenwithJean-MarieCardebat. We
haveusedalarge-scaledatasetofscoresfrom15winecriticsregarding4,333winesfrom
447BordeauxChâteauxandvintages2000to2014.Oneproblemwithsimpleaveragingisthe
tremendousinfluenceofexpertswhoareusedtogivingextremescores.Anotherdifficultyisin
comparingthescoresona20-pointsscalegivenbytheEuropeancriticstothoseona100-points
scalegivenbyUSAcritics.Bothproblemsaresolvedbyequatingthequantilesoftheexpert-
specificdistributionfunctionsofthescores.Thismethodiscalledequipercentileequatingand
isgenerallyattributedtoBraunandHolland(1982)inthefieldofpsychometry.Oncethescores
ofallexpertsarecorrectlyscaled,itispossibletodirectlycomparethedifferentscore.Inpar-
ticular,weestimatethattheprominentcriticRobertParkerhasonaveragegivenhigherscores
thanhispeers.Furthermore,wecomputesimpleaveragestoaggregateallscoresandsheda
newlightonthehierarchyamongwines,producersandvintages.
Ourmaincontributionistohaveintroducedthemethodofpercentileequatingtowineeco-

nomics.Itaddstotheemergingliteratureonthecomparisonbetweentherespectivejudgments
ofwineexperts.Themethodismerelyawaytoscalescoresgivenbydifferentsourcespriorto
comparisonoraggregation.Anincreasingnumberofwinecompetitionsrelyonjudges’scores
ona100-pointsscaleinsteadofvotes.Percentileequatingcouldthenbeusedasapriorto
aggregation.
Thethirdchapterofthisdissertationprovidesanovelinquiryonwinecompetitions,and

hasbeenco-writtenwithMichaelVisser.Ourprimaryinteresthasbeentoestimatethecausal
impactoftheacquisitionofamedalonwineprice.Todoso,weexamineanewdatasetof
16,399transactionsdealtbyamajorBordeaux-basedbrokerageofficebetweentheyears2005
and2016.Contrarytothetwopreviouschapters,thethirdchapteraddressesthemass-market,
illustratedbythefactthataveragepriceinourdataisonly2.24 per0.75liter. Wehavecol-
lectedtheexhaustiverecordsoftheelevenmainwinecompetitionsforBordeauxwines,which
hasallowedpreciseidentificationofallthemedalsawardedtothewinespresentinourtrans-
actiondataintermsoftype(bronze,silverorgold),nameofcompetitionanddateoftheaward.
Thematchingbetweenthetwodatasetshasrevealedthatsomewinesobtainedamedalonly
afterthetransaction,afactforwhichweprovidevariousrationales.Webuildonthisunusual
featuretodesignaconsistentestimatorofthepricemarkupduetotheacquisitionofamedal,
fixingquality.Assumingaconstantmarkupforallmedals,weestimatethatproducerscanex-
pecta13%bonusfromwinningamedalatawinecompetition.Thisestimateismainlydriven
bythelargeimpactofgoldmedals,butbronzeandsilvermedalsalsoexhibitsignificantim-
pacts.However,theeffectsofqualityheterogeneityarestatisticallyindistinguishableacrossthe
threetypesofmedals.Thisresultsuggeststhatthevalueofgoldmedalsissomewhatoveres-
timated.Acrosswinecompetitions,theestimatedcausaleffectisonlystatisticallysignificant
forafewlong-establishedcompetitions.Finally,wehavecollectedinformationonthecostsof
participatinginsuchcompetitions.Thisinformationallowsustoestimatethedistributionof
expectedprofitdependingonthevolumeofproductionandtheexpectedprobabilityofbeing
awarded.Amajorityofproducersisestimatedtohaveanincentiveinparticipatinginthose
competitions.
ThischapterprovidesthefirstimpactstudyofEuropeanwinecompetitions.Weconclude

thatthereisastrongaverageimpactontherevenuesofawardedproducersandfindawide
incentivetoparticipate.Secondly,weestimateastatisticallysignificantrelationshipbetween
medalsandqualityonaverageacrossallcompetitions.Thisresultcontrastswiththoseofprevi-
ousstudiesofwinecompetitionsintheUSA(Hodgson,2008,2009).However,ourestimations
showthatthisrelationshipisnotstatisticallysignificantforthemajorityofthecompetitions.
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Eventhoughnotoriouslyimperfect,wethusdefendtheviewthatwinecompetitionsareuseful
inacontextofgreatuncertaintyfromtheconsumersstandpoint,andarecapableofidentifying
qualitywines.
Thefourthandlastchapterofthisdissertationsomewhatdepartsfromthethreeothers.

Combiningacollectionofdatasets,Idesign,estimateandevaluatevariousforecastingmodels
fortheaveragepricesof15mainappellationsoforigininBordeaux.Thischapterrespondsto
acommandoftheBordeauxwineprofessionalsformorevisibilityonupcomingmarketcon-
ditions.Thepricedatahasbeenprovidedbythejoint-tradeorganizationofBordeauxwine
professionals.Itcoverstheperiod1982-2017attheannualfrequency,andtheperiod2001-2017
atthemonthlyfrequency.Themodelsincludealargecollectionofexogenousdeterminantsof
pricesspecifictoeachappellationincludinginitialstocks,harvests,weather,qualityratings,
tradeflows,exchangerates,GDPandinterestrates.Theforecastsresultfromacombination
ofvariousmodelsinthetime-seriesanalysistoolbox,suchastheautoregressivedistributed
lagmodels(ADL),error-correctionmodels(ECM)andunobservedcomponentmodels(UCM).
Onekeytaskhasbeentoaggregatethelargedataonthemacro-leveleconomicconditionsinto
alimitedselectionofleadingindicators.Inparticular,theweatherdataisaggregatedsoasto
reflecttheaggregateimpactoftheweatheronexpectedharvestbymeansofanauxiliaryhar-
vestmodel.Thefitoftheharvestmodelsatisfactorilyreflectstherecordsofofficialforecasts,
indicatingthatthemodelcorrectlyaggregatestheweatherinformation.Thekeyresultisthat
theforecastingmodelsoutperformthenaiveno-changeexpectationofpricesoverthelastfive
yearsonaverage.Forecastsareespeciallyusefulforthelargestregionalappellationanddur-
ingepisodesofimportantsupplyshocks.Inadditiontotheforecasts,theestimatedmodels
alsorevealedtheprevailingroleofstocksdynamicsonthefluctuationofaverageprices.My
estimationsfurtherestablishthekeyroleofexchangerates,asmallbutsignificantinfluenceof
weather,andalimitedvintageeffectamongthebulkoftheBordeauxwineproduction.
Thislastchapterreconnectswiththeliteratureonagriculturalpriceforecastingofthe1980s.

Thisbranchhasbeenprogressivelydesertedsinceagriculturaleconomistshaveconsideredthat
futurespricesprovidesatisfactoryforecasts.However,thesefuturespricescannotpurportto
representthedispersionofagriculturalpricesacrossdifferentlocations,andmanyagricultural
marketsarestillnotequippedwithafuturesmarketanyway,especiallyinthecaseofwine.In-
deed,futuresmarketsareoflimitedutilityinthecaseofhighlyverticallydifferentiatedprod-
uctslikewine.Thischapterrestoresandpromotestheusefulnessofpriceforecastsonsuch
markets.Mymaincontributionisthatwell-designedforecastscanoutperformthenaiveno-
changeforecastsonaregularbasis,whichhasbeenfoundtobeespeciallydifficulttoachieve
foragriculturalpricesinthepastliterature.Theannualpriceforecastingmodelsconsolidate
thewell-establishedliteratureontheefficiencyofforecastscombination.Theadoptedmethod-
ologyforthemonthlypriceforecastsisinnovativeinseveralwaysregardingtheexistingliter-
atureonpriceforecasting,especiallyinthatitcombinestheUCMandtheECMframeworks.
ComplementarytoCardebatandBazen(2016),whofollowtheexactsameobjectivebutfo-
cusonunivariatemodels,myestimationshighlighttheimportanceofincludingexogenous
predictorsinpriceforecastingmodels.Myestimatesofthestronginfluenceofstartinginven-
toriesonwinepricesaddtotheliteratureontheimpactofstockdynamicsonagricultural
prices,whichhasattractedconsiderableinterestsincethefoodcrisisof2007-2008.Alongthe
way,Ihavealsoestimatedamodelfortotalwineharvestperappellationoforigin,whichto
myknowledgeisnovelintheliterature.Thetruncatedregressionframeworkdulyaccounts
fortheregulatedmaximumyield,whichsetsthequalitystandard.Thenonlineardesignfor
theinfluenceoftemperaturesfromApriltoJuneonyieldssuggestsoptimaltemperaturesfor
eachappellations.Estimationsindicatethatcurrentaveragetemperaturesareaboutoptimalin
termsofyields,asfoundinthepastliteraturewithrespecttoquality.Hence,climatechange
couldcauseareductionoftheyieldsintheBordeauxareaceterisparibus,althoughproducers



20 Chapter0. GeneralIntroduction

arebelievedtohaveoptionstoincreasetheiryieldsuptotheregulatedmaximum.
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Chapter1

ExpertOpinionandBordeauxWine
Prices:AnAttempttoCorrectBiasesin
SubjectiveJudgments

Thischapterhasbeenco-writtenwithJean-MarieCardebatandJean-MarcFiguet.Anearlier
versionhasbeenpublishedin2014intheJournalofWineEconomicsasCardebatetal.(2014).I
hereincludethefeedbackwereceivedafterthepublication,notablyfromEddieOczkowski.

1.1 Introduction

Wheneverconsumershaveaccesstoperfectinformation,theBertrandmodelindicatesthatthe
equilibriumpriceofgoodsandservicesequalsitsmarginalcost.Inpractice,however,thelaw
ofonepriceistheexceptionratherthantherule.Infact,mostmarketsarecharacterizedby
substantialpricedispersion.Thisisparticularlytrueforexperiencegoods,forwhichquality
isknownonlyafterpurchaseandconsumption.However,itiscostlytoacquireinformation
forconsumers.ThepioneeringresearchbyAkerlof(1970)andNelson(1970)establishedthat
informationasymmetriesthatpertaintothequalityofaproductmightinfluencemarketsina
detrimentalway.
Brands(MontgomeryandWernerfelt,1992),advertising(Ackerberg,2003),qualitylabeling

(JinandLeslie,2003),andexpertendorsement(Salop,1976)allconstitutetransmissionchannels
thatprovideconsumerswithinformationaboutaproduct’squality.Althoughthereareexperts
inavarietyofdomains—art,economics,weatherforecasting,sport,gastronomy,cars,andelec-
tronics—itisextremelydifficulttoassesstheirinfluenceandthequalityoftheiropinionson
products.ReinsteinandSnyder(2005)concludedthatmoviereviewsdonotaffectafilm’sbox
officeearnings.SorensenandRasmussen(2004)demonstratedthatbookreviews,whetherfa-
vorableorunfavorable,boostedsales,therebyconfirmingtheoldadage“thereisnosuchthing
asbadpublicity.”Indeed,empiricalstudiesfaceamajormethodologicalproblem:high-quality
productsobtainhighscoresbecausetheyare,infact,ofhighquality.Thus,itbecomesdiffi-
culttodeterminetheextenttowhichexpertendorsementsstimulatedemand.Recentpapers
byHodgson(2008,2009)questiontheconsistencyofexpertwinejudgesinawinecompeti-
tionsettinganddemonstratethatwineexpertsmakemistakes.Ashton(2011)andLecocqand
Visser(2006a)pointout,however,thatjudgmenterrorscanbereducedbypoolingtheopinions
ofseveralexperts.
Bordeauxwinerepresentsanexperiencegoodthatrequiresagreatdealofexpertiseinor-

dertodetermineeachwine’sfinalqualityand,hence,itsprice.Thispaperseekstoestablish
whethertheexperts,includingthemostrenowned,RobertParker,providepertinentinforma-
tionforconsumersandwhethertheirscoresinfluencewineprices.
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ForAshenfelter(1989),thefallibilityofParker’sjudgmentallowsbuyerstoprofitfromhis
errorsofjudgmentwhenwinesaresoldatauction.AccordingtoAshenfelter(2008),awine’s
age,theaveragetemperaturefromApriltoSeptember,therainfallinAugustandSeptember
andthenfromOctobertoMarch,andthevintagearethemainfactorsbehindpricevariations.
AshenfelterandJones(2013)showthatexpertscoresonBordeauxwinedonotprovideuseful
informationinpooryearsandcorrelateonlywithmarketprices,atbest,ingoodyears.Ex-
pertstendtodisregardkeydatasuchasweatherconditionsduringthegrowingseason,which
cruciallydeterminethewine’squality.Asthereisdetailedinformationaboutlocalweathercon-
ditions,inparticular,availableprivatelytoeachindividualchâteau(DiVittorioandGinsburgh,
1996),theexpertsmerelytransmitpubliclyavailableinformationtotheconsumer.Ginsburgh
etal.(2013)applythehedonicpricingmodeltoasampleof102Médocwinesinordertoshow
thatexpertratingsdonotprovideabetterexplanationforpricethanclimateconditions,the
1855classification,terroir,orproductiontechnique.Sixty-sixpercentofpricevariationscould
beexplainedbyweatherconditionsordifferencesinvineyardpractices.Thispercentagerose
to85%whenthe1855classificationwastakenintoaccount.DiVittorioandGinsburgh(1996)
cometothesameconclusion.Ahedonicfunction,calculatedonthebasisoftheauctionprices
of58Médoccrusclassés,indicatethatthe1855classificationplaysagreaterroleinexplaining
awine’spricethananyalternativeratingsystemdrawnupbyexperts.
ForJonesandStorchmann(2001),Parker’sscoresinfluencepricesinadifferentiatedfash-

ion.Theiranalysissuggeststhatariseofonepointmaycausepriceincreasesbetween4%
and10%,withanaverageincreaseof7%.Thisresult,obtainedfrompricesfor21prestigious
Bordeauxwines,indicatesthatthesensitivityofawine’spricerelativetoParker’sscoresis
greaterforwinesmadefromCabernet-SauvignonthanforthosemadefromMerlot.Hilger
etal.(2011),adoptingamoreexperimentalapproach,alsoshowedtheimpactofexpertratings.
Theyanalyzedwinesalesinasupermarketbychoosingarandomsampleof150winesfrom
476ratedwinesanddisplayingeachwine’sscoreonsupermarketshelves.Salesoftheselected
winesincreasedbyanaverageof25%,andsalesofthosewiththebestscoresincreasedmore
quicklythanthosewithlowerscores.Thisledtotheconclusionthattheadvertisingsurround-
ingexpertendorsementproducesapositiveeffectonglobaldemandasitreducesinformation
asymmetry.Storchmannetal.(2012)arguedthatexpertopinionhasanegativeeffectonthe
pricedispersionofAmericanwinesevaluatedbytheWineSpectatorbetween1984and2008.
Theauthorsshowthatexpertopiniondistortstherelationshipbetweenqualityandprice,es-
peciallyinthecaseofpoor-qualitywines.Romaetal.(2013)constructedahedonicpricemodel
todeterminethevariablesinfluencingthepricesinasampleofSicilianwines.Theyconcluded
thatpricedependsontraditionalobjectivevariablesandsensorialvariablesaswellasonthe
ratingspublishedinspecializedreviews.Usingfiveyearsofdataonexpertopinionspublished
insixSwedishperiodicals,FribergandGrönqvist(2012)showedhowapositivereviewinduced
anincreaseindemandof6%theweekafterpublication.Thispositiveeffectthendeclinedbut
wasstillsignificant20weekslater.Aneutralexpertopinionledtoasmallincreaseindemand,
whereasanegativeopinionhadnoeffect.
ThedebateabouttheimpactofexpertopiniononpriceisevenmorecomplicatedforBor-

deauxwines.Bordeauxcrusclasséscanbesoldenprimeurinthefuturesmarketsixmonths
afterharvestingandaredeliveredtothepurchaseronlytwoorthreeyearslater.Thiscreates
agreatdealofuncertaintyconcerningthewine’sultimatequality.Itistheexpert’sroletoas-
certainthisultimatequality,which,consequently,influencesthesalepricesofprimeurwines.
HadjAliandNauges(2007),usingasampleof108châteauxforvintagesfrom1994to1998,
showedthatthepriceenprimeurisdeterminedchieflybyreputation.Parker’sscoringshavea
significantbutmarginaleffect—anincreaseofonepointtriggeredariseinpriceof1.01%.
Simplyput,theroleofexpertsininfluencingthepriceofanywineremainsuncertainand

differsfromonestudytoanother.Wineisnotahomogeneousproductbutvariesaccordingto
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asetofcharacteristics.Someofthesecharacteristics—colororgrading,forexample—areeasy
tomeasureinexpensively.Others,suchassensorialortastecharacteristics,aredifficulttomea-
surebeforeconsumption.Expertopinionsarepurportedtosummarizequalitycharacteristics
ofwine.Theseopinionsmayconveylessinformationthanacompletedescriptionofcharacter-
istics.Inaddition,theseopinionsmightbeimperfectbecausetheyfailtocapture,forexample,
thequalityexperiencedbyconsumers.Thisimperfectioncanhaveimplicationsforpricesand
consumerwelfare.
Thepresentresearchaimstoinvestigatethequestionoftheimpactofexpertopinionon

fixingtheretailpriceofwine.Itisbasedonexhaustivedataconcerningthescoresattributed
todifferentwinesbyabroadpanelofnine1wineexpertsfromthreedifferentcountriesover
11years(2000to2010).Ourmainobjectiveistoreducethesystematiceconometricbiasthatis
boundupwithexpertopinionandtotesttheimpactonpricesofaconsensusordivergence
amongexperts.EvidenceofthisbiashasbeenrevealedbyLecocqandVisser(2006a)aswellas
Oczkowski(2001).
Asafirstattempttocorrectthemeasurementerrorbias,weaggregateasolidbodyofinfor-

mationfromthosenineexpertstoreducetheriskoferrorfromanyoneexpert.Becauseweuse
theiraveragescore,suchariskwasreduced,therebyminimizingindividualbias.Mostother
researchusesdatafromasingleexpert,sothismethodologicalapproachallowsustoreduce
sucherrorsofjudgment(Ashton,2011).Moreover,examiningtheopinionsofseveralexperts
allowsustounderlinethespecificimpactofeachwithregardtoprices.Additionally,because
thekeyroleplayedbyRobertParkerisoftenhighlighted,wecancomparetheimpactofhis
opinionwiththatofotherexperts.AccordingtoLecocqandVisser(2006a),useoftheaverage
scoremightnotpreventthemeasurementerror.Assumingthatthemeasurementerrorsare
independentandzeromean,theaveragetendstoapproachzerowhenthenumberofexpert
approachesinfinity.Thekeyissueis:howmanyexpertsarerequiredtocorrectlyestimatethe
impactofscoresonprice?Ifthenumberofobservedscoresforeachwineisinsufficient,the
averagescoremaystillbebiased.Ourstrategyistodecomposethescoresinafirststagere-
gressionusingweatherdataasexplanatoryvariables.Thismethodallowsustoextractboth
theobjectivecomponentofthescoresandthemeasurementerrors,then,toestimatetheirre-
spectiveimpactsonpriceinanaugmentedregression.
Further,thegathereddatapermitustotesttheinfluenceofthedispersionofthescoreon

prices.Oneargumentforthisinfluenceisthatconsumersmightbewaryofthetruequality
ofawinewhenitsscoresvaryamongtheexperts.Thisuncertaintyisperceivednegativelyby
risk-averseconsumers,whichthendecreasestheirdemand,thusdecreasingtheequilibrium
price. Wetestthathypothesisbyusingthestandarddeviationofscoresforeachwineasa
determinantoftheprice.
Wefirstexaminethemethodologyadoptedandthedatausedbeforepresentingtheecono-

metricresultsobtainedandthenofferourconclusion.

1.2 Model

1.2.1 TheNaiveModel

ThehedonicmodelfirstintroducedbyCourt(1939)andlaterrefinedbyLancaster(1966)is
thetraditionalframeworkusedtodeterminethepriceofagriculturalproduce(Costanigroand
McCluskey,2011).Ahedonicfunctionistherelationbetweendifferentiatedpricesforagiven

1Wefirstconsideredalargepanelof19experts,butonly9ofthemhadscoredasufficientnumberofwines(over
300).Wethusdecidedtofocusonthese9experts.
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goodandthequantityofconstituentcharacteristicspossessedbythatgood(Triplett,2004)2.
Inthecaseofwine,pricesaredeterminedbyfactorsincludingappellations,vintage,climatic
conditions,expertopinions,andreputation(Benfratelloetal.2009;CardebatandFiguet2004,
2009;Combrisetal.1997;Landonetal.1998;Oczkowski1994,2001,etc.;forasurvey,see
CostanigroandMcCluskey2011).Ourdesignaimstogivestructuretotherelationbetween
priceanditsdeterminants.Thefocushereisontherelationbetweenquality,experts’grades,
andprices.
Weassumeherethatwinepricesaredeterminedbyintrinsicquality,age,andthereputation

oftheproducers.Severalvariablesareavailabletocontrolforthesefactors:thenamesofthe
producers,thevintage,theexperts’scores,andtheweatherconditionsofgrowth.Weassume
thattheimpactofreputationiscapturedbyaproducer-specificfixedeffect,insteadoflagged
scores,asinOczkowski(2001).Asthedataareacrosssectionofthosefor2011,thereputationof
theproducersisthesameforallvintages:itisthereputationoftheproducerin2011.Theissues
relatedtotheuseofafixed-effectsmodelhavebeenaddressedbyDuboisandNauges(2010).
Theyexplainwhythosefixedeffectscannotbeusedforthepurposeofcontrollingforquality.
Therefore,weinterpretthesefixedeffectsintermsofreputation.Ageiseasilycalculatedbythe
vintage.Therealissueisthequantitativeestimationofquality.Ourbestindicatorsofqualityare
thescores,buttheyneedtobecorrected(seeDuboisandNauges2010;LecocqandVisser2006a;
Oczkowski2001).Todealwiththisissue,weusethefollowingmeasurementerrormodel:

scoreite=qit+oite (1.1)

wherescoreiteisthescoreofproduceriforthevintagetwiththeexperte,qitistheobjective
qualityofthiswine,andoiteisthepersonalopinionoftheexperteonthiswine. Weassume
thatthequantityqiteistheobjectivecomponentofthescore,andthatoiteisitssubjectivecom-
ponent.Sincetheexpertsaimtoevaluatetheintrinsicqualityofwine,theiropinionsoiteare
seenasmeasurementerrors.
Westillneedtoevaluatethequalities qite.Afirstnaivemethodistoassumethatoiteare

independentandidenticallydistributed(i.i.d.),withzeromean.Underthishypothesis,wecan
applythelawoflargenumbers(LLG):

plim
n→+∞

1

n

n

e=1

oite=0

Inthisdesign,theaveragescoreamongthenineexpertsforeachwineisthusaconsistent
estimatoroftheobjectivescore.Weestimatethefollowingpricemodel:

ln(pit)=γscoreit+δt+µi+ it (1.2)

wherepitisthepriceofthewineofagetofproduceri,scoreitisitsaveragescoreamong
thenineexperts,µiisthefixedeffectofproduceri

3and itareidiosyncraticshocks.These
fixedeffectsaimtocapturetheeffectofreputationonpricesgiventhescoreandtheage.The
coefficientδmeasuresthestoragecost,thequalityimprovementsduetothekeeping,andthe
scarcityvalueallatonce.Rememberthatthedataareacrosssection,whichmeansthatthe
vintage,tofwinei,determinessolelytheage.

2Thismethodhasbeenusedforcars(ArgueaandHsiao,1993;Court,1939;Griliches,1961),realestate(Taylor,
2003),computers(Triplett,1989),theenvironment(Freeman,1993),corn(EspinosaandGoodwin,1991),cereals
(StanleyandTschirhart,1991),apples(Carew,2000),andevenfortheFrenchvaultingstallionsemenmarket(Vail-
lantetal.,2010).

3Notethattheseproducer-specificfixedeffectsforbidtheuseofranksorappellationsasadditionalcontrol
variables,becauseofperfectmulticollinearityissuesamongthedummyvariables.Sousingfixedeffectsatthelevel
oftheproducershouldbemoreefficient.
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Weestimateequation(2)withtheordinaryleastsquares(OLS). WeusetheNewey-West
varianceestimator,sincetheresidualsfacedbothheteroscedasticity(thevarianceoftheerrors
differsamongproducers)andautocorrelation(thereissomeinertiaacrossvintages).Theγob-
tainedwiththeaveragescoreiscomparedtothoseobtainedwhenwereplacetheaveragescore
withthescoreofafewmajorexperts.Wethenuseasubsampleofwinesthathavebeengraded
byatleastthefourmainexperts.OneoftheseexpertsisRobertParker(The WineAdvocate,
WA),whoenjoysareputationasawineguruwithgreatinfluenceonprices(HadjAlietal.,
2008;JonesandStorchmann,2001).Othersincludethe WineSpectator(WS),JancisRobinson
(JR),andStephenTanzer(InternationalWineCellar,IWC).Thiscutleavesuswith737pricesof
winesfrom137châteauxofBordeaux,withvintagesfrom2000to2010.Theuseofthissubsam-
pleallowsustoconductamulti-expertregressionthatcontrolsforthecorrelationsbetween
theexperts’grades.Intheexpert-specificregressions,theimpactsofthedifferentexpertsare
nottakenintoaccountsimultaneously,althoughtherealimpactsareindeedlinkedtoonean-
other.Wethereforeobtainmoreaccurateestimatesofexperts’respectiveinfluences.Thisalso
providesanideaoftheerrormadewhenonlyoneexpertisconsidered.

1.2.2 TheTwo-StageModel

Thisnaivemodelhassomemajorlimitations.ThefirstoneistheapplicationoftheLLGwith
atmostnineexpertsforeachwine.AsLecocqandVisser(2006a)pointedout,itseemshardly
acceptablethattheopinionsofthenineexpertscorrecteachotherperfectly.Worse,theopinions
oitemustbei.i.d.inordertovalidatetheLLG.Thatisproblematicsincethegradingbehavior
ofexpertsdependsonboththeirtasteandtheirgradingscale.Asweshallsee,someexperts
gradesystematicallyusingtheaveragescoreandothersgradesystematicallyabovetheaver-
age.Giventhatinformation,thisfirstmodelshouldbeabandoned.
Anotherkeylimitofthenaivemodelisthatitassumesthattheindividualopinionsofthe

expertshavenoinfluenceonprice.Theunderlyinghypothesisisthatthepriceisdetermined
solelybytheobjectivecomponentofthescores,whilethesubjectivecomponentisirrelevantto
thepriceequation.Thispointismostlyunacceptable,sincetheonlyobservablescorecomprises
boththeobjectiveandthesubjectivecomponents.Moreover,someconsumersmightbeinter-
estedinthedifferentiatedopinionsoftheexperts,acknowledgingthateachexperthashisown
tastes.ThispointhasbeenhighlightedbyLecocqandVisser(2006a). Whenaconsumerfeels
wellrepresentedbyoneexpert,heislikelytobedeeplyinfluencedbythesubjectiveopinion
ofthisexpertandmightnotlookatthecommentsoftheothers.
Thesetwoargumentsstressthenecessityofintegratingtheobjectiveandsubjectivecom-

ponentsinthepriceequation.Ofcourse,thisisachievedbyusingtherawscores,butthis
specificationimpliesthatthetwocomponentshavethesamecoefficient.Testingthishypothe-
sisisanothergoalofthepresentarticle.Hence,weneedtodisentangleqitefromoiteinequation
(1.1).Tothisend,weusetheweatherdataasdeterminantsofqualityandidentifyingvariables.
Itseemsreasonabletoassumethatqualityisdeterminedsolelybythesoilquality,theskills

oftheproducer(includingtheviticultureability,thereaper’sprecisionduringharvest,the
maturationprocess,andthevarietalblend),andtheweatherconditionsduringgrowth.Making
theassumptionthatthetwofirstfactorscanbecapturedbyproducer-specificfixedeffectsand
atrend,wedesignthefollowingmodelofobjectivequality:

qit=βwit+ρt+νi (1.3)

wherewitisthevectoroftheweathervariables,andνiisthefixedeffectoftheproduceri
onquality.Inthisdesign,thefixedeffectsareindicatorsofsoilqualityandproducerskills.It
shouldbenotedthatvintagefixedeffectscouldalsobeconsideredasanalternativetoweather
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variables.However,followingtheliterature4,wecontendthatweatherdatacontainadditional
informationusefultoestimatethevintageeffect.Ourestimationspresentedhereaftercomfort
ourassumption.
Thetrendaimstotakeintoaccounttheglobalimprovementsintechnology.Inordertolimit

thenumberofcoefficients,weassumethattheimpactoftheweathervariablesontheobjective
scoresisthesameforallproducers.
Weobtainthereducedformofscoresbycombiningequations(1.1)and(1.3):

scoreite=βwit+ρt+µi+oite (1.4)

whichcanbeestimatedusingtheOLS,therebyminimizingvariationamongtheopinions.
Again,weusetheNewey-Westvarianceestimator,astheopinionsoiteshowedheteroscedas-
ticityandautocorrelation.
Thisfirst-stageregressiongivesusanestimateoiteoftheopinionsoftheexperts.Letoite

bethevectorthatincludestheoite.Addingthisvariabletothemodel(1.2)andreplacingthe
averagescorewithanyexpertscoreallowsustoestimatethedifferentiatedimpactsofquality
andexperts’opinionsonprices.Thisisstatedformallyasfollows:

ln(pit)=γscoreite1+θ̂oite+λt+µi (1.5)

wheree1isthechosenreferenceexpert,andµistillaimstoestimatetheinfluenceofrepu-
tationofproducerionpricegiventhescores.Splittingthevariablescoreite1intoitsobjective
componentqitanditssubjectivecomponentoite,wegetthedetailedeffectsofscoresonprices:

ln(pit)=γ̂qit+(γ+θ1)̂oite1+θ2̂oite2+...+θn̂oiten+λt+µi

wherenisthenumberofexperts.Thatiswhythechoiceofexpertdoesnotmatter.The
coefficientsareestimatedusingthebootstrapmethodtocorrectthesamplingerrorintheordi-
naryleastsquares(OLS)varianceestimatesinthesecondstage(duetothereplacementof(q,o)
by(̂q,̂o)).Thatis,werandomlydrawwithreplacementasame-sizesubsamplefromtheinitial
one,weconductthetwo-stageestimationwiththissubsample,andweobtainthesecond-stage
estimatesthatarecalculatedusingOLS.Wedothisprocedure1,000timesandfindthatthecon-
vergentbootstrapestimateisthemeanvalueofeachcoefficient.Thevariancesinthebootstrap
estimatesarecalculatednonparametricallyusingtheempiricalvarianceofthe1,000estimates
foreachcoefficient.
Atthispoint,weshoulddrawthelinkbetweenourapproachandinstrumentalvariable

techniques.Here,weusetheweatherdata,theageofthewine,andproducers’dummyvari-
ablesasinstrumentsfortherawscores.ThisIVprocedurewasusedanddiscussedinHaeger
andStorchmann(2006).Ourmethodisslightlydifferent,however,sinceweusetheresiduals
ofthisfirst-stageequationasacontrolvariableforthesecondstage.Sometestsarerequiredto
checkourmodel:

•anendogeneitytest,whichiseasilyachievedbyperformingat-testonthecoefficientθe,

•anoveridentificationtest,whichisachievedbyperformingaSargantest.

Weprovidethesetestsbybootstrappingtheteststatistics.
Thisprocedurewasfirstconductedontheentiresamplebyusingonlythemeanscore

foreachwine:thisincludesallwinesgradedbyatleastbyoneexpert.Thenweconductthe
sameanalysisseparatelyforeachexpert.Aswedidforthenaivemodel,attheendweuse

4SeeAshenfelteretal.(1995);AshenfelterandJones(1998);LecocqandVisser(2006a);Ashenfelter(2008);Ashen-
felterandJones(2013).
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thesubsampleofthe737winesforfurtherinter-expertanalysisandasarobustnesscheck.We
comparetheseresultstothenaivemodelestimates.

1.2.3 ConsumerDefianceVersusMarketingEffect

Ourdesignallowsustoprovidepreciseestimatesoftheindividualimpactsofeachexpert,
apartfromtheimpactoftheobjectivecomponentofthescores.Yetitmissesoneindirecteffect
ofthescoresonprice.Asisoftenarguedintheliteratureonmarketingandconsumerbehavior
(see,e.g.,Martin-Consuegraetal.2007),thestandarddeviationofgradesislikelytonegatively
affectthebuyer’strustinthescores.Assumingtheconsumer’sriskaversion,ahighdispersion
ofthescoresdecreasestheequilibriumpricebecauseitlowersdemand.
However,anotherindirecteffectofthestandarddeviationonpricesmightoccur.Asshown

byHilgeretal.(2011),whenaretailerdisplaysascoreforawine,itssales(orprice)increase:
thehighertheexhibitedscore,thehighertheincreaseinsales.Ahighstandarddeviationin
scoresforawineimpliesthatatleastoneexpertlikedthewinemorethantheothersandgave
itanabove-averagemark.Retailersknowallthescoresandcanchoosetotalkaboutonlythe
best. Wecallthispositivecorrelationbetweenthestandarddeviationofthescoresandwine
pricesthe“marketingeffect.”Thehigherthestandarddeviation,thegreaterthelikelihood
thattheretailerwilldisplayagoodscore(comparedtotheaverage)andthehighertheprice.
Unexpectedly,thelackofconsensusamongexpertsallowsretailerstoimprovetheirmarketing
andtoincreasetheirprices.
Ourmodelallowsustotestthishypothesis.Becausethestandarddeviationofthescoresis

thestandarddeviationoftheopinions,weaddthelattertotheregressorsinthesecondstageof
themulti-expertregression.Tothisend,weusetheempiricalstandarddeviationsofestimated
opinionsforeachwineasanestimateoftherealdeviationofthescores.Theestimateofthe
coefficientanditsrelatedsignificanceareobtainedbybootstrap. Weconductthisanalysison
thesubsampleof737winesgradedbyalltheexperts,inordertomaintainaconstantnumber
ofgradesperobservation.

1.3 Data

Annualdatawereobtainedfor203wineproducers,locatedmainlyintheBordeauxarea(187
producersfrom12Appellationd’OrigineContrôlée(AOC)areas,withnineproducersfrom
NapaValley,California,andsevenfromSpain)coveringtheperiodfrom2000to2010.The
priceswereobtainedfromthewebsitewinedecider.com.Thiswebsiteofferspricesonawide
rangeofwinesfromseveralcountriesandAOCsandisrepresentativeofthemainwinesellers
ontheInternet,includingMillesima.Herethelistedpriceistheaverageretailpriceofabottle
packagedinacaseofsixor12bottlesin2011pricesbeforevalue-addedtax(VAT)andtrans-
portationcosts.Usingtheretailpricemeanswecanassumethatthesewinesarepricedafter
theexpertshavepublishedtheirscores.Thispointiscrucialtotherelationshipbetweenwine
pricesandexpertopinion.Aretailer’spricingbehaviorwillvarydependingonwhetherheis
awareoftheexpertratings.
Table1.1providesdescriptivestatisticsaboutthepricesandthescoresamongthedifferent

appellations.
Asinthehedonicapproach,weinclude:

•Objectivecharacteristics:nameoftheproducerandvintage,

•Tasteratingorsubjectivequality:scoresfromnineexperts(Thelistoftheexpertsisgiven
intheAppendixA.Eachwineisgradedby4.5expertsonaverage.),
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TABLE1.1–2011PricesandScoresAcrossAppellations

Prices( /0.75l.bottle) Criticalscores
Numberof Std. Std.

AOC Châteaux Min. Max. Avg. Dev. Min. Max. Avg. Dev.

Médoc 2 8 23 14.68 4.18 65 91 87.62 4.65
Saint-Estèphe 21 8 292 33.40 36.99 67.5 100 87.25 4.83
Pauillac 24 16 1,604 74.71 239.97 65 100 89.05 5.03
Saint-Julien 16 10 247 55.89 43.74 72.5 100 89.09 4.36
Listrac 4 8 44 14.23 7.02 70 92 83.39 4.53
Moulis 3 14 34 21.61 4.50 68.5 92 85.29 5.18
Margaux 30 11 829 58.07 100.46 65 100 87.68 4.79
Haut-Médoc 11 9 37 16.53 5.53 65 93 84.30 5.28
Pessac-Léognan 24 10 756 82.67 149.25 65 100 87.95 5.08
Sauternes 17 11 566 46.40 79.80 65 100 88.41 5.11
Pomerol 18 14 3,359 176.39 485.58 70 100 86.31 5.47
Saint-Emilion 17 11 1,501 124.62 253.65 60 100 88.04 5.51
RiberadelDuero 4 42 155 88.08 33.67 75 99 91.08 4.11
Rioja 3 15 88 37.24 19.46 80 97 90.63 4.24
NapaValley 9 17 543 142.33 124.07 69 100 91.02 4.86
Total 203 8 3,359 83.12 203.57 60 100 87.94 5.2

Source:Winedecider.com(asofthelastweekofMay2011).
Note:Thedatacountsatotalof2,087differentwines,withanaverageof11winesperproducers-afewvintages
aremissingforcertainproducers.Scoresarebasedontheaveragenotegivenbythewebsiteforeach
château-vintagecombination.Forinstance,thefirstline(Médoc)containstwowines,thusthestatisticsaregiven
for2winesand11vintages(2000to2010),i.e.,22observations.Thepricescorrespondtothepriceofeach
château-vintagecombination.

• Weatherasadeterminantofobjectivequality:temperatureandrainfalldatafromseveral
meteorologicalstationsintheheartoftheAOC,duetothegreatheterogeneityoflocal
weatherconditionsacrossthevastwine-producingareaofBordeaux(discussedbelow).

Table1.2examinestheevolutionsofthedescriptivestatisticsinTable1.1ontheentiresam-
pleofwines,acrosstheseveraldifferentvintages.
Asforweatherdata,weobtaindetailsofdailyweatherconditionsforthethreemainareas

oftheBordeauxregionandfortheNapaValley.Wedefinethethreemainclimateareasofthe
Bordeauxappellations:Médoc,Saint-Emilion/Pomerol,andGraves.Meteorologicalstudiesre-
latedtowinerevealsignificantweathervariabilitywithintheBordeauxappellation(Bois,2007;
BoisandVanLeeuwen,2008).Table1.3showstheaveragetemperaturesandrainfallsacrossthe
fouravailablestationsintheareas.
ConsistentwithBoisandVanLeeuwen(2008),thisinformationiscrucialtoourstudy.Itis

essentialtocorrelatenotonlydatafromthemainmeteorologicalstationbasedinMérignacbut
alsothemeteorologicaldatafromeachofthesethreeareasintheBordeauxregion.Although
LecocqandVisser(2006a)showthattheMérignacstationprovidedareasonablyacceptable
proxyoftheweatherfortheBordeauxappellationasawholebetween1993and2002,theynote
theappearanceofsomedifferences:“Theclimateconditionsprevailinginthemainweather
station[Mérignac]arethusclearlynotrepresentativeoftheBordeauxwineregionasawhole”
(LecocqandVisser,2006a).Ourmodelaimstousemeteorologicaldataasaninstrumentfor
thescores.Consequently,ifwewanttomaintainsomeheterogeneityinourfittedscores,we
cannotuseonlyonestation.
Wehavegatheredthemonthlytemperaturesandlevelsofrainfallfromthreestationsrep-

resentativeofthethreemainwineregionsofBordeaux.FortheMédocregion,weuseweather
datafromChâteauLatour(whichisveryclosetoPauillac).IntheGravesregion,weuse
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TABLE1.2–PricesandScoresAcrossVintages

Year 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

CriticalScore
Min. 79 81 79 80 83 85 81 82 84 83 85
Max. 97 100 98 97 97 98 96 98 97 98 99
Avg. 89.4 88.6 87.8 88.6 88.6 90.2 88.9 88.4 89.3 90.9 90.8
S.D. 4.12 4.67 4.36 5.24 4.30 4.29 4.55 4.19 3.36 4.49 4.63

Price( /0.75lbottle)
Min. 10 10 9 10 9 9 9 8 9 10 9
Max. 3,359 1,415 1,332 1,439 1,274 2,680 1,242 1,164 2,008 2,741 2,448
Avg. 1113.9 71.4 64.5 76.7 63.3 101.6 69.6 64.4 72.1 112.4 105.4
S.D. 311.5 135.7 132.2 165.2 121.6 253.7 136.3 127.3 178.8 280.7 265.5

Source:Winedecider.com
Note:Minandmaxarecalculatedontheaveragescoregivenbythewinedecider.comwebsiteforeach
château-vintagecombination,roundedtothenearestinteger.S.D.=standarddeviation.

TABLE1.3–DescriptiveStatisticsofWeatherVariables(2000-2010)

Médoca Saint-Emilion/Pomerolb Gravesc NapaValleyd

AvgMonthlyMeanTemperaturesinCentigrade(resp.min.,max.)e

April 13.9(11.7,16.2) 12.8(11.7,16.2) 12.4(10.9,15.2) 13.0(11.1,15.0)
May 17.2(11.5,19.0) 16.2(14.7,17.1) 15.8(14.5,16.9) 16.5(14.3,19.0)
June 21.5(19.7,23.9) 20.1(18.8,22.6) 19.9(18.5,22.4) 18.8(17.8,19.9)
July 22.2(20.1,26.1) 21.0(19.3,24.3) 20.9(19.2,23.7) 19.4(17.9,21.5)
August 22.4(21.2,26.5) 20.7(19.1,24.8) 20.5(18.5,24.6) 19.0(17.4,20.0)
September 19.4(17.0,23.0) 17.3(15.8,20.0) 17.3(15.7,19.5) 18.1(16.3,19.4)

CumulativeRainfall(average)(min,max)
DecembertoMarch 311.9(195,424) 202.0(89,273) 233.0(149.5,309.5) 665.4(404.1,1,069.4)
ApriltoJune 213.5(142,262) 231.2(150,354.5) 228.2(95,346.5) 100.3(4.3,243.6)
AugusttoSeptember 95.4(44.5,169.5) 113.9(52.6,174) 101.6(51,152) 2.1(0,14.8)

Source:a:weatherstationofChâteauLatour;b:weatherstationofChâteauGrandBarrail;c:weatherstationsofChâteau
Haut-Bergey;d:MonthlyReportofCaliforniaIrrigationManagementInformationSystem,Oakvilleweatherstation(CIMIS#77,
Oakville);e:averagesofmonthlymeansover11years.
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TABLE1.4–NaiveModelγEstimatesofEquation(1.2)

Averagescoreandexpert-specificregressions Multi-expertregression
N.obs. γ̂ R2 γ̂ VIF

AverageScore 2,172 0.048*** 0.945 0.013** 9.810
IWC 1,169 0.099*** 0.961 0.042*** 5.361
JR 1,723 0.016*** 0.944 0.004* 2.838
WA 1,644 0.063*** 0.9559 0.039*** 5.573
WS 1,758 0.047*** 0.951 0.022*** 4.466

Note:Thecolumnsγ̂containtheestimatedinfluenceoftheaveragescoreandtheexpertsonpriceforthetwodifferent
specifications.
Significancelevels:***1%,**5%,*10%.

weatherdatafromChâteauHaut-Bergey(inLéognan).ForSaint-Emilion/Pomerol,weuse
datafromChâteauGrandBarrail.Alltheseweatherstationsarelocateddirectlyinthevine-
yards.OurdatafortheNapaValleyrefertotheOakvillemeteorologicalstation,whichislo-
catedonlyincloseproximitytovineyards.Theexactlocationwithincertainmeso-climatesmay
explainthesurprisingfactthatourNapatemperaturesarebelowthoseinBordeaux.Wedonot
haveweatherconditionsforthetwoSpanishappellations.

1.4 EmpiricalResults

1.4.1 ResultsfromtheNaiveModel

Table1.4gatherstheγestimatesforthenaivemodel5. Wehaveestimatedequation(1.2)first
usingtheaverageofallavailablescoresandthenusingscoresfromeachoftheseexperts.
Fortheseexpert-specificregressions,weprovidethenumberofobservationsandthecoef-

ficientofdetermination(R2).Table1.4alsoliststheestimatesofthemulti-expertregression,
includingtheaveragescore.ThelastcolumnshowstheVarianceInflationFactors(VIFs),indi-
catingpotentiallyweakmulticollinearityissuesfortheaveragescorecoefficient.
Themainobservationisthattheestimateofγissignificantlydependentonthespecification

ofscores.Theresultsdisplayedincolumn3underlinetheimportanceofusingseveralexperts
inordertomodelwineprices,sincetheyallhavedifferentiatedimpacts6.Accordingtothe
naivemodel,aone-point-increaseintheobjectivescoreofqualityleadstoa4.8%increasein
prices.Notethatthecoefficientofdeterminationisnotthehighestfortheaveragescoremodel
thoughitshouldbethebestmodel.Thissuggeststhatthesubjectiveopinionsoftheexperts
contributetodeterminingwineprices,whichwouldinvalidatethenaivemodel.
Thehierarchyofexperts’influenceisremarkablythesameinthetwomodels.Inparticular,

RobertParker(WA)isnotthemostinfluentialexpert:heissecondtoStephenTanzer(IWC).
BothmodelsconcludethatJancisRobinson(JR)hasminimalinfluenceandWineSpectator(WS)
hasaverageimpact.Thisisconsistentwiththeresultsof(Ashton,2013)regardingcorrelations
betweenexperts:hefoundthatJRwasthemost“outofline”expertandthathertastediffered
themostfromthatofWA.However,thisresultmaybeduetoadifferenceinthegradingscale,

5Theestimatesofthetrendandthefixedeffectsareavailableuponrequestfromtheauthors.
6Thedifferencesamongthe ˆgammaincolumn3arenotdueentirelytothedifferencesinthesamples(seethe

numberofobservationsincolumn2),sincethedistributionoftheobservationsacrossappellationsandvintageare
actuallysimilarforeachexpert.Thuswetestedthatassumptionbyconductingthesixdifferentregressionsonthe
samesampleof700wines.Theresultsstillindicatedthattherespectiveimpactsoftheexpertsarenotequal.



1.4.EmpiricalResults 31

TABLE1.5–FirstStageEstimatesofEquation(1.4)

Avg.Score IWC JR WE WS Multi-expert

Rainfalls1 -.004*** -.004*** -.003 -.005*** -.015*** -.010***
Rainfalls2 -.007** -.010*** -.013*** -.017*** -.017*** -.014***
Temperature .34*** .430*** .383* .537*** .375*** .446***
Trend .315*** .379*** .441*** .351*** .453*** .444***

Note:Fiveseparateregressionsexplainingeachexpertscoreandtheaveragescorebyreferringtoweatherandatrendvariable;
multi-expertregressionexplainingtheexpertscoresaltogetherwiththesameexplanatoryvariables.
Significancelevels:***1%,**5%,*10%.

asJRdepartsfromWA,WSandIWCinthatsheusesa20-pointsscale.Thisissueisaddressed
inchapter2.

1.4.2 TheTwo-StageModelResults

FirstStage

Table1.5showsthefirst-stageestimatesrelatedtoequation(1.4),foreachsingle-expertregres-
sion,fortheaveragescoreregression,andforthemulti-expertregression.
Wehavetriednumerousaggregatedspecificationsoftheweatherdata,sincetheestimates

oftherawmonthlytemperaturesandrainfallscoefficientswerefoundtoberatherinconsis-
tent. Wedisplaytheresultsusingthefollowingaggregates,whichgivethemostrobustand
significantresults7:

•Thetotalrainfallduringthefirstpartofthegrowingseason:ApriltoJuly(referredtoas
Rainfall1),

•thetotalrainfallduringthelastpartofthegrowingseason:AugustandSeptember(re-
ferredtoasRainfall2),

•theaverageofthemonthlyaveragetemperaturesduringthegrowingseason(fromApril
toSeptember,referredtoasTemperature).

Wehavedividedthegrowingseasonintotwopartsfortherainfall,becauseofthemajor
expectedimpactofrainfallinthefinalmonthsofthegrowth.Atthispointofgrowth,intense
rainfallcausesthegrapestorot,whichjeopardizesthequalityofthecrop.Toalesserextent,
rainfallstillnegativelyaffectsthequalityofthevintageduringtherestofthegrowthseason.
Thetemperatureshowedimportantmulticollinearityissues,whichiswhywefocusedonthe
averagetemperatureduringthegrowthseason.Wealsoshowtheestimatedcoefficientsrelated
tothetrend,whichisseenastheimpactofoverallprogressintechnologyinthefirststage
estimation.
Thesignsofthecoefficientsareconsistentwiththeliteratureinphenology:agoodvintage

iscausedbyadrysummer,withahightemperature.Asexpected,rainfallduringAugustand
Septemberhaveagreaternegativeimpactthanrainfallsatthebeginningofthegrowingseason.
Thistrendisalsoverysignificant,indicatinggreatprogressintechnologythroughthetrendin
thescores.
Asacluetotheaccuracyofthefirst-stagefittedvalues,inTable1.6weprovidesomede-

scriptivestatisticsoftheresidualsofthemulti-expertregression.Column2displaysthemean

7Theseveralspecificationswetriedforthefirststageallledtoquasi-identicalresultsinthesecondstage,sup-
portingourconclusions.
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TABLE1.6–DescriptiveStatisticsofOpinionsResidualsfromMulti-ExpertEsti-
mationofEquation(1.4)a

Expert Mean Meanofabsolutevalues Averageabsolutedeviationfromrealvalue

IWC 1.474 1.873 2.1%
JR -5.765 5.875 7.3%
WA 2.212 2.656 2.9%
WS 2.079 2.399 2.6%

a:seealsolastcolumnofTable1.5.

opinionforeachexpert,column3displaysthemeanoftheabsolutevalues,andcolumn4gives
theaveragedeviationfromtherealvalueinpercentage.
Column1showsthatJRis,onaverage,farbelowthemeanscore.Thisisduetothefact

thatsheoriginallygradesonascaleof20andthatweremappedthesegradesontoa100-point
scaleinordertocreatehomogeneityamongtheresults.Attheoppositeendofthespectrum,
WA,WS,andIWCaregenerallyabovethemeanscore.Thisregressionisfairlyaccurate,since
scoresareestimatedwithanaverageerrorrangingfrom2.1%forIWCto7.3%forJR.Recall
thatourgoalhereisnotthepreciseestimationofthescoresbut,rather,estimationoftheresid-
uals.Theaccuracyofthefirst-stageregressionisnottheissue,sinceweactuallyexpectsome
heterogeneityintheresiduals.

SecondStage

Wenowcommentontheestimatesofequation(1.5).Table1.7displaysthebootstrapestimates
foreachexpert-specificregression,fortheaveragescoreregression,andforthemulti-expert
regression.Noneofthenon-reportedSargantestsforoveridentificationallowrejectionofthe
exogeneityoftheinstrumentsattheof5%level.Hence,theexclusionconditionforthevalidity
ofourinstrumentscannotberejected.
Theresultsdefinitelyrejectthenaivemodelassuitableforassessingtheimpactoftheob-

jectivecomponentofscores.Indeed,eachofthesubjectivecomponentsincludedinanyofthe
specificationshasasignificantimpactonwinepricing.Thenaivemodelaimstodisposeofthe
opinionsinordertofocusontheobjectivescores,buttheseopinionshaveasignificantimpact
onprices.Thenaivemodelisthusflawed:theγ̂displayedinTable1.4areallnegativelybi-
ased.Twosourcesofbiasareobserved:theLLGisnotvalidbecausetheopinionsarenoti.i.d.,
andthesubjectivecomponentshaveasignificantimpactonprices.Inaddition,thesystematic
significanceoftheopinionsalsoconfirmstheendogeneityoftherawscoresandsupportsour
two-stagemodel.
Furthermore,theopinionshavedifferentimpacts.Thismeansthatoneshouldusedifferent

expertsinordertoproperlyestimatetheimpactoftheobjectivecomponent,becausetheyall
influencewinepricesintheirownway.Thisisillustratedbythedispersionamongthêγob-
tainedintheaveragescoreandexpert-specificregressions(upperpartofTable1.7).Notethat
thehierarchyoftheexpertsisstillrobust:IWCandWAarethemostinfluentialexperts,andJR
istheleast.
Alltheγ̂obtainedwiththetwo-stageprocedurearemuchgreaterthanthoseobtained

withthenaivemodel.Thiscanbeexplainedbothbythedownwardmeasurementerrorbias
(seeChesher1991;LecocqandVisser2006a)andbytheomittedvariablebias,astheopinions
arepositivelycorrelatedwithwinepricesandmainlynegativelycorrelatedwiththeobjective
scores.Itsupportstheuseofourmodeltoavoidthosetwobiases.Broadlyspeaking,thekey
differencebetweenour2SLSestimateofγandthenaiveestimateusingtheaveragescoreis
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TABLE1.7–SecondStageEstimatesofEquation(1.5)

Averagescoreandexpert-specificregression
Avg.score IWC JR WA WS

Trend -.044*** -.034*** -.047*** -.025*** -.021***
γ̂ .170*** .183*** .128*** .109*** .088***

θ̂ .034*** .077*** .007*** .048*** .032***
Multi-expertregression

Trend γ̂ θ̂IWC θ̂JR θ̂WA θ̂WS

-.022*** .137*** .045*** .004*** .041*** .015***

Note:Fiveseparateaugmentedregressionsexplainingthepricesbyreferringtofittedscoresandfirst-stageresidualsforeach
expertandtheaveragescore;multi-expertaugmentedregressionexplainingpricesbyreferringtofittedscoreandallresiduals
foreachexpertfrommulti-expertfirst-stage.Intheupperpart,̂γcontainstheestimatedinfluenceoftheobjectivescoreusing

eitheronlytheaveragescoreoronlyaspecificexpert,leadingtosixdifferentestimatesofthesamevalue.̂θcontainsthe
estimatedinfluenceofthesubjectivescoresforeachregression.Inthelowerpart,weshowthesameestimatesobtainedwiththe
multi-expertregression,leadingtoonlyoneestimatefortheinfluenceoftheobjectivescore(γ̂).
Significancelevels:***1%,**5%,*10%.

thattheformerbetteraccountsforthevintage-specificeffectbytheuseofadditionalweather
information.
Notealsothattheγ̂coefficientsarealsogreaterthantheirrelated̂θcoefficients.Thisroughly

indicatesthattheobjectivecomponentofthescoresismoreinfluentialthanthesubjectiveone.
Inourmodel,aone-pointincreaseintheobjectivescoreisestimatedtoleadtoa13.7%markup,
whereasaone-pointincreasetheoneexpert’ssubjectiveopinionhaveamaximumimpactof
4.5%forIWCandonly0.4%forJR.Itshouldbenotedthattheinterpretationoftheinfluence
ofeachcomponentissomewhathazardous8.Indeed,thetwocomponentsarepurelyvisions
andareindeedunobservable.However,ourestimationsdosuggestthatwinepricesaremore
drivenbyfundamentalslikeweatherthanbythesubjectiveopinionsofexperts.
Interestingly,aone-pointincreaseofalltheexpertsopinionstogetherleadstoamarkupof

10.9%,slightlylessthemarkupforaone-pointincreaseoftheobjectivecomponent(13.7%).
Thisconsolidatestheresultthattheuseofweathervariablesallowstoidentifythevintage
effectbeyondthatexhibitedinthescores.
Anotherfeatureoftheseestimatesisthattheexpert’srespectiveinfluencesareslightly

lowerinthemulti-expertregressionthaninthenaivemodel.ThisisconsistentwithDubois
andNauges(2010),whoalsofoundanupwardbiasoftheestimatedinfluenceswhentheun-
observedquality,ortheobjectivescoreaswecallithere,arenotcontrolledfor.
Finally,thetrendisalsoverysignificant.Inthesecondstagemulti-expertregression,we

estimatethatawinebecomes2.2%moreexpensiveeachyearduetostoragecosts,maturation,
andscarcityvalue.

1.4.3 MarketingEffect

Asanapplicationofourmodel,wetesttheimpactofthedeviationamongthescoresonprices.
Digressingslightlyfromourstructuralmodel,weaddtheempiricalstandarddeviationofthe
opinionstoequation(1.5)toassessthesignificanceofitscoefficientandthesignofthelatter.
TheupperpartofTable1.8showstheresultsofthisestimation.

8Oczkowski(2016)havediscussedourresultspresentedinthepublishedversionCardebatetal.(2014)bycon-
sideringdifferentformsforthepriceequation.
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TABLE1.8–SecondStageEstimatesoftheMulti-expertDesign

Standarddeviationregression

Trend γ̂ θ̂IWC θ̂JR θ̂WA θ̂WS θ̂Standarddeviation

-.022*** -.138*** .035*** .046*** .030*** -.003 .093***
Maximumscoreregression

Trend γ̂ θ̂IWC θ̂JR θ̂WA θ̂WS θ̂Highestscore

-.023*** -.137*** .037*** .003*** .023*** -.006 .051***

Note:TheinterpretationoftheestimatesisthesameasforthelowerpartofTable1.7exceptforthelastcolumn.θ̂Standarddeviation
and̂θHighestscorerefertotherespectiveinfluenceoftheempiricalstandarddeviationoftheopinionsandofthehighestscore.
Significancelevels:***1%,**5%,*10%.

Themodelindicatesastrongpositiveimpactofthestandarddeviationofexperts’opinions
onthepricesofwines.Thatcorrelationmightresultfromwhatweintroducedasthe“market-
ingeffect”insection1.2.3.Inthatcase,weshouldfindthatthehighestscorehasamajorimpact
andissupposedtobethemostpublicized,hencethemostimportantinthepriceequation.
Wetestthishypothesisbycomparingthehighestscoretoalltheindividualopinionsin

thetwo-stagemodel.TheresultsofthisestimationaredisplayedinthelowerpartofTable
1.8.Thecoefficientofthehighestscoreisestimatedtobethemostimportantone.Thisisan
argumentinfavorofthe“marketingeffect”interpretation.Thehighestscoreisthescoremost
oftenexhibited,soitistheonlyhintofqualityforconsumerswhohavenotsearchedforthe
otherexperts’grades(Hilgeretal.,2011).Therefore,thehighestscorehasthegreatestinfluence
ontheprice9.
Therevealedimpactofthehighestscoreshedsnewlightontherespectiveinfluenceofthe

experts.Theideaofamarketingeffectwithregardtothediffusionofscoresmightexplainwhy
JRisdeemedtohavesolittleinfluenceonprices.Becausesheoftengradesbelowtheaverage
onherspecific20-pointsscale,manysellersmightnotbeeagertoexhibitherscores.Thenext
chapter(CardebatandParoissien,2015)addressesthisissueandproposesamethodtoproperly
comparethescores,evenondifferentratingscales.Atthesametime,thefactthatWAandWS
areusuallyabovethemeanscoremightplayaroleintheirlargerinfluence.Thisinterpretation
isconsistentwiththeresultsofTable1.8:theintroductionofthehighestscoreintheregression
hasloweredthecoefficientsoftheabove-the-mean-scoreexperts.

1.5 Conclusion

ThisresearchassessestheroleofexpertopiniononBordeauxwinepricesusingamethodology
that,byincludingdetailedmeteorologicaldata,fixed-effectsmodels,andthesystematicuse
ofnumerousexpertscores,avoidsendogeneityandbiasrootedinerrorsofjudgment.Like
DuboisandNauges(2010),LecocqandVisser(2006a)andOczkowski(2001),weassumethat
theobservedscoresresultfromanerrormeasurementmodel:theycanbesplitintoanobjective
componentsharedbyallexpertsandasubjectivecomponentspecificforeachexpertandeach
wine.Thelatterisoftenseenassomethingthatshouldbecorrectedbecauseitobscuresthe
signsofqualityindicatedbytheobjectivecomponent.Weprovideevidence,however,thatina
priceequationoneshouldnottrytogetridofsubjectivecomponentsbecausetheysignificantly
affectwineprices.Worse,ifnothandledspecifically,thecorrectionofthesecomponentsleads

9Thisfinalresultholdswithallthespecificationsoftheinstrumentswetried,andwiththenaivedesign,as
includingthemaximumscoresinequation(1.2)foramulti-expertregressionleadstothesameconclusion.
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todownward-biasedestimatesoftheimpactofthescoresasaqualityindicatorforwineprices.
ThisresultisconsistentwithLecocqandVisser(2006a).
Themostimportantresultofourfindingsisthelightshedontheroleofthestandardde-

viationinthepriceequation. Wefindastrongpositivecorrelationbetweenwinepricingand
thestandarddeviationofthescores.Ourinterpretationisbasedonthefactthatahigherstan-
darddeviationindicatesthatatleastonescoreisabovetheothers.Inlinewiththemarketing
literature,thishighestscoremightbeusedinanadvertisementbythesellers.Hence,thispar-
ticularscoreislikelytobethemostpublicized.Asaresult,thisiscertainlytheonlyscorethat
theaverageconsumershaveheardof.Thisiswhatwecallthe“marketingeffect”:thehighest
scoreisthemostinfluentialbecauseitisthebestknownamongconsumers.Ourinterpretation
issupportedbytheempiricalanalysis,sincethehighestscorehasthegreatestimpactonprices.
Nonetheless,wehavetobecautiousaboutthisinterpretation.Thereisanotherinterpre-

tationofourresults:theconsumersmightberisk-takers.Inthiscase,thestandarddeviation
ofthescoresshouldalsohaveapositiveinfluenceondemandandthusonprices.Economists
generallyagreethattheordinaryconsumerisratherriskaverse,butthemarketwediscusshere
isveryspecific.Thepricesinourdatarangefrom$8to$3,000,andtheaveragepriceis$83.This
isnomarketfortheuninitiated.Theconsumersinvolvedinthismarketareconnoisseurs,pro-
fessionals,orinvestors,andatleastthelastofthesearelikelytoberisk-takers.However,we
maintainourinterpretation,assumingthatmarketpricesaremorelikelytobeinfluencedby
themarketingeffectthanbyrisk-takingbehavior.
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Chapter2

StandardizingExpertWineScores:An
ApplicationforBordeauxenprimeurs

Thischapterhasbeenco-writtenwithJean-MarieCardebatandpublishedin2015intheJournal
ofWineEconomicsasCardebatandParoissien(2015).Thisversionaddsthementiontotheorigin
ofequipercentileequatingthatweignoredatthetimeofthepublication.

2.1 Introduction

Asanexperiencegood,thequalityofawineisonlyknownafteritsconsumption.Incontrast
toconsumers,wineproducersareinformedabouttheirproducts’quality.Thisinformation
asymmetryhasledtotheemergenceofwineexpertsprovidinginformationonwinequality.
Thecontingentinformationmarketisparticularlywell-developedinthewinesectorswhere
numerousexpertscoexist.Thesubjectivityofthewinequalityassessment,theregionalseg-
mentations1,ortheir(supposed)preferences(Storchmann,2012)partlyjustifyalargenumber
ofexperts.Moreover,thegradingsystemsandhabitscoulddifferfromoneexperttoanother.
Inparticular,theEuropeanexpertsareusedtoratingwineona20-pointscalewhilstUSexperts
use100points(e.g.,Massetetal.2015).Theheterogeneityoftheratingsystemscanincreasethe
consumer’sperceiveduncertainty.Thequestionofratinghomogenizationonthesamescaleof
preferencesisthereforeattheheartoftheuncertaintydebateaboutwinequality.
Theuncertaintyaboutwinequalityisparticularlyhighduringtheenprimeurcampaign

intheBordeauxRegion.Theprimeursmarketcanbeseenasaforwardmarketdedicatedto
fineBordeauxwines.Theenprimeurcampaigntakesplaceduringthespring,startingwitha
hugemulti-daytastingorganizedbythechâteauxinthefirstweekofApril.Winemerchants,
wineenthusiasts,andofcourse,wineexpertsareinvolvedinthisevent.Theyalltastethe
winefromthelatestharvest.Therefore,thewineisnotyetfinishedandthequalityassessment
isparticularlydifficultanduncertain.Theaimofthiscampaignistosell(châteaux)andbuy
(winemerchants)2beforethewineiseffectivelyreleasedinbottles,whichwillhappenabout
18monthslater.Thepricesandquantitiesexchangedaredeterminedduringtheenprimeur
campaignandthewinewillbedeliveredonceitisbottled.
Theeconomicstakesofthetastingarethereforeextremelyhighbecausepricesandquan-

titiesexchangedareinfluencedbytheexperts’scores.Thewineeconomicsliteraturehaspro-
videdampleevidenceofthelinkbetweenenprimeurwinepricesandtheexperts’scores(see
notablyHadjAliandNauges2007;HadjAlietal.2008;Massetetal.2015).Anotherstrand

1Byregionalsegmentationwerefertothefactthatnotonlyareexpertsmoreorlessspecializedinwinescoming
fromspecificregions,butalsothatsomeexpertstargetspecificconsumers(atleastasregardsthechoiceofthe
languageinwhichtheyedittheircomments).

2Thewinemerchants(callednégociantsinBordeaux)arefreetobuyornot,buttheyreceiveallocations(theright
tobuyinacertainamount)fromthechâteauxandiftheydonotbuyaspecificyear,thechâteauxmayremovetheir
allocationsforthefollowingyear.
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oftheliteraturedealswiththeinformationcontainedintheexperts’grades(seeforexample
Ashenfelteretal.1995;Ashenfelter2008;Cardebatetal.2014),thedivergencebetweenexperts
(notablyAshton2012,2013;Hodgson2008;Massetetal.2015;Olkinetal.2015)ortherandom-
nessofthetastings(e.g.,Ashton2014a;Quandt2007;Bodington2015).
However,nopaperhastriedtoexpresstheexperts’scoresonthesamescaleofpreference

orinthesameratingsystembeforeanalyzingthegradesdivergenceorbiasorimpactonprices.
AsnotedbyMassetetal.(2015)“Comparisonsaredifficulttomake,asnotallexpertsusethe
samescaletoestablishtheirscores”.Furthermore,asfarasweknow,thereisnopapertrying
toprovideaglobalscoreaggregatingallthemarksreleasedbyexpertsduringtheenprimeur
campaign,althoughademandexistsforsuchaglobalscorefromtheprofessionals.However,
ifnoacademicpapersexist,inthewineindustry,mostofthewebmerchantsprovidesuch
aggregatedscores(see,forexample,winedeciderorwinesearcher).ThewebsiteofBertrand
Leguernisalsodedicatedtothecalculationofanaggregatedscorewhichisusedbywine
professionals.Nevertheless,wecannotfindanyinformationonthewaythesescoreshavebeen
calculated.Thereisnotransparencyintheircalculation,therebyreinforcingtheinformation
asymmetryinsteadofreducingit.
Wineprofessionals,particularlythenégociantswhobuy enprimeurwines,requestaggre-

gatedandtransparentinformationonwinequalityratherthancomparingnumerousgrades
emanatingfromavarietyofexperts.Thishighlightstheimportanceofreducingtheinforma-
tionasymmetryandthereforeincreasingtheenprimeurmarketefficiency(Mahencand Me-
unier,2006).Giventhependingretirementofthemainexpert,RobertParker,harmonizing
experts’scoresappearsparticularlyusefulsinceParker’sdisappearancewillreinforcetheun-
certaintyandtheneedforareferencescore.
Theaimofthispaperis,therefore,todevelopamethodologyforcalculatingasinglescore

aggregatingthegradesreleasedby15expertswhohavetraditionallybeenscoringBordeauxen
primeurwinessincethebeginningofthelastdecade.BasedonalargedatabaseofBordeauxen
primeurexpertscores,wesuggestamethodologytotranslatetheratingscaleofoneexpertinto
theratingscaleofanother,therebyfacilitatingthecomparabilityofalltheexperts’scores3.The
globalscoreisthenbasicallycalculatedasasimplearithmeticaverageofthesetransformed
scores.Thisaggregatedscorehasthepotentialtobeconsideredasanewreferencescoreonthe
finewinemarket.
Thisstudymaybeinterestingtoacademicswhomaybenefitfromamethodologyensuring

properexpertscorecomparisonsbytakingintoaccountthedifferentratingsystemsamong
experts.Inaddition,basedonthismethodology,weprovidewineprofessionalswithaunique
standardizedwinescoreaggregatingtheinformationcomingfromallexpertsoperatingonthe
enprimeurmarket.
Theremainderofthispaperisstructuredasfollows:thenextsectionspresentourdataset,

whilesection2.3displaysthemethodologyofthestandardizedwinescore;section2.4reports
thestandardizedscoresanddiscussestheresultsfollowingdifferentrobustnesschecks;thelast
sectionconcludes.

3WethankEddieOczkowskiforhavingmentionedtousthatthismethodisinfactalreadypopularinthefieldsof
psychologyandeconomicsofeducation,andreferredtoasequipercentileequating.Theintroductionofthismethod
isgenerallyattributedtoBraunandHolland(1982),seeKolenandBrennan2014foranupdatedpresentation.
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TABLE2.1–DescriptiveStatisticsofExpertScoreData

Expert Frequency Min Max Mean Median StandardDev.

ReneGabriel 3,639 12 20 17.12 17 1.14
WineSpectator 2,886 77 98.5 90.2 90 3.45
RobertParker 2,609 71.5 99.5 90.38 90.5 3.52
JancisRobinson 2,538 12 20 16.4 16.5 0.99
JacquesDupont 2,156 13 20 15.82 16 1.28
Bettane&Desseauve 2,113 10 20 16.56 16.5 1.33
NealMartin 1,711 70 99 90.03 90 3.53
Decanter20 1,615 14.5 20 16.93 17 1.04
Jean-MarcQuarin 1,497 10 20 15.74 15.75 1.07
JamesSuckling 1,059 84.5 100 91.25 91.5 2.72
Decanter100 1,026 81 95 88.19 88 2.91
TimAtkin 1,011 82 100 91.37 92 3.35
LaRVF 484 11.5 20 16.29 16.25 1.38
JeannieChoLee 219 80 99 91.87 92 2.81
AntonioGalloni 210 79 95.5 89.24 89.5 2.77
JeffLeve 158 83 99 90.33 90 3.01

Source:Author’scalculationbasedonWineservices(2015)data.

2.2 Data

Ourdatasetcontainsthescoresgivenby15well-knownwineexperts4duringtheenprimeur
campaignovertheperiodfrom2000to2014.Allthewinesratedbytheseexpertsarepresentin
thedatasetwhichrepresents447châteauxand4,333château-vintagepairs;thatis,onaverage,
eachchâteauisrated9.7timesovertheobservedperiod.
ThefirstcolumninTable2.1showsthenumberofwineseffectivelyratedbyeachexpert.

ReneGabrielappearstobethemostproductiveexpertwith3,639scoresovertheperiod.Simi-
larly,fiveadditionalexpertsarehighlyactiveonthewineopinionmarket.Theyallhaverated
morethan2000enprimeurwinesbetween2000and2014.Incontrast,thelastfourexpertsof
thislistexhibitasignificantlyweakeractivitywithfewerthan500scoreseach.Thefollowing
columnsdisplaythetraditionaldescriptivestatisticsontheexperts’scores.Amongthe16(15
+1,seefootnote1)experts,sevenusea20-pointgradingscale,theyareallEuropean,and
nineusea100-pointscale,theyareoverwhelminglyAmerican.TheChineseJ.ChoLeeandthe
BritishTimAtkinareexceptions.
Thescoresgivenbytheexpertsseemrelativelyhomogeneousandaveragebetween15.74

and17.12fortheEuropeanratersandbetween89.24and91.87fortheU.S.experts.Interestingly,
wenotethattheEuropeanshaveallawardeda20-pointmaximumgradeatleastoncewhile
onlyJ.SucklingandTimAtkinhavehandedoutthemaximum100-pointgrade.Thescore
rangedefinedasthedifferencebetweenthemaximumandtheminimumscoreforeachexpert
liesbetween14and29fortheUSexpertsand5.5to10fortheEuropeanexperts.

4Theterm“expert”isusedhereindifferentlytodesignateaperson(JamesSuckling,JancisRobinson,etc.)oran
organization(i.e.,magazineslikeWineSpectatororLaRevueduVindeFrance–RVF,etc.).Decanterhasaspecial
statusinthesensethatwesplititsscoresintotwocategories:Decanter20andDecanter100becauseDecanterchose
tochangeitstraditional20-pointscalefora100-pointscaleduringtheperiodstudied.Wehavethereforedecided
toconsideritsscoresona20-pointscaleandona100-pointscaleastwodifferentexperts.
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Wenotetworemarkablefacts.First,allexpertsutilizeonlyafractionoftheirscale.Incom-
parison,thefractionutilizedbyU.S.expertsseemstobeparticularlysmall(20pointsonav-
erage).However,inabsolutevaluesthisexceedsthespectrumusedbyEuropeanexperts(7.8
pointsonaverage),givingtheformerapotentiallyhigheraccuracyintheirrating.Second,both
U.S.andEuropeanratersexhibitsignificantdifferencesinthewaytheyratethewines:there
isnohomogeneityamongthemconcerningscorerangetheyuse.Therefore,thedirectcom-
parisonamongexperts’scoresisfallacious,eveniftheyusethesameratingscale.Eachexpert
hashis/herownpreferencespaceandouraimistoexpressallscoresinthesamespaceof
preferences.
Themediansalsoofferinterestinginformationastheycanbeinterpretedasathreshold

betweengoodwinesandlessgood/badwines.90points(16.5)fortheU.S.(European)experts
appearstobethedividinglinebetweenthesetwocategories.
Table2.2presentsthenumberofwinesthathavebeentastedbyeachexpertpair,i.e.,byat

leasttwoexperts.With2,698winesratedbothbyRenéGabrielandWineSpectator,thesetwo
expertsexhibitthehighestoverlap.Onaverage,RobertParker,NealMartin,JancisRobinson,
WineSpectator,Bettane&Desseauve,JacquesDupont,LaRevueduVindeFrance,andRene
Gabrielhaveratedmorethan1,000identicalwinesovertheobservedtimeperiod.
Table3reportsasystematicpositivecorrelationbetweeneachexpertpair;however,theav-

eragecorrelationamongexpertsdoesnotexceed0.59.Jean-MarcQuarinandJeffeLeveexhibit
thehighestcorrelation.JancisRobinsonandAntonioGalloniexhibitthelowestcorrelationand
thereforethelowestagreement(concordance)withtheotherexperts.Incontrast,JeffLeveand
Decanter20displaythehighestcorrelationandthereforethebestlevelofconcordancewith
theotherexperts.Inparticular,thesetwoexperts’gradesarestronglycorrelatedwiththoseby
RobertParker.TheU.S.expertsseemtohavehigherconcordanceamongthemselvescompared
totheEuropeanones.TheseresultsareinlinewiththeworkofMassetetal.(2015),evenif
theirresultssuggestahighlevelofconcordanceamongvariouswineraters.Incontrast,given
anaveragecorrelationof0.59andahighvolatilityofthecorrelationcoefficients,wedonot
deemthelevelofexpertconcordanceparticularlyhigh.
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FIGURE2.1– DistributionFunctionsforEachTransformationandRobert
Parker’sScoreDistribution

Source:Author’scalculationbasedonWineservices(2015)data.

2.3 Methodology

RobertParkerandJancisRobinsonareinfluentialexperts,intheU.S.andinEngland,respec-
tively,andbestembodytheissueoftransformingthegradingscales. WhileRobertParker
scoresoutof100points,JancisRobinsonscoresoutof20points.Ourmethodaddressesacom-
monqualityassessmentproblem.Imagineacomparisonbetweentwowineswherethefirstis
gradedbybothexperts,butthesecondoneisonlyratedbyRobertParker.Thekeyissuehow
toproperlyutilizetheinformationgivenbyJancisRobinsonandtranslatethemintoParker
scores.
ThenaivesolutionisthelinearfunctionbysimplymultiplyingJancisRobinson’sscores

byafactoroffive.However,thissolutionisunsatisfactory,asitdisregardstheutilizedscore
rangeof[12,20]forRobinsonand[70,100]forParker.Inordertoconsidertheminimumsofthe
intervalsutilizedbyeachexpert,onecanemployanaffinefunctionoftheRobinson’sscores
fromtheinterval[12,20]intotheinterval[70,100]5.Thebestwaytojudgetherelevanceofthis
transformationistocomparetherespectivedistributionfunctions.Figure2.1displaysthedis-
tributionfunctionsofJancisRobinson’sscoresaftereachtransformation,comparedtoRobert
Parker’sscoredistributionfunction.
ThedistributionofJancisRobinson’stransformedscoresisclosertoRobertParker’sdistri-

butionwiththeaffinefunction.Still,onemightarguethatJancisRobinson’stransformedscores
arestillunderratedcomparedtothegradingsystemofRobertParker.MorethanhalfofRobert
Parker’sscoresareabove90/100,againstonly8%fortheRobinson’sscorescomputedwiththe
affinefunction.Asaresult,a90/100forRobertParkerisamuchlowerevaluationofquality
thana90/100forJancisRobinsonwiththeaffinefunction.Asatisfactorytransformationof
thescoresshouldbothputthescoresonthesamescaleandconveythesamevaluetoeach

5Thisaffineconversionformulaofx∈[12;20]intoofy∈[70;100]isy= 30
8
x+25.
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score.JancisRobinson’stransformedscoresshouldthenfollowthesamedistributionfunction
asRobertParker’sscores.Suchafunctionexistsandisnonparametricallytractable.
Thetheoreticalframeworkisthefollowing.PositthatqualityofBordeauxwinesisaran-

domvariable.Theexpertsevaluatethisqualityalongascaleoftheirchoice,accordingtotheir
preferencesandtotheirutilizationoftheirscales.LetFbethedistributionfunctionofJancis
Robinson’sscores,andGbethedistributionfunctionofRobertParker’sscores.Thesefunc-
tionsexpressbothexperts’gradingscalesaswellastheirrespectiveappreciationofBordeaux
wines.ThesedifferencesinscalesandinoverallappreciationofBordeauxwinestacklethe
comparisonbetweengradesgivenbytwoexperts.Themethodcontrolsforbothissuesatthe
sametime.).RecallthatourobjectiveistoutilizeJancisRobinsonscoresandtranslatetheminto
Parkerscores,accountingforthefactthatJancisRobinsonusuallyawardslowerscores.
Weapplythefunction G−1◦Finordertoobtainthesamedistributionfunctionforthe

JancisRobinsontransformedscoresandRobertParkerrawscores.Thisusesthefollowingclas-
sicalpropertyofprobabilitydistributions.LetFXandFYbethedistributionofthecontinuous
randomvariablesXandY,thentherandomvariableF−1Y ◦FX(X)hasthesameprobability
distributionasY,F−1Y beingthegeneralizedinverseofFY.Toavoidanyselectionbias,thetwo
empiricaldistributionsarecomputedonacommonsample,whichcontainsallwineswitha
scorefromeachofthetwoexperts.Forthechosenpairofexperts,thesampleincludes1,833
observations.
Letsikbethescoregivenbyexpertitowinek,andIibethelistofthewinesgradedby

experti.Theprocedureisthefollowing:

1.Foreachexperti,wecomputetheempiricaldistributionfunction

F̂i(x)=
1

card(Ii)
k∈Ii

1{sik≤x}

2.Foranychosenexpertj(herewehavechosenParker),wecomputethegeneralizedin-
verseofF̂i:

F̂−1j =inf{x∈R|̂Fj(x)≤y}

3.Theconversionfunctionofthegradesofexpertiintothescaleofexpertjisgivenby:

φij(x)=F̂
−1
j (̂Fi(x))

Figure2.2providesagraphicalillustrationofourmethod.Asanexample,weevaluatethe
imageofa15/20fromJancisRobinsonontheRobertParkerscale6.15/20isthequantileof

6Theprocedureissymmetrical,i.e.,itispossibletoturnthescoresofanyexpertintothescaleofanyother
expert.Also,itisself-consistentastheconversionfunctionfromexpertAtoexpertBistheinverseoftheconversion
functionfromexpertBtoexpertA,forallscoresobservedinthedata.Forinstance,asthedatacontainsa90/100
fromParker,ifweputthisscoreintoanotherexpert’sscaleandturnitbackintoParker’sscale,wewillalwaysend
upwitha90/100.Thisworksforallobservedscoresinthedata.However,tobecomprehensive,itisnotexactly
thecasewiththescoresthatareunobservedinthedata(becausetheempiricalcumulativedistributionfunctionis
notbijective).Thetransformationfunctioncombinedwithitgeneralizedinversedoesnotnecessarilygivetheexact
samescore.Indeed,theprocedurealwaysendupwithascorethatisoriginallyobservedinthedata.Asimpleway
toovercomethisasymmetrywouldbetolinearlyinterpolatetheempiricaldistributionfunction,soastoobtain
onlybijectivefunctions.Aswehavenotmeanttheproceduretobeappliedtoscoresoutofthesample,thisisnota
majorissueforthescopeofthispaper.Furthermore,consideringthelargesizeofourdatabase,theobservedscores
mostlikelyincludeallpotentialscores,sothatsymmetryisguaranteedforarguablyeverypossiblescoreandfor
eachexpert.
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FIGURE2.2–MethodUsingtheEmpiricalDistributionFunctions

Source:Author’scalculationbasedonWineservices(2015)data.
Note:Thedoubleverticallinesstandsforthegaponthex-axisbetween20and70.

order0.092forJancisRobinson’sdistributionfunction,whichmeansthat9.2%oftheJancis
Robinsonscoresarelessthanorequalto15/20.OntheRobertParkerdistributionfunction,
wereadthatthisquantileis86/100.Weobtainthata15/20givenbyJancisRobinsonisworth
a86/100givenbyRobertParker.Inthesituationpreviouslystated,thismethodallowsthe
JancisRobinsonscoretobeturnedintotheRobertParkerscale.Theaverageofthetwoscores
isasyntheticindicatorofallavailableinformation,andcanbedirectlycomparedwithParker
scoresifJancisRobinsonscoresaremissing.
ApplyingthesamemethodforallexistingscoresfromJancisRobinson,weobtainanon-

parametricfunctionwhichensuresthattheimagescoreshavethesamedistributionasthe
RobertParkerscores.Figure2.3comparestheplotsofthreefunctions,i.e.,linear,affineand
nonparametric7.
Thenonparametricfunctionisirregularonthehalf-openinterval(12,14].Infact,thisinter-

valonlyconcernsfiveobservationsand0.4%ofthedistributionoftheJancisRobinsonscores.
Itcorrespondstothehalf-openinterval[70,81.5]forRobertParker.Asaresult,theconfidence
intervaliswidebelow14/20,sothatourconversionisnotsignificantlydifferentfromtheaffine
conversionforlowgrades.However,forhighscores,thenonparametricconversionyieldssig-
nificantlyhighergradesoutof100thantheaffineone.
Besides,whilethecorrelationcoefficientsareneitheraffectedbythelinearnorbytheaffine

conversion,thenonparametricmethodslightlyaltersthecoefficientsbetweentheexperts.The
coefficientscomputedafterconversionaregivenintheAppendixB.Thechangeinthecorre-
lationcoefficientprovidesameasureofthenonlinearityofthenonparametricconversion.This
ismeasuredbytheabsolutedifferencebetweenthecoefficientsbeforeandafterconversionin
theAppendixB.
Thismethodcanalsobeappliedfortwoexpertswhobothscoreoutof100.Figure2.4plots

thenonparametricfunctionwhichturnsNealMartinscoresintotheRobertParkerscale. We
findthesameregularityissuebelow85points,butthefunctionsuggeststhatRobertParkerhas

7Theconfidencebandshavebeenobtainedbybootstrappingthecurve1,000times.Thatistosay,were-sampled
ourdata1,000withreplacements,andconductedthisprocedureforeachsample.Foreachscore,wethenobtained
1,000estimatesoftheconvertedscore.Thebootstrapconfidenceintervalisgivenbythequantilesoforder0.025and
0.0975ofeachscore.
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FIGURE2.3–PlotofThreeTransformationFunctions

Source:Author’scalculationbasedonWineservices(2015)data.
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FIGURE2.4–ConversionofNealMartinScoresintoRobertParkerScale

Source:Author’scalculationbasedonWineservices(2015)data.

beenlessreluctantthanNealMartintograntscoresabove95/100.Forinstance,a97/100by
NealMartinisasrareasa98/100byRobertParker.Still,thenonparametricconversiondoes
notrepresentmuchchangecomparedtotheidentityfunction.Ourmethodismorevaluable
forexpertswhodonotgradeonthesamescale.Allconversioncurvesaredisplayedinthe
AppendixB,alongwiththeaffineandthelinearones(whichareonlydifferentfortheexperts
whogradeoutof20).Forthelatterinparticular,theresultsofthenonparametricmethodare
significantlydifferentfromtheoutputoftheaffineconversion.

2.4 ExampleofOutcomes

Ourconversionmethodfacilitatesvariouskindsofcomparisonsbetweenscores,whetheramong
winemakers,appellationsorvintages. Wehereafterprovideaninsightintothepossibleout-
comes. Whilethegeneralmethodallowsthescoresofanyexperttobeconvertedintoany
otherexpert’sscale,wehavechosentoconvertallscoresintotheRobertParkerscale.Sincehe
iscommonlyreferredtoasthemostinfluentialexpertforBordeauxwines(seenotablyHadjAli
etal.2008;Massetetal.2015),weassumethathisscaleisthemostfamiliarforthereader.
Table2.4displaysallavailable2013primeursscoresforasubsampleoftwentyBordeaux

properties.Columns2to4reportstheaverageoftheavailablescorestransformedbythelinear,
theaffineandthenonparametricfunction,respectively.Ournonparametricmethodyieldsthe
highestscores,asittransposesthescoresonthescaleofRobertParker,usedtogivinghigh
scorescomparedtohispeers.Overall,theotherexpertsmitigatethenegativeopinionofRobert
Parkerofthe2013vintage,asthemeanscoreisoftenaboveRobertParker’sgrade.



48 Chapter2.StandardizingExpertWineScores

T
A
B
L
E
2.
4
–
Ra
w
pr
i
me
ur
s
Sc
or
es
f
or
a
S
u
bs
a
m
pl
e
of
Vi
nt
a
ge
20
13
a
n
d
Me
a
n
Sc
or
es
C
o
m
p
ut
e
d
f
or
t
he
T
hr
ee
Me
t
h
o
ds

Sc
or
e 

Sc
or
e 

Sc
or
e

Wi
ne

Li
ne
ar
 
Af
fi
ne
 
N
o
n
p
ar
. 

s
d 

R
P
 
N
M 

J
R
 

W
S 

A
G 

B
D 

J
D 

J
S 

J
L 

R
V
F 

D 
J
M
Q 

R
G 
T
A

A
n
ge
l
us

8
9.
4 

9
1.
7

9
2.
7 

1.
87
 
91
.5
 
91
 
17
.5

91
 

18
.7
5 

9
2.
5 

9
2 

1
6.
2
5 
9
0.
2
5 

1
6.
5 

1
7 

9
5

A
us
o
ne

9
0.
3 

92
.6
 

9
3.
7 

2.
27
 
94
 

92
 
17
.5

91
 

19
 

1
7 

9
1.
5 

9
4 

1
6 

9
2 

1
6.
7
5 

1
9 

9
4

C
he
v
al
Bl
a
nc

8
9.
1 

91
.7
 

9
2.
6 

1.
25
 
90
 

92
 

17
 
92
.5
 

91
 

18
 

1
6.
5 

9
3.
5 
9
3.
5 
1
6.
2
5 

9
2 

1
6.
5 

1
8 

9
3

Cl
i
ne
t

8
6.
7 

89
.7
 

9
0.
4 

1.
2 

92
 

91
 

16
 
88
.5
 
91
.5
 

16
9
0.
5 

9
2 

1
6 

8
9 

1
5.
5 

1
7 

9
1

E
gl
is
e
Cl
i
ne
t

9
1.
2 

93
,0
 

9
4,
0 

1.
93
 
93
 

95
 
17
.5
 
90
.5
 
91
.7
5 

17
.5

9
3.
5 

9
5 

1
7.
2
5 

9
1 

1
6.
7
5 

1
9 

9
6

E
va
n
gi
le

8
8.
1 

90
.8
 

9
1.
9 

1.
98
 
88
.5
 
92
 

18
 
91
.5
 

93
 

17
.7
5 

1
6 

9
0.
5 

9
1 

1
6.
2
5 
9
0.
2
5 

1
6 

1
7 

9
2

Ga
zi
n

8
5.
6 

89
.3
 

9
0.
2 

1.
5 

91
 

90
 

16
 
87
.5

15
.5
 
1
6.
7
5 

9
0.
5 
1
6.
7
5 

8
9 

1
5.
7
5 

1
7 

9
1

Gr
a
n
d
Vi
n
de
La
t
o
ur
 

89
.1
 

9
1.
8 

9
2.
8 

1.
55
 
89

17
 
91
.5
 

92
 

17
.2
5 
1
6.
7
5 
9
2.
5 

9
2 

1
7.
5 

9
4 

1
6 

1
8 

9
5

Ha
ut
Br
i
o
n

9
0.
1 

92
.2
 

9
3.
1 

1.
85
 
91
 

90
 
16
.5
 
92
.5
 
92
.5
 

18
 

1
6.
7
5 
9
2.
5 

9
3 

1
6.
5 

9
4

1
9 

9
3

La
C
o
ns
ei
ll
a
nt
e 

8
6.
7 

8
9.
9 

90
.8
 

1.
7 

90
 

91
 

15
 
89
.5
 
91
.5
 

17
 

1
5.
5 

9
0.
5 

9
2 

1
7 

9
0 

1
6 

1
7 

9
2

La
Vi
ol
et
te

8
8.
6 

91
.1
 

9
1.
7 

2.
49
 
87
 

93
88
 

17
.7
5

9
3.
5 
1
6.
7
5 

1
6.
2
5 

1
8 

9
3

La
fit
e
R
ot
hs
c
hi
l
d 

8
8.
6 

91
.3
 

9
2.
4 

1.
8 

88
 

92
 

17
 
90
.5
 
91
.5
 
17
.7
5 
1
6.
2
5 
9
2.
5 

9
1 

1
6.
2
5 

9
4 

1
6 

1
8 

9
5

La
fle
ur

9
0.
6 

92
.8
 

9
3.
8 

1.
84
 
90
 

94
 

18
93
 

18
9
3.
5 
9
3.
5 

1
7.
5 

9
3 

1
6.
7
5 

1
7 

9
5

Le
G
a
y

8
6.
5 

8
9.
6 

9
0.
3 

2.
64
 
86
 

91
 

15
90
.5
 

17
9
1.
5 

9
3 

1
5 

8
8 

1
6 

1
8 

9
3

Ma
r
ga
u
x

8
9.
9 

92
.1
 

9
2.
9 

1.
53
 
89
 

92
 
16
.5
 
91
.5
 
92
.5
 
17
.2
5 

1
6.
5 

9
4.
5 
9
3.
5 

1
7.
5 

9
4

1
8 

9
4

M
o
ut
o
n
R
ot
hs
c
hi
l
d 

89
.6
 

92
,0
 

92
.8
 

1.
7
9 

92
 

93
 

17
 
92
.5
 

89
 

18
.2
5 

1
7 

9
2.
5 

9
3 

1
7.
5 

9
4 

1
6.
7
5 

1
7 

9
2

Pa
vi
e

8
8.
6 

91
.3
 

9
2.
1 

1.
9 

93
 

92
 

16
 

92
.2
5 

18
9
1.
5 
9
3.
5 

1
5.
5 

9
3 

1
6.
2
5 

1
8 

9
0

Pe
tr
us

9
0.
2 

92
.5
 

9
3.
5 

1.
82
 
91
.5
 
91
 
18
.5

91
 

18
 

1
7.
5 

9
2.
5 

9
4 

1
7 

9
2 

1
6.
5 

1
8 

9
4

Tr
ot
a
n
o
y

8
7.
5 

90
.7
 

9
1.
7 

1.
6 

92
.5
 
91
 

16
 
91
.5
 

91
 

17
 

1
5 

9
0.
5 
9
3.
5 

1
6 

9
1 

1
6 

1
8 

9
5

Vi
e
u
x
C
h
ât
ea
u
Ce
rt
a
n 

8
8.
0 

90
.6
 

9
1.
5 

1.
93
 
87
.5
 
93
 
17
.5
 
91
.5
 
91
.5
 
17
.5
 

1
5 

9
0.
5 
9
1.
5

9
1 

1
6.
2
5 

1
7 

9
2

So
ur
ce
:
A
ut
h
or
’s
ca
lc
ul
at
i
o
n
b
as
e
d
o
n
Wi
ne
se
r
vi
ce
s
(
20
1
5)
da
ta
.

No
te
s:
s
d:
st
a
n
d
ar
d
de
vi
at
i
o
n
of
t
he
sc
or
es
o
bt
ai
ne
d
fr
o
m
n
o
n
p
ar
a
me
tr
ic
me
t
h
o
d.
R
P:
R
o
be
rt
Pa
rt
ke
r;
N
M:
Ne
al
M
ar
ti
n;
J
R:
J
a
nc
is
R
o
bi
ns
o
n;
W
S:
Wi
ne
S
pe
ct
at
or
;
A
G:

A
nt
o
ni
o
G
al
l
o
ni
;
B
D:
Be
tt
a
ne
et
De
ss
ea
u
ve
;
D:
De
ca
nt
er
;
J
D:
Ja
c
q
ue
s
D
u
p
o
nt
;
J
S:
Ja
me
s
S
uc
kl
i
n
g;
J
L:
Je
ff
e
Le
ve
;
R
V
F:
Re
v
ue
d
u
Vi
n
de
Fr
a
nc
e
;
J
M
Q:
Je
a
n-
M
ar
c
Q
u
ar
i
n;
R
G:

Re
ne
Ga
br
ie
l;
T
A:
Ti
m
At
ki
n.



2.5.Conclusion 49

TABLE2.5–MeanVintageScoreforRobertParkerandJancisRobinsonwithand
withoutTransformation

Numberof Robert JancisRobinson JancisRobinson
Vintage Observations Parker NonparametricFunction RawScores

2003 126 90.5 89.9 16.1
2004 69 91.3 92.0 16.6
2005 174 91.8 91.7 16.6
2006 116 91.6 92.2 16.7
2007 196 88.7 90.5 16.2
2008 198 91.0 91.9 16.6
2009 195 92.6 92.4 16.7
2010 201 92.4 92.4 16.7
2011 186 90.0 91.2 16.4
2012 194 90.5 92.3 16.7
2013 168 88.9 91.1 16.3

Source:Author’scalculationbasedonWineservices(2015)data.
Notes:WelackJancisRobinsonprimeursscoresforvintages2000,2001,2002and2014.

ThelastcolumnofTable2.4providesthestandarddeviationofthescoresforeachwine.
Asourmethoddisplaysallscoresonthesamescale,itisnowpossibletocomputetherelevant
standarddeviationforeachwineacrossexperts.Thisprovidesameasureofjudgeconcordance
foreachwine:thelowerthedeviationamongthescores,themorereliableisthemeanscore.
ChâteauClinetshowsthehighestlevelofagreementamongtheraterswithastandarddevi-
ationof1.2whileChâteauLeGayshowsthelargestdispersionwithastandarddeviationof
2.64.
Anotherpossibleoutcomeistofacilitatethecomparisonbetweenvintagesfortwoexperts.

Table2.5displaysthemeanscoresofvintages2003to2013forRobertParkerandJancisRobin-
sonwithandwithoutthetransformationofJancisRobinson’sscores.Expressingthetwoassess-
mentsononescalemakesthemcomparable.OurtransformationhighlightsthatJancisRobin-
sonwasmuchmorelenientwiththe2007and2013vintagesthanRobertParker,andthatshe
apparentlyenjoyedvintage2012.

2.5 Conclusion

Thispaperemploysasimplemethodologytoexpressthescoresofvariouswineexpertson
thesameratingscale.Itfacilitatesthecomparabilityofthescoresamongexpertsandallowsto
calculateanaverageofallavailablewinescores.
Nevertheless,severalissuesstillhavetobeaddressed.Whohastobetheexpertofreference?

RobertParkerseemstobethenaturalcandidatebuthehasnowretiredandstoppedtastingthe
Bordeauxenprimeurin2015.Howtointerpretthestandarddeviationinthecaseswherewines
arenottastedbythesamenumberofexperts?Doesastandarddeviationcalculatedonthe
basisof2scoresprovidethesameinformationasastandarddeviationcalculatedonthebasis
of15scoresintermsofconsensus?Otherquestionswillcertainlyhavetobeaddressedandwe
hopethatthispaperwillinducefurtherresearchtoimproveourmethodology.
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Chapter3

TheCausalImpactofMedalsonWine
Producers’Prices,andtheGainsFrom
ParticipatinginContests

Thischapterhasbeenco-writtenwithMichaelVisser.

3.1 Introduction

Therearemanygoodswhosequalityisunknownuntilactualconsumption.Forinstance,a
book’scontentisuncertainuntilthetextisread.Similarly,afilm’sstoryisonlyrevealedwhen
itisseeninamovietheater,andthepleasureprocuredbyabottleofwinecannotbejudged
beforeitisuncorked,smelled,andtasted.Producersofsuchso-calledexperiencegoods(Nel-
son,1970)facethechallengethatpotentialpurchasersmustsomehowbeinformedaboutthe
exanteunknownquality.Toreducetheinformationasymmetrybetweenconsumersandpro-
ducers,thelattercanspendmoneyonadvertisingandmarketing.Themovieindustry,for
example,devotessubstantialbudgetresourcestopromotefilmsbeforetheyarereleasedtothe
public.Consumersthemselvescanalsocontributetospreadingproductinformationbyword-
of-mouth:theyspeakwiththeirfriendsandrelativesaboutthelatestmusicalbumtheyhave
listened,oraddtheirpersonalopiniononon-linemusicblogs.Insomecases(partial)informa-
tiondisseminationismandatorybecauselawsandregulationsobligefirmstodisclosefeatures
oftheirproducts.Finally,hiddencharacteristicsofgoodsmayberevealedthroughawardsat-
tributedatcompetitions:literatureloverslearnthatthenovelreceivingtheManBookerprize
isthejury’spreferredoneamongthehundredsofnewnovelspublishedeachyear,asignalfor
themthatthewinningbookislikelyofhighquality.Moviefanscanmakeanalogousinferences
regardingfilmsawardedattheOscarceremoniesortheCannesfestival.
TheproducerswestudyinthispaperareBordeauxwinemakers,andforthemthereis

basicallyjustonewayinwhichtheycaninformpotentialpurchasersaboutthequalityoftheir
goods,andthatisbyparticipatinginwinecompetitions(andwinmedals).Onereasonforthis
isthatallformsofalcoholpublicityisforbiddeninFrance.LocalregulationsinBordeauxalso
limitwhatproducersareallowedtowriteonthebottlelabels.Furthermore,thewinesweare
analyzingaremostlystillveryyoungandunavailabletoconsumers,therebylimitingcustomer-
to-customertransmissioneffects.Butthemainreasonisthatthefocusofourstudyisnotthe
top-endsegmentofthemarket(madeupofasmallnumberofworld-famouschâteauxlike
Latour,Haut-Brion,Margaux,Mouton-Rothschild,Yquem,etc.),butthevastmajorityoflesser
knownwines.Unlikethetop-notchwines,theyarenotactivelytradedinauctionsthroughout
theworld,noraretheycommentedandevaluatedbyinfluentialcriticssuchasRobertParker
orJancisRobinson.Intheabsenceofthesevehiclesofinformationtransmission,thelessknown
claretscanonlyhopetodifferentiatethemselvesfromtheirnumerouscompetitorsbywinning



52 Chapter3.TheCausalImpactofMedalsonWineProducers’Prices

awards.Anecdotalevidencesuggeststhatmedalshavestrongpriceeffects.AccordingtoLa
RevueduVindeFrance(issue600, March2006),aleadingFrenchwinemagazine,winninga
medalatawinecompetitionallowsaproducertoincreaseitspricebybetween10and15%;in
thesamevein,theorganizersoftheConcoursdeBordeaux,themostimportantcompetitionfor
Bordeauxwines,statethatagoldmedalfromthiscontestallowstherecipienttoaugmentits
pricebyupto30%.1

UsingnewdataonindividualtransactionsfromalargeBordeaux-basedbroker(contain-
inginformationoncontractdates,pricesandquantities,andcharacteristicsonproducersand
wines)thatwematchedwiththerecordsofelevenimportantwinecompetitions(winnersby
medalcolor,andcontestfeatures),thispaperaddressesthreequestions.First,whatisthecausal
impactofmedalsonwineproducers’prices?Byansweringthisquestionweformallyanalyze
whethertheaboveclaimsmatchtheempiricalfindings.Identifyingthecausalimpactofawards
ischallengingbecausetherearepotentiallyunobservedqualitydeterminantsthataffectboth
pricesandtheprobabilitytowinmedals.Aregressionofthewinepriceonamedaldummy(in-
dicatingwhetherthewinehasobtainedamedalpriortothetransaction)wouldthenleadtoan
estimateconfoundingthetruemedaleffectandtheeffectofunobservedquality.Tocircumvent
thisomitted-variablebias,weexploitanunusualfeatureinourdata:amongtheprize-winning
winesinthesample,about19%receivedamedalafterthetransaction.Theideaisnowtoregress
thepricenotjustonthebefore-transactionmedaldummy,butalsoonapost-transactionmedal
dummy.Itturnsoutthatwecanconsistentlyestimatethecausalimpactbytakingthedifference
inthetwodummyestimates.Tworelativelyweakrestrictionsarerequiredtoobtainthisiden-
tificationresult.Oneisthatthepost-transactiondummymustbeirrelevantforexplainingthe
expectedpriceofwine,oncewehavecontrolledforunobservedquality,thebefore-transaction
dummy,andpossiblyothercontrolvariables.UsingtheterminologyofWooldridge(2002),the
formerdummyisthusassumedtoberedundantinthestructuralpriceequation.Theotherre-
strictionneededisthatintheprojectionofqualityonthemedalindicators,thecorresponding
twoprojectioncoefficientsshouldbeequal.Looselyspeaking,weassumeherethatthequality
ofawineisthesameregardlessofwhetheritreceivesaprizebeforeorafterthetransaction.
Second,whataretheexpectedprofitsthatwineproducersgetfromparticipatinginwine

competitions?Addressingthisquestionrequiresthecalculationofexpectedcostsandbene-
fits.Theformerareobtainedusingavailableinformationontheparticipationfeeschargedby
competitions,thepriceofmedalstickers,andthecostsoftransportingwinesamplesfromBor-
deauxtothecontestvenue;thelatterareobtainedusingobservedprices,transactionvolumes,
ourestimatesofthecausalimpactofmedals,anddifferentvaluesfortheprobabilitiesofwin-
ningmedals(wetakebothsmallandlargevalues,andtheempiricalproportionsofwines
awardedineachcontest).Thecontestsinoursamplearequiteheterogeneous.Someofthem
arestate-owned,whileothersareprivatelyrunones,andtheydifferinprestige,thenumberof
participantstheyattract,theentryfees,theproportionofwinesbeingawarded,andtheman-
nerinwhichtheirjuriesevaluatewines.Itisthereforeofparticularinterestheretoshowour
profitcalculationsseparatelyforthedifferentcompetitions.
Third,arejuriesmakingefficientchoicesinattributingmedalawards?Weanswerthisques-

tionsimplybyestimatingthecoefficientsonthepost-transactionmedaldummies(toaccount
forthediversityofthecompetitionsdescribedabove,weincludeinthemodeladummyfor
eachcontest).Underouridentificationrestrictions,thesecoefficientscanbeinterpretedasthe
partialcorrelationbetweenqualityandthemedaldummies.Checkingwhetherthejudgesof
agivencompetitionmakedecisionsthatareefficientandinformativeamountsthentotesting
whetherthecorrespondingmedalindicatorisstatisticallysignificant.

1Seehttps://www.lenouveleconomiste.fr/lesdossiers/les-concours-14338(downloadedMay2017).



3.2.Institutionalsetting 53

Theempiricalliteratureoncertificationandqualitydisclosurehassofarpaidlittleattention
tothepriceeffectofawards.Ithasinsteadprimarilyfocusedonwhetherdisclosuremodifies
thebehaviorofconsumersandproducers(seethesurveybyDranoveandZheJin2010). We
areawareofonlyacoupleofpapersthatlookattheimpactofcertificationeffectsonprices.
WimmerandChezum(2003)compareauctionsofcertifiedandnon-certifiedracehorsesand
findthattheformeraresoldathigherprices.DewanandHsu(2004)studystampauctions
anddocumentthatbuyerpricesateBayarelowerthanataspecialtystampsauction(where
thereislowerqualityuncertainty).Lima(2006)findsthatwinesaremoreexpensivewhenthey
havereceivedmedalsfromCaliforniantastingevents.Hedoesnot,however,accountforthe
possibleendogeneityofmedalindicators.
Twocloselyrelatedpapers,HadjAlietal.(2008)andDuboisandNauges(2010),lookat

theeffectofgradesassignedbyParkeronBordeauxwineprices.Tocorrectfortheomitted-
variablebiasthefirstpapertakesadvantageofanaturalexperiment:inoneyearthecritic
didnotevaluatethewinesandproducershadtosetpriceswithoutknowledgeofhisopinion.
Thesecondpapertacklestheproblemdifferentlybyassumingthatunobservedqualityisa
polynomialofobservedscores.Gradingbywinecriticsdiffersfromcontestcertificationinthe
sensethatthedecisiontoevaluateagivengoodistakenbytheexpertsandnottheproducers,
anditdoesnotentailanycostsforthem.
Ourpaperalsocontributestoaliteraturedocumentingthatdecisionstakenbyjuriesand

evaluationcommitteesarefrequentlyinfluencedbyfactorsunrelatedtothequalityoftheob-
jectsbeingevaluated.GinsburghandVanOurs(2003)showthattherandomorderinwhich
pianistsperformattheQueenElisabethcompetitionaffectstheirranking.Redelmeierand
Baxter(2009)findthatstudentshavealowerchanceofgettingadmittedattheuniversityof
Toronto’smedicalschoolwheninterviewstakeplaceonrainydays.AccordingtoGoldinand
Rouse(2000),thelikelihoodthatfemalemusiciansgethiredbysymphonyorchestrasincreases
whenjuriesusescreenstoconcealthegenderofcandidates.Ourpaperisalsorelatedtoaseries
ofarticlesshowingthatevenhighlyexperiencedconnaisseurshavedifficultiesinidentifying
anddetectingthehigh-qualityproductsunderdouble-blindconditions.Fritzetal.(2012)find
thatprofessionalviolonistsprefernew-technologyviolinsoverinstrumentsbyStradivariand
GuarneridelGesu.Hodgson(2008)organizedanexperimentataCalifornianwinecompeti-
tioninwhichjudgeshadtoevaluatefligthscontainingreplicatesofexactlythesamewine.
Onlyasmallminorityofjudgeswereabletoassignthesamemedaltotheotherwiseidenti-
calwines.Unlikethesepapers,weonlyoffersuggestiveevidenceoftheinefficiencyofjury
choices,throughtheestimationofthepost-transactionmedalcoefficients.
InSection3.2webrieflydescribetheBordeauxwinemarketandtheorganizationofthe

differentcontests. Wealsoexplaintherewhatarethepossiblereasonsforobservingpost-
transactionmedalsinourdata.Section3.3containsadescriptiveanalysisofourdata.Section
3.4describesourestimationmethodandinparticularouridentificationstrategy.Section3.5
presenttheresults,andSection3.6concludes.

3.2 Institutionalsetting

InSection3.2.1webrieflypresenttheorganizationoftheBordeauxwinemarketandtherole
playedbybrokers.InSection3.2.2wedescribehowwinecontestsareorganized,focusingon
theelevencompetitionfromwhichweretrievedthemedalinformation.Section3.2.3explains
whyitispossiblethatpost-transactionmedalsareobservedinthedata.
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3.2.1 TheBordeauxwinemarketandtheroleofbrokers

Nowadaysthereareroughly7,000individualwineproducersintheBordeauxregion,includ-
ingtwoorthreehundredveryprestigiousandinternationallyacclaimedchâteaux(retailprice
ofmorethan50 perbottle),andalargemajorityoflesserknownwine-makers.Mostofthese
producersselltheirwinesnotdirectlytoretailersbuttolocalwinewholesalerscallednégo-
ciants,ofwhichtherearecurrentlyabout300inBordeaux.Thetransactionsbetweenthepro-
ducersandnégociantsaretypicallyhandledbybrokeryoffices(thereareapproximately80of
them).Awinebrokerisamiddlemanwhofacilitatesthematchingbetweenproducersand
négociants.Contrarytothelatter,brokersmaintainacloserelationshipwiththeproducers,by
regularlypayingvisitstothewineestatesandgivingadviceonallaspectsofwineproduc-
tion. Whileaproducertreatsinmostcaseswithtwoorthreebrokers,eachbrokerdealswith
hundredsofdifferentproducersandnégociants.Theeverydayjobofabrokeristocollectthe
demandsofthenégociants,eachdemandreferringtoamoreorlessspecificquality,volumeand
price,andtofindasuitablelotwithinhisportfolioofproducers.Whenabrokerfindsalotthat
possiblymeetsademand,hedeliversasampleofthewinetothenégociantfortasting.Ifqual-
ityissatisfactory,theprecisetermsofthetransactionarenegotiatedbythebrokerseparately
withtheproducerandthewholesaler,themainissuesbeingtheprice,thequantityandthede-
laybeforethewineisavailableandcanbedelivered.Basedonahistoricalconsensus,brokers
areusuallyremuneratedat2%ofthevalueofeachtransactiontheyconclude.Ourtransaction
datacomefromoneofthelargestBordeaux-basedbrokers.Thevolumeofwinetradedbythis
brokerrepresentsabout25%ofthetotalvolumehandledbyallBordeaux-basedbrokers,and
around15%oftheannualproductioninBordeaux.
Giventhelargenumberofsuppliers,theBordeauxwinemarketisveryatomisticandcom-

petitionisfierce,especiallyamongthelesserknownproducers.Unliketheprestigiouschâteaux
owners,theyhavefewpossibilitiestoalleviatetheeffectsofthisfiercecompetitionandtodif-
ferentiatethemselvesfromtheirdirectcompetitors.2Onewaytostrengthentheirmarketpo-
sitionistojoinacooperativewinery.3Thisallowsthemnotonlytoacquiremorebargaining
powervisàvisthebrokersandthenégociants,butalsotosharevariousfixedcosts(e.g.,the
costsofharvestingmachines)withothermembersofthecooperative.Thewinesaremarketed
undertheirownchâteaunames,butsalesarecoordinatedandmanagedbythecooperation.
Theannualsalerevenueissharedamongtheadherentsdependingonthequalityandquan-
tityofwineeachonebroughttothepool.Thiscooperativesystemoffersnumerousproducers
aformofprotectionwhileremainingsomehowindependentfromeachother.Asmentioned
intheintroduction,theprimarywayforthelessknownwinemakerstoincreasetheirmarket
sharesistoparticipateinwinecontestsandwinmedals.

2Sincetheearly1990sFrenchlawsseverelylimitallformsofpublicityforalcoholproducts. Wineproducers
belongingtothetop-endqualitysegmentbenefit,however,fromseveraltypesofindirectpublicity.Manyofthem
areclassified(e.g.,accordingtothe1855classificationofMédocwines,ortothe1955classificationofSaint-Emilion
wines),andtherankingsarementionedonthebottlelabels.Furthermore,thesehigh-flyersareactivelytradedat
auctionsthroughouttheworld,andgetextensivemediacoveragefrominfluentialwineexpertswhotasteandgrade
theirwines.Incontrast,thelessknownchâteauxhavefewopportunitiestoadvertisetheirproducts:theirlabelsare
lessinformative(typicallyonlytheproducernameandtheappellationarementioned),andthesewinesareneither
soldatauctionsnorevaluatedbytheinfluentialexperts.Atbestsomeofthemgetmentionedandrecommendedin
wineguides.

3In2016,abouthalfoftheproducerstookpartinoneofthe36existingcooperativewineries.
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3.2.2 Winecompetitions

About130officialwinecompetitionsareheldannuallyinFrance.4Theyareorganizedinearly
spring,allowingproducerstovinifythewinesoftheirlatestharvest,andparticipateinthe
competitionssoonthereafter.Forhistoricalreasons,manyofthesecontestsfocusexclusively
onwinesfromaspecificregionofFrance.Forinstance,theConcoursdeBordeauxisonlyde-
votedtoBordeauxwines,andtheConcoursdesLigersonlytowinesoftheLoireregion.Other
competitions,suchastheConcoursGénéralAgricole,arenation-wideandopentowinesfromthe
wholeofFrance.Finallythereareinternationalcontestsopenalsotonon-Frenchwines,such
astheConcoursInternationaldeLyon.
Interestingly,thewinecontestsinFrancedifferinmanyotherrespectsaswell.Thereis

firstofallvariationintermsofthejurycompositions.MostofthejuriesrecruitedintheFrench
competitionsareentirelymadeupofwineprofessionals(sommeliers,winemakers,oenologists,
ornégociants),butsomecontestsdeliberatelychoosetoincludeamateurtastersaswell.Itis
arguedbythelatterconteststhatamateurshavejudgmentswhichbetterreflectthetastesof
everydayconsumers,andthattheyarelesspronetoconflictsofinterestthanprofessionals.
Thecontestsalsodifferinthenumberofwinesthateachjudgehastoevaluateperday.This
isanimportantissuebecausetheaccuracyofajudgeislikelytodeclinewiththenumberof
winesthathavetobetastedinagivenamountoftime.Thisisespeciallytrueifthejudgeisan
amateur,whichisperhapswhyingeneralamateurshavelesswinestotastethanprofessional
judges.
Yetanotherfeaturethatdistinguishesthecompetitionsistheirdegreeofselectivity,asmea-

suredbytheshareofwinesthatgetawarded,andtheproportionofmedalsattributedtoeach
typeofmedal.Frenchregulationsprohibitconteststoawardmorethan33%oftheparticipat-
ingwines.Somecompetitionsstickcloselytothislimitbutothersaremoreselective.Theshare
ofeachtypeofmedalalsovariesacrosscompetitions:someattributeforinstancerelatively
fewgoldmedals,whileotherscompletelybanbronzemedals.Finally,thecompetitionsvaryin
termsofthecoststhathavetobeincurredbyparticipants(participationfee,priceofthemedal
stickers5),theselectionofthesamples,6andtheproceduresadoptedbythejuriestoaward
wines.Regardingthislastfeature,althoughbasicallyallcompetitionsevaluatethewinesinthe
samemanner,7thereisvariationinthewayjudgeschoosewinners.Afterevaluatingthewines
withinagivenflight,eitheralljudgesdeliberateandagreeorallyonthelaureates(attribution
ofawardsbyconsensus),ortheymaketheirdecisionsbasedonthenumericalgradesassigned
byeachjudgeonatastinggrid(attributionbyscoring).8

Forthispaperwehavecollecteddatafromelevenwinecompetitions.Nineofthemareor-
ganizedinFrance,andtwoabroad.Thesecontestsarearguablythemostimportantcontests
whereBordeauxwinesareallowedtocompete,andtakentogethertheyareresponsiblefor
about90%ofthemedalsthatthesewineswineachyear.Theelevencompetitions(abbrevia-
tionsinparentheses)are:theConcoursdeBordeaux(BOR),aregionalcontestdevotedexclusively
toBordeauxwines;theConcoursMondialdeBruxelles(BRU),aBelgianinternationalcontestheld

4Since2000aboutthreenewFrenchcontestshavebeenlaunchedeachyear,indicatingthatthisisaprofitable
business.

5Medalwinnerswhowishtodisseminatethisinformationtoconsumershavetopaythestickersthatareputon
thebottles.

6Thesamplesareeitherchosenandsentdirectlybytheproducers,orthecompetitionofficialsgotothechâteaux
themselvesandpickthesamplesthere.Inthelattercasethepossibilityofanymanipulationofthesamplesis
reduced.

7Seatedatatable,thejudgesofajuryareservedwithflightsofuptoadozenwineseach.Totheextentpossible,
thewineswithinaflightareofthesamevintageandregion,andtheproductsareblind-tasted(exceptforthevintage
andregionthejudgesknownothingofthewines).

8Allwineswithanaveragescoreaboveacertainthresholdgetamedal,andthehigherthescorethebetterthe
medal.Thethresholdsaremostlydeterminedattheendofthecompetitionandenforcethe33%rule.
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eachyearinadifferentcountry;theChallengeInternationalduVin(CHA),aninternationalcon-
testheldintheBordeauxregion;theConcoursdesVigneronsIndépendantsdeFrance(CVI),a
nation-widecontestonlyforindividualandindependentwinemakers;theDecanterWorldWine
Award(DEC),arecentbutlargeinternationalcompetitionorganizedinLondonbytheDecanter
magazine;theConcoursMondialdesFeminalise(FEM),arecentcontestthatwentinternationalin
2015andwherealljudgesarewomen;theConcoursInternationaldeLyon(LYO),arecentinter-
nationalcontestheldinLyon;theConcoursdesGrandsVinsdeFranceàMâcon(MAC),anoldna-
tionalcontestheldinMâcon;theConcoursGénéralAgricole(PAR),theoldestandlargestFrench
winecontest,heldinParis;theVinaliesNationales(VIN),anationalcontestwherealljudgesare
professionaloenologists;theVinaliesInternationales(VII),theinternationalcounterpartofVIN.
Table3.1givesmoredetailsaboutthesecompetitions(figuresprevailingin2016).Row1

liststheyearofcreationofeachcontest.ThemostrecentlycreatedonesareDEC9,FEM,and
LYO(about10yearsago),whileBORandPARarethetwooldestones,foundedinrespectively
1956and1870.Row2givesthescopeofeachcompetition.Sixofthem(includingthetwo
foreigncompetitions,BRUandDEC)areinternationalandacceptwinesfromallcountries,four
onlyacceptFrenchwines,andoneonlyacceptswinesfromtheBordeauxregion(BOR).Row3
indicateswhetherthemedalsaregrantedbyoralconsensusorbyscoring.BOR,CVIandPAR
attributethemedalsbyconsensus,andtherestofthecompetitionsuseascoringprocess.Row
4showshowthecontestofficialsselectthesamples.BORandPARpickthesamplesdirectlyin
thetanksorbarrelsoftheproducers,andtheothercompetitionshavethesamplessentdirectly
bytheproducers.10

Thenumberofwinesevaluatedin2016isgiveninRow5.Itvariesfromapproximately
3,000forVINandVIItomorethan16,000forPAR.Row6givesthetotalshareofawarded
winesin2016.AllninecompetitionsheldinFrancerespectthe33%restriction:PARisthemost
selectivecontest(24%ofwinesareawarded),andFEMtheleast(33%).Forthetwoforeign
competitions(recallthattheyarenotconcernedbythisFrenchregulation),BRUandDEC,the
fractionsare30%and59%respectively.Thesharesofeachtypeofmedalarelistedinrows7,8,
and9.WeseethatBOR,FEMandLYOawardrelativelymanygoldmedals(between12%and
14%ofthewinescompetinginthesecontestsgetgold),whileDEC,VINandVIIaretheones
thatgivefew(between3%and7%).Threecontests,BRU,LYO,andVII,givenobronzemedals
atall,whileDECattributes"commended"orbronzemedalstoalmost60%ofitsparticipating
wines.Finally,BRUandVIIarethemostgenerouswithsilver(respectively19%and22%of
theirwinesgetthismedal).
Row10indicateswhetherthejuryiscomposedofwineprofessionalsonly(pro.),amateurs

only(amat.),acombinationofthetwo(mix.),orprofessionaloenologistsonly(oen.).Thejuries
offivecompetitions(CHA,FEM,LYO,MAC,andPAR)aremixed,andthejuriesofBOR,BRU
and MACarecompletelymadeupofprofessionaljudges;thejuriesofCVIareexclusively
composedofamateurs,whilethoseofVINandVIIonlycontainoenologists.Row11shows
thatthenumberofjudgespercompetitionrangesbetween75(VIN)and3,227judges(PAR),
androw12thatthecontestsinoursamplelastedbetween1and5days.Row13gives,foreach
contest,thenumberofparticipatingwines,dividedbythenumberofjudgestimesthenumber
ofdays.Althoughthisratiodoesnotexactlymeasurethenumberofwinestastedperjudgeon
agivenday(sinceeachwineistypicallyevaluatedbyseveraljudges),11itisagoodmeasure

9Thewinecompetitiononlyexistssince2006,butthemagazinewaslaunchedin1975andhassincegainedcredit
foritsevaluationoffinewines.Thisdetailwillbeimportantintheinterpretationoftheresultsinsection3.5.2.
10BORandPARarestate-ownedcompetitions,sothatitiseasierforthemtofindagentstovisittheproducers

andcollectthesamples.Theothercompetitionsareorganizedbyprivatefirmsorassociations.
11Thenumberofjudgestastingeachwinevariesacrosscontests(andevenwithincontests)andisunknownin

thedata.Taking4judgesas(areasonable)estimate,theratioforCHAwouldimplythateachjudgeinthiscontest
tastes12winesperday.
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ofthedifficultyofthetaskfacedbyjudges.TheratioissmallestforPAR,andlargestforDEC.
Finally,thelasttworowsgivetheparticipationfeesandthepricesforthemedalstickersof
eachcompetition.Bothfiguresarereportedbeforetaxes.Theentryfeesarenotthathighand
rangebetween37 (LYO)and161 (DEC).Thecostof1,000stickersvariesbetween20(CVI,
MAC)and57 (DEC).12

3.2.3 Rationaleforpost-transactionmedals

Beforeturningtothedescriptiveanalysisofthedatawewishtoexplainwhy,forasubstantial
fractionofwinesinthesample,medalsareattributedafterthetransactions.Thisfeatureofthe
dataplaysanimportantroleinouridentificationstrategy,butmayseemsomewhatsurprising
andcounterintuitiveatfirstsight.Indeed,itisnotclearwhataretheincentivesforproducersto
participateincontestsafterhavingsoldtheirwine.Therearefourpossiblereasonsforthephe-
nomenon.First,winemakerstypicallydonetselltheirtotalproductioninoneshot,through
onebroker,butmostlyviamultiplebrokers.Itcanthenberationalforawinemakertosell
partoftheproductionsoonaftertheharvest(e.g.,becausecashisurgentlyneeded),sayinJan-
uary,participateinthecompetitionsinspring,andselltherestoncethecontestoutcomesare
known,sayinJuly.AssumingthattheJanuarysalewasnegotiatedbythebrokerthatshared
itsdatawithus,andthatinadditionaamedalwasobtained,thiswinemakerwouldappearin
oursampleashavingsolditswinebeforeobtaininganaward.Second,evenforwinemakers
whoselltheirtotaloutputbeforethecontests,itmaybeofinteresttoparticipateincontests
nottowinmedalsbuttogetfeedbackaboutthequalityoftheirlatestvintage(thinkofproduc-
ershavingintroducednewvinificationtechniques).Third,négociantshavetherighttoenter
winecompetitionswithlotstheyhaveboughtfromtheproducers(somecompetitionsforbid
thispractice),and,hereagain,thisresultsinthelattershowingupasreceivingmedalsafter
thetransactionstakeplace.Fourth,asmallfractionofthetransactionstaketheformofwrit-
tencontractsbetweenproducersandnégociants,stipulatingthatthelatterpayaprice-markup
totheformerincasemedalsareawardedbetweenthetransactiondateandthedateofde-
livery/payment.13Suchcontingentcontractsallowproducerstoselltheirwinesearlyinthe
seasonbutnonethelessearnextraincomeincasetheywinprizeslateron.

3.3 DescriptiveStatistics

Wehavecollectedtherecordsofourelevenwinecontestsfortheyears2006to2016.Foreach
contestandyearweobservethedateofthecompetition,theidentitiesofallwinners(i.e.,the
namesofthechâteauxandthenamesofthewineproducers),14thecolor(bronze,silver,gold)
ofthemedalreceivedbyeachwinner,andsomeadditionalcompetitioncharacteristics(de-
scribedinTable3.1).Thetransactiondatasetmadeavailabletousbythebrokercoversthepe-
riod2005-2016.Thebrokerexcludedfromthedataalltransactionsregardingtheelitechâteaux
mentionedintheprevioussection.Sincetheseproducersneverparticipateinwinecompeti-
tions,itisnotproblematicthattheyarediscardedfromtheanalysis.Foreachtransactionwe

12Somecontestschargeentryfeesthatdecreasewiththenumberofwinesamplessentbytheproducer.BRU,for
example,asksbetween150(firstsample)and138 (eachadditionalsample).Similarly,stickerpricesmayvarywith
thequantitydemanded.Ifmultipleentriesaregiveninthetable,itmeansthatthemarginalcostof1,000stickers
variesbetweenthelowerandthehigheramount.
13Theaveragedelaybetweenthesignatureofthecontractandthedateofdeliveryisabout100days.Paymentis

due60daysafterdelivery.
14Unfortunatelywehavenoinformationonthecontestlosers.
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observetheexacttransactiondate,thevolumeofwinesold,thepriceofthisvolume,thevin-
tage,theappellation,thetypeofpackaging(bottled,bulk,orbottledwhencollected(BWC15)),
andthetypeofproducer(individualwinemaker,orwinemakerbelongingtoacooperative
winery).Fromtheinitialsampleweonlykeptthetransactionscorrespondingtothe2005-2014
vintages,i.e.,weexcludedwinesfrom2015and2016,andthosefrom2004andearlier.16We
thenmatchedthetransactionandmedaldatasetsontheidentitiesofthewines,resultingina
sampleof16,399observations.
Table3.2containsdescriptivestatisticsonsomeofthemainvariablesinourdataset.The

averagepriceper0.75liters(thequantitycontainedinastandardbottle)17is2.24 ,themin-
imum(resp.maximum)priceis0.05 (40 );99%ofpricesarebelow8.6 /0.75L,and90%
below4.9 /0.75L,confirmingthatwearedealingherewiththelow-pricesegmentwines.We
emphasizethatthesepricesaretheonespaidbythenégociants,finalconsumerspayabout30
to40%moreatretailers.Thequantitiessoldthroughthebrokeraresubstantial:onaverage,
producerssellalmost50,000liters.Amongwineswhichreceivedatleastonemedalpriortothe
transaction,theaveragedurationbetweenthemomentthemedalisawardedandthetransac-
tionisalmost14months(ifmultiplemedalsareattributed,wepicktheonesuchthatduration
betweenthesetwomomentsisshortest).Amongthoseawardedatleastonceafterthetransac-
tion,theaveragedurationseparatingthetransactionandawardisalmost8months(incaseof
multipleawardswepickagaintheonesuchthatthedurationisshortest).

TABLE3.2–Descriptivestatistics

Variable Mean Sd.error Min Max

Price( /0.75L) 2.24 1.98 0.05 40
Volume(1,000L) 48.58 66.69 0.01 1,155.56
Delaybetweenpriormedalandtransaction*(months) 13.92 14.63 0 89.9
Delaybetweentransactionandfuturemedal*(months) 7.97 9.28 0.03 103.11
Age(months) 18.86 17.11 0 129
Vintage 2009.6 2.76 2005 2014
Delaybetweentransactionanddelivery(months) 3.11 3.35 0 37.06
Typeseller:Cooperativewinery 0.17 0.37 0 1
Typeseller:Individualwinemaker 0.83 0.37 0 1
Typepackaging:Bottled 0.24 0.42 0 1
Typepackaging:Bulk 0.62 0.49 0 1
Typepackaging:BWC 0.14 0.35 0 1

N 16,399

*:Ifthewineobtainedseveralmedalsbeforeorafterthetransaction,weconsiderthemedalforwhich
theawarddateisclosesttothetransactiondate.

TheremainingvariablesinTable3.2actasourcontrolvariablesintheempiricalanalysis.18

Thewine’sage(monthoftransactionminusSeptemberofvintageyear)isaround19monthson

15InBordeaux,winesarenotdeliveredbytheproducersbutcollectedbythenégociants.Whenawineisnotsold
inbottles,eitherthenégociantscomewithatruckandpumpupthewinefromtheproducers’reservoirs(bulk),or
bottlethewinesdirectlyatthechâteauusingbottlingtrucks(BWC).
16Eachyeartheelevencontestsattributeprizesprimarilytowinesofthetwolatestvintages(forexample,in

2012,BORawarded87%ofitsprizestothe2010and2011vintages).Giventhatourmedaldatabasecoversthe
years2006-2016,thisexplainswhyitissufficienttodropamongtherecentvintagesonlythosefrom2015and2016.
Similarly,itexplainswhyweneedtoexcludeallwinesfrom2004andearlier.
17Thispriceiscalculatedastheratiooftotalamountpaid(ineuros)andvolume(inliters)times0.75.
18Ourcontrolsalsoincludeappellationdummies,butsincetherearemorethan50ofthemthedescriptivestatis-

ticsareomitted.
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average,withaminimumof0months(correspondingtoawinesoldduringtheharvestmonth)
andamaximumof129months(almost11years).Asexplainedabove,thetransactionsinour
dataarechosensuchthatallwinesarefromthe2005-2014vintages.Producersdelivertheir
winesquicklyafterthetransaction:onaveragethenégociantsreceivetheproductsslightlymore
than3monthsaftersignatureofthecontract.Thelargemajorityofwines(83%)areproducedby
individualwinemakers,whiletheremaining17%aremadebywinemakerswhohavejoined
acooperative.Thelastthreelinesindicatethetypeofpackaging:24%ofwinesarealready
bottledatthetransactiondate,62%aresoldinbulk,and14%areBWC.
TableC.1intheAppendixCgivesacross-tabulationofthenumberofmedalsawarded

beforeandafterthetransaction.Weseethat13,298winesinthesamplehavenotwonamedalat
allintheelevencompetitions.Amongthe3,101prize-winningwines(16,399-13,298),2,711got
atleastonemedalbeforethetransaction,19while587gotatleastonemedalafterthetransaction.
Notethattherearewinesthatreceivedmultipleawards:forinstance,612winesgottwomedals
beforetheybeingsold,and102winesgotawardedtwiceafterthetransactiondate.Finally,
thereisasmallnumberofwinesthatgotprizesbothbeforeandafterthetransactiondate(for
example,129gotonemedalbeforeandoneafterthedateofsale).
TableC.2intheAppendixClists,foreachcontest,thetotalnumberofmedalsawarded

tothewinesinoursample,togetherwiththenumberofawardsseparatelyforgold,silver,
andbronze. Wedistinguishmedalsgivenbeforethetransactionfromthosegiventhereafter.
BORisbyfarthecompetitionthatawardedthehighestnumberofmedals:between2006and
2016itattributedaprizeto1,119winesbeforetheyweresold,andto178winesafterthey
weresold.OthercompetitionswithmanyawardsareMAC(735medalsbeforeand112after
thetransaction)andPAR(727and69).VIIisthecontestwhichawardedtheleastnumberof
medalsduringtheobservationperiod(30and11).Notethatthefractionofmedalsattributed
tothethreecolorsisquitesimilartotheaggregatemedalproportionsreportedinTable3.1.

TABLE3.3–Averagepricebynumberandtypeofmedalsbefore/aftertransac-
tion

Timing Characteristic
Numberofmedals Typeofmedal
0 1 2+ Bronze* Silver Gold

Beforethetransaction
AveragePrice( /0.75L) 2.05 2.99 3.6 3.58 3.21 3.21

Frequency 13,688 1,688 1,023 1,109 1,239 1,312

Afterthetransaction
AveragePrice( /0.75L) 2.21 3.05 3.67 3.43 3.18 3.19

Frequency 15,812 449 138 232 260 204

*:"Commended"medalsgivenbyDEChavebeenmergedwithbronzemedals.

Table3.3givesaveragepricesandfrequenciesbynumber(columns1-3)andtype(columns
4-6)ofmedalsreceived.Thestatisticsarereportedseparatelyforwinessoldbeforeandafter
thetransaction.Amongthe14,212wineswhichdidnotreceiveamedalbeforethetransac-
tion,theaveragepriceis2.05 /0.75L.Amongthe1,688wineswithexactlyoneawardbefore
thetransaction,theaverageis2.99 (anincreaseof46%),andamongthe1,023wineswith2
awardsormore3.6 (76%).Theaveragepriceforthe15,812wineswithoutpost-transaction
prizeis2.21 .Notethatthissubsampleincludes2,514wineshavingreceivedaprizebefore

19Thetransactiondatasetalsocontainsinformationonpastmedalawards.Thebrokerdidnotsystematically
andexhaustivelyrecordthisinformationinitsarchives:for939observations(outof2,711)onlythecontestdata
setindicatesthatmedalshavebeenawarded.However,for261observationsonlythetransactiondatasetindicates
pastmedalawards(thisconcernsessentiallywinesawardedatMAC,acontestthatonlyreleasestheproducers’
namesofthewinners(notthechâteauxnames),renderingmatchingmoredifficult).Ourestimationresultsarenot
qualitativelydifferentwhenthe261winesaretreatedasiftheyhavewonnomedalsbeforethetransactiondate.
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thetransaction(seeTableC.1),explainingwhythesewinesareabitmoreexpensive(relatively
towineswithoutprizesbeforethedateofsale).Amongthe449wineswithexactly1medal
afterthetransaction,theaveragepriceis3.05 ,andamongthe128wineswith2medalsor
more,3.67 .Lookingatthestatisticsbytypeofmedal,weseethatforthe232post-transaction
winnerswithatleastonebronzemedaltheaveragepriceis3.43 .Surprisingly,theaverage
priceforproducerswinningatleastonesilver(resp.gold)medalis3.18 (resp.3.19 ). We
cannotreject,however,thatmeanpricesdifferinastatisticallysignificantmanneracrossthe
threecolors.Thefiguresaresimilarforproducerswinningprizesbeforethedateofsale.How-
ever,theaverageforbronze(3.43 )isnowsignificantlylargerthanforsilverandgold(both
3.21 ).InSection3.5wewillseethatthiscounterintuitiveresultdisappearsoncewecontrol
foradditionalwinecharacteristics.

3.4 Estimationstrategy

Inthissectionwepresentourestimatorforthecausalimpactofmedalsonprices.Itisconve-
nienttostartthepresentationbyassumingthattherearenootherobservedpricedeterminants
besidesthemedals. Wethusexclude,forthemoment,thatvariablessuchastheageofthe
wine,itsappellation,oritspackaging,areobserved.Wealsoassumethatthereexistsjustone
typeofmedalandonlyonecompetition,i.e.,weignoreforthemomentthatmedalscomein
differentcolors(bronze,silver,gold),andthatinpracticeseveralwinecompetitionscoexist.
Finallyitisassumedthatagivenwinecanonlywinasinglemedalbeforethetransactiondate,
and/orasinglemedalinthefuture.Thepossibilitythatmultiplemedalsofdifferenttypescan
beawardedwillbeaccountedforlateron.
LetthepricePbegeneratedbythefollowingmodel:

ln(P)=α0+αMM +Q+ =α0+αMM +ξ (3.1)

whereM isabinaryvariableequalto1ifthewinehasobtainedamedalbeforethetrans-
actiondateand0otherwise,Qrepresentsunobservedqualityofthewine, isanerrorterm
capturingtheeffectofotherunobservedpricedeterminants,andξ=Q+ .Theparametersα0
andαM representtheinterceptandthecausaleffectofthemedal,respectively.LetFbeabinary
variableequalto1ifthewinewillgetamedalsomewhereafterthetransactionand0other-
wise.Weassumethattheerrorterm ismean-independentofM,Q,andF:E(|M,F,Q)=0.
WithoutlossofgeneralityitisfurthermoreassumedthatE(Q)=E()=0.NotethatqualityQ
isdefinedinsuchawaythatthecoefficientassociatedwiththisvariableisnormalizedtoone.
NotealsothatPisassumedtobedeterminedonlybythebefore-transactionmedalindicatorM
andQ,i.e.,thepost-transactionmedalindicatorFdoesnotaffectprice.TotheextentthatFis
bydefinitionunknownatthetimeoftransaction,itseemsnaturaltoexcludethisvariablefrom
thestructuralmodel(3.1).Notefinallythatourmodelstructureissimilartotheoneadopted
byDuboisandNauges(2010),exceptthattheydonotobservetheequivalentofthedummyF.
Letα̂OLSM denotetheOLSestimatorofαM.SinceM andQarepotentiallypositivelycorre-

lated,weexpectthattheprobabilitylimitof̂αOLSM exceedsαM.TheOLSestimatorisonlycon-
sistentundertheadditionalassumptionthatthemedalindicatorandunobservedqualityare
uncorrelated.Althoughthisassumptionisunlikelytoholdinpractice,wenonethelessreport
OLSestimatesinthenextsection,butmerelyasbenchmarkresults,whichwillbecompared
withtheresultsproducedbyourestimator.
Todefineourestimator,weconsiderthelinearprojectionofQonFandM (seeforexample

Wooldridge2002forthedefinitionandpropertiesoflinearprojections):

Q=β0+βMM +βFF+µ (3.2)



62 Chapter3.TheCausalImpactofMedalsonWineProducers’Prices

whereβ0,βM,andβFarethelinearpredictioncoefficients.Theerrortermµsatisfies,bydefi-
nitionofalinearprojection,cov(M,µ)=cov(F,µ)=0.ReplacingQinequation(3.1)by(3.2)
gives:20

ln(P)=(α0+β0)+(αM +βM)M +βFF+ +µ. (3.3)

Sincethecompositeerrorterm +µisuncorrelatedwithbothM andF,theOLSestimators

(αM +βM)andβ̂Fconsistentlyestimate(αM +βM)andβF.Undertheidentifyingrestriction
βM =βF,thedifferenceinOLSestimatorsisthusaconsistentestimatorofthecausaleffectαM.
Thisestimatorisdenotedα̂DIFM (thesuperscriptDIFtoindicatethatitisbasedonadifference
intwoestimators)andisdefinedas

α̂DIFM =αM +βM −β̂F.

NotethatourestimatordoesnotrequireM andQtobeuncorrelated(theidentifyingre-
strictionunderlyingtheOLSestimator).21Instead,weneedtoimposethemorenaturaland
plausiblerestrictionthatthepartialcorrelationbetweenM andQequalsthepartialcorrelation
betweenFandQ.22

Letusnowturntothemoregeneralcasewherewinescanwinmultiplemedals,ofdifferent
colors,andpossiblyfromdifferentcontests.Wenowalsoaccountforthepossibilitythatprices
canbeinfluencedbyavectorofobservablecharacteristics,denotedX.Theanalogueofthe
priceequation(3.1)becomes

ln(P)=α0+
J

j=1

αMjMj+αXX+Q+ (3.4)

andthelinearprojection(3.2)becomes

Q=β0+
J

j=1

βMjMj+
J

j=1

βFjFj+βXX+µ (3.5)

HereMjequals1ifthewinehasobtainedamedaloftypej(i.e.,ofacertaincolorandfrom
aspecificcompetition)beforethetransaction,and0otherwise.TheindicatorsFjaresimilarly
defined,andJrepresentsthetotalnumberofdifferenttypesofmedalsthatcanbeawarded.
Allparametershaveanalogousinterpretationsasabove.Theerrortermµisbydefinitionofa
projectionuncorrelatedwithallpast/futuremedalindicators,andwithX,andhasexpectation
equaltozero.Theerrortermsin(3.4)arestillassumedtobecenteredaroundzero:E(Q)=
E() =0.Theerror isnowassumedtobemean-independentofallmedalindicators,Q,
andX:E(|X,Q,Mj,Fj,j=1,...,J)=0.FinallyweassumethatQandXareuncorrelated:
E(Q|X)=0.
EstimationbyOLSleadstoinconsistentestimatorsforthesamereasonaspreviously:the

indicatorsMjareexpectedtobecorrelatedwithQ(capturingtheimpactofunobservedquality
componentsaftercontrollingforXandtheJmedalindicators).InparticulartheOLSestima-
torŝαOLSMj arethuslikelytobeinconsistent.

20TheideatoreplaceQbyitsprojectiononasetofregressorsisreminiscentofChamberlain’s1982approachto
unobservedeffectsmodels.
21Using(3.2) wehavecov(M,Q) =βMvar(M)+βFcov(M,F).UnderβM = βF, wegetcov(M,Q) =

βMcov(M,M+F),whichgenerallydiffersfromzeroexceptwhenβM =0and/orwhenthelastcovarianceequals
zero.
22ThevariableFisnotwhatWooldridge(2002)callsaproxyvariablefortheendogenousvariableM.Although

weassumethatFisredundantin(3.1)(likeaproxyvariable),weonlyimposeβM =βF (whileaproxyvariable
requiresβM =0).FisnotaninstrumentalvariableforM eithersinceitiscorrelatedwithQ.
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Todefinethegeneralizedversionofourdifferenceestimator,wesubstitute(3.5)in(3.4)and
get

ln(P)=(α0+β0)+

J

j=1

(αMj+βMj)Mj+
J

j=1

βFjFj+(αX+βX)X+ +µ.

Givenourassumptions,theerrorterm +µisuncorrelatedwithallregressors,andhencethe
OLSestimatorsofthisregressionmodelareconsistent.Aspreviously,theestimatorisdefined

asthedifferenceofOLSestimators:α̂DIFMj =αMj+βMj−β̂Fj.UnderβMj=βFj,j=1,...,J,
itisaconsistentestimatorofαMj.NotethattheestimatorofthecoefficientassociatedwithX
doesnotallowforconsistentestimationofthecausaleffectαX.
AninterestingbyproductofourmethodisthatitalsoprovidesanestimateofβFjforallj.

ThiscoefficientmeasuresthepartialcorrelationbetweenFjandQ,and,giventheidentifying
assumption,alsothepartialcorrelationbetweenMjandQ.TestingthehypothesisβFj =0
thenamountstocheckingwhetherqualityisuncorrelatedwithMj,andtestingβFj>βFj >
0isequivalenttocheckingwhetherthebefore-transactionmedalindicatoroftypejismore
stronglycorrelatedwithqualitythantheoneoftypej.
Ifoneiswillingtomaketheadditionalassumptionthatµismean-independentofXand

allmedalindicators,23thenthesumαMj+βMjhasaniceinterpretation.Moreprecisely,under
Hµ:E(µ|X,Mj,Fj,∀j)=0,wehave:

E(∆ln(P)) ≡ E(ln(P)|X,Mj=1,Mj=0,∀j=j,Fj,∀j)−E(ln(P)|X,Mj=0,Fj,∀j)

= αMj+E(Q|X,Mj=1,Mj=0,∀j=j,Fj,∀j)−E(Q|X,Mj=0,Fj,∀j)

= αMj+βMj. (3.6)

Theexpected(logarithmic)pricegapbetweenwineswithamedaloftypejandwineswithout
anymedalatall(conditionalonXandallFs),denotedE(∆ln(P)),canbedecomposedasthe
sumofthecausaleffectofthismedal,αMj,andthedifferenceinqualitybetweenthesetwo
typesofwines,βMj.Notealsothatouridentifyingrestrictionhasamoretransparentinterpre-
tationunderHµ:theexpectedwinequalityisthesameforwinesreceivingamedaloftypej
beforeandafterthetransaction.24

3.5 Empiricalresults

InSection3.5.1westartpresentingaggregateestimationresults,obtainedundertheassump-
tionthatmedaleffectsarethesameacrossthedifferentmedalcolorsandwinecompetitions.
Theseinitialresultsalsorelyimplicitlyonthehypothesisthatwinningtwoormoremedalshas
thesameimpactaswinningasingleone.InSection3.5.2werelaxthesesimplifyingrestric-
tionsandallowforthepossibilitythatwinescanwinmultipleanddifferenttypesofmedals.
Thisallowsustoanalyzehowtheimpactofmedalsvariesbycolor(bronze,silver,gold),and
typeofcompetition(prestige,participationfee,tastingmethod)atwhichtheyareawarded.
Finally,Section3.5.3usestheestimatedmedaleffectstocalculateproducers’expectedprofits
fromparticipatinginawinecompetition.

23Since(3.5)isaprojection,µisbyconstructioncenteredaroundzero.Butthiserrortermisnotnecessarilymean-
independentoftheregressors.
24GivenHµ,therestrictionβMj = βFj isequivalenttoE(Q|X,Mj =1,Mj =0,∀j = j,Fj =0,∀j) =

E(Q|X,Fj=1,Fj =0,∀j=j,Mj=0,∀j).
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3.5.1 Aggregateresults

AllestimationresultspresentedinthissectionarecollectedinTable3.4.Column1reportsthe
twoestimatesofαM (usingOLSandouralternativemethod),togetherwithstandarderrorsin
parentheses,assumingthatpricesaregeneratedbymodel(3.1).HerePisthepriceinper75
clofwine,M =1ifatleastonemedalhasbeenawardedtothewinepriortothetransaction
date,andM =0otherwise.Notethattheobservedwinecharacteristicsarenotincludedinthe
model.Wealsoreportincolumn1theOLSestimatesofαM +βM,andβF,i.e.,theparameters
associatedwithM andFin(3.3),whereF=1ifatleastonemedalwillbeawardedafterthe
transactiondate,and0otherwise.TheestimatêαOLSM issignificantatthe1%level,andsuggests
thataproducercanget52.4%moreperbottleofwinewhenhisproducthaswonatleastone
medalbeforethetransaction.Theestimateα̂DIFM issubstantiallysmaller,andimpliesthatthe
price-increaseformedalwinnersis19.3%(alsosignificantatthe1%level).TheOLSestimates

αM +βM andβ̂Fequal0.512and0.319,respectively(botharestronglysignificant).Recallthat
thedifferencebetweenthetwocorrespondstôαDIFM .TheR2inmodel(3.3)is0.081.

TABLE3.4–EstimatesofαM

Estimate (1) (2) (3)

α̂OLSM 0.524 0.192 0.173
(0.014) (0.007) (0.007)

α̂DIFM 0.193 0.157 0.132
(0.036) (0.013) (0.012)

αM +βM 0.512 0.191 0.172
(0.014) (0.007) (0.007)

β̂F 0.319 0.035 0.04
(0.032) (0.011) (0.01)

CharacteristicsX No Yes Yes
Fixedeffects No No Yes
N 16,399 16,399 16,399
R2 0.081 0.904 0.924

Column2reportsestimateswhenthewine/producercharacteristicsXareaddedtothe
model,i.e.,thespecificationweconsidernowisP=α0+αMM +αXX+Q+ ,whereM
isdefinedasabove.ThevariablesincludedinXare:theageofwineatthetransactiondate
(inmonths);thedelayseparatingthetransactiondateandthedeliveryofthewinetothepur-
chaser(inmonths);theproducertype(adummyindicatingthattheproducerisanindividual
winemaker);thetypeofpackaging(adummyindicatingthatthewineissoldinbulk,and
anotheroneindicatingthatitissoldbottled);and45dummiesindicatingtheappellationof
eachwine.ControllingforthesecharacteristicsleadstoasubstantialdropintheOLSestimate
ofαM (itnowequals0.192);theDIFestimateremainsrelativelystablecomparedtocolumn1

(now0.157).Bothremainstronglysignificant.TheestimatesαM +βM andβ̂F(obtainedfrom
estimatingbyOLStheregressionmodel(3.3)towhich(αX+βX)Xisadded)havealsosharply
dropped.Controllingforthecharacteristicsofwineandproducersubstantiallyaugmentsthe
R2(now0.904).Column3liststheresultswhenfixedeffectsforthetransaction-yearandvin-
tageareaddedtothepriceequation.Controllingforthesefixedeffectsreducesthemagnitude
ofthetwoestimatesofαM estimatesyetagain,butthedropismodestcomparedtothosere-
portedincolumn2.TheestimateofαM +βM hasslightlydecreased,whiletheestimateofβF
hasslightlyincreased.Allestimatesremainstronglysignificant,andtheR2nowequals0.924.
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Overall,theconclusionfromTable3.4isthatOLSproduceslargerestimatesofαM thanour
alternativemethod,especiallywhenwedonotcontrolforthewinecharacteristicsXandthe
fixedeffects.ThisisconsistentwithourpointofviewthatOLSoverestimatesthecausaleffect
ofmedalswhileourmethodatleastmitigatesthisbias.Allestimatesα̂DIFM aresignificantly
positive,implyingthat,ceterisparibus,awineismoreexpensivewhenitismedaled.Evenour
mostconservativeestimate(incolumn3)suggeststhatmedalwinnerscanaugmentpricesby
nolessthan13%.Notethatthisestimateisbetween10and15%,theintervalofvalueswithin
whichthecausaleffectshouldlieaccordingtowinemagzinecitedintheintroduction.AllOLS
estimatesofαM are,however,abovethisinterval.SinceβFispositiveandsignificantlydifferent
fromzeroinallthreespecifications,qualityandthedummyindictingafuturemedalaward
arepositivelycorrelated.Apartfromcolumn1,β̂DIFF ismuchsmallerthan̂αDIFM .Recalling
thedecompositionformula(3.6),mostoftheexpectedpricedifferencebetweenmedaledand
non-medaledwinescomesfromthecausalimpactofthecertification,notfromthedifference
inqualityofthesewines.Moreprecisely,takingtheestimatesofαM andβFreportedincolumn
3,theexpectedpricedifferenceis17.2%,ofwhich13.2percentagepointscanbeattributedto
certification,andonly4percentagepointstoqualityheterogeneity.

3.5.2 Resultsbynumberofmedals,color,andcompetition

Incolumns1-3ofTable3.5wereportestimationresultsforapricemodelwhichexplicitly
allowsthemedaleffecttodifferbythenumberofawardsreceived.Specifically,weassume
thatpricesaremodeledaccordingto(3.4),withJ=3andthreedummies,M1,M2,andM3+.
HereM1(resp.M2)equals1ifawinehasobtainedexactlyonemedal(resp.twomedals)prior
tothetransaction,and0otherwise;M3+equals1ifatleastthreemedalsareobtainedbeforethe
transaction,and0otherwise.ThevariablesF1,F2,andF3+aredefinedanalogously. Weonly
reporttheresultswithX(definedasabove)andfixedeffectsaddedtothespecification.

TABLE3.5–EstimatesofαM bynumberandcolorofmedals

Estimate
Numberofmedals Colorofthemedal
M1 M2 M3+ Mgold Msilver Mbronze

α̂OLSMj
0.166 0.2 0.256 0.194 0.077 0.075
(0.007) (0.01) (0.014) (0.008) (0.007) (0.008)

α̂DIFMj
0.123 0.124 0.245 0.13 0.044 0.042
(0.013) (0.027) (0.038) (0.018) (0.017) (0.016)

αMj+βFj
0.163 0.201 0.257 0.194 0.077 0.076
(0.007) (0.01) (0.014) (0.008) (0.007) (0.008)

β̂Fj
0.04 0.077 0.012 0.063 0.032 0.035
(0.011) (0.025) (0.036) (0.017) (0.015) (0.014)

CharacteristicsX Yes Yes
Fixedeffects Yes Yes
N 16,399 16,399
R2 0.925 0.925

TheOLSestimatesofαM1(coefficientassociatedwithM1),αM2(M2),andαM3+(M3+)ex-
ceedtheDIFestimatesoftheseparameters,againsuggestingthatthemedalindicatorsarenot
exogenous,leadingOLStooverestimatethecausaleffects.Ourresultsshowthatitisrelevant
toletmedaleffectsdifferbythenumberofawardsreceived:̂αDIFM1 andα̂

DIF
M2 arebotharound

0.12(slightlysmallerthanα̂DIFM incolumn3ofTable3.4);̂αDIFM3+is0.25(substantiallylarger).
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Foreachofthethreecoefficientswestronglyrejectthenullhypothesisthattheyareequalto
zero.Furthermore,thehypothesisαM2=αM3+isrejected,butαM1=αM2isnot.Theprice
markupisthusthesameforwineshavingeitheroneortwomedals,butissignificantlyhigher
forthosewithatleast3medals.TheparameterβF2issignificantlylargerthanβF1implying
thatthedummyindicatingtwofuturemedalsis,asexpected,morestronglycorrelatedwith
qualitythanthedummyindicatingonefuturemedal.Surprisingly,wecannotrejectthenull
hypothesisthatβF3+equalszero,butthismaybeduetothesmallnumberofwinesinthe
samplewiththreeormoreawardsafterthetransaction(seeTableC.1).
Columns4-6ofTable3.5giveestimationresultsformodel(3.4)inwhichmedaleffects

differacrosscolor.ThespecificationagainincludesJ=3dummies,heredefinedasMGold,
MSilver,andMBronze,withMGold =1ifawinehaswonatleastonegoldmedalinthepast,
and0otherwise,andMSilverandMBronzedefinedanalogously.TheOLSestimatesofαMgold,
αMsilver,andαMbronze againexceedouralternativeestimates.Thelatterimplythatwinning
atleastonegoldmedalallowstheproducertoaugmentitspriceby13%;thepriceincreases
associatedwithsilverandbronzearemuchsmaller,at4.4%and4.2%,respectively.Thesees-
timatesareeachsignificantlydifferentfromzero,andwestronglyrejectthenullhypothesis
αMgold = αMsilver = αMbronze (αMgold issignificantlylargerthanαMsilver,butαMsilver =
αMbronze cannotberejected).TheβFsarealsosignificantlydifferentfromzero,butthehypoth-
esisβFgold=βFsilver=βFbronzecannotberejected(p-valueis0.09).

25UnderHµtheexpected
pricegapbetweengold-medaledwinesandnon-medaledwinesis19.3%,ofwhich13percent-
agepointsisduetocertificationand6.3percentagepointstoqualityheterogeneity.Thedecom-
positionsforsilverandbronzearesimilartoeachother:forboththegapisaround7.5%,with
4.5pointsattributabletocertificationand3.5toqualitydifferences.Thedifferentequalitytests
reportedjustabovesuggestthatthelargerpricegapforgoldisprimarilyduetoalargereffect
ofcertification,theeffectsofqualityheterogeneityarestatisticallyindistinguishableacrossthe
threetypesofmedalsand/oreconomicallysmall.
Table3.6listsestimationresultsofmodel(3.4)allowingtheimpactofmedalstovaryacross

thedifferentcompetitions.HencethespecificationnowincludesJ=11dummies,MBOR,...,
MVII,where,forinstance,MBORequals1ifthewinehaswonamedalatthecontestofBor-
deauxpriortothetransaction,and0otherwise.26TheFsaredefinedanalogously.Acloselook
attheresultsrevealsthatthreegroupsofcompetitionscanbedistinguished.Afirstgroupin-
cludesfourcompetitions(BOR,CHA,DEC,PAR).Foreachoftheseconteststheestimatesof
bothαM andβFaresignificantlydifferentfromzero.Theestimatesα̂

DIF
M rangebetween0.07

(forBOR,CHA,PAR)and0.1(DEC),and̂βFbetween0.04(CHA,DEC)and0.07(PAR).
Thesecondgroupismadeupoftwocontests(CVI,MAC).TheestimatesofαM arestill

significant,andofthesamemagnitudecomparedtothoseofthefirstgroup.Unlikethefirst
group,however,wecannolongerrejectthenullhypothesisβF=0.Thethirdgroupcontains
theremainingfivecontests(BRU,FEM,LYO,VIN,VII).ForBRU,LYO,VIN,andVIIwecan
neitherrejectthenullhypothesisαM =0northenullβF =0atconventionalsignificance
levels.ForFEMwerejectαM =0,buttheresultsaresurprisingandcounterintuitivehereas
β̂Fissignificantlynegative.
Sincethenumberofcompetitionsinourdataislimiteditisnotpossibletoformallyshow

howcontestcharacteristicsrelatetogroupmembership.Thereforewecannotestablishthatsay
contestscharginghighentryfeeshaveastatisticallyhigherprobabilitytobelongtoaparticular
group.Whatwecando,however,istocheckwhichcharacteristicsaresharedbyall(ormost)

25NeitherthehypothesisβFgold=βFsilver,norβFsilver=βFbronze,canberejected.However,βFgoldissignifi-
cantlylargerthanβFbronze.
26Therearenowinesinthesamplewithmorethanonemedalawardedfromthesamecompetition.Themedal

dummiesarethereforeappropriatelydefined.
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TABLE3.6–EstimatesofαM bycompetition

Estimate MBOR MBRU MCHA MCVI MDEC MFEM MLYO MMAC MPAR MVIN MVII

α̂OLSMj
0.12 0.07 0.11 0.11 0.14 0.04 0.03 0.07 0.14 0.01 -0.06

(0.01) (0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.02) (0.05)

α̂DIFMj 0.07 0.01 0.07 0.09 0.1 0.15 0 0.07 0.07 -0.1 -0.13

(0.02) (0.04) (0.03) (0.04) (0.03) (0.04) (0.04) (0.02) (0.03) (0.07) (0.08)

αMj+βMj 0.12 0.07 0.11 0.11 0.14 0.04 0.03 0.07 0.14 0.01 -0.07

(0.01) (0.02) (0.01) (0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.02) (0.05)

β̂Fj 0.05 0.06 0.04 0.02 0.04 -0.11 0.03 0 0.07 0.11 0.06

(0.02) (0.04) (0.02) (0.03) (0.02) (0.03) (0.04) (0.02) (0.03) (0.06) (0.06)

X Yes
Fixedeffects Yes
N 16,399
R2 0.924

contestswithineachgivengroup,andtherebydetermine,informally,alinkbetweengroup
membershipandcontestfeatures.
Acommonfeatureofthecontestsinthefirstgroupisthattheywerefoundedarelatively

longtimeago.BOR,CHAandPARaremorethan40yearsold,andDECisnamedaftera
famouswinemagazinelaunchedin197527.In40years,thesenameshaveacquiredasolid
reputation.Accordingtowineprofessionals,BORandespeciallyPARarethemostprestigious
competitions.ForwholesaletradersinFrancethemedalsgiveninthesetwocompetitionsare
themostvaluableandsought-afterawardsforBordeauxwines.DECisregardedbymany
asthemostinfluentialnon-Frenchwinecontestintheworld,whileCHAisthebestknown
internationalcompetitioninFrance.Anothercommonfeatureofthefourcontestsisthattheir
jurymembershavetoevaluaterelativelysmallnumberofwinesonagivenday(DECisagain
anexception–seeline13ofTable3.1).BORandPARaretheonlytwocontestswherethe
samplesarechosenandselectedbytheorganizersthemselves.BesidesCVI,theyarealsothe
onlyoneswhosejudgesgrantmedalsbyoralconsensus.
Thetwocontestsinthesecondgrouphavejuriesthatareeitherfullymadeupofamateurs,

oramixofamateursandprofessionals,andtheychargethelowestentryfeesandstickerprices.
Thefivecontestsofthethirdgrouptendtoattractthelowestnumberofparticipants(except
BRU)andare,asindicatedinTable3.1,amongthemostrecentlyfoundedcompetitions.The
juriesofVINandVIIarecompletelycomposedofoenologists,andthreecontestsofthisgroup
(BRU,LYO,VII)donotawardbronzemedals,i.e.,theirawardprocedureisrelativelycoarse.
Comparedtothefirstgroup,jurymembersarerequiredtoevaluatemorewinesperday.This
maydiminishtheaccuracyoftheirjudgments,whichmayinturnexplainthenon-significance
ofthequalityindicatorβFforthisgroup.
TableC.3intheAppendixC,thelastonediscussedinthissection,presentsresultsofmodel

(3.4)whereinmedaleffectsareallowedtovarysimultaneouslybycolorandcompetition.Itis
difficulttopreciselyestimatetheparametersnowbecauseformanymedal/competitioncom-
binationsthenumberofmedalawardsbeforeandafterthetransactionsisnotsufficientlyhigh
(seeTableC.2).WethereforeonlyallowthetwomainFrenchcontests,BORandPAR,tohave
specificmedal-coloreffects,andforallremainingconteststheseeffectsarerestrictedtobethe
same(resultinginaspecificationwithJ=9dummies).Thetableonlyreportstheresultsfor
BORandPAR.OuralternativemethodproducesanestimateofαMBORgold equalto0.134,and

27ThemagazineDecanterisrecognizedforitsreviewoffinewine.Consequently,itsnamesomehowconveysthe
ideaahighqualitystandard.Thismayhaveplayedinfavorofthereputationofitswinecompetition,althoughit
acceptsallwinesliketheotherwinecompetitionsandgrantmuchmoremedalsthantheFrenchcompetitions.
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thehypothesisthatthisparameterequalszeroisstronglyrejected. Wethusfindacausalef-
fectofagoldmedalfromBORwhichismuchsmallerthanwhatisclaimedbytheorganizers
ofthiscontest(30%–seetheintroduction),whichmighthaveoverestimatedtheirinfluence
onproducersprices.TheestimateofαMPARgoldimpliesthatproducersreceivingagoldmedal
fromPARcanraisetheirpriceby13.5%.Thisiscompatiblewiththecontentsofacontingent
contractwegotfromthebroker.Thiscontractdatesfromyear2015andconcernsasaleofbulk
wineofvintage2014fromtheBordeauxappellation.Itstipulatesthefollowingconditions:
producergets1,300 /900lifwinehasreceivednomedalorabronzemedal(regardlessofthe
competition);1,350 /900lforasilvermedaland1,375 /900lforagoldmedal(bothregard-
lessofcompetition);1,500/900lforgoldfromPAR.28ThebonusforagoldmedalfromPAR
amountstoapriceincreaseof15%,justaboveourestimate.Thebonusforsilveramountstoa
pricemarkupof3.8%,againclosetoourestimate(4.4%–seeTable3.5).Thebonusesforbronze
andgold(0%and5.7%)are,however,lowerthanourestimatesoftherespectivecausaleffects
(4%and13%).Thefactthatthecontractconditionsandourestimatesare(atleastpartly)inline
mayseemasnatural,ifoneiswillingtoassumethatcontingentcontractshavebeenusedfor
winesthatarerepresentativeofallwinesinoursample.Butitisnonethelessreassuringand
givescredencetoouridentificationstrategy.

3.5.3 Producers’expectedprofitsfromparticipatingincontests

Inordertodecidewhethertocompeteinwinecontestsornot,producersneedtocomparethe
costsandbenefitsofcontestparticipation.Moreprecisely,thisdecisionrequiresacalculation
oftheprofitfromparticipatinginacompetition.Thisprofitisexanteunknowntotheproducer
sinceitdependsonwhetheramedalwillbewon,andonthecolorofthemedal.Producerscan
thereforeonlycalculatetheexpectedprofit.Giventhatwecannotestimatesufficientlyprecisely
thethreemedal-coloreffectsseparatelyforeachcontest,weshallforsimplicityassumethatthe
threetypesofmedalhavethesameimpactforeachgivencontest.Thisamountstosayingthat
thattherearejusttwostatesoftheworld:eitheraproducerwinsamedalatacompetition,or
winsnomedal.Theexpectedprofitforproduceriatagivencompetitionis

E(Profiti)=πVi[Pi(e
αM −1)−Cs]−C0 (3.7)

whereViisthequantityofwineisoldthroughthebroker(measuredasthenumberofbottlesof
75cl),Pithepriceofwineifor75cl,Csthecostpersticker,Coother(fixed)costsofparticipating
inacontest,andπtheprobabilityofwinningamedal.IntheresultsofTableC.4,weconsider
differentvaluesfortheprobabilitiesofwinningaprize:5%,10%,20%andtheempiricalshare
ofawardedparticipants.ThetermPi(e

αM −1)correspondstothecausalimpactofthemedal
onthepriceofwinei(theexpressionisnon-linearinαM becausethepriceinmodel(3.4)is
definedinlogarithms).
WehavecalculatedE(Profiti)forallwinesiinthesample

29,foreachofthefourcontests
belongingtothefirstgroup. WehavetakenthecorrespondingestimatesofαM reportedin
Table3.6,andthestickerpricesCsreportedinTable3.1.

30OthercostsCoaredefinedasthe

28Thebrokerfromwhichweobtainedthetransactiondatadidnotpossessotherexamplesofsuchcontracts(not
surprisinggiventhattheyarehandledandnegotiatedbythenégociantsandproducers),butassuredusthatthe
contractconditionsdescribedinthetextarerepresentativeandnotatypical.
29Forthetransactionswherethewinehadamedal,wehavedividedthetransactionpricebyeαMj .Weexcluded

the2,105transactionsforwhichVisbelow1,000liters.Thecalculationsarethusbasedon16,399-2,105=14,294
observations.
30Fornotationalsimplicity,themarginalcostperstickerisassumedconstantin(3.7).However,inourcalculation

ofE(Profit)weallowthemarginalcosttobeadecreasingstepfunctionofV(seeSection3.2.2).
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participationfee(alsoreportedinTable3.1),plus60 toreflectthecostsofsendingthesamples
fromBordeauxtoLondon(DEC).
TableC.4reportsstatisticsonE(Profit),separatelyforthefourcompetitions,anddifferent

valuesofπ:0.05;0.10;0.20;andtheempiricalproportionofmedaledwinesasreportedinTable
3.1.InthefirstthreecasestheresultsarecomparableforBOR,CHA,andPAR(asexpected,
becauseallparametersdeterminingexpectedprofitsarethensimilarforthesecontests),while
thosecorrespondingtoDECstandapart. Whenπ=0.05,themeanofE(Profit)ispositive
andsmallinthecaseofBOR,CHAandPAR(around50 ),butnegativeinthecaseofDEC
(-43 ).Theproportionofproducerswithnegativeexpectedprofitsisslightlyhigherthan50%
forBOR,CHA,andPAR,andaround75%forDEC.Increasingtheprobabilityofwinninga
medalleadstoasubstantialimprovementofthesefigures. Whenπ=0.20,forinstance,the
meanofE(Profit)isaround500 inthecaseofBOR,CHA,andPAR,and570 inthecase
ofDEC;thefractionofproducersgettingnegativeexpectedprofitsisaround14%forthefor-
merthreecontests,and36%forthelatter.Replacingπbytheempiricalproportionofmedaled
participantsmedalsineachcompetition(bottompanelofTableC.4),weseethatthemeanof
E(Profit)nowrangesbetween609 (PAR)and2,148 (DEC),whilethefractionofproducers
withnegativeexpectedprofitsissmall,varyingbetween7.5%(CHA)and16.7%(DEC).For
therepresentativewineproduceritseemsthushighlyattractivetoparticipateinthesewine
contests.
Sinceafractionoftheproducersdonotpaythestickersthemselves(theyarepaidinstead

bythenégociants),TableC.4presentsthesamestatisticsbutcorrespondingtocasewherepro-
ducersdonotbearthesecosts(i.e.,Cs=0).Naturallythisshiftsexpectedprofitsupwards,
andcomparedtotheprevioustabletheattractivenessofthefourcontestsincreases.Forex-
ample,takingπ=0.20impliesthatthemeanofE(Profit)rangesbetween715 (CHA)and
953 (DEC),withthefractionofproducersgainingfromparticipationvaryingbetween4.8%
(BOR)and14.5%(DEC).Thebottompanelofthetableclearlyindicatesthattherepresentative
producershouldwithoutanydoubtsendhiswinetooneofthefourcontests:DEC,forexam-
ple,guaranteesthiswinemakeranexpectedprofitof3,290 ,whiletheprobabilityoflosing
moneywhencompetingatBORisonly1.7%.

3.6 Conclusion

Inthispaperwefirstofallobtainthecausaleffectofmedalsonproducers’wineprices. We
adoptanovelbutsimpleapproachconsistinginregressingpricesonbothbefore-transaction
andpost-transactionmedalindicators.Undernaturalidentifyingrestrictions,thedifferencein
theestimatesoftheassociatedcoefficientsidentifiesthecausaleffect.Ourpreferredestimate
indicatesthataproducerwhosewinereceivedamedalcanaugmenthispriceby13%.The
impactforgoldturnsouttobemuchlargerthanforsilverandbronze. Whenweallowthe
medaleffecttodifferacrosscompetitions,wefindthatonlyforasmallgroupofconteststhere
isastatisticallysignificanteffect.Thisgroupismadeupofthemostprestigiouscompetitions
thatenjoyanoldnotoriety.Interestingly,theirjudgesarerequiredtoevaluaterelativelyfew
winesperday,andtheygrantmedalsbyoralconsensus.Nextwehavecalculatedtheprofit
producersmayexpecttogetfromparticipatinginthesecompetitions. Wefindthatthatthe
incentivestoparticipateincompetitionsishigh.Finallywecontributetoaliteraturethatsheds
doubtonthereliabilityofjuriesandevaluationcommitteesinallsortsofcontexts.Wefindthat
onlyaminorityofcontestsattributemedalsthataresignificantlycorrelatedwithwinequality.
Nonetheless,ourestimateintheaggregatecaserevealsthatwinecompetitionsasawholedo
identifywinesofbetterquality,thuscontrastingwiththepreviousliterature.
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Chapter4

MultivariateForecastingofPricesof
BordeauxWines

4.1 Introduction

Bordeauxisaflagshipbrandinthewineworld,butespeciallysmallproducershavehadahard
timesurvivinginthiscompetitivemarket.Asamatteroffact,manyofthemhaveworkedat
lossafterapricedownturnintheearly2000s.Soastoevaluatetheseverityofthesituation,
thelocalauthoritiesinBordeauxhaveevaluatedtheaveragecostofbasicwinesproduction
(BernaleauCardineletal.,2012).Thiscosthasbeenfoundtobeabovetheaveragepricepaid
totheproducersfrom2003to2013attheobservedaverageyields.Partlyasaresultofthis,
thenumberofBordeauxwine-producingfirmshascollapsedfrom11,760in2000to6,568in
20161.Publicprotestfollowingthosebankruptcieshasrenewedthedebateontheimprove-
mentofthemarketregulation.AsnotedbyCardebatandBazen(2016),nofuturesmarketex-
istsforwine2.Standardizedfuturescontractsareinfactunpopularamongwineproducerswho
areusuallyvindicativeabouttheirspecificattributes,especiallyintheBordeauxregion.Con-
sequently,wineproducerscannothedgeagainstthepriceriskbyholdingfuturespositions.
Ascomparedtotheproducersofstaplecommoditiesforwhichfuturesmarketsexist,they
arguablylackinformationabouttheupcomingmarketconditions.Thismightcauseawide
rangeofpriceexpectationstocoexistinthesameperiod.Thelesswell-informedagentsmay
thenadoptnon-optimalbehaviorsandeventuallyobstructtheoptimalsmoothingofprices.Of
course,pricesexpectationsarelikelytoconverge,allthingskeptequal3.However,thedelay
ofconvergenceoftheseexpectationsdependsonthespeedofpropagationofthenews.The
lackofpublicinformationaboutfutureconditionshenceaggravateswinepricevolatilityby
slowingdowntheprocessofconvergenceoftheexpectations.Evenifinformationwasperfect
andallwineprofessionalshadoptimalforesight,severalstructuralrigiditiespreventperfect
intertemporalarbitrage.Contrarytostapleagriculturalproducts,Bordeauxwinesareknown
fortheinfluenceofvintagequalityontheirprices.Thiscauseswinesproducedindifferent
yearstobeimperfectsubstitutes,whichfurtherexacerbatespricevolatility.Furthermore,clas-
sicalmarketrigiditiesmayalsopreventproducerstotakefulladvantageofpredictableprice
changes,especiallyintimesofcrisis.Storagecapacitiesandborrowinglimitsbecamecriticalfor
manyproducersafterthedownturncausedinventoriestosoarandrevenuestodrop.Finally,
theBordeauxwinemarketisilliquidduringtheleanseasonandofferslesspossibilitiesfor

1Theareacultivatedonlyfellof8%overthesameperiod,sothatmostwineproducerswhowentbankrupt
eventuallyfoundabuyer.

2TheexistingenprimeurmarketforfineBordeauxwinesissometimesregardedasafuturesmarket.Butitsdiffers
fromthestandardfuturesmarketsinseveralways.First,itonlyopensduringtwomonthseachyear.Second,itonly
concernsthetop5%Bordeauxwinessothatitwillneverberepresentativeofthewinemarketasawhole.Lastly,
thereisnouniqueclearinghouse,butanumberofindependentwinebrokers.

3Inatheoreticalframework,Guesnerie(1992)statestheconditionsofthisconvergence.
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intra-annualarbitrage.Theimperfectionoftheinformation,thevintageeffectandthemarket
rigiditiesalldelaytheimpactoftheshocksonthepricefundamentals.
Thesestructuralrigiditieslimitintertemporalarbitrageandthereforecausepricechanges

tobepredictable,tosomeextent,andgiventherightinformationset.Butpriceexpectations
differacrossagentsbecauseofheterogeneousaccesstorelevantinformationandtostatisti-
calfacilities.Inthischapter,Idevelopaccessibleforecastingmethodssoastopalliatetothis
shortcomingofthemarketstructure,andprovidetransparentandobjectivepriceforecaststo
Bordeauxwineprofessionals.Igatheracollectionofdatasetsabouteachoftherelevantpre-
dictorsofprices,andcombinethelatterinmultivariatemodels.Mystrategyhasbeentorely
onstandardmodelsintimeseriesanalysissuchasAutoregressiveDistributedLagsmodels
(ADL),Error-CorrectionModels(ECM)andUnobservedComponentModels(UCM),andto
focusontheoptimalselectionofthepredictors.Theempiricalanalysiscoversbothannualand
monthlyfluctuationsofaveragepricesforthefifteenlargestAOCoforiginsinBordeaux.These
seriesarefreelyaccessibletoBordeauxwineprofessionalsandarehighlyscrutinized,because
theyserveasbenchmarkfortheirnegotiations.Themainobjectiveofthepaperistoprovide
economicallyusefulforecastsoftheseseries.Thesecondaryobjectiveistoassesstherespective
influenceoftheirdeterminants,suchastheharvest,thestocks,theexchangerates,etc.Lastly,
themonthlymodelallowstodiscusstheseasonalityoftheinformationflow,andtherelevance
ofintra-annualpricedrivers,includingtheclimaticconditionsduringthegrowthseason.
Agriculturalpriceforecastingusedtobeakeyissueforagriculturaleconomists.Several

studiesonagriculturalpriceforecastswerepublishedinthefirsthalfofthe20thcenturyusing
econometricmodels(Sarle,1925;Coxetal.,1956;L’Esperance,1964),butpricemodelization
andforecastingbecamemoreseriouslyinvestigatedaftertheoilcrisisofthe1970s.Thefollow-
ingperiodofhighvolatilityofcommoditypriceswasindeedconcomitantwiththeemergence
ofthemodernmethodsintheeconometricsoftimeseries(Boxetal.,1970).Astreamofthe
literaturethenaddressedthequestionofthepredictabilityofagriculturalprices(seeBrandt
andBessler1981,BrandtandBessler1983andHoltandBrandt1985,amongmanyothers).Ina
comprehensivereviewofthisliterature,Allen(1994)advocatescombiningseveralforecasting
modelsandreportsthatthenaiveno-changepriceforecastsaredifficulttooutperform.Allen
(1994)alsoarguedthatagriculturaleconomistshadputtoomuchemphasisontheexplanatory
powersoftheirmodels,anddidnotsufficientlyevaluatepost-sampleforecastsperformance4.
Asamatteroffact,severalstudieshavefoundthatfreelyavailablepriceforecastsbasedon
futurespriceswerethemostefficient(JustandRausser,1981;Tomek,1996;Kastensetal.,1998;
AhumadaandCornejo,2016).Whenavailable,futuresmarketsseemtoprovidethemostaccu-
ratepriceforecasts,andthuspubliclydiscloseoptimalinformationaboutfuturepricechanges.
AccordingtoBrorsenandIrwin(1996),researchonpriceforecastingshouldthereforefocuson
marketsunequippedwithafuturesmarket.
Eventhoughagriculturalpriceforecastingintheabsenceoffuturesmarkethasbeenput

ontheagendaofagriculturaleconomicresearch(BrorsenandIrwin,1996;Tomek,1996),only
afewpapershavebeenpublishedontheissueofwinepriceforecasting.Yeoetal.(2015)uses
univariatetechniquestoexplainproducer-specificprices.Ashenfelter(2008)hasexplainedthe
variationsofpricesandqualityofBordeauxwinesusingmeteorologicaldata.However,nei-
therofthesearticlesprovideangenuineanalysisofout-of-sampleaccuracy.LecocqandVisser
(2006b)andCardebatetal.(2014)alsoinvestigatetheimpactsofthedeterminantsofBordeaux
wineprices,butstillinanexplanatorypurpose.Morebroadly,agriculturaleconomistsseem
tohavesomehowdesertedthefieldofpriceforecasting.Oneexplanationmaybethe"reverse
backdrawerbias"proposedbyTimmermann(2006),whostatesthatresearchersmighthaveless

4SeeShmueli(2010)foradetailedpresentationofthedistinctionbetweenexplanatorypowerandpredictive
power.
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incentivestopublishsuccessfulworksonpriceforecastingthantosellthemtotheprivatesec-
tor5.Anotherreasoncouldbethattheskillsinagriculturalpricesforecastingarenowmostly
attractedintheprivatesector,sothatprivateforecastersmayoutperformacademicforecast-
ersmoreoften.Thecompetitionoftheprivateforecastersmaythendeterresearcherstoinvest
thisfieldofresearch(BrorsenandIrwin,1996). Whateverthecausesforthisstateofaffairs,
thischapterbuildsontheliteratureonagriculturalpriceforecastingandreliesonmoreorless
standardtimesseriesmethods,suchaserror-correctionmodelsinthetraditionofEngleand
Granger(1987)andunobservedcomponentmodelsintroducedbyHarvey(1989).
Nofuturemarketcurrentlyexistsforwine,althoughtheideahasbeendiscussed6.Contrary

tostaplecommoditieslikewheatorsoybean,wineisamanufacturedproductcharacterizedby
ahighdegreeofverticaldifferentiation.EvenwithinthelocalizedBordeauxregion,winesare
welldifferentiatedfromthegenericBordeauxwinestothetop-endqualitygrandscrus(Bélis-
Bergouignan,2011).Futurescontractswithfixedqualitystandardswouldthereforeonlycon-
cernasmallfractionofthemarket,andmaynotattractenoughinvestorstoprovidesufficient
liquidity.Besides,the2007-2008foodcrisisshedreneweddoubtsonthestabilizingroleoffu-
turesmarkets(Timmer,2010;Gutierrez,2012).Althoughstrongevidencehasbeenprovidedto
acquitthelatter(Jacks,2007;Lence,2009;IrwinandSanders,2011;Wright,2011,2014;Sanders
andIrwin,2016),thispolemichasnotstrengthenedthetrustofwineproducersinthevirtues
offuturesmarkets.Hence,futurescontractsforwinemaynotbeintroducedinthenearfuture,
whichisamotivationforthepriceforecastingmodelsdevelopedinthischapter.
Designingaforecastingmodelforwinepricesrequirestoselecttheadequatedeterminants

ofprices,gatherrepresentativedata,andestimatethepriceforecastingfunction.Inthatre-
gard,explanatoryanalysisonpastdataisaprerequisitetoforecastingstudies.Thefirstpartof
thischapteristhereforededicatedtotheidentificationofthedeterminantsofprices.Intheeco-
nomicliteratureonwine,theprimaryinteresthasbeentherelationshipbetweencross-sectional
prices,qualityandreputation7.BecausethepricedataIusehereafterareaveragesoverall
transactionsofagivenAOC,nocross-sectionalanalysisisprovidedinthischapter.However,
thefluctuationsofvintagequalityshouldinfluencethevariationsofaverageprices,andare
thusincludedinthisstudy.
Inthewiderscopeofcommoditymarkets,thedominanttheoreticalmodelofpricedynam-

icsisthecompetitivestoragemodelintroducedbyGustafson(1958)andexhaustivelyanalyzed
by Williamsand Wright(1991),whichputsstocksatthecenterofpricedynamics.Ifthefirst
empiricalstudieswereinconclusive(DeatonandLaroque,1992,1996),theempiricalrelevance
ofthecompetitivestoragemodelhasbeenrecentlyreassessedbyseveralpapers(Cafieroetal.,
2011;Guerraetal.,2014;Cafieroetal.,2015;GouelandLegrand,2017a,b).Inthecurrentstate
ofresearch,thecompetitivestoragemodelisnotwell-suitedforoperationalforecastingpur-
pose(seethediscussionsection4.5).Ihoweverbuildonthelessonsofthisliteratureandput
emphasisontheinfluenceofinitialinventoriesontheaveragepricesofagivenperiod.Tomy
knowledge,thepredictivepowerofstocksonpriceshasyetnotbeenproperlyexaminedonreal
data.Symeonidisetal.(2012)andGortonetal.(2013)foundthatthedifferencebetweenfutures
pricesandspotpricesarewell-correlatedwiththelevelsofinventories.Iffuturespricesarear-
guablythebestpriceforecastswhenavailable,thenthesefindingssuggestthatinventoriesare
indeedakeypredictorofprices.Apartfromqualityandstocks,manyotherdeterminantscan

5Thisexpressionwascoinedafterthe"drawerbias"(Rosenthal,1979),whichreferstothedifficultiestopublish
paperswithinsignificantresults.

6EuronextlaunchedafuturesmarketdedicatedtofineBordeauxwinesinSeptember,2001butitquicklyended
inafiasco(Pichet,2010).

7Amongothers, Nerlove(1995),Ashenfelteretal.(1995),CardebatandFiguet(2004),Lecocqand Visser
(2006b),HadjAliandNauges(2007),HadjAlietal.(2008),Oczkowski(2010),DuboisandNauges(2010),Ginsburgh
etal.(2013),Cardebatetal.(2014)
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beidentifiedtoplayacertainroleintheformationofwineprices.Inareview,Balcombe(2010)
hasproposedalistofdeterminantsofagriculturalpricevolatility,whichincludepastvolatility,
yieldsvolatility,pricetransmissionfrominputsandsubstitutes,exchangeratesvolatility,and
interestratesvolatility.Thelatterareallplausibledriversofthevolatilityofwineprices.Thein-
fluenceofforeignwineproductionsondomesticwinepriceshasbeendocumentedbyWittwer
etal.(2003).Theinterestratesandexchangerateshavebeenfoundtosignificantlyinfluence
BordeauxfinewinepricesinJiao(2017).Thesemacroeconomicdeterminantsareaccountedfor
inthischapterusingvariouspublicdatasets(seesection4.4).Alltheconsidereddeterminants
haveundoubtedlyaroleintheformationofprices.However,theyarenotallrelevantpredic-
torsofprices,eitherbecausetheyareunpredictableandonlyhaveanimmediateimpact8,or
becausethedataseriesaretooshorttoaccuratelyestimatetheirinfluence9.Forbothreasons,
variableselectionhasbeenneeded,andisthemainfocusoftheempiricalworkofsection4.5.
Thecurrentpaperfinallycontributestotheliteratureontheinfluenceoftheweatheron

currentagriculturalprices.Becausetheydeterminethenextharvest,theweatherconditions
duringthegrowthseasonareexpectedtoinfluencecurrentprices.However,thefewempir-
icalstudieswhichhaveattemptedtoestimatethiseffectfoundittobeverylow(Roll,1984;
Boudoukhetal.,2007;Chouetal.,2016;Osborne,2004).thischapterestimatestheeffectofthe
weatherconditionsonBordeauxwinesprices,togetherwiththoseofeachoftheaforemen-
tioneddeterminants.
ThemainoutcomeofthischapteristhatthefluctuationsofBordeauxwinesaverageprices

arefoundtobepredictable,tosomeextent.Theforecastsareproveneconomicallyusefulin
thattheyoutperformthenaiveno-changeforecastsinanumberofcases,whichhasbeenfound
challengingintheliterature(Allen,1994).Inparticular,themodelswouldhavepredictedthe
importantriseofpricesconcomitantwiththecatastrophicharvestof2013.Theforecastperfor-
manceareparticularlysatisfactoryfortheAOCwiththelargestmarketshare.Themodelthus
seemstobehavesatisfactorilywhentheeconomicstakesarehighest.Ialsoprovideafruitful
comparisonbetweenforecastsattheannualandatthemonthlyfrequencies.Themodelization
choicesarespecifictoeachfrequency,basedontheirrespectivedataconstraintsintermsof
numberofdegreesoffreedomandrequiredcomputationtimesbyestimation.Monthlyfore-
castsdobetterforlongertimehorizons.Short-runpricechangesareindeedmoredifficultto
forecastsincetheyprovidemoreaccessiblearbitrageopportunities.Themonthlyforecastsare
alsomoreaccurateduringthefirsthalfofthemarketingyearwhichstartsinAugust.Indeed,
itisduringthisseasonthatwehavethebestvisibilityontheupcomingvolumeavailable.
However,theydonotoutperformannualmodelsatforecastingthenextannualaverageprices.
ThesemodelsaredesignedtoequiptheBordeauxwinemarketplacewithpriceforecasts.These
benchmarkforecastscouldplaytheroleoffuturesprices,inacontextwherefuturescontracts
areunpopular.Theproceduresdevelopedinthischaptermayalsobeappliedtootheragricul-
turalmarketswherenofuturemarketsexists,andareunlikelytobeintroduced.
Asecondaryobjectiveinthischapterhasbeentoexplainpastvariationsofprices,andtoas-

sesstherespectiveinfluencesofeachdeterminant.Choosingthestatisticalcriterionformodel
selectiongaverisetoadiscussiononthebias-variancetrade-offinthecontextofmultivariate
models,withrespecttobothobjectivesofexplainingpastpricesandforecastingfutureprices.
Myestimationsprovideadditionalevidenceofthekeyroleplayedbystocksintheformation
ofprices,whichconsolidatestheliteratureontheempiricalrelevanceofthetheoryofstorage.
Bycontrast,theinfluenceofqualityisfoundtobeweak,andrestrictedtothehigh-endseg-
ment.Forthebasicqualitysegment,themarketbehavesmuchlikethestandardcommodity

8Unpredictabledriversofthepricecanbeusefulfortheforecastsiftheirinfluenceissufficientlylagged.
9Thisisforinstancethecaseforlong-termdriverswhichhaveremainedsteadyovertheobservedperiod.
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marketswhereconsecutiveannualproductionsarewell-substitutable.Amongthemacroeco-
nomicdeterminants,theexchangeratesarefoundtobethemostinfluential,butmostlyinthe
longrun.Soastoincreasethenumberofdegreesoffreedomoftheestimatedmodels,Ihave
estimatedanauxiliaryharvestmodelwhichcombinesallweatherdataintoanexpectationof
thenextharvest.Myestimationsconcludetoasignificantinfluenceofcurrentweathercondi-
tionsonspotpricesduringthegrowthseason.Consistentwiththeliterature,theexplanatory
powerofweatherislowcomparedtotheotherdeterminants.Theestimatesofthisauxiliary
harvestmodelalsosuggeststhatBordeauxtemperatureshavereachedtheiroptimumforwine
yields.ConsistentwiththeconclusionsdrawnbyJonesetal.(2005)onwinequalityandclimate
change,adecreaseinproductionyieldscanbeexpectedifthecurrentincreasingtrendinthe
temperaturescontinues.
Section4.2presentsthestructureofthewinemarketinBordeaux.Ifirstdetailtheinstitu-

tionalmanagementofmarketinformation,andthenlegitimatethekeyroleplayedbyinvento-
riesbythestructuralfeaturesofthemarket.Section4.3givessummarystatisticsofthemarket
dataforeachAOC,andcomparetheirtimeseriesattributestothoseofstaplecommodities
withrespecttothetheoryofstorage.Section4.4detailstheauxiliaryharvestmodel,thedata
collectedoneachofthepricedeterminants,andhowthelatteriscombinedinleadingindica-
tors.Section4.5explainsthemethodsfollowedforselectingthemostappropriateforecasting
modelsforannualandmonthlyprices.Section4.6providestheestimatesoftherepresentative
modelsonthewholesampleanddiscussestherespectiveinfluenceofeachdriver.Finally,I
evaluatetheaccuracyofthevariouspriceforecastsinsection4.7andconcludeinsection4.8.
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4.2 ThewinemarketinformationsysteminBordeaux

4.2.1 Institutionalizationofthemarketinformationsystem

Whencompetitionisperfect,marketpricesprovidealltheinformationaboutthemarketcondi-
tions.Inrealmarkets,thedisseminationofmarketinformationismoreorlessinstitutionalized,
frombasicwordtomouthtofulleconomicbulletinsproducedbyofficialindustryrepresenta-
tives.Whatevertheircomplexity,theeconomicroleofthesemarketinformationsystemsisto
ensurethatthemarketconditionsarecommonknowledge,orrathertomitigatetheunavoid-
ableincompletenessofinformation.InthecaseoftheBordeauxwineindustry,themarketin-
formationsystemiswell-structuredandprovideregularanddetailedmarketdatatoallusers.
Hereafter,Ireportthecontentandtimingoftheinformationflow,whichisakeytotheevalua-
tionofthepriceforecastspresentedinsection4.7.
Inordertomaximizetheirinter-temporalprofit,economicagentsmanagetheirinventory

withrespecttotheirexpectationsaboutfuturepricechanges(WrightandWilliams,1982).These
expectationsarebasedonwhattheyknowaboutthecurrentstatesandtheplausiblefuture
changesofthepricedrivers.Hence,themarketperformanceispartlydeterminedbythequality
oftheinformationavailabletotheagents.Lackofmarketinformationcangeneratesuboptimal
behaviorsandincreasepricevolatility,whichhasbeenfoundtohaveexacerbatedthe2007-
2008foodcrisis(GreenfieldandAbbassian,2011;Bobenriethetal.,2013).Thelattercrisiswas
answeredbythecreationofanewUnitedNationsinstitution,theAgriculturalMarketInfor-
mationSystem(AMIS),designedtocollectanddisseminateinformationaboutthemainglobal
agriculturalmarkets.Similarlyalthoughatasmallerscale,thehighagriculturalpricevolatil-
ityofthe1970sdestabilizedtheFrenchwinemarket,andmanyproducerswentbankrupt.In
response,newregulationpoliciesweredesigned.In1976,Bordeauxproducerscommittedto
declarealltransactionpricesandvolumesforthewinessoldinbulk10(Smithetal.,2007).
ThemanagementofthecollectionandbroadcastofthisdatawasassignedtotheConseilInter-
professioneldesVinsdeBordeaux(CIVB),ajoint-tradeunionregroupingwinemakersandlocal
wholesalers11.TheCIVBhassincethenbroadcastaveragepricesandtotaltransactedvolumes
atvariousfrequenciesforallAppellationd’OrigineContrôlée(AOC)12financedbyacontribution
collectedonallthetransactionsinbulk.Nowadays,anyeconomicagentinvolvedinthebulk
marketofBordeauxwinescanfreelyaccessthesedataonthewebsiteoftheCIVB.Awareof
theaveragepricessetbytheircompetitors,theBordeauxwineprofessionalsarenowexpected
tomakebettermarketingdecisions13andaremoreefficientinmanagingtheirinventories.The
priceandvolumedataarenotdisclosedinrealtime,andmonthlyaggregatestatisticsareonly
availablewithsomedelay.Theaveragepricesandtotalvolumesoldofmonthtareusually
givenontheCIVB’swebsitebeforethe15thofmontht+114.Therealsoexistweeklyseriesof
averageprices,buttheycomewithimportantflawssothattheyarenotusedinthischapter,
seesection4.3.

10AbouthalfofthewineproducedintheBordeauxregionissoldinbulk.Therestisbottledbytheproducersand
solddirectlytotheretailers.ThisarbitragehasbeenexaminedinTraversacetal.(2011).
11TheCIVBwasactuallycreatedin1945,andwasoriginallyinchargeofthefightagainstfraud,ofthebranch

advertisingandoftheimprovementofwinequality.
12InBordeaux,97%ofthewinesarelabeledunderoneofthe56differentAOC,eachofthembeingdefinedbya

specificquality.NotethatthedifferentiationofqualityamongtheAOCcanbevertical(AOCBordeauxisoflower
qualitythanAOCBordeaux-supérieur)orhorizontal(twoAOCmaycoexistwithnoconsensualhierarchy,like
AOCCôtes-de-bourgandAOCBlaye-côte-de-bordeauxforexample).
13Inanexperiment,Nakasoneetal.(2013)hasestimatedthebenefitsofasimilarmarketinformationsystemin

Peru.
14Forallmarketinformation,thedelaysbetweenthecollectionofthedisaggregateddataandthedisclosureof

aggregatedstatisticsarebasedonmypersonalobservationssinceJanuary2014.
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TheCIVBalsocollectsanddisclosesaggregateddatafromothersources,includingthe
Frenchcustoms.InFrance,allwineproducersmustdeclarethevolumeoftheirannualpro-
ductiontothecustomsaswellastheinventoryheldintheendofJuly.Thereisanimportant
delayofdatatreatmentbeforetheaggregatedfiguresofthestocksandinventoriesareavailable
ontheCIVB’swebsite.Usually,totalinventoriesheldattheendofJulyaremadepublicbefore
December,andthefigureofthetotalvolumeharvestedduringyearTisreleasedbeforeMarch
ofyearT+115.Thesedelayswillbedulytakenintoaccountwhenevaluatingtheforecasting
performanceofthemodelinsection4.7.
Inadditiontotheannualdeclarationofstocksandharvest,Frenchwineproducersmust

declareeverymonththetotalvolumeofwinethattheyhavedelivered16.Togetherwiththean-
nualdeclarationofproductionandstocks,thesemonthlydeliveriesallowtoestimatemonthly
stocks17.Hereagain,thestatisticsareavailableonlyafteracertaindelay.Thetotalquantity
deliveredforeachAOCduringmonthtisusuallyknownbymontht+3.Inpractice,when
willingtoforecastthepriceofmontht+1attheendofmontht,oneonlyknowsanestimate
oftheendingstockofmontht−2.Thisdelaywillalsoberespectedfortheevaluationofthe
forecasts.
Finally,thecustomsalsoprovidetheCIVBwithaggregateddataonexportedvolumesand

valuesbyAOC,forthemajorimportingcountries.About40%thetotalproductioninBordeaux
isexported,tomorethan100differentdestinations.Thesetradedatawillbeusedtobuild
leadingindicatorsofthedemandissection4.4.ForeachAOC,totaltradedvolumesandvalues
ofmonthtareusuallygivenontheCIVB’swebsitearoundmontht+4.

4.2.2 Weatherhazard,expectedharvestandsupplyresponse

ApartfromthemarketdataprovidedbytheCIVB,thekeyinformationflowfortheagentsin-
volvedinthewinebusinessistheweatherduringthegrowthseason.Theweatherconditions
determinealargepartoftheupcomingwineproduction,andthusofthefuturemarketcon-
ditions.FromMarchtoOctober,extremeweathervagariesmayjeopardizethequalityandthe
volumeoftheharvest.In1991and2017forinstance,severefrostsinlateAprildestroyedthede-
velopingbudsonavastpartofthevineyard.In2013,extremeraininJunecausedwidespread
floweringabortionandhailstormsfromJulytoSeptembercrushedthesurvivinggrapes.The
harvestedvolumewasthengreatlyinferiortothatoftheprecedingyear,andmanyofthe
survivingbudswerenotfittomaketop-endqualitywines18.Interestingly,thedistributionof
thesesuddenshocksontheexpectedyieldsisasymmetric.Ifaharvestcanbealmosttotally
destroyedinonenightoffrostafterbudding,noweatherconditioncanincreasetheexpected
harvestinthesameproportions.Besides,theregulationofqualityimposesamaximumyield,
specifictoeachAOC.Oneachplot,theproductionexceedingthemaximumyieldcannotbe

15RecallthattheharvestoccursbetweenSeptemberandNovember,andthatwinemakingisremarkablycomplex
inBordeaux.ItisthushardtoknownpreciselythefinalvolumeproducedforeachAOCimmediatelyafterthe
harvest,justfromweightingtheharvestedgrapes.Agoodapproximationoftheleveloftheharvestisknown
rapidlyaftertheharvest,buttheagentsmustwaitseveralmonthstoobtaintheprecisetotal.
16InBordeaux,soldwinesareactuallyusuallynotdeliveredbytheproducersbutcollectedbythebuyers.
17Notallthewinesthatleavethewarehousearedeclaredtothecustomsasdeliveries.Littlequantitiesaresome-

timesdistilledincaseofalargeproductionsurplus,andarenotdeclared.Also,thepersonalconsumptionofthe
producerisnotdeclaredmonthly.Finally,afractionoftheharvestofagivenAOCissometimesdowngradedto
anotherAOCoflesserquality,whichgeneratesmismatchesbetweendeclarations.Asaresult,thetotalquantitythat
leftthewarehousesforeachAOCisnotexactlyequaltothethemonthlydeclareddeliveries,andmonthlystocks
canonlybecomputed.
18Thisdependsonthecolorofthewine:theweatherconditionsof2013werecatastrophicforthered,butthe

whitewinesweresatisfying.
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commercialized19.Astherelationshipbetweenquantityandqualityisdecreasing20,amaxi-
mumyieldisawaytoenforceaminimumqualitystandard(Giraud-HéraudandSoler,2003).
Thismaximumyieldpolicyfurtherskewstheprobabilitydistributionoftheyieldstotheleft,
thereforeincreasingtherisksofasuddenshortageanddecreasingthechancesofasudden
surplus.ThismaximumyieldisdecidedannuallybythesyndicateofeachAOC21aroundJuly
ofeachyear,toadapttheproductiontothemarketconditions.Inpractice,themaximumyield
doesnotchangemuch,andforseveralAOCithasnotchangedinyears.
Thedelayofthesupplyreactiontoademandshockisalsoasymmetric.Asforanyperennial

crop,augmentingtheproductiontakestime.Newlyplantedvinesdonotproducesignificant
quantitiesofgrapeduringthefirsttwoyears,andittakesaroundtenyearsbeforetheypro-
duceatfullyield.Thisdelaymakesitlongforthesupplytoadjusttoademandincrease22.Even
whendemanddecreases,theadjustmentofsupplyisslowbecauseproducershaveahardtime
uprootingtheirvine.Indeed,plantingavine-treeisalong-terminvestment:itproducesduring
aboutsixtyyears,andoldvinesareoftenconsideredtoproducebetterqualitygrapes(Zufferey
andMaigre,2008)23.Asaresult,theadjustmenttoanegativedemandshockisalsoslow.This
featureofthewinemarketgeneratesrepeateddisequilibriabetweensupplyanddemand,with
severaloverproductionepisodes(decades1930,1950,1970and200024)andshortages(mid-
1990sand2013).However,contrarytootherproductswithinertialsupply(likefruitsormilk),
Bordeauxwinesareknownworldwidefortheirabilitytobekept.Evenifthatappliesmostly
totop-endBordeauxwines,whichcanbekeptingoodconditionsforupto30yearsinproper
conditions,entry-levelBordeauxwinescanonlybestoreduptothreeyears.Inthesort-run,the
equilibriumbetweensupplyanddemandisthenprimarilymaintainedthroughthemanage-
mentofinventories.
Inordertooptimallymanagethesestocks,thestakeholdersofthewineindustryevalu-

atetheupcomingharvestbyscrutinizingtheweatherconditionsduringthegrowthseason.25.
Basedontheexpectedharvest,theriskofafutureshortageisevaluatedandbuying/selling
strategiesaresettled,thereforeimpactingcurrentprices.Soastoestimatetheinfluenceof
weatherconditionsonaverageprices,Ihaveestimatedanauxiliaryharvestmodelusingme-
teorologicaldata(seesection4.4.1).Themodelisdesignedtoaccountforthemaximumyield.
Theforecastsofthismodelareassumedtoreflecttheaverageharvestexpectationsateachpoint
intime,andarepluggedinthepriceequation(seesection4.5).

4.3 Data

4.3.1 Descriptivestatistics

TheCIVBhassharedwithmethehistoryofseveraltimeseries:theprices,thedeliveries,the
stocksandtheharvestsforallAOCandattwodifferenttimefrequencies.Ialsohaveaccessto

19Thispolicywasenforcedin1993.Beforethatyear,producershadtorespectafixedten-yearsmovingaverage
yield.Moreflexibilitywasintroducedin2010tolimitspoilage.Ifthewineinsurplussatisfythequalitystandards
oftheAOC,alimitedamountcanbekeptinstockuntilthefollowingyear.
20Thisistrueinagivenstateoftechnologyandweather:themoreselectivetheharvestprocessis,thebetterthe

winewillbe.Ofcourse,quantityandqualityarebothfavoredbyabettertechnology,andbotharecompromisedby
inclementweather.
21AnychangeinthemaximumyieldneedstobeapprovedbytheInstitutNationaldel’OrigineetdelaQualité

(INAO),theFrenchauthoritymanagingtheAOC.
22AsimilarasymmetryinthecaseoflivestockdynamicshasbeenstudiedbyHoltandCraig(2006).
23Whenexcesssupplyistoolarge,vineuprootingissupportedbyapublicsubsidy.Thispolicyhasbeenenforced

between2008and2011.
24SeeMilhau(1953)andSmithetal.(2007).
25Littleinformationcanbecollectedduringwinteraboutthequantityorthequalityoftheupcomingharvest,so

itisneglectedintherestofthischapter.
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exportdata,butaggregatedtothecolorlevel.AllexportsofredandroséAOCareaggregated
inafirstseries,andallexportsofthewhiteAOCinasecondseries.Theannualdata(harvests,
deliveries,stocks,exportsandprices)coverthemarketingyears1981to2016,whichrunsfrom
August1sttoJuly31st.Inallthefollowing,yearTreferstothemarketingyearduringwhich
vintageTisharvested.Forinstance,thevintage2016hasbeenharvestinfromSeptemberto
November2016sothat"year2016"hereafterreferstotheperiodrunningfromthe1stofAugust
2016tothe31stofJuly2017.
Themonthlydata(exports,deliveriesandprices)onlystartsinAugust2001,whenthe

policyoftheCIVBchangedtowardsaclosermonitoringofthemarketconditions,andlastsin
July2017.Ofcourse,themonthlydataarericherforthepurposeofstudyingpricevolatility,but
thehistoryoftheannualdatacoversamuchlongerperiodforwhichtheharvestandannual
initialstocksareobserved.Bothpriceserieshavespecificinterestandthusbotharestudiedin
thischapter.Theannualpricesareaveragesofalltransactionspricesoverthemarketingyear.
ThedeclarationsofstocksarecollectedbytheCIVBattheendofthismarketingyear,thatison
the31stofJuly26.
Torecapitulate,theannualmarketdatacoverstheyears1981-2016foreachAOCofthe

Bordeauxregionandincludesthefollowingvariables:

•averagepricesallvintagesmixedtogether,

•totaldeliveriesallvintagesmixedtogether,

•totalstocksasofJuly31stofeachyearallvintagesmixedtogether,

•totalharvest,

•totalexportsallvintagesmixedtogether,onlytwoseriesforallred/roséAOCandall
whiteAOC.

Inaddition,IdisposeofacollectionofmonthlymarketdatafortheperiodAugust2001to
July2017.ThelatterisalsospecifictoeachAOCandincludesthefollowingvariables:

•averagepricesallvintagesmixedtogether,

•totaldeliveriesallvintagesmixedtogether,

•totalexportsallvintagesmixedtogether,onlytwoseriesforallred/roséAOCandall
whiteAOCandsinceJanuary2012.

Amongthe56existingAOCoftheBordeauxregion,Ihaveselectedthe15largeronesonthe
bulkmarketforthepurposeofthisstudy.MostAOCareverysmall,sothatfewtransactions
arerecordedbytheCIVB.BecausethedatacollectedbytheCIVBonlyconcernsthelatter,the
monthlypriceseriesofmanyofthe56AOCcontainalotofmissingvalues,andforsomeprices
arehardlyrepresentative.Ihavekeptthe15mostimportantAOCinvolumeasarepresentative
panelofBordeauxwines.Theirmonthlypriceseriescontainatotalof2.7%missingvalues,
against59.5%forthefullsample.Fortheestimationofthetimeseriesmodelspresentedin
section4.5,thesefewmissingpriceshavebeenarbitrarilyfilledusingthepreviousprice27.
ThismissingdataandrepresentativityissuesisthereasonwhyIchosenottousetheavailable

26Before2000theendofthemarketingyearwasthe31stofAugust,sothatthestocksdeclaredweresomehow
lower.Hence,Ihaveartificiallyaugmentedthestocksbefore2000byafactor12

11
toroughlycorrectthisslightstruc-

turalbreak.
27Missingvaluesaresorarethatmoresophisticatedinterpolationmethodshouldnotleadtosignificantlydiffer-

entempiricalresults.
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weeklypriceseriesmentionedinsection4.2.1.Theycontain82.5%missingvaluesonaverage
andwhentheyarenotmissing,theweeklyvolumesareoftenverylow.Alargepartofthe
weeklypricechangesarethereforeonlyduetochangesinthebasketoftradedproducts,notto
changesinthemarketconditions.Becauseonlythelatterisofinterestformypurpose,mostof
theintra-monthvolatilityofpricesisirrelevant.Evenatthemonthlyfrequency,acertainshare
ofthevolatilityofaveragepricesisunrelatedtotheeconomicclimateandmustbefilteredout.
Intheempiricaltreatmentofthemonthlypriceseries(seesection4.5),thisirrelevantvolatility
isremovedusingastandardtime-seriesfilteringmethod.Obviously,annualpricesarefully
representativesoIdonotfiltertheseriesofannualaverageprices.
Table4.1givesthecharacteristicsofeachofthe15selectedAOC28.Elevenofthemarered

wines:AOCBlaye-côtes-de-bordeaux(BLA),Bordeaux-supérieur(BSR),Bordeauxred(BR),
Castillon-côtes-de-bordeaux(CAS),Côtes-de-bourg(CBO),Gravesred(GRA),Haut-médoc
(HME),Lussac-saint-émilion(LU), Médoc(MED), Montage-saint-émilion(MSE)andSaint-
émilion(SE);threearewhitewines:Bordeauxwhite(BW),Entre-deux-mers(EDM)andSauternes
(SAU);andthelastisBordeauxrosé(BRO).Together,theseAOCaccountforabout80%ofthe
totalannualharvestoftheBordeauxregion.Column4givestheapproximateareaofproduc-
tionoftheAOCwithintheregion,whichgivesasenseoftheproximitiesoftheAOC.Closely
locatedAOCareexpectedtosharethesameweatherconditions.ThefourregionalAOC(three
colorsofAOCBordeauxandtheredofAOCBordeaux-supérieur)canbeproducedanywhere
intheBordeauxregion,butmostoftheproductionisactuallylocatedintheeasternpartofthe
region.Fortheharvestmodelofsection4.4.1,geographicallycloseAOCwillbeattributedthe
samemeteorologicaldataseries.Column5to9oftable4.1giveforeachAOCtheaveragesover
theperiod2001-2016oftheharvests,oftheregulatedmaximumyields(seesection4.2.2),ofthe
annualpricesandofthesharessoldinbulk.BRisthelargestAOCandaccountsforaboutone
thirdofthetotalharvestintheregion29,andmorethanhalfofthebulkmarkettotalvalue.
Comparedtothisgiant,therestoftheAOCseemverysmall.However,eventhesmallestone
(SAU)exhibitsanaverageproductionof3.2Ml,representing4.3millionsofstandardbottlesof
0.75liter.
Recallfromsection4.2.2thatwithineachAOC,theproductionisboundedbyamaximum

yieldperhectare.Column6givestheaverageofthemaximumyieldsforeachAOCinhec-
toliter(hl)perhectare(ha).FormostredAOC,themaximumyieldliesaround55hl/ha.The
whitewinesofBWandEDMcanbeproducedathigheryields,butthewhitewinesofSAUare
limitedtoanextremelylowyield:25hl/ha30.Column7givestheaveragepricepaidtothepro-
ducersbetween2001and2016,allvintagesgroupedtogether31.Comparedtopricescommonly
observedattheretaillevel,theseproductionpricesarelow:lessthan 1perbottleof0.75liter
forsixofthefifteenAOC.Indeed,thesebulkpricesdonotincludetheadditionalcostsofthe
bottle,thecork,thecap,thelabel,thetransportationandtheprofitmarginsofwholesalersand

28AsfortheregionalAOCBordeaux,someAOCcanexistindifferentcolors(red,roséand/orwhite).Strictly
speaking,redandwhitewinesfromtheAOCBordeauxbelongtothesameAOC,buttheyrepresentdifferent
marketsandarethustreatedseparately.Forthesakeofclarity,thedifferentcolorsofasingleAOCwillbereferred
toasdifferentAOCintherestofthepaper.
29Asabenchmarkcomparison,thewineproductionofAOCBRslightlyexceedstheproductionofBarefoot,

whichisoftenregardedasthelargestwineprivatebrandinvolume.Interestingly,Barefootistheleadingbrandof
thecompanyE.J.Galloandthetotalwineproductionofthelatterisactuallycomparableinsizetothetotalwine
productionoftheBordeauxregionasawhole.Asacommonbrand,Bordeauxisonanequalfootingwiththelargest
privatewine-producingcompanyintermsofproduction.
30ThewinesofSAUaresweetwhitewinesforwhichtheharvestismoredelicate.Thegrapesareleftlongeron

thevinesuntilthegrapesareaffectedbyafungus,calledBotrytiscinerea,or"noblerot",responsibleforthesugary
flavorofthewine.
31Alltheproductionisnotsoldinoneyearsothatbetweenthreeandfivedifferentvintagesaredealteachyear,

dependingontheAOC.Thefactthatallvintagesaremixedtogetherinthepricedatacomplicatesthemeasureof
theaveragequalityofthewinestransacted,asexplainedinsection4.4.2.
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TABLE4.1–Characteristicsofthe15selectedAOC

AOC(colorformulti-colorAOC) Code Color Zone
Average Maximum Average Bulk
harvest yield price share
(106l) (hl/ha) (/0.75l)

Blaye-côtes-de-bordeaux(red) BLA red North 26.7 52.6 0.99 0.363
Bordeaux-supérieur(red) BSR red All 49.7 53.8 1 0.294
Bordeaux(red) BR red All 195.6 56.6 0.86 0.662
Bordeaux(rosé) BRO rosé All 17.6 57.4 0.87 0.533
Bordeaux(white) BW white All 33.3 65 0.86 0.651
Castillon-côtes-de-bordeaux CAS red East 10.2 52.8 0.98 0.384
Côtes-de-bourg(red) CBO red North 17.4 53.7 1.04 0.395
Entre-deux-mers EDM white East 7.8 63.3 0.91 0.403
Graves(red) GRA red South 11.6 54.5 1.22 0.236
Haut-médoc HME red West 20.8 54.4 1.74 0.102
Lussac-saint-émilion LU red East 6.9 55.1 2 0.351
Médoc MED red West 26.3 54.4 1.53 0.309
Montagne-saint-émilion MSE red East 7.3 55.1 2.03 0.382
Saint-émilion SE red East 7.1 55.1 2.71 0.451
Sauternes SAU white South 3.2 25 4.02 0.52

retailers.Still,producersoftheworldwidefamousAOCMédocandSaint-Emiliongetonav-
erage 1.53and 2.71perbottle,asmallfractionofthepricegenerallypaidbytheconsumer.
Notethatincompensationforthelowregulatedyield,producersofSAUfetchthehighest
prices.Intherestofthepaper,priceseriesaredeflatedusingtheFrenchconsumerpriceindex
32soastoobtainstationaryrealprices.
Thelastcolumngivesthefractionoftheharvestsoldinbulk,varyingbetween10.2%for

HMEupto66.2%forBRwhichdominatesthebulkmarket.Althoughonemaythinkthat
thebulkmarketisdedicatedtolow-endwinesonly,afewhigh-pricedAOClikeSAUofSE
areinfactwidelysoldinbulkbyproducers.Intotal,aboutonethirdofthetotalharvestin
Bordeauxissoldinbulk.Thisshareislargeenoughtoappreciatethefluctuationsofthewhole
market.Moreover,becausetheyarefreelyavailablewithlittledelay,averagebulkpricesserve
asbenchmarkpricesinmostnegotiations.Forecastsofaveragebulkpriceswouldthereforebe
helpfulbenchmarksforthewholemarket.

4.3.2 Timeseriescharacteristicsofthepricesandtheroleofstorage

Columns2oftable4.2givestheautocorrelationoftheannualrealpriceseries33.Inthissection,
Ifocusontheannualfrequencytocomparethedatawiththatofotherstudiesofagricultural
commoditieslinkingpriceandstocks.Asforthemajoritiesofcommodities,thepriceseries
exhibitimportantautocorrelation.Mostautocorrelationcoefficientsofthepriceseriesarebe-
tween0.7and0.9,closetothatfoundinDeatonandLaroque(1992)forthemainagricultural
commodities(e.g.wheat,maize,soybean,sugar,etc.).Smallerautocorrelationscoefficientsare
foundforthewhitewinesofAOCBW,EDMandSAUandfortheredwinesoftheSaint-
Emilionarea(LU, MSE,SE).Thisautocorrelationhasbeenexplainedbytheroleofstorage
(Cafieroetal.,2011),whichmitigatesthepricedropsandsmoothspricechanges34.Iftherole

32source:InstitutNationaldelaStatistiqueetdesEtudesEconomiques(INSEE),theFrenchadministrationincharge
ofthenationalaccounts
33TheautocorrelationofatimesseriesztisthePearsoncorrelationcoefficientbetweenztandthelaggedseries

zt−1.
34ThenowclassicalcompetitivestoragetheoryhasbeenoriginallystatedbyGustafson(1958)andthenrefined

byWrightandWilliams(1982)andWilliamsandWright(1991).SeeGouel(2012)forareview.
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ofstorageisindeedatworkhere,otherstructuraleconomicfeaturesgeneratingpriceauto-
correlationcouldbementioned,liketheautocorrelationofdemandortheautocorrelationof
theharvest35.InthecaseofAOCwinesoftheBordeauxregion,andincontrastwiththecom-
moditymarkets,theinfluenceofvintagequalityincreasestheannualvolatilityoftheprices.
Nonetheless,theseriesofannualpricesshowhighautocorrelation,muchinlinewiththatof
commonagriculturalcereals.Onthecontrary,theskewnesscoefficients36rangebetween-0.61
and0.398,whereasthosereportedbyDeatonandLaroque(1992)rangebetween0.04and3.24.
PricespikesduetoshortagesthusseemtobelessfrequentforBordeauxwines.Theskewness
coefficientishoweverfoundpositiveforBSR,BW,EDMandMED.
TheheterogeneityinthetimeseriesstatisticsacrosstheAOCispartlyexplainedbythe

variationintheirstocklevels.Thisisbestillustratedwiththeuseoftwoleadingindicators,the
stock-to-useandharvest-to-useratios,hereafterreferredtoastheSURandtheHUR.TheSUR
ofyearTistheratiobetweenendingstockofthemarketingyear(declaredonthe31stofJuly
inyearT)dividedbythetotalquantitydeliveredduringthepastmarketingyear(between1st

ofAugustofyearT−1andthe31stofJulyofyearT)(Bobenriethetal.,2013).Thisindicator
providesaconciseevaluationofthetensionbetweensupplyanddemand,andiswidelyused
asanindicatorofvolatility.Notably,globalSURformajoragriculturalcommoditiesarenow
availableonthewebsiteoftheAMIS37.Theharvest-to-useratio(HUR)isdefinedanalogously.
Column4oftable4.2givestheaverageSURoverthesampleperiod.Theyrangebetween0.454
forBWupto2.519forHME,whichsuggeststhattheinventoriesheldattheendofthemar-
ketingyeararesufficienttomeetfrom45%toover250%oftheannualdemanddepending
ontheAOC38.ApartfromthegoodkeepingpotentialofBordeauxwines,anotherfeatureof
themarketregulationexplainsthesehighSUR.ForeachAOC,thereexistaregulateddelay
betweenharvestandthebeginningofthephysicaldeliveries.Thetop-endqualityAOChave
tobekeptlongerintheproducers’warehouses(untilJune,15thforSAU39)thantheregional
AOC(November,16thforBWandEDM),especiallyifthewineisalreadybottled.ForMEand
HME,thestartingdateforbulkdeliveryisJanuary,1st,butthestartingdatefordeliveryin
bottleisonlyonthe15thofJune.Column5displaytherespectivedelaysbetweentheharvest
(September)andthemonthofthestartofthedeliveriesforeachAOC.Thelongerthewines
havetobekeptbeforedelivery,thelargerthephysicalstocksdeclaredattheendofthemarket-
ingyear.ThisheterogeneityintheinformationprovidedbytheSURamongtheAOCistaken
intoaccountinsection4.6byestimatingAOC-specificmodels.
Fromtheperspectiveoftheeconomicliteratureonstorage,oneinterestingfeatureofthis

marketisthattheprice-smoothingroleofstorageisheremitigatedbytheinfluenceofvintage
quality,hereafterreferredtoasthevintageeffect.Allotherthingsequal,ifannualqualityis
morevolatileandmoreinfluentialonprices,thenpriceautocorrelationisexpectedtobelower.

35CafieroandWright(2006)alsoarguedthataveragingoverthecalendaryeargeneratesanartificialpriceauto-
correlationbecausetheharvestoccurssomewhereinthemiddleofthecalendaryear.Aharvestshockthusaffects
theannualpriceaveragesovertwocalendaryearsinarow.Theauthorsadvocatethecomputationofannualprice
averageoverthemarketingyear,whichisdoneinthischapter.Still,someinformationaboutthenextharvestis
revealedbeforetheendofthemarketingyear.Forinstance,alatefrostinAprilcankillanimportantshareofthe
buds,andthusinformtheagentsofalowupcomingharvest.Thispre-harvestinformationisalsoafactorofannual
autocorrelationbecausetheharvestshockalsoaffectsthepricesoftheprecedingmarketingyear.
36Theskewnesscoefficient,alsoknownastheasymmetrycoefficient,measuresthedegreeofsymmetryofa

distribution.ForarandomvariableXofmeanµandvarianceσ2,theskewnesscoefficientsisE X−µ
σ

.Avalue
above(resp.below)zeroindicatesadistributionskewedtotheright(resp.totheleft).
37Notethattheinventorydatausedinthischapterconcernalocalizedmarket,sothatitisarguablymorereliable

thanthatusedintheinternationalstudies.Foracriticofthemeasureofglobalinventories,seeGreenfieldand
Abbassian(2011).
38Anunknownshareofthedeclaredstockishoweveralreadysoldandwaitingfordelivery,whichisreferredto

asthepipelinestock.Thiscausesrealavailablestockstobesomewhatoverestimated.
39Allreportedstartingdatesforbulkdeliveriesareof2015.



4.3. Data 83

TABLE4.2–Timeseriesattributesoftheannualrealpricesandcorrelationswith
SURandHUR

AOC
Price Price Mean Delivery Price-SUR Price-HUR

autocorrelation skewness SUR Delay correlation correlation

BLA 0.815 0.07 1.553 5 -0.534*** 0.2
BSR 0.808 0.212 1.718 6 -0.617*** 0.018
BR 0.799 0.084 0.819 4 -0.788*** 0.08
BRO 0.839 -0.016 0.68 4 0.44*** 0.096
BW 0.602 0.154 0.454 11 -0.26 -0.291*
CAS 0.886 -0.401 1.79 5 -0.515*** 0.26
CBO 0.865 0.073 1.565 4 -0.395** 0.179
EDM 0.578 0.398 0.547 4 -0.262 -0.288*
GRA 0.816 -0.204 1.903 9 -0.626*** -0.043
HME 0.736 0.041 2.519 6 -0.325* 0
LU 0.517 -0.025 1.886 9 -0.28 -0.326*
MED 0.79 0.184 1.974 6 -0.496*** 0.009
MSE 0.563 -0.357 1.914 8 -0.421** -0.268
SE 0.496 -0.61 1.812 9 -0.614*** -0.549***
SAU 0.724 -0.064 2.507 11 -0.364*** -0.168

Significanceofthecorrelations:***:1%level;**:5%level;*:1%level

Thefiguresoftable4.2allowtoroughlyranktheAOCintofourgroupsintermsofpriceau-
tocorrelation,vintageeffectsandSURlevel.TheAOCofthefirstgroup,BLA,BSR,CAS,CBO,
GRA,HME, MEDandSAU,exhibithighpriceautocorrelationexplainedbyahighaverage
SURlevel40.TheAOCBWandEDMcanberegroupedinasecondcategoryshowingalow
priceautocorrelationwhichisexplainedbyalowaverageSUR.ThelowSURoftheAOCBW
andEDMmayalsoexplainthepositiveskewnessoftheirpricedistributions,becausealow
SURincreasestheriskofshortagesandthusofpricespikes.ThevintageeffectoftheAOCof
thetwofirstgroupsservesasabenchmarkforcomparison.Inathirdgroup,wecanisolate
twoAOCwithahighpriceautocorrelationandalowSURAOC(BR,BRO).Thevintageeffect
shouldbeparticularlylowforthosetwoAOC,becausetheirpricesarehighlyautocorrelated
eveniftheirSURarenotparticularlylarge.Thisisconsistentwiththefactthosearethelower-
endqualityAOC.Ontheopposite,thethreeAOCofthefourthgroup(LU,MSEandSE)show
lowpriceautocorrelationandhighSURsothatthevintageeffectshouldbeimportant.Thisis
alsoconsistentwiththefactthatthosethreeAOCareproducedintheprestigiousSaint-Emilion
area.Theseconjecturesaretestedinsection4.6whereIestimatethevintageeffectbyAOC.
Recallthatthemainfocusofthepaperistoforecastprices.Forthatpurpose,Iwilluse

severalleadingindicatorsofthemarketsituation,includingtheSURandtheHUR.Toassess
aprioritheusefulnessoftheSURasapredictoroftheprice,column6oftable4.2containsthe
PearsoncorrelationcoefficientbetweenaverageannualpricesandtheSURatthebeginningof
themarketingyear.ExceptforBRO,thisprice-SURcorrelationisnegativeforallAOC41,and
significantatthe5%forallbutBW,EDM,HMEandLU.Thisisconsistentwiththefindings
ofSymeonidisetal.(2012)andGortonetal.(2013)onthecorrelationbetweeninventoriesand
futuresbasis,andbothresultssuggestthattheSURisausefulpredictoroftheprice.Column
7givesthecorrelationbetweenpricesandtheHURandbycontrast,thiscorrelationisactually
foundpositiveorinsignificantatthe5%levelformostAOC(exceptforSE).Theseareonly

40NotethattheSURishigherfortheAOCGRA,HME,MEDandSAU,butthatthedeliveriesalsostartlater.
41ThecaseofBROissingularbecausetheproductionofroséwineshaveexplodedoverthesampleperiod.The

harvestofBROin2016was21timeslargerthanthatof1981.Accountingfrom2000,whentheBROproductionhad
becomesubstantial,theprice-SURcorrelationforBROissignificantlynegativewithavalueof-0.28.
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pairwisecorrelations,sothesetestsobviouslycannotimplythattheharvesthasnoinfluence
whatsoeveronnextyear’spricesoncewecontrolforotherpricedeterminants.Ananalogous
remarkappliestotheobservedcorrelationbetweenSURandprices.However,theyhighlight
thekeyroleofthestockscomparedtothatoftheharvest,andechotheresultsofBobenrieth
etal.(2013).Inourcase,thestronginfluenceoftheSURmaybeexplainedbytheimportant
delaybetweentheharvestandthebeginningofthephysicaldeliveries.Startinginventories
mustthereforemeetalargepartofthedemandoverthemarketingyear.Forinstance,SAU
winescannotbedeliveredbeforeJune15thsothatthestockdeclaredattheendofthemarketing
year(July31st)mustbesufficienttomeetthedemandduring10monthsandahalf,before
theharvestcancirculateonthemarket.Thisregulationdelaystheinfluenceoftheharveston
prices.However,thetransactionsandthustheobservationofthepricesoccurseveralmonths
beforethedelivery.EveniftheSAUharvestcannotbemovedbeforethe15thofJune,itis
partlysoldbeforethatdateandsometransactionssometimesevenoccurbeforetheharvest.
Thismitigatestheroleplayedbytheregulationonthedelayofphysicaldeliveries.
Figure4.1plotstogetherthenormalizedseriesofannualrealprices,SURandHURforBR

overthesampleperiod.Itgivesagraphicalillustrationofthestrongnegativecorrelationbe-
tweenpricesandSUR. WealsoseethattheHURisbarelycorrelatedwiththeprice,butthat
theharvestdropsof1991(latefrost)and2013(rainandhail)causedsignificantpriceincreases.
Totheextendthatthelowlevelofquantityharvestedin2013waspredictablebeforeactual
harvest,thepriceincreasefrom2012to2013wasalsopredictable.Thisquestionwillbeinves-
tigatedinsection4.7.Intermsofboomsandbusts,therecentmarkethistorycanbedivided
intothreeperiods.First,themarketwasrelativelyunstableandexpandingbetween1982and
1997,withanincreasingandexceedingdemandthatmadeinventorylevelscollapseuntilthe
pricespikesof1997and1998.AlsonotethehighervolatilityoftheHURseriesduringthis
firstperiod,causedbyoflighteryieldmanagementandcontrol(seeChevetetal.2011fora
long-termhistoricalanalysisoftheyields).Aftertheshortageepisodeof1997-1998,themarket
enteredalongoverproductionperiod.Between1999and2005,thestocksoaredandtheprice
dropped,thenbothremainedsteadybetween2006and2010.Fortenyearstheproducersmade
littleprofitandabouthalfofthemranbankruptandhadtoselltheirfarms42.Since2011,the
economicclimatehasbecomemoreappealing.Thehugestocksaresteadilydecreasing,and
priceshaverecoveredafterthesmallharvestof2013.However,themarketisinasituationof
relativevulnerabilityandtherecentcatastrophicfrostoflateApril2017mayincreaseprices
backtohistoricalhighs.

4.4 Leadingindicatorsofthefundamentaldeterminantsofprices

Theprevioussectionhasenhancedtheroleplayedbythestocksandtheharvestontheprice
fluctuations.Becauseoneobjectiveofthischapteristoexplainthehistoricalfluctuationsof
prices,Ialsoconsiderseveralotherpotentialfundamentaldrivers.Foreachofthem,Ihave
collectedaspecificdatasetandcomputedaleadingindicatorwhichsummarizesthetimevari-
ations.
Hereisalistrecapitulatingthedatacollectedandusedforeachleadingindicator:

• Harvestexpectations:

42Theclassicalviewonstoragehighlightstheusefulnessofstockpilingtomitigatepricedrops.However,as
mentionedbyBarrett(2007),Burke(2014)and Maîtred’HôtelandLeCotty(2015),thebudgetconstraintofthe
producerslimitstheirabilitytokeeplargeinventories.Duringthe2000s,manylittleBordeauxwineproducershad
toselltheirproductionatlosssoastopaytheirbills,withlittlepossibilityofborrowing.Hence,therewaslittle
financialroomforkeepingstrategicinventoriesandlimitingthecollapseofprices.
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4.1–Standardizedseriesofprices,SURandHURfortheAOCBR

–annualharvest,cultivatedareaandregulatedmaximumyieldforeach15AOCover
years1981to2016,

–weatherdataforsixstations43:

*dailyminimum,meanandmaximumtemperatures,

*dailysumofprecipitations.

–OfficialmonthlyharvestforecastsproducedbytheFrenchMinistryofAgriculture
foryears2013to2016andforthemonthsJulytoNovember,onlyaggregatedover
thewholeregion.Theseforecastsareusedtochecktherepresentativityofthecon-
structedhistoryofharvestexpectations.

•Qualityindex:

–vintagescoresgivenbytheWineAdvocateforvintages1981-2016forfoursubareas
oftheBordeauxregion,

–vintagescoresgivenbytheWineSpectatorforvintages1981-2016forthreesubareas
oftheBordeauxregion(onlyonescoreforvintagespriorto1995),

–harvestreportsofthefacultyofoenologyoftheUniversityofBordeaux,forvintages
2000to2016,

–regulateddelaybetweentheharvestandthestartofdeliveriesforeachAOC.

•Exchangerates:

–monthlyaveragesofexchangeratesoveryears1981to2016for21countries(source:
EuropeanCentralBank),

–totalannualexportsofBordeauxwinesforeachcolor(red/roséorwhite)foreach
ofthese21countriessince1981,andmonthlyexportssince2012.

43About20%ofthedataaremissingbefore2000forcertainstations.Ihavereplacedthemissingvaluesbythose
ofthestationofVillenave-d’Ornonforwhichnodataismissing.Theseriesofweatherdataforthisstationarethe
mostcorrelatedonaveragewiththeothers,andthusthemostrepresentative.
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•Consumerswealth:

–quarterlyGDPforthe16maindestinationsofBordeauxwines(source:OECD)

–totalannualexportsofBordeauxwinesforeachcolor(red/roséorwhite)foreach
ofthese16countriessince1981,andmonthlyexportssince2012.

•Supplyofthecompetitors:

–nationalwineproductionofallcountriesoveryears1981to2014(source:FAO),

–nationalwineproductionforthetenmaincountriesforyears2015and2016(source:
OIV),

–annualwinetradeflowsacrossallcountriesforyears1981to2014(source:FAO)

–totalannualexportsofBordeauxwinesforeachcolor(red/roséorwhite)tothe21
maincountriessince1981,andmonthlyexportssince2012.

•Interestrates:

–monthlyaverageofthedailythreemonths-aheadinterestrateEURIBOR(source:
BanquedeFrance)forperiodfromJanuary1999toJuly2016,

–annuallegalinterestrateforyears1981to1999(source:BanquedeFrance).

4.4.1 Approximationoftheharvestexpectations

Aspreviouslymentionedinsection4.2.2,thewineprofessionalspaycloseattentiontothe
weatherconditionsduringthegrowthseason.Basedontheirobservations,theyupdatetheir
buying/sellingstrategies,andthusinfluencethecurrentmarketaverageprice.Assuch,the
weatherispotentiallyarelevantdriverofprice44.BecauseIwishtoaccountforseveralother
driversandthenumberofobservationsislimited,Idonotattempttomeasuredirectlythe
influenceofweathervariableonpricesandfollowanindirectmethod.Structurally,theweather
WitofagivenmonthtontheareaofAOCiinfluencescurrentpricesPitbecauseitaffectsthe
expectationofthenextharvestEt(Hi).InsteadofestimatingdirectlytheimpactofWitonPit,I
firstestimatetheinfluenceofWitonEt(Hi),andthenthentheimpactofEt(Hi)onPit.
Inthissection,IpresenthowIcombinepastweatherdatainaharvestmodeltoobtain

reasonableestimatesofthemonthlyexpectationsEt(Hi).Thelatterserieswillthenbeused
asanexplainingvariableofthemonthlyfluctuationsofpricessoastocontrolforthecurrent
weather(seesection4.5).Theestimatesoftheharvestexpectationswillalsobeusefulforthe
evaluationoftheannualpriceforecastsatthebeginningofthemarketingyear45insection4.7.
LetHiTbetheharvestofyearTforAOCi.Itisgivenbytheproductofthetotalcultivated

areaAiTandtheaverageyieldȲiT.

HiT=ȲiTAiT (4.1)

Forecastingtheharvestthusrequirestoforecastboththeaverageyieldandthetotalarea
cultivated.Hereafter,Ideveloptwomodelsspecifictoeachofthesetwocomponents.Table4.3
givessummarystatisticsofthetwovariablesbyAOCoverthesampleperiod.Theaveragesof
theareasandyieldsbyAOCareinlinewiththatofthetotalharvestandmaximumyieldgiven
intable4.1.Column5givestheaverageratiosbetweentheaverageyield̄YiTandthemaximum

44Boudoukhetal.(2007)exhibittheinfluenceofweatherinthedeterminationofthefuturepricesoffrozen
concentratedorangejuiceinFlorida.
45Recallthatthemarketingyearbeginsbeforetheactualharvest,onAugust,1st,sothattheharvestisnotknown

atthetimeoftheannualpriceforecast.
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yieldYsupiT byAOC.Ofcourse,thisratioisalwayslowerthan1becausethemaximumyield
appliestoeachproduceranditisstatisticallyimpossiblethatallproducersreachthemaximum
yieldthesameyear.TheaverageratioattainsaminimumforBRO(0.784)andamaximumfor
BR(0.883).Columns3,5and7giverespectivelytheaveragevolatilityofthearea,theaverage
yieldandtheaverageyield-to-maximumyieldratiosbyAOCoverthesampleperiod46.Except
forBRO,theaverageyieldsarehighlymorevolatilethanthecultivatedareas,whichmakes
itthekeyvariabletoforecast.Column7indicatesthatthevolatilityoftheaverageyield-to-
maximumyieldratiosislowerthanthatoftheaverageyield47.Thisratioisthuseasierto
forecast,andistakenastheexplainedvariableinthemodelpresentedhereafter.Recallfrom
section4.2.1thatthemaximumyieldisdecidedatthebeginningofJune,sothatitisknown
longbeforetheharvest.Forthereal-timeforecastscomputedbeforeJune,themaximumyields
ofnextharvestwillbeassumedtoremainconstantequaltothoseoftheprecedingharvest.

TABLE4.3–Area,Yield,andYield-to-MaximumYield-RatiobyAOC

AOC
Area Yield ratiōYiT/Y

sup
iT

Average(103ha) Volatility Average(hl/ha) Volatility Average Volatility

BLA 4.5 0.07 51.1 0.28 0.873 0.22
BSR 10.3 0.13 48.4 0.3 0.838 0.27
BW 8.3 0.06 56.2 0.31 0.813 0.24
BRO 2.1 0.22 48.8 0.25 0.784 0.23
BR 34.4 0.06 55 0.25 0.883 0.22
CAS 2.6 0.06 47.9 0.42 0.821 0.39
CBO 3.5 0.04 51.8 0.24 0.882 0.19
EDM 2 0.1 55.2 0.28 0.833 0.23
GRA 2.2 0.08 47.5 0.25 0.814 0.19
HME 4.1 0.03 49.6 0.29 0.842 0.25
LU 1.3 0.03 51.4 0.43 0.879 0.36
MED 4.7 0.03 52.5 0.29 0.88 0.24
MSE 1.5 0.03 50.5 0.43 0.866 0.35
SE 1.8 0.08 50.3 0.41 0.873 0.3
SAU 1.6 0.04 19.7 0.27 0.787 0.27

Theexplanatoryvariablesoftheaverageyieldareindicatorsoftheweatherconditionsthat
arecomputedondatafromMétéoFrance,theFrenchnationalmeteorologicalservice.Theraw
weatherdataarethedailyminimal,averageandmaximaltemperaturesinCelsiusdegreeand
dailytotalprecipitationsinmillimetersfortheperiod1981-2016fromsixweatherstationsrep-
resentativeofthedifferentBordeauxsubareas.Theprecisegeographiclocationsoftheweather
stationsisgivenonfigureD.1intheAppendixD,togetherwithtableD.2whichdetailsthe
attributionofthesixweatherstationsamongthefifteenselectedAOC.Alltheweatherdataare
aggregatedintosixdifferentindicators.Chronologically,thefirsttointerveneintheformation
oftheharvestexpectationsisF4iT.Iproposetheindicatoroftheseverityofthefrostinlate
AprilforAOCiandyearTdefinedinequation(4.2)

F4iT=
30

d=1

d.TM2iT4d1{TMiT4d<0} (4.2)

46ForagiventimeseriesZt,thevolatilityreferstotheempiricalstandarddeviationof
Zt
Zt−1

.
47ForSAU,thosearethesamebecausethemaximumyieldhasremainedconstantoverthesampleperiod.
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whereTMiT4distheminimumtemperaturerecordedduringdaydofAprilofyearTfor
AOCi.ItisthesumofthesquaresofthenegativedailyminimumtemperatureofApril,each
multipliedbythenumberoftheday(1to30)whenthefrostoccurred.Thisindicatorbecomes
largerasminimumdailytemperaturesfallbelowzero(ataquadraticspeed),especiallywhen
thishappensinthelastdaysofApril.Asexplainedinsection4.2.2,thelaterthefrostthemore
severethedamagestothebuds,andthusthelowertheexpectedharvest.Theindicatorisnull
for76%oftheobservations,indicatingthatAprilfrostsarerare.Theindicatorismaximumfor
1991duringwhichalatefrosthaddestroyedabouthalfofthedevelopinggrapes.
Followingtheeconomicliteratureonthelinkbetweenweatherandwineharvest48andthe

adviceoflocalresearchersinoenologyattheUniversityofBordeaux49,Ihaveconsideredthree
otherindicatorsoftheclimaticconditionsduringthegrowthseason.T46iTistheaverageof
thefourmaximumtemperaturesofmonthsApriltoJuneofyearTforAOCi50.Thisindicator
hasapositiveimpactontheexpectedyield,untilacertainthresholdabovewhichtempera-
turesbecometoohighforthevines(seeJonesetal.2005).Toaccountforthisnon-linearity,
IincludeaquadratictermT462iTintheyieldequation.R57iTisthetotalprecipitationfrom
MaytoJulyofyear T.Ithasanegativeimpactontheexpectedyieldbecauseitcausesthe
developmentofvinediseases.Lastly,R89iTisthetotalprecipitationfromAugusttoSeptem-
berofyearT.Theeffectisambiguous.Ontheonehand,heavyraininthisperiodcanboth
makethegrapesbiggerandthusincreasetheyields,butcanontheotherhanddevelopgrape
diseaseswhichdecreasetheyields.Theoveralleffectdependsontheterroir.Inthismodel,
IalsoacknowledgetherecentfindingsofGuilpartetal.(2014)accordingtowhichthepo-
tentialyieldofavintageisinfluencedbytheweatherconditionsduringthefloweringofthe
precedingyear.IthusaddlaggedvariablesTX46iT−1andRR46iT−1tothespecification.Let
αi=(αi0,αi1,αi2,αi3,αi4,αi5,αi6,αi7,αi8)

tbeasetofparametersassociatedwiththeexplain-
ingvariablesXiT=(1i,T,T46iT−1,R46iT−1,F4iT,T46iT,T46

2
iT,R57iT,R89iT).Theforecast-

ingmodeloftheaverageyield̄YiTisgivenbysystem(4.3).





ȲiT =YsupiT Y
ratio
iT

ln(YratioiT ) ∼TN(µYiT,(σ
Y)2,0)

µYiT =XiTαi

(4.3)

Thelogarithmoftheaverageyield-to-maximumyieldratioYratioiT isassumedtofollowa
truncatednormaldistributionTN(µYiT,(σ

Y)2,0).Thisisthedistributionofanormalvariable
ofmeanµYiTandofvariance(σ

Y)2forwhichonlytherealizationslowerthanzeroareobserved
.BecausethelogarithmoftheratioYratioiT variesbetween−∞andzero,themodelallowsthe
observedaverageyieldȲiTtovarybetweenzeroandY

sup
iT.Thetruncationcausesmostofthe

massofthedistributiontobelocatedjustunderthemaximumyield,whichisconsistentwith
theobservationsoftable4.3.ThecoefficientsαijareallowedtodifferamongtheAOC.How-
ever,becausesomeAOCareverysimilar,severalcoefficientsareexpectedtobeveryclose
acrossdifferentAOC.Inordertoincreasetherobustnessoftheestimationandincreasethe
numberofdegreesoffreedom,Ihaverestrainedsomecoefficientstobeequal.Iproposethe
followingalgorithmtoselectthesetsofequalcoefficient:

1.estimatespecificαijforeachAOCbymaximizingthelikelihoodofthetruncatedmodel
regressionwithacommonerrortermofvariance(σY)2acrossallAOC,

48SeeamongothersAshenfelteretal.(1995),Chevetetal.(2011),Jonesetal.(2005),AshenfelterandStorchmann
(2016).
49IamparticularlygratefultoJean-PascalGoutoulyforhispreciseanddetailedanswers.
50Thisindicatorhasbeenfoundmoresignificantlycorrelatedwiththeaverageyieldsthantheaveragesofthe

monthlymeantemperatures,orofthemonthlyminimumtemperatures.Detailedestimatesareavailableupon
request.
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2.forallj∈{0,...,8},andallcouples(i1,i2)amongthefifteenAOC,computethestatistic
oftheWaldtestforthehypothesis:αi1j=αi2j,

3.forallj∈{0,...,8},collectallthecouples(i1j,i2j)forwhichthe Waldstatisticsisthe
lowest,

4.ifallthetestedequalitiesarerejectedatthe5%level,theaggregationalgorithmstops.

5.Otherwise,gobacktostep1andre-estimatethemodelwiththeadditionalrestrictions
αi1jj=αi2jjforthej∈{0,...,8}suchthatatleastoneequalitywasrejectedatthe5%
level.

Theoutcomeofthisalgorithmisamodelinwhichalltheestimatedcoefficientsrelativeto
thesamevariablearesignificantlydifferentfromeachotheratthe5%level.Thecoefficientsare
estimatedbymaximumlikelihoodateachstep,andtheestimatesofthefinalspecificationare
givenintable4.4.Thisalgorithmallowstoconsiderablydecreasethenumberofcoefficients
toestimate,from135toonly30,atarguablynocostbecauseonlynon-significantlydifferent
coefficientsareaggregated.
Table4.4showsthatthealgorithmleavessevendifferentvaluesfortheintercept,andfive

differentvaluesforthetimetrend.Notethatthetrendcanbepositiveornegative,depending
onwhethertheobservedaverageyieldisgettingclosertoorfartherfromthemaximumyield.
Therestofthecoefficientsaremoreaggregated.Theaggregationalgorithmleavestwodifferent
coefficientsfortheinfluenceofT46iT−1,thetemperatureoftheprecedingyear,andonlyonefor
R46iT−1whichisnegative.Amongthelatterthree,thecoefficientofT46iT−1fortheAOCBSR,
BRO,EDM,GRA,MED,MSEandSEisstatisticallysignificantattheconventional5%level,
consistentwiththeobservationsofGuilpartetal.(2014).Row5givesthecoefficientsbefore
G4iT,theindicatoroffrost.Fourdifferentvaluesareselectedbythealgorithm,andallare
negativeandstronglysignificant.Rows6and7respectivelygivethecoefficientofT46iTand
itssquare.Theformertakefourdifferentvalues,allsignificantlypositive,andthelattertakes
threedifferentvalues,allsignificantlynegative.Asexpected,theinfluenceoftemperatureon
yieldsisthusshapedinaninverseU,withamaximumnotedT46∗iTgivenbyrow10.These
maximumsaretheestimatedidealconditionsoftemperaturefortheyields,andarerepresented
foreachAOConfigure4.2togetherwiththeseriesofT46iT.Notethatthetemperaturesall
exhibitanupwardtrendovertheobservationperiod.Thistrendismorepronouncedforthe
AOCoftheeasternzonethanfortheAOCneartheoceancoast.Notethattheestimatedoptimal
temperatureforpotentialyieldismoreandmoreoftenexceeded.Thiscollateralresultofthe
modelsuggeststhatthecurrenttemperatureconditionsareaboutoptimal,butthattheupward
trendmaycausefuturepotentialyieldstodecline.ThisisinlinewiththefindingsofJonesetal.
(2005)whoarguethattheclimaticconditionsinBordeauxarecurrentlymoreorlessoptimal
forwinequality,butmaybecometoohotifthecurrenttrendcontinues.Myestimationsleadto
thesameconclusionregardingquantity.Thelasttwocoefficientsforthemodelaccountforthe
precipitationsfromMaytoJulyandfromAugusttoSeptember.Theformertakestwodifferent
values,bothstronglysignificantandnegative.Thelattertakestwovalues,onesignificantly
positiveandtheothernegativebutnotstatisticallysignificant.Theoveralleffectofrainbefore
theharvestthusseemstobepositive,althoughdifficulttomeasureaccuratelyontheobserved
period.
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Withmuchlesscoefficientsthanthefullydisaggregatedmodel,theoptimallyaggregated
modelisusedtogeneratemonthlyupdatesoftheexpectedharvestforallAOC.Inparticular,
whenalltheweathervariablesareknown,theexpectationofȲiTisgivenbyequation(4.4)(see
thecomputationintheAppendixD).IassumethatYsupiT isknownatthetimeofthecomputa-
tionoftheforecast.

E(̄YiT)=Y
sup
iTe

µYiT+
1
2
(σYiT)

2
Φ(−

µYiT+(σ
Y
iT)
2

σYiT
)

Φ(−
µYiT
σYiT
)

(4.4)

Forthecomputationoftheyieldexpectationatagivenmonthmbeforetheharvest,allthe
variablesaccountingfortheweatheraftermaretakenattheirrespectiveaveragesoverthe
precedingdecade51.Weatherexpectationscanthusbeviewedasnaive,althoughitisunlikely
tofindsignificantlybetterweatherforecastsatthemonthlyfrequency.
Inordertoobtaintheexpectationofthetotalharvest,theyieldexpectationsaremultiplied

bytheexpectationofthecultivatedarea52.Thefluctuationsofthecultivatedareaareveryslow
andregular,sothattheexpectedareaforthenextperiodismostlygivenbytherecenttrend.
ForeachAOC,theestimationofthistrendisachievedusingastandardlocal-trendunobserved
componentmodel,hereafternotedUCM,andintroducedbyHarvey(1989)53.Thesemodelsare
estimatedonthelogarithmoftheareasforeachAOCsothattheareaexpectationstakepositive
values.LetaiTbethelogarithmofAiT

54.TheforecastmodelfortheareasisAOC-specificand
givenbythestandardlocal-trendUCMdetailedbysystem(4.5).






AiT =e
aiT

aiT =µaiT+
a
iT

µaiT =µaiT−1+β
a
iT+ν

a
iT

βaiT =βaiT−1+ξ
a
iT

a
iT ∼N(0,σ2a

i
)

νaiT ∼N(0,σ2νai
)

ξaiT ∼N(0,σ2ξai
)

(4.5)

Thelocal-trendUCMdecomposesthetimesseriesinalevelµaiTandanirregularcomponent
a
iT.Thelevelisassumedtobearandomwalkofinnovationν

a
iTshiftedbyastochastictrend

βaiT,itselfbeingarandomwalkofinnovationξ
a
iT.Theinnovations

a
iT,ν

a
iTandξ

a
iTareassumed

tofollowcenterednormallawsofrespectivevariancesσ2a
i
,σ2νai

andσ2ξai
.Thelatteraretheonly

parameterscharacterizingtheoverallprocess.Allvariablesareunobservedandestimatedwith
thecoefficientsbymaximizingthelikelihoodevaluatedbytheKalmanfilter.Theestimatesare
givenintable4.5.Becausetheequationisestimatedinlogarithm,theexpectedareaintheend

51Forinstance,atthebeginningofOctober,onlyhalfofR89iTisknown,namelyR8iT.R9iTisyetunknown
andthustakenatitsaverageoverthelasttenyears.ThisaverageisthensummedwithR8iTtoobtainaplausible
anticipationoftheindicatorR89iT.
52TheȲiTandAiTcanbereasonablyassumedtobeindependentvariables,sincetheplantingdecisionismade

manyyearsbeforetheharvest.
53Structurally,thecultivatedareaisdeterminedbyplantingdecisionsoftheprecedingyears.Assumingprofit-

maximizingproducers,thesedecisionsaredrivenbypastpricesandmaximumyieldssincethosedeterminethe
expectedprofitofplantingnewvines.Aneconometricmodelincorporatingthesefeatureshavebeenestimated,but
itactuallyprovidespoorfitascomparedtotheUCM.Ithereforeonlypresentthelatterinthischapter.Detailsand
estimatesoftheeconometricmodelfortheareaareavailableuponrequest.
54Inwhatfollows,variablesnotedinlowercasearethenaturallogarithmsofthevariablesnotedinuppercases.
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ofyearT−1isgivenbyequation(4.6).

ET−1(AiT)=exp{µ
a
iT−1+β

a
iT−1+0.5(σ

2
a
i
+σ2νai+σ

2
ξai
)} (4.6)

Notethattheexpectationofthenextareadoesnotevolvewithinayear.

TABLE4.5–MLestimationoflocal-trendUCMonlog(Area)byAOC

σ̂ξai σ̂νai σ̂a
i

BLA 1.2e-04 1.9e-03 7.7e-04
BSR 1.3e-08 1.7e-03 7.4e-03
BW 5.4e-04 4.7e-04 7.1e-04
BRO 3.2e-04 3.4e-02 6.1e-03
BR 1.5e-04 1.6e-05 9.5e-04
CAS 6.1e-04 1.6e-04 1.1e-03
CBO 2.5e-05 2.5e-08 4.7e-04
EDM 4.1e-08 9.4e-03 4.2e-06
GRA 7.4e-05 7.3e-04 2e-03
HME 3.1e-05 1.5e-07 4e-04
LU 3.3e-05 9.9e-08 3e-04
MED 1.1e-04 2e-04 6.2e-05
MSE 4.8e-06 1.3e-07 3.2e-04
SE 2.2e-05 2.2e-03 2.1e-03
SAU 4e-08 1.4e-03 2.1e-07

Theaimoftheharvestmodelisnottoprovidepost-sampleforecast,buttoreplicatethe
historicalexpectationsofharvestsoastoaccountforweatherconditionsinthepricemodel.
Inordertoevaluatethecredibilityoftheestimatedseriesofexpectations,Ihavecheckedits
consistencywiththerecenthistoryofreal-timeofficialaggregateforecastsproducedbythe
French MinistryofAgriculture.Theforecastsarebasedonsurveysamongwineproducers,
andaredisclosedinmonthlybulletinspublishedatvariousmonthsofthegrowthseason.The
availablehistoryoftheseforecastsonthewebsiteoftheMinistrygoesbacktoAugust2013.
OnlytheforecastofthetotalharvestoftheBordeauxregionisdisclosedallAOCcombined.
Ithushavecompareditsaccuracywiththeoutcomeofthemodelforthetotalharvestacross
the15selectedAOC.Table4.6givescomparativestatisticsforeachobserveddate.Thefirst
twocolumngivetheyearandthemonthatthebeginningofwhichtheforecastsofthenext
harvestarecomputedwiththemodel.Forinstance,thefirstrowreferstotheforecastsofthe
harvestofvintage2016computedwiththeinformationavailableinNovember2016.Thein-
samplepercentageerrorofthemodelisgivenincolumn3,andisonaverageof3.42%.As
expected,theerroroftheforecastsdecreasesfromJulytoNovemberforeachyear.Column4
givesthepublicationdatesoftheofficialforecasts,andthelastcolumncontainstheforecasts
errors.Thetwoerrorsarecomparableinabsolutevalues,withmymodelbeinglessaccurate
for2014butmuchmorepreciseforthesmallharvestof2013,forwhichtheofficialforecasts
underperformed.Onaverage,themodelin-sampleprecisionisbetterthanthatofthereal-time
officialforecasts,withandaverageerrorof3.42%against5.82%.Thissuggestthatthemodel
overestimatesthehistoricalprecisionoftheharvestexpectation.However,thelocalagentsthat
directlyinfluencepricesarelikelytohavebettersourcesthanofficialforecasts,sothatthelatter
mightunderestimatetheactualprecisionoftheagentsexpectations.Allinall,themodelfitted
valuesprovideplausibleestimatesoftheexpectationsofthenextharvestforeachmonthand
eachAOC.
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TABLE4.6–Aggregatein-sampleaccuracyofthemodelandofofficialforecasts

Year Month Modelerror(%) Bulletindate Bulletinerror(%)

2016 11 1.54 01/11 -1.78
2016 10 1.54 01/10 -1.78
2016 9 2.87
2016 8 6.59 22/08 3.78
2016 7 13.31 18/07 5.78
2015 11 -4.58 01/11 -1.39
2015 10 -4.58 01/10 -1.39
2015 9 -4.74
2015 8 -4.53 19/08 -1.39
2015 7 -5.98 20/07 -1.39
2014 11 1.24 01/11 -4.69
2014 10 1.24 01/10 -4.95
2014 9 1.71
2014 8 1.81 20/08 -5.93
2014 7 2.12 21/07 -4.74
2013 11 -1.11 01/11 -5.4
2013 10 -1.11 01/10 -10.29
2013 9 0.53 01/09 -10.29
2013 8 -1.17 01/08 -20.93
2013 7 6.17 01/07 -31.14

Average 3.42 5.82

Figure4.3plotstheobservednextharvestagainsttheestimatedmonthlyexpectationsfor
themainappellationBR.Themodelestimatesthatthesmallharvestof2013wasalreadyex-
pectedaccountingfromJuly2013,becausetheweatherhadbeenverycoldandrainyinJune.
Weatherupdatesarethuscorrectlytakenintoaccountintheestimatedexpectations.Forall
monthstandAOCi,letEt(Hi)betheexpectationofthenextharvest.Thisindicatorisusedas
anexplainingvariableofthemonthlypricesinsection4.5.Itisalsousedinthecomputationof
theannualpriceforecastatthebeginningofthemarketingyearinsection4.7.

4.4.2 Quantitativeevaluationofquality

Accordingtotheliteratureinwineeconomics,qualityplaysanimportantroleinthedetermi-
nationofprices,especiallyintheBordeauxregion.Althoughthischapterisnotconcernedwith
theanalysisofcross-sectionalprices,thefluctuationofwinequalityacrossvintagescanbeex-
pectedtodriveaveragepricesbyAOC.Inthischapter,weshowthatpricesaremoredriven
bythequantitybroughttothemarketthanbytheeffectofvintagequality.Toquantifythis
vintageeffect,anumericalmeasureofqualityisneeded.Ofcourse,noscoringmethodtoeval-
uatequalityisperfectlyobjectiveorunbiased.However,afewsourceshaveacquiredasolid
reputationandthusinfluencethepopularopinion,andeventuallydefinethecommonknowl-
edgeaboutthequalityofeachvintage.ForBordeauxwines,thehistoricalbenchmarksarethe
scoresattributedtothetop-endwinesbyRobertParker.Eventhoughhehasretiredin2013,his
magazine,theWineAdvocate,continuestobeinfluential.Intherecentyears,theWineSpecta-
tor(WS)hasbecomeaseriouschallengertothehegemonyoftheWineAdvocate,aswellasa
dozenofotherlesser-knownwinecritics.Inadditiontoindividualscoresforasmallnumber
ofverywell-knownChâteaux,thesetwomainsourcespublishaveragescoresforeachvintage
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andeachsubregioninBordeaux.Asafirstsourceofqualityscoresofeachvintage,Ihaveused
thesevintagegridsfreelyavailableonthewebsitesoftheWineAdvocate(WA,themagazine
createdbyRobertParker,whoisnowretired)andtheWS55.Inadditiontothesetwosources,
IhavecollectedtheharvestreportswrittenbyprofessorsoftheoenologyfacultyofBordeaux
since2000,whichprovidefirst-handanddetailedinformationontheexpectedqualityofeach
vintagejustaftertheharvest56.Thesereportsdonotgivenumericalestimatesofquality,but
theydolistfivecriteriaassignalsoffavorableweatherduringthegrowthseason(Marchto
October)57.Forinstance,thefirstcriterionisthattheburstofthebudsinMarchmustbeearly
andhomogeneous.Basedonthesereports,Ihaveattributedavaluebetween-1(notsatisfied),
0(average)and1(fullysatisfied)toeachcriterionandeachvintageforwhichthesereports
areavailable(2000-2016).Theadditionofthesefivescoresgivesascorebetween-5and5for
eachvintage,whichprovidesanobjectiveevaluationofqualityfromthelocalprofessionaloe-
nologists.OneadvantageofthevintagegridsofWEandWSisthattheyaremoredetailedby
AOC,whereasthescorescomputedusingthecriteriaarethesameforallredwines.Table4.7
presentshowIhaveattributedthevintagescoresof WAand WSamongthefifteenselected
AOC.ThenamesofthesubareasreportedinthechartforWAandWSarethosegivenontheir
respectivewebsites.Onemajorshortcomingofthisattributionisthatthereexistsnoevaluation
ofthequalityofthevintagefordrywhitewinesoftheAOCBWandEDM.Ihaveconsidered
thescoresfortheAOCSauternesasaproxyvariableforthosetwoAOC,butitisadmittedly
farfromperfect.

TABLE4.7–Matchingthe15AOCwiththescoresofWA,WSandharvestreports

AOC WA WS(>1995) WS(<1995) Reports
BLA Margaux Médoc,Pessac-Léognan Bordeauxred Bordeauxred
BR Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
BRO Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
BW Barsac/Sauternes Sauternes
BSR Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
CAS Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
CBO Margaux Médoc,Pessac-Léognan Bordeauxred Bordeauxred
EDM Barsac/Sauternes Sauternes
GRA Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
HME SaintJulien/Pauillac/SaintEstephe Médoc,Pessac-Léognan Bordeauxred Bordeauxred
LU Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
MED Margaux Médoc,Pessac-Léognan Bordeauxred Bordeauxred
MSE Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
SE Saint-Emilion Pomerol,SaintEmilion Bordeauxred Bordeauxred
SAU Barsac/Sauternes Sauternes

ThequalityofeachcoupleAOC-vintageisthusevaluatedbyuptothreescores,twoscores
ona100-pointscale,andoneona10-pointscale(between-5and5).Toobtainonesinglescore
foreachcoupleAOC-vintage,Ihavefollowedtheequipercentilematchingmethodpresented
inCardebatandParoissien(2015).Hence,IobtainaveragescoresforeacheachAOC-vintage.
Now,thepricesgiveninthedataareaveragesoveralltransactionsofagivenperiod,which
mixesalltradedvintagestogether.Theappropriatequalityscoreforagivenperiodisthere-
foretheaverageamongthescoresofthevintagesdealtduringthisperiod.Furthermore,the
weightsofeachvintagesshouldnotbeequal,sincerecentvintageshavealargersharethan

55Ihavealsosurveyedthevintagegridsgivenbyothersources,butnonecouldprovideadditionalinformation:
theirhistoryisveryshort,lessdisaggregatedamongtheAOC,andtheirscoresarealmostcollinearwiththosethe
WSandtheWA.
56SeeforinstanceGenyandDubourdieu(2015),theharvestreportofthevintage2015.
57IthankAntoineMogaforhavingsuggestedmethisfirst-handindicatorofquality.
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oldvintages.Unfortunately,Idonotobservetheprecisesharesofeachvintageintheaver-
ageprices.Inordertoapproximatetheevolutionthesharesofeachvintage,Ihaveassumed
aweightingrule.Theassumedflowfunctionbeginsatzeroaftertheharvest,increasesand
reachesamaximumbetweensixandtenmonthsaftertheharvest,andthenslowlydecreases
untilzero,withsignificantvaluesduringtwotofiveyearsdependingontheAOC.Foreach
AOC,Ihavecomputedaspecificmonthlyflowfunctionparameterizedbythedelaybetween
harvestanddeliveries.Letnbethenumberofmonthssincetheharvest(September),anddthe
delaybetweentheharvestandthestartofthedeliveriesgivenintable4.2,theweightw(n,d)
isgivenbytheequation(4.7).

w(n,d)=φLN(n,1.5+
d

10
,
d

10
) (4.7)

whereφLN(x,µ,σ)isthedensitytakeninxoflog-normaldensityofparameter(µ,σ)
58.

ThegraphicsofthemonthlyflowfunctionsbyAOCaregivenintheAppendixD.Thisweight-
ingruleisadmittedlysomewhatarbitrary.Butithasthemeritofbeingconsistentwiththe
fewknownstylizedfactsabouttheflowofavintage,namely:theflowfirstincreases,reaches
amaximumwithinthefirstyear,andthendecreasesanddisappearsofthemarketinabout
fiveyears59.BecauseIwishtoestimatethevintageeffectbothontheannualdataandonthe
monthlydata60,Ihavecomputedmonthlyandannualqualityscores,respectivelynotedQit
andQiT,foreachAOCi.ThemonthlyqualityscoresQitiscomputedastheweightedaverages
oftheaveragescoresofthelastfivevintages,theshareofthefifthvintagebeingalreadynegli-
gible.TheannualvintagescoreQiTiscomputedasthesimpleaverageofthemonthlyquality
scoreoverthemarketingyear.Thelatterisplottedonfigure4.4forthetworegionalAOCBR
andBW.

4.4.3 Leadingindicatorsofthemacroeconomicdeterminants

Intheprevioussections,Ihavefocusedonthesupply-sidedriversofprices.Forthepurposeof
explainingthepricehistory,itisobviouslynecessarytoaccountforthevariationinthedrivers
ofdemand.Threeexogenousmacroeconomicdriversofdemandareconsidered:therevenue
ofconsumers(asmeasuredbytheGDPofBordeauxwineconsumingcountries),theexchange
ratesagainsttheeuro,andthequantityofwineproductionbythecompetitorsofBordeaux.For
eachofthesethreedrivers,Ihavecollectedspecificdataandaggregatedallthelatterintoone
leadingindicator.Lastly,Ihavealsoincludedtheinterestrateintheanalysis,whichdefinesthe
termsofthestoragearbitrageandisthereforeexpectedtoshiftbothsupplyanddemand.
About40%ofBordeauxwinesareexported,andaboutonethirdareexportedoutofthe

eurozone.Thevalueoftheeuroagainsttheothercurrenciesshouldthenbeanimportantde-
mandshifter.Soastoincludethiseffectintheforecastingmodels,Ihavecollectedhistorical
seriesforthemainexchangeratesagainsteuroonthewebsitefxtop.com,whosedatacome
fromtheEuropeanCentralBank.Ihavecollectedtheinformationfortheperiod1981-2016
atamonthlyfrequencyforthefollowingcountries:Belgium,Cameroon,Canada,China,Ger-
many,Denmark,Hong-Kong,Ireland,Japan,Latvia,Lithuania,Netherlands,New-Caledonia,
Poland,Russia,Singapore,SouthKorea,Switzerland,Taiwan,theUnitedKingdom(UK)and

58Inotherwords,φLN(x,µ,σ)isthedensityoftheexponentialofanormalrandomvariableofmeanµand
standarddeviationσ
59ItakethisinformationfromthelifetimeexpertiseofthewinebrokersFrançoisLilletandMarionTarel.
60Recallthattheannualdatahasalongerhistoryandthusmaybemorerelevanttoestimatethiskindofannual

phenomenon.
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FIGURE4.4–AnnualindicatorQiT
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theUnitedSatesofAmerica(USA)61.Thesecountriesaccountformorethan90%oftheex-
portsinvolume.The21monthlyexchangerateshavebeenaggregatedintoonesingleleading
indicatorforthevalueoftheeuro.ThisindexisaLapeyreindexwheretheweightsaretheex-
portedvaluetoeachcountryfortheprecedingmonth,oryearfortheannualindex.Thelatter
arelaggedbecausetheyarearguablycorrelatedwiththeprice,andusingthecurrentexportsin
theconstructionofadeterminantofthepricewouldraiseanendogeneityissue.Exportsdata
areonlycolor-specific,andthattheexchangerateindexisthesameforallredAOC,andall
whiteAOC.IhereafterdenoteEitandEiTthemonthlyandannualindicatorsoftheexchange
ratesforeachAOCi.TheannualindicatorEiTisplottedonfigure4.5forthetwocolors.The
exchangeratesaretakensoastoreflectthestrengthoftheothercurrencies.Thehigherthe
indicator,theweakertheFrenchcurrencyagainsttheothers,andthehighertheBordeauxwine
pricesareexpectedtobe.Theseriesisfoundwellcorrelatedwiththeseriesofannualpricesfor
BR,seesection4.6.
Inthesamefashion,IaccountforthefluctuationofthewealthintheBordeauxwine-

consumingcountries.IhavecollectedthequarterlygrowthoftheGrossDomesticProduct
(GDP)forFranceand15majorBordeauxwine-importingcountries62onthewebsiteofthe
OECD.Asfortheexchangerates,these16GDPgrowthsareaveragedusingtheexportsas
weights,theweightofFrancebeingthedifferencebetweenthevolumeexportedandthetotal
volumedelivered.Inordertobeusedasanexplainingvariableofthefluctuationofmonthly
priceseries,Ihaveconvertedthisquarterlyseriestoamonthlyfrequency.Foreachmonthofa
givenquarter,IhavesimplyapproximatedthemonthlyGDPgrowthbythecubicrootofthe
quarterlyGDPgrowth.Astheexchangerateindex,thisrevenueindexisweightedbylagged

61Theeurocurrencywaslaunchedin2000andseveralofthesecountriesnowsharethiscurrencywithFrance.
However,between1982and2000,Franceusedanationalcurrency,theFrenchFranc,whichwasallowedtofluctuate
againsttheothereuropeannationalcurrencies,inthelimitsfixedbytheformerEuropeanMonetarySystem.
62Belgium,Canada,China,Germany,Denmark,France,Ireland,Japan,Latvia,Lithuania,Netherlands,Poland,

SouthKorea,Switzerland,theUKandtheUSA
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FIGURE4.5–AnnualindicatorEiT
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Note:Theseannualindexesareobtainedbyaveragingthemonthlyindexes,whichbothequal100in
January1982.

exportsandiscolor-specific.IhereafternoterespectivelyYitandYiTthemonthlyandannual
indicatorsofthewealthoftheconsumersofwinesfromAOCi.Ihaverepresentedtheevolu-
tionofthegrowthofYiTonfigure4.6foreachofthetwocolors.Themainstylizedfactofthe
seriesofgrowthsisthestrikingeconomicdownturnof2008.
Yetanotherdeterminantofpricesatthemacrolevelisthesupplyofitscompetitors,refer-

ringtotheotherwineregionsinFranceandtheothercountries.Forinstance,whentheother
Frenchwineregionsenjoyaverylargeharvest,BordeauxwinepricesdecreasebecauseFrench
winesarerelativelyclosesubstitutes.SinceBordeauxwinesareexportedthroughouttheworld,
allthewineregionsoftheplanetarepotentialcompetitors.Asfortheexchangeratesandthe
GDP,IdonotestimatetherelativeimpactoftheharvestofeachcompetitoronBordeauxwine
prices,butrathercomputeaweightedaverageofthelatterandaddthisleadingindicatorto
thepriceequation.However,theweightingsystemforthecompetitors’harvestshasrequired
moreattention.Thegoalistoestimateaweightforeachcompetitorwhichreflectstheintensity
ofthecompetitionbetweenthelatterandtheBordeauxregion.Todoso,Ihaveusedtheannual
worldwinetradematricesgivenonthewebsiteoftheFoodandAgricultureOrganizationof
theUnitedNations(FAO),aswellasthehistoryoftheharvestsbycountry.Thedataisavailable
onalonghistory,butthereisdelayofabouttwoyearsbeforethenationalharvestsaregiven.
Fortherecentharvestsofthetenmostimportantwine-producingcountries63,Ihaveusedthe
half-yearlyreportsoftheInternationalOrganizationofVineand Wine(OIV),freelyavailable
onitswebsite.Forthelastharvestof2016,IhaveconsultedtheworldoutlooksoftheUSDA
andreportsoftheFrenchMinistryofAgriculture64.

63Argentina,Australia,Chile,China,France,Germany,Italy,SouthAfrica,theUSAandSpain
64ThedelaybetweenactualharvestsandthedateswhenthestatisticsarerevealedontheFAOwebsiteisnottaken

intoaccountintheforecastspresentedinsection4.7.Obviously,theeconomicsagentsnegotiatingBordeauxwine
bulkpricesareawareofthelevelofthewineproductionofthecompetitorswaybeforethestatisticsareavailableon
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FIGURE4.6–Annualindicator∆YiT
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Note:ThisfiguredisplaystheindexesYiTtakeninfirstdifferenceandnoted∆YiT.Intheestimation
procedurepresentedthereafter,Ihaveconsideredbothindexestakeninlevelorinfirstdifference.These
annualindexesareobtainedbyaveragingthemonthlyindexes,whichbothequal100inJanuary1982.

Iproposeaweightingsystemforallwine-producingcountriesthattakesintoaccountthe
structureoftheinternationalwinetrade.LetxijTbethevolumeexportedfromcountryito
countryjduringyearT,andH∗iTthewineproductionofcountryiduringyearT.Icompute
themijTasthevolumecomingfromcountryiandconsumedincountryjforallcouples(i,j).

mijT=
xijT ifi=j
H∗iT− k=ixikT ifi=j

Thequantityproducedandconsumedincountryiistheharvestminusthetotalexports65.
Foreachcountryi,IthencomputethesharewijTrepresentingtheimportanceoftheconsumer
marketofeachcountryjduringyearT,asfollows:

wijT=
mijT

kmikT

IfinallyestimatetheintensitywiTofthecompetitionbetweencountryiandtheBordeaux
regionduringyearTbytheaverageoftheimportanceofeachmarketjforproductionof
countryi,weightedbytheimportancemarketjfortheproductionofBordeaux.Thelatter,
notedsjT,isestimatedbytheshareofBordeauxwinesdeliveriesconsumedincountryj

66.
Simplyput,theweightofcompetitoriforyearTisgivenby:

theFAO’swebsite.Usingtherealstatisticsasiftheywereknownwithoutdelaymaycauseaslightunderestimation
oftheforecastingerrorinsection4.7.
65Ithereforeneglectthere-exportations.ForplatformcountrieslikeSingapore,thetotalwineexportsactually

exceedsthewineproduction.Inthiscase,Iattributeavaluezero.
66Hereagain,Ineglecttheissueofre-exportations.
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wiT=
j

sjTwijT

TheindexwiTthusincreaseswhenthemarketpowerofcountryiincreasesincountries
thatarekeydestinationsofBordeauxwines.Theleadingindicatorforglobalwineproduction
isalsoaLapeyreindexofthefluctuationoftheharvestsforeachcountryH∗iT,weightedbythe
laggedwiT−1.Forthemonthlyindex,Ihavefirstcomputedonevalueoftheindexbysemester
ofthemarketingyeartotakeintoaccounttherespectivetimingsofthegrapeharvestinboth
hemispheres.Insemester1(fromAugusttoJanuary),onlythefluctuationsoftheharvestsof
thecountriesofthenorthernhemisphereaffecttheindex.Thegrapeharvestsofthecountriesof
thesouthernhemisphere67occurbetweenJanuaryandMay,soitonlyaffecttheindexduring
thesecondsemester.Thetotalweightsofthesouthernandnorthernhemispheresaresummed
tozero,sothatthevariationsoftheharvestsinthenorthernhemispherehavemoreimpacton
theglobalcompetitionindex(duringthefirstsemester),thanthoseofthesouthernhemisphere.
Thisreflectsthefactthatnorthernwineproductions(mostlytherestofFrance,SpainandItaly)
aremoredirectcompetitorsfortheBordeauxregion.Iobtainamonthlyindexbyfirstattribut-
ingthesamevaluesbysemestertoeachmonthofeachsemester,andthencomputea6-months
movingaverage.Oneshortcomingofthisindexisthatitignoresthatthelevelofsubstitution
betweenthewinesproducedinagivencountryandBordeauxwinesactuallydependsonhow
closethosetwoareintermsofquality.Tomyknowledge,noquantitativeindicatorexistsfor
comparingthequalityofthewinesproducedfordifferentcountry.Ithusconsiderthatthe
flowsofinternationaltradearesufficientindicatorsofthelevelofcompetition.Themonthly
andannualindicatorsarerespectivelynotedCitandCiT.TheannualindicatorCiTisplotted
onfigure4.7forthetwocolors.ThedecreasingtrendismainlyduetothedecreaseoftheFrench
harvest,whichhasaweightof0.7onaverageintheindex.
ThelastmacroeconomicdriverofBordeauxwinespricesIconsideristhethreemonths

aheadinterestrateEURIBORcomputedbytheBanquedeFrance(BCF),theformerFrenchcen-
tralbank.TheavailablemonthlyhistorystartsinJanuary1999.Fortheprecedingyears1982-
1998,IhaveusedthelegalinterestratealsogivenbytheBCF,thatispreciselycomputedasthe
12-monthsaverageofthethree-monthaheadinterestrate.Thisinterestrateisnotedrtforthe
monthlyseries,andrTfortheannualseries.TheannualindicatorriTisplottedonfigure4.8.
Obviously,theexhaustivelistofallthefactorsdeterminingwinepricesisendless.However,

Itrustthattheaboveshortlistrecapitulatesthosewhicharemeasurable,havesignificantly
fluctuatedoverthesampleperiod(1982-2016)andforwhichtheavailabledatahaveenough
historicaldepth.OneconcernhasbeentoguaranteethatthewineprofessionalsinBordeaux
canappropriatetheprocedureanduseoperationalpriceforecasts,sothatallthedatausedin
thischapterareaccessibletothem68.

67TheonlysoutherncountrieswithasignificantwineproductionareArgentina,Australia,Chile,Peru,New-
Zealand,theReunionIsland,SouthAfrica,Viet-NamandZimbabwe.
68IhavealsoobtainedhomogeneousdataontariffscomputedbythemethodproposedbyBouetetal.(2004).

Unfortunately,thesedataarenotpubliclyavailableandareonlyproducedforfivedifferentyearssofarandare
releasedwithanimportantdelay.Howeveraccurate,thesedataeventuallyturnedoutnottobehelpfulforthe
purposeofpriceforecasting.Tomyknowledge,theothersourcesofdataonwinetariffsareevenlessconvenient
andlackhistoricaldepth. Withoutreadilyavailabledatathatcanbeappropriatedbytheprofessionals,Ihadto
excludewinetariffsfromtheanalysis,althoughtheyarguablyinfluenceBordeauxwineproductionpricestosome
extent.
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FIGURE4.7–AnnualindicatorCiT
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Note:Theseannualindexesareobtainedbyaveragingthemonthlyindexes,whichbothequal100in
January1982.

FIGURE4.8–AnnualindicatorrT
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Note:ThisisthereferenceinterestrateinFranceforobligationsdueinthreemonths,andisnotcorrected
forinflation.Avalueof0.1standsforarateof10%
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4.5 Modelselection

4.5.1 Annualmodel

Thetwoseriesofmonthlyandannualpriceshavedemandedspecifictreatmentstoobtain
effectiveforecastingmodels.Istartbypresentingthemodelingstrategyfortheannualprices.
Obviously,themonthlymodeldevelopedinthenextsectionallowacloserlookattheprice
dynamics.However,becausetheannualdatahasalongerhistory,thelattermayallowabetter
estimationoftherespectiveinfluencesofthedrivers(especiallyfortheharvest)andtherefore
providebetterforecastsforannualprices.Therespectiveperformancesoftheannualmodel
andthemonthlymodelarepresentedinsection4.7.
LetPiTbetheaveragebulkpricesdealtforwinesofAOCiduringmarketingyearT.Icon-

siderthefollowingdriversforPiT:thestartinginventorySiT,thequantityharvestedHiT,the
representativequalityQiT,theindicatorEiTofthevalueoftheeuroagainstthecurrenciesof
themainimporters,theindicatorYiToftheGDPofthemaincountriesconsumingwinesofthe
AOCi,theindicatorCiTofthequantityharvestedbythecompetitors,andtheinterestratesrT.
IdivideSiTandHiTbythequantitiesdeliveredduringthepastyearsoastoobtaintheindica-
torssuriTandhuriT,whichshouldbebetterpredictorsaccordingtothefindingsofsection4.3.
Recallalsofromsection4.3thatthepriceseriesarehighlyautocorrelated,suggestingthatPiT
maybepartlydeterminedbyPiT−1,evenaftercontrollingfortheexogenousvariables.PiT−1is
thusincludedinthesetofthedeterminants.Finally,thefourLapeyreindexesQiT,EiT,YiTand
CiTaretakeninlogarithm,andrespectivelynotedqiT,eiT,yiTandciT.Thebasicframework
fortheannualpricemodelPiTisgivenbyequation(4.8)

PiT=fi(PiT−1,suriT,huriT,qiT,eiT,yiT,ciT,rT)+iT (4.8)

wherefiisafunctionspecifictoAOCi,andiTistheerrorterm.Becauseourmainpurpose
isforecasting,theobjectiveistofindthefunctionfiforwhichtheexpectednextforecasterroris
minimal.Thesearchforthisoptimalfunctionfiisrestrictedtothespaceoflinearandlog-linear
functionsoftheexplanatoryvariablesandtheirlags.Theexpectednexterrorisevaluatedby
cross-validationbytheaverageofthelastLpost-sampleforecasterrors.FollowingArmstrong
andCollopy(1992),Iscalethepost-sampleerror̃iTofagivenyearTbytherelativeabsolute
error,notedRAETandgivenbyequation(4.9).

RAET=
ĩT

PiT−PiT−1
(4.9)

Theforecastingerrorisscaledbytheerroroftherandomwalkforecast,alsosometimesre-
ferredtoasthenaiveforecast69.Indeed,aforecastishelpfultotheextendthatitismoreprecise
thantherandomwalkforecast.Theaccuracyoftheforecastsmustthenbeevaluatedrelatively
totheaccuracyoftherandomwalkforecast,whichisachievedinformula(4.9).Aforecasting
modelwithaRAETbelow1managestopredictthecorrectdirectionofpricechanges,and
withalimitedabsoluteerror.Intheanalysisofforecastsaccuracyinsection4.7,Ialsocom-
menttheabsolutepercentageerrors,butthelatterisnotusedthemodelselection.Asadvised
byArmstrongandCollopy(1992),IalsocensortheRAETbetween0.1and10totemperthe
impactoftheoutliers.Let̄Tbethelastyearofthesampleperiod.ForagivenlengthLofthe
testwindow,thelossfunctionusedforselectingfiisthegeometricmeanoverthetestwindow

69Anotherpossibilitywouldhavebeentoconsiderthelastobservedmonthlypricesasthenaiveforecast.How-
ever,monthlypricesareseasonalandveryvolatile,sothatthelastannualpriceisactuallyamoreaccurateannual
forecast.Takingthelastannualpriceasthenaiveforecastisthereforemorechallenging.
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{̄T−L+1,...,̄T}ofthewinsorizedRAETontheinterval[0,10].Thislossfunctionisnoted
MRAELandformallygivenbyequation(4.10).

MRAEL=

T̄

T=T̄−L+1

max(0.1{min{RAET,10}} (4.10)

Astreamoftheliteratureonforecastingargueinfavorofcombiningforecastsfromdifferent
models(seeTimmermann(2006)forareview).Ithereforeconsiderannualpriceforecastsgiven
byanaverageofthekmodelsforwhichMRAEListhelowest.Thechoiceoftheparameters
(L,k)isbasedonasensitivityanalysispresentedinsection4.7.
Remainsthescopeoftheforecastingmodelstobeconsideredandevaluated.Recallfrom

section4.3thattheprice-smoothingroleofstorageisconsistentwiththetimeseriesattributes
oftheannualpriceseries,sothatthecompetitivestoragemodelmaybeviewedasanaturalop-
tion.Althoughthisrefinedmicrostructureistheoreticallyappealing,itisactuallynotadapted
tothepurposeofthischapterinthecurrentstateofresearch.First,theresolutionofthemodel
isonlyreadilyavailableinverysimplespecifications70,andrequirestoinputseveraladditional
parameters.Second,theestimationoftheseadditionalparametersonrealdatahasonlybeen
achievedforstandardcommoditymarketsinevensimplerspecifications,71,onlyusingprice
data72andneverintheaimofoperationalpriceforecasting.Bycontrast,severalfeaturesof
thewinemarketarequitepeculiar,suchastheimportantpipelinestocks(seesection4.3),the
vintageeffect,thefactthatrealdemandisstochastic,thelagofthesupplyresponseandtheau-
tocorrelationoftheharvest.Thesespecificdynamicscompromisetheapplicationofthetheory
ofstorageinitscurrentstateofresearch73.Mostimportantly,itisuncertainthatsuchaheavy
structurewouldproducebetterpriceforecaststhanstandardandreadilyavailableforecasting
modelsfromtimeserieseconometrics.Furthermore,thelattercomeatamuchreducedpricein
termsofcomputingcomplexity,whichisaimportantassetforcross-validation.Looselyspeak-
ing,theempiricalresearchonthecompetitivestoragemodelisyetnotmatureenoughtomake
itabetteroptionthantimeserieseconometricsforoperationalforecasting.Hence,Ihereadopt
adata-orientedapproachandlimitthescopeoftheestimationstoflexibletimeseriesmodels.
Thebestpracticeadvocatedbytheliteratureintimeserieseconometricsistofirsttestfor

thestationarityoftheseries.Indeed,estimatingtimeseriesmodelsonnon-stationarydatamay
leadtospuriousfindings(GrangerandNewbold,1974).Seriesthatarefoundnon-stationary
becauseofastochastictrendshouldthenbeconsideredinfirst-differenceintheestimationof
themodel74.Table4.8givestheresultsoftheclassicalAugmentedDickey-Füllertest(ADF),the
morepowerfultestofElliottetal.(1996)(ERS),andthatofKwiatkowskietal.(1992)(KPSS)75.
Unfortunately,theresultsaremostlyinconclusivebecausethesethreetestsrarelyagree.The
ERStestismorepowerfulthantheADFtest,sothatittendstorejectnon-stationaritymore
often.However,fortheAOCBROtheADFtestrejectsthenon-stationarityhypothesisatthe
5%levelbuttheERStestdoesnot.FortheAOCBLA,non-stationarityisrejectedatthelevel

70ChristopheGouelprovidesafreesolverforMATLABathttp://www.recs-solver.orgforthecanonicalcompet-
itivestoragemodel.
71SeeDeatonandLaroque(1992,1996),ChambersandBailey(1996),Cafieroetal.(2011),Guerraetal.(2014)and

GouelandLegrand(2017b)forstaplecommoditymarkets.Osborne(2004)somehowdepartsfromthisliterature
inusingintra-annualpricedataoftheEthiopiangrainmarket.Inallthesemodels,demandisdeterministicand
supplyisinelastic.
72GouelandLegrand(2017a)isarecentandnotableexception,allowingforanelasticsupply.
73Adaptingtheexistingmethodsfortheresolutionantheestimationofthecompetitivestoragemodelisbeyond

thescopeofthischapter.
74Whennon-stationarityiscausedbyadeterministictrend,thelattercanbeestimatedtogetherwiththeother

coefficientontherawseries.
75Thedataseriesarerealprices,sonodeterministictrendareconsidered.

http://www.recs-solver.org
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10%bytheERStest,butstationarityisalsorejectedatthesamelevelbytheKPSStest.Because
noneofthetwoassumptionsseemstobedefinitelybettersuitedtotheannualpriceseries,I
haveestimatedbothmodelsforstationaryandnon-stationaryseriesforallAOC76.

TABLE4.8–UnitroottestsontheannualseriesofpricesbyAOC

Code ADF ERS KPSS

AOC Teststatistics

BLA -0.135 -1.861 0.456
BSR 0.043 -1.739 0.338
BR -0.029 -1.699 0.43
BRO -0.251 -1.659 0.614
BW 0.277 -2.196 0.419
CAS 0.174 -2.386 0.462
CBO -0.083 -1.865 0.507
EDM 0.264 -2.572 0.25
GRA 0.012 -1.76 0.427
HME -0.09 -2.474 0.266
LU 0.178 -1.81 0.09
MED 0.064 -1.73 0.258
MSE 0.171 -2.007 0.073
SE 0.38 -1.371 0.231
SAU 0.204 -1.298 0.238

Level Criticalvalues

1% -2.62 -2.63 0.739
5% -1.95 -1.95 0.463
10% -1.61 -1.62 0.347

H0 non-stationnarity stationnarity

Forstationaryseries,thestandardmodelistheAutoregressiveDistributedLag(ADL)model.
InanADL(p,q)model,thefunctionfiissimplytakenaslinearwithrespectivelyplagsonthe
dependentvariableandqontheexogenousdrivers.Giventhelimitationofthedata,Iassume
thatthemarketconditionsofyearT−2cannotimprovetheforecastsoftheannualpriceof
yearT,sothatIhavetakenp=q=1.Hence,onlyonelagisincludedineverymodelcon-
sideredfortheannualpriceseries.Thesameframeworkapplieswhentheseriesisviewedas
non-stationary,butforthedatatakeninfirstdifference.Hereafter,theADL(1,1)modelinfirst
differenceisnotedDADL(1,1).Finally,Iincludestandarderror-correctionmodels(ECM)to
thesetoftestedmodels,whichareoftenreferredtoasthebestoptionforforecastingpurpose
(HendryandClements,2003)77.Allthreemodelshavebeenestimatedbothseparatelyforeach
ofthefifteenAOC,andtakingalltheAOCtogether.TheADL(1,1)andtheDADL(1,1)models
areestimatedbytheordinaryleastsquaresmethod(OLS)andtheECM(1,1)areestimatedby
thetwo-stagesleastsquaresmethod(2SLS)introducedbyEngleandGranger(1987)78.Ashort
presentationofthesestandardmodelsisgivenintheAppendixD.

76ThisisthereasonwhyIdonotpresentunitroottestsfortheexogenousvariables.
77Becauseoneyear-laggedsubstitutioneffectarelikelytobenegligible,IhavenotconsideredtheVectorAutore-

gressiveModels(VAR).
78IdonotusethemaximumlikelihoodestimatorofJohansen(1991).Althoughthelatterisoftenconsideredmore

robust,itsmainadvantageliesinallowingforseveralendogenousvariables,whileonlyonevariableisendogenous
inmycase.Besides,thecomputationprocedureinvolvesanumericaloptimizationwhichisconsiderablylonger
thanthe2SLSestimationmethodofEngleandGranger(1987).Thisisacrucialadvantageforthecross-validation
analysisbecausecomputationtimebecomesrapidlyprohibitive.Furthermore,thegainsinforecastsaccuracyare
likelytobesmallsincebothprocedureswouldestimatetheverysamepriceequation.Ihoweveracknowledgethat
withoutconstraintsontheestimationtime,itispossiblethatusingtheprocedureofJohansen(1991)wouldfurther
improvetheforecastingaccuracy.
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DependingontheAOC,somevariablesmayhavetoolittleexplanatorypowertoactually
improvetheforecasts.Thisisaclassiccaseofthebias-variancetrade-off:removingonevari-
ableincreasesthebiasofthemodel,butitalsoreducesthevarianceoftheotherestimatesand
maythereforeimprovetheoverallforecastaccuracy(seeShmueli(2010)foradetaileddiscus-
sion).Obviously,alltheconsidereddeterminantsdointerveneatsomepointintheformation
oftheobservedprices.However,whenonedriverhastoolittleexplanatorypower,itisactually
counter-productivetoincludethelatterinthemodel.Theannualdatasizebeingsmall,com-
putationsarefastenoughtoconsiderallpossiblesubsetsoftheeightexplainingvariablesfor
eachofthethreemodeltypes(ADL(1,1),DADL(1,1)andECM(1,1)),andforeachofthefifteen
AOC79.Ineachestimation,Ialsocheckthatestimatesofthecoefficientstaketheexpectedsign.
Indeed,whenthenumberofdegreesoffreedomisreduced,someestimatesmaytakeasign
thatisinconsistentwitheconomictheory.Topreventtheminimizationofthelossfunctionto
selectirrelevantforecastingmodels80,Imanuallyconstraintheestimatestotakethesignsex-
pectedbytheory.Classically,Iassumethatpricesarehighwhenstocksarelow,whenharvests
aresmall,whenqualityishigh,whentheeuroislow,whentheGDPisimportant,whenthe
competitors’harvestsarelowandwhentheinterestrateislow81.Foreachofthesevariables,
thecorrespondingestimatesareconstrainedtotaketheexpectedsigns.Inaddition,Irestrain
thelaggedpricestohaveapositivecoefficient.Ifsomeautocorrelationofthepriceprocessis
leftunexplainedbytheautocorrelationoftheexogenousdrivers,theautoregressivecoefficient
mustbepositive.Alltheseconditionsensuresthatalltheestimatesaccountforatheoretically-
basedphenomenon,sothatallthepriceforecastsareeconomicallygrounded82.Foragiven
estimation,ifatleastoneestimatetakesanunexpectedsignIdonotcomputethepost-sample
forecastsandthisspecificationiseliminatedofthesearchforthebestkmodels.
Becausethemoreexplainingvariablesareincludedthemorelikelyoneestimatetakesan

unexpectedsign,Ilimittheestimationstothesubsetsoffiveorlessdifferentvariables.When
morevariablesareincluded,theestimateshaveveryfewchancestotakecorrectsigns,andthe
resultingmodelhasverypoorforecastperformanceanyway.Thetotalnumberofsubsetsof
variablesisthus 5

k=1
8
k =218.ForeachAOC,IconsiderADL(1,1),DADL(1,1)andECM(1,1)

modelswitheachofthe218subsets,estimatedeitheronlyonthedataoftheAOCoronallAOC
together.Ineachcase,theexplainedvariableiseitherthenominalpriceortherealprice,and
thisvariableiseithertakeninlogarithmornot.Hence,atotalof5,232differentforecasting
modelsareestimatedforeachAOC.Foreachofthose,IcomputethelossfunctionMRAEL

83.
TheannualforecastistheaverageoftheforecastsofthesekmodelsweightedbytheirMRAEL.

4.5.2 Monthlymodel

Thetreatmentofthemonthlydataisquitedifferent.First,asmentionedinsection4.3,certain
monthlypricesarenotfullyrepresentative.Thisisbecausethetermsofthetransactionsand
thequalitiesofthewinessoldduringonemonthcanbesomewhatheterogeneous,evenwithin

79Thesamesubsetofvariablesisincludedbothcontemporaneouslyandwithonelag.IntheECM,Iconsiderthe
samevariablesinthelong-runequationandintheshort-runequation.
80Eveneconomicallyirrelevantmodelsmaybychancegenerateaccuratepriceforecastsonthesampleperiod.
81Asforanyotherproduct,thelowertheinterestratethelessprofitableitistosavemoneyoverbuyingawine,

sodemandincreaseswhentheinterestratedrops.Symmetrically,whentheinterestratedrops,theproducershave
lessincentivetosellandsupplydecreases.Botheffectsgointhedirectionofapriceincreasewheninterestrates
drop.
82ThissetofconditionsisalsothereasonwhyIdonotusethemachinelearningtechniquesemerginginthe

agriculturalpriceforecastingliterature(JhaandSinha,2013;Yeoetal.,2015).Inthesegenerationofmodels,the
derivativesaretypicallyintractableandthereisthusnopossibilitytocontrolfortheirsigns.
83ThecomputationoftheMRAEL,becauseitinvolvespost-sampleerrors,necessitatetoestimatethemodelL

times.
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oneAOC84.Whenthenumberoftransactionsisreasonablylarge,theaveragepricecanbeex-
pectedtoberepresentativeoftheaveragemarketconditions.However,whenthenumberof
transactionsislow,thefewobservedpricesmaynotberepresentativeoftheoverallmarket
conditions.Thislackofrepresentativitycausestheobservedmonthlyaveragepricestofluc-
tuatearoundthetrueunobservedmarketpricelevel.Apartofthemonthlyfluctuationsare
thusirrelevantforforecasting.CardebatandBazen(2016)haveconsideredunivariateforecasts
usingtheUCMframeworkdescribedinsection4.4.1fortheforecastofthecultivatedarea.I
buildontheirresultsandestimatetheunobservedunderlyinglevelsofmonthlypriceswith
AOC-specificUCM.Therelevantspecificationisalocal-trendUCMincludingaseasonalcom-
ponent.LetPitbetheaverageofbulkpricesdealtduringmonthtforAOCi,andpititsnatural
logarithm.Thedecompositionofthepriceisgivenbythesystem(4.11).
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(4.11)

Bymaximumlikelihood,Iestimatetheseriesoftheunderlyingpricelevelp̂∗itwhichismore
regularthantheobservedrawmonthlyaveragepricespit.Thesêp

∗
itextractthecoreinforma-

tionoftheobservedrawpriceseriesbyfilteringouttheseasonalandirregularcomponents
ofthepriceseries,respectivelyγitand

p
itinthesystem(4.11).Theestimated̂γitaccountfor

seasonalvariationsinthetransactionconditions,essentiallythedeliverydelays,andtheshare
ofmedaledwines85.Theestimatedparameters(̂σ2p

i
,̂σ2
νpi
,̂σ2
ξpi
,̂σ2
ωpi
)andtheestimatedseriesp̂∗it

aregivenintheAppendixDforeachAOC.
Theestimationofthep̂∗itisthefirststageoftheestimationofthemonthlyforecastingmodel.

TheUCMmodelsarehereonlyusedasfilterstoestimatethesmootherseriesp̂∗it.Now,Idonot
supposethatthesep̂∗itfollowarandomwalkasgivenbythesecondequationofthesystem
(4.11).Inasecondstage,Imodelthêp∗itandaccountfortheinfluenceoftheexogenousde-
terminants.ThisframeworkfollowsandextendstheanalysisofCardebatandBazen(2016).I
supposethattheirfluctuationscanbeexplainedbytheirlaggedvaluesandmonthlyversions
oftheannualexogenousvariables.Theappropriatecomputationofmonthlyversionsofthe
exogenousvariableshasdemandedsomeattention,especiallyforthestartingstocksandthe
harvestexpectations.
ThetotalphysicalstocksSitheldatthebeginningofmonthtforAOCiareobtainedusing

theannualdeclarationofstocks,theharvests,andthemonthlyphysicaldeliveries.Thequantity
harvestedisaddedtothemonthlystockattheendoftheharvestingperiod,atthebeginningof

84Thedeliverydelays,possiblemedalswonatwinecompetitions(seechapter3ofthisdissertation)andothervar-
iousbargainingpowercanexplaintheheterogeneityofthemonthlydistributionofprices.Notethatalltransacted
wineshavebeenpreviouslytastedbythebuyer,sothatinformationasymmetryislimited.Thefactthatqualityis
somewhatheterogeneouswithinanAOCdoesnotgenerateinformationasymmetryatthisstageofthechainvalue,
butiteventuallydoesattheretaillevel.
85Mostwinecompetitionsoccurinspring,causingaseasonalincreaseoftheaveragepricearoundtheendofthe

marketingyear.
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November86.Theresultingseriesofrawmonthlystocksishighlyseasonal,anditsseasonality
isirregularoverthesampleperiod.Thisfeaturecomplicatesthemeasureofitsinfluenceon
thedeseasonalizedserieŝp∗itandhencetheforecasts.Ithereforealsodeseasonalizethisstock
serieswithalocal-trendUCMincludingaseasonalcomponent,usingtheformdetailedin
thesystem(4.11).Asforprices,IhaveestimatedaUCMforeachAOCseparately,usingthe
logarithmofthemonthlystocks(sit)

87.Theestimatedparameters(̂σ2s
i
,̂σ2νsi
,̂σ2ξsi
,̂σ2ωsi
)aregiven

intheAppendixDforeachAOC.Theestimatedlevelsofthelogarithmofthestockŝs∗itare
usedasanpredictoroftheseriesofthepricelevelsp̂∗it

88.
Recallthatintheannualmodel,onekeyexplainingvariableisthequantityharvested.Obvi-

ously,noequivalentatthemonthlyfrequency.Asexplainedabove,theharvestissimplyadded
tothethemonthlystockinNovember.Besides,thefinermonthlyfrequencyallowstocontrol
foranotherdriveroftheprice:theexpectationoftheupcomingharvest.Themodeldescribed
insection4.4.1isusedtogeneratemonthlyseriesofexpectationsofthenextharvest.Fora
givenmontht,thenextharvestisthatduebetweent+1andt+12.Insteadofusingthisraw

series,Ihereconsidertheexpectedstocksatthebeginningofmontht+12,notedESit+12
89.

Theseexpectedstocksaccountforboththeexpecteddeliveriesandtheexpectedharvest,the
latterbeingdeterminedbytheweather.Thecomputationoftheexpectedstockstwelvemonths
aheadrequirestheexpectationofthedeliveriesoverthesameperiod.Foragivenmontht,let
edit+hbetheexpectationtakenatthebeginningofmonthtofthedeliveriesofmonthst+hfor
AOCi.ForeachmonthtofthesampleperiodandeachAOCi,theexpectationsedittoedit+11
areapproximatedbythe12-monthsaheadforecastsofastandardlocal-trendUCMmodelesti-
matedonthemonthlyseriesofdeliveriesuptomontht−190.Theestimates(̂σ2d

i
,̂σ2
νdi
,̂σ2
ξdi
,̂σ2
ωdi
)

ofthelatterUCMcomputedforeachAOConthewholesampleperiodaregivenintheAp-
pendixD,aswellasthehistoriesoftherawandfilteredmonthlydeliveries91.Theresulting

86NotethatthefiguresofthequantityharvestedisactuallynotyetknownbyNovember,butonlyaroundMarch.
Intheevaluationoftheforecasts,Iusetheexpectedharvestestimatedbythemodelofsection4.4.1tocomputethe
expectedmonthlystocks.
87HerethemainpurposeoftheUCMfilteristodeseasonalizetheseriesofthestocks,whereasitsmainpurpose

inthecaseofpriceswastoremovetheirregularcomponent.Removingtheseasonalityoftheseriescouldalsohave
beenachievedusingthesimple12-lagdifferencingoperator(∆12sit=sit−sit−12),butthatwouldhaveremoved
12monthsfromthedata,andwouldalsohaveremovedthetrend.TheUCMfiltermanagetodeseasonalizethe
seriesbothkeepingthewholeobservedsample,andkeepingthetrend.
88Recallthatintheannualmodel,stocksaredividedbypastannualdeliveriessoastoobtaintheSUR,whichare

morecorrelatedwithprices.Atthemonthlyfrequency,theequivalentwouldbetodividethemonthlystocksby
thetotaldeliveriesbetweenthesamemonthoftheprecedingyearandthelastharvest.However,becauseofthe
highpipelinestocks,thesemonthlySURbecomedisproportionatejustbeforetheharvest.Thestocksheldatthe
beginningofthemonthprecedingthearrivaloftheharvestarewaylargerthantheaveragemonthlydeliveries,so
thattheratiooftheformeronthelattertakeslargevalues.WhentryingtoapplytheUCMfilteronthesemonthly
SUR,theestimatedlevelsarehighlyirregularandarelesssuitabletoforecastprices.Besides,usingtheSURinstead
oftherawstocksisusefultotheextentthatthelevelofthedeliveriesvaryoverthesampleperiod.Theannual
deliveriesdidincreaseconsiderablyduringtheperiod1982-2000,jointlywiththeproduction,sothattheuseofthe
SURisrelevantfortheannualdata.However,thedeliveriesaremorestablesincethedownturnofthelate1990s,
andthemonthlydataonlystartsin2001.Therefore,Idonotrescaletheestimatedlevelsofthestockŝs∗ittoaccount
forthevariationsofthelevelsofdeliveriesinthemonthlymodels.
89Addingtherawseriesofexpectedharvesttotheexplainingvariablesleadstolessaccurateforecasts.Thisis

becausetheseriesexpectedharvesthasirregularjumpsjustafterthemonthoftheharvest.Theseriesofexpected
stockshasjumpstoo,butthosearemoreregularandthuscanbeeasilyremovedbyfiltering.
90Forthefirstmonths,thereareobviouslynotenoughpastdatatoestimatethefilteringparameters.Itherefore

assumeaperfectforecastsforthe72firstmonths,andusetheactualdeliveriesofmontht+hastheexpectationsat
thebeginningofmontht.Oneothersolutionwouldhavebeentoremovethefirstyearsfromthedata.Giventhatthe
sampleisalreadysomehowshorttoestimatethemultivariatemodels,theformerapproximationisabetteroption.
Furthermore,thefluctuationsofdeliveriesareveryregular,sothatagents’expectationsaboutfuturedeliveries
shouldinfactnotbefarfromperfect.
91Oneconstraintnotenforcedintheestimationisthatexpecteddeliveriescannotexceedinitialstocks.Thisonly

happensin12occasionsoverthe15,480deliveryforecasts,andonlyduringthe2013shortagefortheappellation
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seriesofexpectedstocksESit+12looksmuchaliketheseriesofthemonthlystocksSitinterms
ofseasonality.Inparticular,thejumpsofthecurvesaftereachharvestmakeitdifficulttoassess
theactualunderlyingtrendoftheexpectationsaboutfuturemarketconditions.Hereagain,I
filtertheseriesofthelogarithmofexpectedmonthlystocksinmontht,notedesit+12.Theesti-
matedlevelsofthelatterarenotedes∗it+12andareincludedtothesetofexplainingvariablesof
theserieŝp∗it.
Therestofthepricedriversaresimilartothoseoftheannualmodel:therepresentative

qualityqit,theindicatoreitoftheexchangerates,theindicatoryitoftheconsumers’wealth,
theindicatorcitofthequantityharvestedbythecompetitors,alltakeninlogarithm,andthe
interestratesrt.Contrarytotheannualmodel,Iconsiderlaggedvaluesoftheexplainingvari-
ablesuptolastthreemonths92,aswellasforthedependentvariable.Letzitbethevectorof
alltheconsideredpricedeterminants(s∗it,es

∗
it,qit,eit,yit,cit,rt).Thesystemofequations(4.12)

recapitulatesthemodelingstrategyforthepriceseriesatthemonthlyfrequency.
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Thevariablesp∗it,γit,s
∗
itandes

∗
itarenotdirectlyobservedinthedata,butonlyestimated

byfilteringandapproximatedby(̂p∗it,̂γit,̂s
∗
it,es

∗
it).Recallthatthemainobjectiveoftheprice

modelistoproduceaccurateforecasts,nottoestimatesupposedlystructuralparameters.The
error-in-variableproblemisthusnotaconcernforthemainobjectiveofthischapter.However,
Idoacknowledgethattheestimatesofthecoefficientsgiveninsection4.6maysomewhat
underestimatetheinfluencesofthestocksandoftheexpectationsoncurrentpricesduetothe
attenuationbias.
Asintheannualcase,InowturntothespecificationofthepricefunctiongiforeachAOC.

Ifirsttestwhetherthemonthlypriceseriescanbeconsideredstationary.Table4.9givesresults
oftheunitroottestsfortheseriesofpricelevelŝp∗it.Contrarytothoseoftable4.8fortheannual
prices,theresultshereareclearlyinfavorofthenon-stationaryhypothesis.Ithusrestrainthe
searchforthebestmodelamongthemodelssuitedtonon-stationaryseries:DADL(3,3)and
ECM(3,3)93.
Theselectionofthebestforecastingmodelatthemonthlyfrequencycannotbeconducted

thesamewayasintheannualcase.Indeed,minimizingacross-validationlossfunctionacross
allmodelsandallpossiblesubsetsofpredictorsisnolongerareasonableoptionbecauseit
wouldbetootime-consuming.First,thetotalnumberofexplainingvariablesconsideredis
hereof31againstonly8inthecaseoftheannualmodel.Second,themonthlydataisstrongof
190monthsforeachAOC,comparedtoonly35yearsfortheannualdata,whichmakeseach
estimationlonger.Third,thecross-validationlossfunctionshouldbecomputedonmuchmore
periodstobeconsistent.Forinstance,computingtheMRAEforagivenmonthlymodelonthe
lasttwoyearsnecessitatetoestimatethemodel24times,againstonly2attheannualfrequency.
Thiscasewithmanyvariablesandobservationperiodsisactuallymostcommoninforecasting,
sothatsimplermodelselectionproceduresareusual.

BROandforlong-termforecasts(atleast6-monthsahead).Inthosefewcases,theexpectationofdeliveryistaken
asonlyhalfoftheexpectedstock.
92Thisnumberissufficientsincefewerlagsareeventuallyfoundrelevantintheestimation,seesection4.6.
93RecallthatIconsideruptothreelagsbothforpricesandfortheexogenousvariables.
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Thefirstchoiceconcernsthetypeofmodel:ECM(3,3)orDADL(3,3).Evenwithoutcompar-
ingtheforecastsperformancesofeachspecification,thereareseveralrationalestopreferthe
ECMovertheDADLframework.First,theexistenceofacointegrationrelationshipisnever
rejectedbythedataatconventionallevels.Second,theforecastingliteraturetendstoconclude
thatECMmodelsareusuallysuperior,especiallyforlong-termforecasts(EngleandYoo,1987;
HoffmanandRasche,1996).Evenifthelatterresultislikelytobecase-dependent,Ialsotendto
prefertheECMframeworkbecauseitmakesamorecomprehensiveuseofthedatastructure.
Indeed,the2SLSestimationofanECMtakesbothintoaccountthestructureoftherawdata
andthatofthedatatakeninfirstdifference,whiletheOLSestimationofaDADLmodelonly
usesthelatter.Forallthesereasons,IonlyconsiderECM(3,3)tomodeltheseriesofmonthly
pricelevelsp̂∗it.

TABLE4.9–Unitroottestsontheunobservedlevelŝp∗itofmonthlyprices

Code ADF ERS KPSS

AOC Teststatistics

BLA -0.29 -0.766 0.846
BSR -0.163 -0.935 0.823
BR 0.765 -0.192 0.594
BRO -0.436 -0.815 1.003
BW -0.078 -0.938 0.822
CAS 0.489 -1.308 0.966
CBO -0.561 -0.674 0.834
EDM 0.428 -1.303 0.341
GRA 0.029 -0.736 0.746
HME -0.069 -0.968 1.806
LU -0.324 -1.486 0.544
MED -0.127 -1.092 0.842
MSE -0.128 -1.84 0.572
SE 0.177 -1.685 0.381
SAU -0.179 -1.492 1.745

Level Criticalvalues

1% -2.58 -2.58 0.739
5% -1.95 -1.94 0.463
10% -1.62 -1.62 0.347

H0 non-stationnarity stationnarity

ThesecondchoiceisthesetofexplainingvariablestoincludeintheECM.Obviously,all
the31explainingvariablesoftheset(p∗t−1,p

∗
t−2,p

∗
t−3,zt,zt−1,zt−2,zt−3)cannotbeincludedto-

getherinthemodels.Thisisbecausemanyestimateswouldthentakeinconsistentsigns,and
theestimationvariancewouldbetoolargeforthemodeltoproduceaccurateforecast94.Forthe
annualmodel,thelossfunctionusedtoselectthemostrelevantsubsetsofvariableistheMRAE
computedonthelastLyears.Atthemonthlyfrequency,thecomputationofthislossfunction
becomestootime-consuming.Themainreasonisthatthenumberofvariableshastripledso
thatthenumberofpossiblesubsetsisnowof206,367(evenIlimittofivethenumberofin-
cludedvariablesasfortheannualdata).Furthermore,across-validationonthesamewindow
lengthofLyearsrequires12timesasmanyestimations.Hence,Iabandonthecross-validation
strategyfortheselectionoftheexplainingvariables,andoptfortheminimizationofamore
straightforwardlossfunction.Ifollowthestandardpracticeandconsidertheclassicalinforma-
tioncriteriaproposedbyAkaike(1973)andSchwarz(1978),respectivelynotedAICandBIC.
Theseinformationcriteriaareaformofpenalizedlog-likelihood.Theirtwoformulasaregiven
below.

94SeeShmueli(2010)foradiscussionofthebias-variancetrade-offinthecontextofforecasting.
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AIC=−2λ−2k

BIC=−2λ−ln(N)k

whereλisthelog-likelihoodofthemodel,kisthenumberofdegreesoffreedomandN
isthenumberofobservations.ThecomputationofAICandBICisstraightforwardunderthe
assumptionthattheerrortermsareindependentandfollowthesamenormaldistribution.
Amongdifferentmodels,theonewiththelowestinformationcriterionisthemostsuitable
tothedatainthesensethatithasarelativelyhighlikelihoodandarelativelylownumber
ofparameters,andthereforelittleriskofoverfitting.Theoptimalweightingbetweenthetwo
objectivesofmaximizingthelikelihoodandminimizingtheriskofoverfittingisanillustration
oftheclassicalbias-variancetrade-offinstatistics.BothAICandBICareoptimalincertain
regards,andchoosingwhichofthetwocriteriatominimizeissometimesreferredtoasthe
AIC-BICdilemna(seeArlotandCelisse2010forasurvey).OntheonehandtheBICisconsistent
inthesensethatitsminimizationwouldasymptoticallyselecttherealdatageneratingprocess,
ifthelatterisactuallyamongtheconsideredmodels.TheAICisnotconsistent,butminimizing
theAICisasymptoticallyequivalentminimizingthemeansquareerrorofthepost-sampleone-
stepaheadforecasts,whichisanotherappealingproperty.Practically,theBICputsaheavier
weightonthenumberofdegreesoffreedomk,sothatitsminimizationselectsasmanyorfewer
termsthanthatoftheAIC.Eachcriterionisoptimalinacertainsense,withnoconsensusabout
whichisbest.Inmycontext,computationsshowthatminimizingtheBICleadstothebest
forecastaccuracyonthelastfiveyears,sothattheresultspresentedinsection4.7areobtained
withmodelsselectedbyminimizingtheBIC.However,minimizingtheBICalsoselectstoo
fewvariablesforafruitfuldiscussionofthesignificanceofeachpredictoronthepasthistory.
Indeed,certainexplainingvariablesarenotselectedbytheBICalthoughtheydoexhibita
significantinfluenceonthepricehistory.Evenifincludingthelatterinthemodelsdoesnot
allowtoimprovetheforecasts95,theirstatisticalsignificanceisinformativeforexplanatory
purpose.Thespecificationofthemonthlymodelspresentedinsection4.6arethusobtainedby
minimizingtheAIC.
Contrarytotheannualcase,Idonotconstraintthesubsetsofexplainingvariablestobethe

sameinboththelong-runandshort-runequationsoftheECM.Ineachequation,thevariables
areselectedbyminimizingthechoseninformationcriterion.Theminimizationsareconducted
byastandardstepwisealgorithmforeachofthetwoequationsthatcomposetheECM.This
algorithmsisasfollows.

1.First,Iestimatethemodelwithallnvariables,

2.Then,Iestimatethenmodelsremovingeachvariableseparately.

3.Ifatleastoneofthenmodelshasalowerinformationcriterionthantheoneestimatedat
thefirststep,Iremovethevariablethatallowtodecreaseitthemostandgobacktostep
1withn−1variables.Otherwise,thealgorithmstops.

Thisalgorithmallowstominimizethechoseninformationcriterionoverallmodelswithout
havingtoactuallyestimateallthepossiblespecifications.Attheendofthisstepwiseminimiza-
tionalgorithm,Icheckifalltheestimatestaketheexpectedsigns.Ifatleastonedoesnot,the
variablecorrespondingtotheestimatewithawrongsignandthelargerabsolutet-statisticsis

95Includingallthesignificantvariablesleadstoamodelthatislessbiased,butitmayincreasestheestimation
varianceabovetheoptimumofthebias-variancetrade-off.Foranoptimalforecastaccuracy,somesignificantvari-
ablesmustsometimesbedropped,asinthecurrentcase.
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removedfromtheoriginalsetof31variables.Then,Irunthestepwiseminimizationalgorithm
againstartingwithonelessvariablefromtheverybeginning.Usingthisad-hocalgorithm,I
firstselectthesubsetofthesevenexplainingvariablestoincludetothelong-runequation96.
Then,Iselectthevariablestoincludetotheshort-rundynamicsamongthe31thatarecon-
sidered.ForeachAOC,IthusobtainanECMwithspecificsetsofvariableswhichareoptimal
regardingtheinformationcriterion,andforwhichallestimatedparameterstaketheoretically
consistentsigns.TheestimatesforeachAOCarecommentedinthesection4.6.Theresulting
modelisusedtogeneratemonthlypriceforecastsata12monthshorizon,whichareevaluated
insection4.7.

4.6 Explainingprices

Beforeevaluatingtheforecastperformancesattheannualandmonthlyfrequencies,Ihere
presenttheestimatesofthecoefficientsofthemodels,andtheextenttowhichthecollected
datacanexplainthepricehistory.

4.6.1 Estimatesoftheerror-correctionmodelsontheannualdata

Asdetailedinsection4.5,theannualforecastingmodelforyearTisacombinationofthek
specificationsthatgeneratedthebestforecastsforyear(T−1,...,T−L).Theresultingprice
functionhasacomplexformandisinconvenienttopresentexhaustively,inparticularbecause
itmixesmodelswithandwithoutthelogarithmictransformation.Forthesakeofclarity,Ihere-
afterpresenttheestimatesoftheECMwhichisstandardbestpracticeintimeseriesforecasting.
Thelatteriseffectiveforassessingtherespectiveexplanatorypowersofeachoftheleadingin-
dicators,bothintheshortrunandinthelongrun.Allestimatesareobtainedbythe2SLS
methodsintroducedbyEngleandGranger(1987).Inwhatfollows,Ipresentboththecoeffi-
cientsestimatedonthewholesampleallAOCtakenaltogether,andthecoefficientsestimated
foreachAOCseparately.Inallestimations,theexplainedvariableisthelogarithmofthereal
prices.Thesetoftheexplainingvariablesisselectedbythealgorithmdescribedintheprevious
section,whichbothminimizestheAICandenforcesthatallcoefficientstaketheexpectedsign.
Table4.10presentstheestimatesofthelong-runequilibriumsoftheECM97foreachAOC

andtakingallfifteenAOCinasinglemodel.Inthelatteraggregatemodel,fifteenAOC-specific
interceptsareadded.ThefirstcolumncontainsthecoefficientsestimatedonallAOCaltogether,
andtheothercolumnscontaintheestimatesoftheAOC-specificequations.Thefirstnotable
featureisthattheHURvariableisneverselectedbythealgorithm,exceptforSE,forwhich
theestimateisselectedbutnotstatisticallysignificant98.FortheotherAOC,eithertheestimate
relatedtotheHURtakesthewrongsign,oraddingtheHURtotheequationdoesnotimprove
theinformationcriterion.Bycontrast,theSURvariableisalwayskeptbythealgorithm,except
forBRO.ForallotherAOC,thelevelsoftheSURarethusverycorrelatedwiththoseofprices99,
evenaftercontrollingforthefluctuationsoftheotherexplanatoryvariables.Theseresultsare
inlinewiththebivariatecorrelationstatisticscommentedinsection4.3.Anotherkeyfeatureof

96Recallthatnolaggedvariableisincludedinthelong-runequation.
97Theselong-runequilibriumsarestandardmultivariateregressionmodelsestimatedbyOLSontheundifferen-

tiateddata.SeeAppendixDforapresentationofthelong-runandshort-runequationsthatcomposeanECM.
98Statisticalsignificance,inthesenseofthep-valueofastandardStudenttest,isanotherwayofselectingvari-

ables.Butitislesssuitabletoforecastingpurpose.Indeed,thestatisticalsignificanceofeachvariabledependson
thethenumberofdegreesoffreedomandonthesetoftheothervariables,whichmakesitdifficulttofindtheopti-
malsubsetintermsofstatisticalsignificance.Becauseinformationcriteriaevaluatetherelevanceofasetofvariable,
theyarefarmoreconvenientforalgorithmicmodelselection.
99AlltheestimatesrelatedtotheSURarestatisticallysignificantatthe5%level.
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thelong-runequationsisthatfewleadingindicatorsareactuallyselectedbythealgorithm.In
eachcolumn,atmosttwoleadingindicatorsarekeptinadditiontotheSURandtheHUR.This
isbecausethesamplesizeissosmall(35observationsbyAOC)thatonlyfewparameterscan
beaddedinthemodelwithoutrisksofoverfitting.
Amongthefiveleadingindicators,theinterestraterTandtheindicatoroftheGDPof

Bordeauxwines-consumingcountriesyiTareneverselectedamongthelong-runequilibriums.
Thisisbecausethesetwoindicatorspresentanimportanttrend,whichisrespectivelyincreas-
ingforyiTanddecreasingforrT(seesection4.4).rTandyiTwillhoweverplayaroleinthe
short-rundynamics,whichequationisestimatedonthedatatakeninfirstdifferencesothat
thetrendsareremoved(seethepresentationoftheECMintheAppendixD).Bycontrast,the
indicatoroftheexchangerateseiTisalmostalwaysselected,andwhentherelatedestimate
isalwaysstatisticallysignificantatthe5%level.Asexpected,theexchangeratesaremajor
determinantsofBordeauxwineprices,whichwillalsobeconfirmedbythemonthlyanalysis
thereafter.Interestingly,theindicatorciToftheharvestsofthecompetitorsisselectedforwhite
winesonly(BW,EDMandSAU)100.Thisisasignthatcompetitionwiththeotherwineregions
ismorefierceforthewhitewinesofBordeauxthanforthered101.Lastly,theindicatorofquality
qiTisselectedfortheAOCBWandEDMbutalsofortheAOCoftheSaint-Emilionregion,LU,
MSEandSE,consistentwiththeanalysisofthedescriptivestatisticsofsection4.3.qiTisalso
selectedintheaggregatemodel.ThelastlinepresentstheR2ofeachestimation.Itislarger
fortheaggregatemodelbecausetheinter-AOCpricevarianceispreponderantandefficiently
explainedbytheAOCfixedeffects.

100ThewinesofAOCBWandEDMaredrywhiteswhereastheSAUaresweetdessertwhitewines.
101RecallthatciTaccountsfortheharvestsofallwineproducingcountries,butalsofortheharvestsoftheother
Frenchwineregionswhicharemoredirectcompetitors.
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Table4.11givetheestimatesoftheshort-rundynamics.Theseequationsareestimatedby
OLSonthedifferentiateddata,wherethelaggedresiduals îT−1ofthepreviouslong-term
relationshipisaddedtothelistoftheexplanatoryvariables.Thismakesthewholeestimation
a2SLSprocedure.Thelatteriscalledtheerror-correctiontermanditconstrainstheshort-run
dynamicstobeattractedtowardthelong-termequilibrium.One-yearlaggedanddifferentiated
termsarealsoincludedforpricesandforeachexplanatoryvariable.Moredetailsonthe2SLS
estimationofanECMaregivenintheAppendixD.
Theerror-correctionterm̂ iT−1isnotselectedfortheAOCCASandEDM,meaningthatthe

ECMrepresentationisnotrelevantforthesetwoAOC.Consequently,theirshort-rundynam-
icsarerepresentedbyaDADL(1,1)102.Thelaggedvariationofprices∆piT−1isalsoselected
formostAOC,whichindicatesanimportantinter-annualinertiainthefluctuationsofprices.
Contrarytotheresultsofthevariableselectionforthelong-runequilibriums,thedifferentiated
indicators∆huriTareselectedformostAOC.Asexpected,theannualharvestisfoundtosig-
nificantlyinfluenceannualprices,butonlyintheshort-run.TheexceptionsaretheAOCLU,
MEDandMSEforwhichthevariable∆huriTisnotselected.FortheseAOC,startinginvento-
riesaregenerallylargerthanexpectedannualdeliveriesatthebeginningofthecampaign,so
thatalargeharvestisnotrequiredtomeetthedemandoftheupcomingyear103.Ontheother
hand,wealsoobservethat∆huriTisselectedforHME,SEandSAUwhichalsoexhibitsahigh
averageSUR(seetable4.2insection4.3).Buteventhough∆huriTisselectedfortheseAOC,
theestimatesarenothighlysignificant:notatthe5%levelforHMEandSE,andnotevenat
the10%levelforSAU.Incomparison,thesamecoefficientsforappellationsBR,BROandBW,
forwhichtheaverageSURismuchlower,arebothselectedbythealgorithmandsignificantat
the1%level.
Asforthelong-runequilibriums,thedifferentiatedSUR∆suriTareselectedforthemajor-

ityoftheAOCandfortheaggregatemodel,sothatthestocksalsohaveanimmediateinflu-
enceonprices.Ontheopposite,thevariationsoftheindicatoroftheexchangerates∆eiTare
notselectedformostAOC,sothattheinfluenceoftheexchangeratesisalmostsolelytaken
intoaccountbythelong-runequilibrium.Anotherdifferencefromthelong-runrelationshipis
thattheindicator∆yiToftheGDPgrowthoftheBordeauxwines-consumingcountriesisnow
selectedfortheaggregatemodelandforseveralAOC,includingtheprestigiousonesfrom
MédocandtheSaint-Emilionareas.ThismaystemfromthefactthatthewinesoftheseAOC
aremostlypurchasedbywealthyconsumerswhoserevenuesmaybemoredependentonthe
overalleconomicclimate.Furthermore,theindicators∆ciToftheharvestsvariationsofthe
competingwineregionsarestillselectedforthewhiteAOCBW,EDMandSAU,butalsoin
theaggregatemodelwheretheestimateisstronglysignificant.Thealgorithmalsoselectsthe
indicatorofquality∆qiTforthesameAOC,andfortheappellationSE,asforthelong-run
equilibrium.Finally,thedifferentiatedinterestrate∆rTisselectedforthemajorityoftheAOC,
butoftenwithone-yearlag.Onepossibleexplanationisthattheinfluenceoftheinterestrates
onpricesisdiffuse,sincetheyonlyimpactpricesviathestoringarbitrage.Thelastlinegives
theR2ofthemodelswhichevaluatetheexplanatorypowerofthemodelsforpricechanges.
ForwhiteAOCandforthelargestappellationBR,themodelcorrectlyfitsthehistoryofprice
changes.ThemodelhaslessexplanatorypowerforBSR,BRO,HMEandfortheAOCofthe
Côtesregion(BLA,CASandCBO).However,theactualforecastingmodelscombineanumber

102ThestandardECMtestdoesnotinvolveAICminimizationandvariableselection,butonlyastandardStudent
testforthesignificanceoftheerror-correctionterm.Whentheerror-correctiontermsareincluded,thesetestsdonot
rejectthehypothesisthattheirestimatesarenullatconventionallevels,sothattheECMisalsorejectedforthese
twoAOCbythestandardprocedure.
103TheaverageSURoverthesampleperiodarerespectivelyof1.888,1.974,and1.914fortheAOCLU,MEDand
MSE.Seetable4.2insection4.3forthestatisticsonallAOC.
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ofdifferentmodelsofdifferentspecificationsandvariablessubsets,sothattheR2arelessrep-
resentativeoftheforecastingperformance.Theevaluationoftheannualforecastsperformance
ofthecombinationmodelsarepresentedinsection4.7.
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4.6.2 Estimatesoftheerror-correctionmodelsonthemonthlydata

Themonthlydataisricherintermsofnumberofobservations,butonlycoverstheperiodfrom
August2001toJuly2016,whereastheannualdatacoverstheperiod1982-2016.Alsorecall
thattheseriesofmonthlyaveragerealpricespithavebeenfilteredtoremovetheirregular
andseasonalcomponentsbeforethemultivariateanalysis.ForeachAOC,onlytheestimated
underlyinglevelsp̂∗itareassumedtobedeterminedbytheleadingindicators(seesection4.5).
ThemonthlyseriessitofthestocksofwineforeachAOCarealsofilteredbethesamemethod
toevaluatetheunderlyinglevelŝs∗it.Therawandfilteredseriesaregivenonafigureinthe
AppendixDforeveryAOC.Oneadditionalfeatureofthemonthlymodelisthatthesetofex-
planatoryvariablesincludestheexpectedstockstwelvemonthsahead,soastoaccountforthe
influenceofthecurrentweather.Asfortheseriesofpricesandstocks,theseriesoftheexpected
stocksarefilteredandonlytheestimatedlevelsnotedes∗itareincludedtothepricemodel.The
othervariablesarethemonthlyversionsoftheannualindicators(eiT,yiT,ciT,qiT,rT),noted
(eit,yit,cit,qit,rt).Asintheannualcase,theECMareestimatedforeachAOCseparately,and
alsoacrossallAOC.Contrarytotheannualcasehowever,themodelestimatedonalltheAOC
takentogetherisactuallynotusedforthemonthlyforecasts.Becauseitsestimatesprovidea
syntheticinformationabouttherelevanceofeachvariableacrossallAOC,theyarealsocom-
mentedhereafter.Asintheannualcase,thevariablesareselectedbythealgorithmdescribedin
section4.5whichminimizestheinformationcriterionAIC,andguaranteesthattheestimates
takeeconomicallyconsistentsigns.Modelsestimatedonnominalpricesareactuallyfoundto
providebetterforecastsonaverage(seetableD.8intheAppendixD),soIpresentthelatterin
thissection104.
Table4.12detailstheOLSestimatesoftheequationsthatrepresentthelong-runequilibri-

umsforeachAOC.Becausethemonthlydataislarger105,morevariablesareselectedbythe
minimizationoftheAIC,andtheestimatesaremorestatisticallysignificantonaverage.Likein
theannualcase,themonthlystockslevelŝs∗itareselectedformostAOC,theexceptionsbeing
CAS,CBO,LUandSE.Onekeyresultisthatthelevelsoftheexpectedstockses∗itisselected
andstronglysignificantformostAOCandintheaggregatemodel.Thisresultlegitimatesthe
harvestmodeldescribedinsection4.4anddesignedtosummarizetheweatherinformation
aboutthenextharvest.Insteadofdirectlyconsideringseveralweatherindicatorsintheprice
equation,theindicatores∗itaccountsalonefortheinfluenceoftheweatherconditionsoncurrent
prices106.Eveniftheindicatorisnotselectedinthelong-runrelationshipfortheappellations
BR,BRO,BW,EDM,andMED,itdoesinterveneintheirshort-rundynamicscommentedthere-
after.Certainobservationsmadeontheotherdriversfortheannualmodelsalsoapplyatthe
monthlyfrequency.TheindicatoroftheexchangerateseitishereagainselectedformostAOC,
andtheindicatorofqualityisselectedfortheAOCoftheSaint-EmilionareaLU, MSE,SE.
ThelatterisnowalsoselectedfortheappellationsGRAandMEDwhichareabovetheaver-
agequality.Onedifferenceisthattheindicatoroftheharvestofthecompetitorsisnolonger
selectedforthewhiteAOCBWandEDMbutitisforthehighqualityAOCandfortheappel-
lationBRO107.Asfortheannualcase,theR2islargerfortheaggregatemodelduetotheAOC
fixedeffects.

104Theestimationswithrealpricesleadtothesamequalitativeobservationsatthemonthlyfrequency.Thisis
becauseinflationwassteadyduringtheobservationperiodofthemonthlydata(2001:2016).
105Themonthlydatacontains180observationsperAOC,againstonly35fortheannualdata.
106Thisaggregationleavesmoredegreesoffreedomtoestimatetheinfluenceoftheotherdrivers.Thegainisnot
negligiblesincethenumberofvariablesindicatingtheweatherconditionsactuallyexceedsthenumberoftheprice
drivers(seesection4.4).
107Thisstemsfromthedifferencebetweenthetwoestimationperiods:1982-2016fortheannualdata,and2001-
2016forthemonthlydata.ThisischeckedintableD.6intheAppendixDwhichgivestheestimatesofthelong-run
equilibriumestimatedontheannualdatalimitedtotheperiod2001-2016.Thisresultsuggeststhattheinfluenceof
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TABLE4.12–OLSestimationofthelong-runequilibriumsonthemonthlydata

All BLA BSR BR BRO BW CAS CBO EDM GRA HME LU MED MSE SE SAU

ŝ∗it -.329 -.476 -.601 -.441 -.451 -.351 -.41 -.693 -.328 -1.78 -.236 -.301
(.017) (.103) (.063) (.028) (.026) (.045) (.035) (.096) (.207) (.092) (.129) (.171)

es∗it -.057 -.207 -.447 -.133 -.168 -.239 -.322 -1.212 -1.083 -.138 -.42
(.01) (.099) (.032) (.04) (.073) (.053) (.181) (.097) (.089) (.063) (.091)

eit .94 .265 1.868 .546 1.198 2.319 1.4 1.021 .772 1.579 1.081 .414 .365
(.049) (.172) (.107) (.133) (.179) (.181) (.178) (.112) (.173) (.148) (.115) (.146) (.251)

yit .277 .401 1.069 .727 .58
(.137) (.168) (.23) (.08) (.17)

cit -.146 -.255 -.323 -.792 -.93 -.521 -.386 -.312 -.462
(.031) (.073) (.09) (.068) (.118) (.122) (.091) (.146) (.142)

qit .861 1.062 .489 1.902 1.476
(.323) (.377) (.349) (.374) (.473)

rt -.016 -.014 -.01
(.004) (.003) (.006)

R2 .954 .552 .79 .66 .741 .498 .621 .326 .538 .818 .555 .724 .803 .8 .235 .386

Note:Thedependentvariableisthemonthlybulkprice,allvintagesmixed,with180observationsper
AOC.Column"All"containstheestimatesofthesystemwherethecoefficientsbeforeeachvariableare
constrainedtobeequalacrossallAOC.TheothercolumnsgivetheAOC-specificcoefficientsestimated
onthe180observationsforeachAOC.Themulti-AOCestimationincludesAOCfixedeffects,the
AOC-specificestimationsincludeanintercept.Thosearenotreportedinthistablebutareavailable
uponrequest.

Theestimatesoftheequationrepresentingtheshort-rundynamicsatthe monthlyfre-
quencyaregivenintable4.12.Contrarytotheannualcase,theECMrepresentationisnever
rejected108.Thevaluesoftheestimatesareabouttentimessmallerthanthoseoftheannual
case,whichisconsistentwiththedifferencebetweenthetwofrequencies109.Thefirstlagged
changesinpricelevels∆̂p∗it−1isselectedandstronglysignificantformostAOC,theonlyex-
ceptionbeingtheappellationBW.Asfortheannualcase,Ithusfindanimportantinertiainthe
directionofmonthlypricechanges.Uptothreelagsareconsideredforeachexplanatoryvari-
ables,butfewareactuallyselectedbythealgorithm.Thecontemporarychangesinthelevels
ofstocks∆̂s∗itareonlyselectedforhalfoftheAOC,asthechangesintheexceptedstockslevels
∆es∗it.ThelatteroritslaggedvaluesarenotablyselectedfortheAOCBR,BRO,BW,EDM,and
MEDforwhichitdidnotinterveneinthelong-runequilibrium,althoughtheestimatesarenot
alwaysstatisticallysignificantatconventionallevels110.Theinfluenceoftheweatheroncurrent
pricesisthusfoundsufficientlyinformativetobeincludedineverymodels,althoughindiffer-
entfashions.Therestoftheindicatorsbarelyaffecttheshort-rundynamics,exceptforcertain
lags.Notably,foreachAOCoftheSaint-Emilionarea,onelagofthechangesinthequalityin-
dicator∆qitisselectedwhichconsolidatetheresultthatthevintageeffectisonlysignificantfor
thosethree.Thelagdistributionsofthemacroeconomicindicatorsareveryunstablewhenthe
estimationperiodchanges,especiallyatthemonthlyfrequency,sothatIprefernottocomment
themindetails.TheR2arequitesmall,becausethemonthlypricechangesaremoreirregular

theharvestsoftheotherwineregionswasmoreimportantforwhiteAOCbefore2000,butisnowstrongerforthe
redAOC.
108ForeveryAOC,thelaggederrortermofthelong-runequation̂ itisnowselectedandstatisticallysignificant.
109Atthemonthlylevel,anestimateof-0.05indicatesthatthedistancetothelong-runequilibriumisreducedof
5%eachmonth,ceterisparibus.Withinayear,45%ofthedistancetotheequilibriumiscovered.Thiscorrespondsto
anestimateof-0.45fortheerror-correctionparameterattheannualfrequency,soabouttentimeslarger.
110Recallthat,instatisticaljargon,theratiobetweentheestimateanditsstandarddeviationgiveninparenthesis
mustabove2.33fortheestimatetobesaidstatisticallysignificantatthe1%levelsignificance.Itmustabove1.96
toensurestatisticalsignificanceatthe5%level,andabove1.645forthelessrestrictive10%level.Theconvention
istoonlycommentthesignificancewithrespecttothe5%level.Foradiscussiononthisconvention,seenotably
McCloskeyandZiliak(1996).
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anddifficulttoexplain.ThehierarchyoftheR2amongtheAOCdoesnotreflecttheexplana-
torypowerofthemodelforeachAOC.Indeed,theexplainedvariableisthevariationofthe
estimatedpricelevel∆̂p∗it−1,notoftheobservedprice.Theseestimatedlevelsareactuallymore
difficulttoestimatewhenthepricesareveryvolatile,whichcausestheseriesofestimatedprice
levelstobesmootherwhentheobservedpricesarebycontrasthighlyvolatile111.

TABLE4.13–2SLSestimationoftheshort-rundynamicsonthemonthlydata

AOC All BLA BSR BR BRO BW CAS CBO EDM GRA HME LU MED MSE SE SAU

ît−1 -.03 -.016 -.022 -.064 -.068 -.068 -.004 -.021 -.05 -.06 -.019 -.073 -.052 -.063 -.053 -.021
(.003) (.007) (.01) (.024) (.018) (.022) (.001) (.007) (.016) (.018) (.007) (.018) (.018) (.022) (.017) (.011)

∆̂p∗it−1 .397 .62 .583 .366 .494 .952 .6 .548 .554 .78 .477 .483 .418 .269 .456

(.017) (.053) (.054) (.064) (.06) (.013) (.056) (.06) (.059) (.044) (.064) (.056) (.059) (.069) (.065)
∆̂p∗it−2

∆̂p∗it−3 .072 .11 .14

(.017) (.071) (.065)
∆̂s∗it -.047 -.084 -.045 -.057 -.009 -.039 -.088 -.231

(.008) (.028) (.021) (.016) (.003) (.018) (.058) (.086)
∆̂s∗it−1 -.014 -.177

(.008) (.073)
∆̂s∗it−2 -.013 -.368

(.008) (.1)
∆̂s∗it−3

∆es∗it -.005 -.043 -.045 -.004 -.025 -.056 -.087
(.002) (.022) (.018) (.002) (.017) (.036) (.035)

∆es∗it−1 -.004 -.032 -.028 -.03 -.1 -.045 -.063 -.169 -.17 -.077

(.002) (.023) (.018) (.018) (.053) (.03) (.037) (.08) (.046) (.046)
∆es∗it−2 -.046 -.039 -.006 -.059 -.056 -.178

(.023) (.018) (.003) (.03) (.038) (.082)
∆es∗it−3 -.026 -.081 -.125

(.016) (.045) (.046)
∆eit .186

(.128)
∆eit−1 .105

(.054)
∆yit−3 .587

(.296)
∆cit -.296

(.192)
∆cit−1 -.011 -.302

(.008) (.143)
∆cit−2 -.228

(.159)
∆cit−3 -.077

(.033)
∆qit−2 .817 1.516

(.588) (.488)
∆qit−3 .972 .87

(.434) (.57)
∆rt -.01

(.007)

R2 .248 .574 .531 .27 .349 .122 .975 .482 .437 .447 .656 .325 .495 .408 .241 .286

Note:Thedependentvariableisthevariationofthemonthlybulkprice,allvintagesmixed,with176
observationsperAOC.Column"All"containstheestimatesofthesystemwherethecoefficientsbefore
eachvariableareconstrainedtobeequalacrossallAOC.TheothercolumnsgivetheAOC-specific
coefficientsestimatedonthe176observationsforeachAOC.NeitherinterceptnorAOCfixedeffectare
consideredintheseequationsexplainingpricesvariations,becausetheywouldimplyatrendinreal
prices.

111SeethefigureD.3intheAppendixDforanillustration.Theseriesofmonthlyaverageprices(inblack)is
highlyvolatilefortheappellationCAS,whereastheseriesofestimatedpricelevels(inred)isverysmooth.Onthe
opposite,theobservedmonthlypricesofthelargeappellationBRareratherregular,sothattheestimatedlevelsare
veryclosetotheactualprices.Asaresult,theestimatedpricelevelsaremorevolatilefortheappellationBRthan
fortheappellationCAS.
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4.7 Evaluationoftheforecasts

4.7.1 Forecastsoftheannualpricesatthebeginningofthemarketingyear

Attheannualfrequency,theforecastsarecomputingusingacombinationofthekmodels
whichgavethebestpost-sampleforecastsonthelastLyears.Ihaveconductedasensitivity
analysistoselecttheparameterskandLwhichminimizetheoverallforecastingerroronthe
lastfiveyears.Table4.14givestheoverallMRAEacrossallAOCandallyearsfordifferent
couplesofparameters(L,k)forthecombinationscheme.Tocomputethesestatistics,Ihave
conductedthefollowingstepsforeachAOCiandmarketingyearsTbetween2012to2016.

•First,Ihavecomputedthepost-sampleforecastsofeachofthe5,232consideredmodels
(seesection4.5)fortheLprecedingyears.

•Second,IselectthebestkmodelsintermsofMRAEonthelastLyears.

•Third,Icomputethecombinethepost-sampleforecastsofthesekmodelsformarketing
yearT,andcomputeitsMRAEnotedMRAEiT.

Thefiguresgivenintable4.14arethegeometricaveragesoftheMRAEiTacrossallAOC
iandallmarketingyearsT,givenkandL.Thebestforecastperformancesonthehistoryare
foundforL=2,sothattheoptimaltestwindowisshort.Asfoundinthepreviouslitera-
ture,thecombinationschemeallowstosubstantiallyimprovetheforecastsaccuracy,withan
optimumofk=250models,outofthe5,232estimatedspecifications112.Incomparison,only
selectingthebestforecastingmodelonthelastyears,i.e.selectingk=1,leadstopoorforecast
accuracy.Thecombinedforecastisanaverageoftheselectedspecifications,wheretheweights
aretheinversesoftheMRAEonthepastL=2years.
Theannualpricemodelsincludecontemporarypredictors.Inordertosimulatethehis-

toryofreal-timeforecasts,Ihaveproducedforecastsforeachpredictor.TheHURandtheSUR
areforecastedbytheharvestmodelusingtheweatherbeforethe1stofAugust,andtheSUR
areforecastedusingthemonthlystocksandthemonthlydeliveriesforecastsgeneratedbythe
UCMmodels.Theindicatorofqualityisforecastedusingtheinformationaboutthequality
ofnextharvestonthe1stofAugust113.Theforecastoftheannualindicatoroftheexchange
rateseiTisthevalueofthecorrespondingmonthlyindicatoreitinJulyofyearT−1.Ialso
considerrandomwalkforecastsfortheindicatorsofthecompetitors’harvestsandofthein-
terestrates.TheindicatoroftheGDPisassumedtofollowthesametrendasinthepastyears.
Theseforecastsofthemacroeconomicpredictorsareobviouslynotstate-of-the-artbuttheyare
easilycomputableandactuallydifficulttooutperform114.However,usingnaiveforecastsfor
thepredictorsonlycausestounderestimatetheforecastingperformanceofthepricemodel.In-
deed,betterresultscanbeexpectedifbetterforecastsbecomeavailableforthemacroeconomic
predictors.Inanycase,myunder-performingmacroeconomicforecastsaresufficienttoprove
aposterioritheusefulnessoftheannualforecastingmodelsonthepasthistory.
Inthissection,Ievaluatetheaccuracyofthepost-samplepriceforecastsoverthelastfive

yearsofthesample,from2012to2016.Table4.15containstheMeanAveragePercentageError
(MAPE)ofthepriceforecastsforeachyearandeachAOC115.Thelastcolumnandthelastrow
givethegeometricmeans.Theglobalaverageforecasterrorisof3.4%acrossallAOC.Among

112Recallthatspecificationsforwhichatleastoneestimatetakesanunexpectedsignareremovedfromtheanalysis.
113ThisinformationisevaluatedbythecriteriaforanidealharvestdescribedinGenyandDubourdieu(2015).See
section4.4formoredetails.
114SeeKilianandTaylor(2003)inthecaseofexchangerates.
115TheMAPEisthegeometricaverageoftheratiosbetweentheabsolutevaluesofforecastserrorsandtheob-
servedvalueofthepriceforecasted
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TABLE4.14–OverallaverageofMRAEbyparameter(L,k)ofthecross-validation

L=1 L=2 L=3

k=1 1.026 1.097 1.123
k=10 1.124 1.018 1.046
k=30 0.967 0.997 1.009
k=60 0.947 0.939 0.993
k=80 0.943 0.929 0.985
k=100 0.941 0.91 0.97
k=150 0.921 0.855 0.906
k=200 0.895 0.822 0.882
k=250 0.898 0.808 0.884
k=300 0.885 0.822 0.877
k=400 0.901 0.838 0.892
k=500 0.935 0.863 0.885

Note:Thefirstlineshowsthatonlyconsideringthebestmodel(k=1)intermsofout-of-sample
MRAEforthepreviousone,twoorthreeyears(L=1,2,3)impliesforecaststhatare2.6%,9.7%and
12.3%lesspreciseinabsolutevaluethanthenaiveforecasts,onaverageacrossallAOCandforthepast
fiveyears.Thelastlineshowsthatconsideringthe500bestmodels(k=500)forthesamecriterion
impliesforecaststhatare7.5%,13.7%%and11.5%morepreciseinabsolutevaluethanthenaive
forecasts,dependingonthelengthofthetestwindowforselection(L=1,2,3).

TABLE4.15–MAPEoftheannualforecastsbyAOCandyear

AOC 2012 2013 2014 2015 2016 Average

BLA 0.045 0.207 0.014 0.005 0.016 0.025
BSR 0.044 0.162 0.008 0.079 0.016 0.037
BR 0.043 0.177 0.024 0.003 0.012 0.024
BRO 0.066 0.112 0.026 0.02 0.002 0.024
BW 0.021 0.078 0.02 0.063 0.061 0.042
CAS 0.086 0.13 0.041 0.176 0.117 0.099
CBO 0.069 0.219 0.064 0.02 0.006 0.041
EDM 0.013 0.07 0.024 0.109 0.053 0.042
GRA 0.009 0.004 0.055 0.109 0.064 0.027
HME 0.021 0.164 0.061 0.002 0.027 0.026
LU 0.008 0.125 0.108 0.058 0.001 0.021
MED 0.041 0.14 0.103 0.031 0.023 0.053
MSE 0.014 0.11 0.093 0.027 0.026 0.04
SE 0.007 0.053 0.019 0.03 0.041 0.024
SAU 0.108 0.135 0.002 0.041 0.062 0.037
Average 0.028 0.1 0.029 0.029 0.02 0.034

Note:Thetop-leftvalueof0.045indicatesthattheannualforecastingerrorisof4.5%foryear2012and
theappellationBLA.
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theAOC,theforecasterrorsarelowerthan3%onaverageforBRO,GRA,HMEandSE,and
largerthan5%forCAS,CBO,LU,MSEandSAU.Theerrorsareontheaverageforthemain
appellationsBR,BWandBSR.Thehighestforecastserrorsarefoundfor2013,duringwhich
thepricesoaredrapidlyduetoasmallharvest.However,theforecastsfor2013wereactually
veryusefulcomparedtothenaiveforecasts.Recallfromsection4.5thatabettermeasureof
forecastingperformanceistheMRAE,inwhichtheabsoluteerrorisscaledbytheabsoluteerror
ofanaiveforecast.Avaluebelow(respectivelyabove)1indicatesthattheforecastsaremore
(respectivelyless)accuratethanthenaiveforecasts.Thepriceofthepastyearareassumedtobe
thenaiveforecasts.Thisassumptionismorechallengingthanusingthelastobservedmonthly
prices,becausethelaterareveryvolatileandarethereforepoorforecastsforthenextyear.
Table4.16givesthevaluesoftheMRAEforeachyearandeachAOC.Theoverallaverageis

of0.92,indicatingthattheannualforecastsaremoreaccuratethannaiveforecastsonaverage.
Thisisalreadyasatisfactoryresult,giventhatrandomwalkpriceforecastsarenotoriously
hardtooutperform116.Eveniftheforecastsfor2013weretheleastpreciseintermsofaverage
MAPE,theywereactuallyusefulonaveragesincetheaverageMRAEfor2013isonlyof0.769.
Theforecastsof2015exhibitapoorMRAEbecausepricesdidnotchangemuchbetween2014
and2015,sothatrandomwalkforecastsareparticularlyhardtooutperformforthatyear.This
themainshortcomingoftheMRAE:itmayindicatepoorforecastingperformancesifpricesare
verystable,eveniftheforecastsaresatisfactoryinabsoluteerror.Thismeasureismoresevere
withtheforecastserrorintheabsenceofpricechanges.
TheeconomicstakesarethehighestfortheappellationBRwhichdominatesthebulkmar-

ketwithmorethanhalfofthetotalworth.ForthiskeyAOC,theaverageMRAEis0.624,sothat
theannualmodelisespeciallyhelpfulhere.ItsMAPEishoweverintheaverageacrossallAOC.
Themodelthusmanagestoindicatethegooddirectionofpricechangeswithlimitedabsolute
error.Bycontrast,themodelunderperformsforthesecondlargestAOC,theregionalwhites
appellationBW.Asmentionedbefore,thisisbecauseBWannualpricesdidnotchangemuch
between2012and2016,sothatthebenchmarkrandomwalkforecastswasinfactaccuratedur-
ingthisperiod117.EvenforBW,themodelbehavedwellduringtheshortageof2013-2014.The
annualforecastsareindeedparticularlyeffectiveandusefulinthecaseofimportantsupply
shocks.
Soastoprovideamorecompleteinformationtotheprofessionals,confidenceintervalscan

becomputedbycombiningthepreviouspost-sampleerrorsforeachsub-model.Onlytwopost-
sampleerrorsbysub-modelaresufficienttogeneratealargenumberofpossibleerrorsthrough
thecombinationscheme,soastoconsistentlyestimatethedensityofsimulatedforecasts.The
figureD.6intheAppendixDgivesthesesimulatedforecastdensityforthepricesof2016for
eachAOC.

4.7.2 Forecastsofthemonthlypricesatvarioustimehorizons

Ihavecomputedmonthlypriceforecastsforallthetimehorizonsuptotwelvemonthsahead,
ateachmonthbetweenAugust2012toAugust2016andforeachAOC.ThemodelsareAOC-
specificECMestimatedby2SLS.Inboththelong-runandtheshort-runequations,thevariables
areselectedbythealgorithmpresentedinsection4.5.IhavetestedboththeAICandtheBIC
criteriaforthevariableselection,andbothnominalanddeflatedpricesfortheestimation.The
resultswiththeBICandnominalpriceswherefoundslightlymoreefficientonaverageto

116Thisisbecauseanypredictablechangeofthepricegeneratesanopportunityforprofit.SeeAllen(1994)fora
reviewoftheliteratureonagriculturalpriceforecasting.
117TheannualvolatilityofBWpriceshasbeenofonly0.05between2012and2016,against0.18overthewhole
period.
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TABLE4.16–MRAEoftheannualforecastsbyAOCandyear

AOC 2012 2013 2014 2015 2016 Average

BLA 0.578 0.814 0.396 0.396 0.591 0.535
BSR 0.467 0.642 1.366 4.63 0.495 0.988
BR 0.496 0.74 0.362 0.138 0.427 0.379
BRO 1.119 0.588 0.359 1.683 0.1 0.525
BW 1.778 0.75 0.683 4.766 2.61 1.625
CAS 0.825 0.601 0.709 2.716 0.723 0.928
CBO 4.178 0.857 1.529 0.573 0.202 0.913
EDM 0.571 0.527 3.441 4.918 2.755 1.696
GRA 0.67 0.1 1.531 1.013 0.923 0.626
HME 2.086 1.012 5.298 0.1 0.658 0.94
LU 0.296 1.029 1.057 2.989 0.1 0.626
MED 0.462 0.652 2.537 3.225 2.229 1.406
MSE 0.3 0.772 0.758 0.883 0.391 0.571
SE 0.219 0.563 0.294 10 0.539 0.721
SAU 4.147 10 0.1 0.562 0.442 1.006
Average 0.786 0.751 0.85 1.334 0.56 0.822

Note:Thetop-leftvalueof0.578indicatesthattheannualforecastingerrorweresmallerof42.2%
(1-57.8%)thantheerrorofthenaiveforecastforyear2012andtheappellationBLA.

predictnominalpricesintermsofMRAE118.Theforecastscommentedinthissectionarethus
computedusingthisspecification.
Allthelagsofthedisclosureoftheinformationaboutthemarketdataandthepredictors

(seesections4.2and4.4)aredulytakenintoaccountsoastoreplicatewhatwouldhavebeen
real-timeforecasts.Forinstance,thestockssitheldatthebeginningofmonthtforAOCiare
notknownimmediatelybecausethedeliveriesdit−1ofmontht−1areonlyknownaftertwo
months.Therefore,initialstockssitmustbeestimatedusingthestockssit−2thatwerecarried
twomonthsbefore,andaestimationofthedeliveriesdit−2anddit−1givenbyUCMmodels.I
thusmakesurethattheforecastofpitiscomputedusingonlytheinformationavailableatthe
beginningofmontht.
Table4.17givestheMRAEforeachAOCandeachyear,acrossallmonthsandtimehori-

zons.TheoverallMRAEisof1.039,whichindicatesthatthemonthlyforecastsarenotglobally
betterthantherandomwalkforecasts.However,themonthlyforecastsoutperformtheran-
domwalkforecastsforthelargeappellationsBW,BROandespeciallyBR,whichrepresentthe
highesteconomicstakesinthebulkmarket119.Themonthlyforecastsalsoperformremarkably
wellforthequalityappellationsMEDandSE,whichsignificantlycontributetotheprestigeof
theregion.Infact,theaverageoftheAOC-specificMRAEweightedbytherespectivemarket
shareforeachAOCfallsjustbelow1.Asfortheannualforecasts,themonthlyforecastswould
havebeenmoreinformativejustaftertheimportantharvestshockof2013.ExceptionsareCBO,
EDM,HMEandSAUforwhichtheforecastsin2013showedlittleaccuracycomparedtoother
years.ButacrossallAOC,andforthemostimportantones,theMRAEfor2013fallswellbelow
1.Torecapitulate,themonthlymodelsbehaveswellforthemainAOC,andespeciallywhenan
importantsupplyshockoccurs,justliketheannualmodel.TheMAPEforeachyeararegiven

118TableD.8intheAppendixDgivestheoverallstatisticsineachcase.
119ThelargestappellationBRrepresentsalonemorethanhalfthanthetotalworthofthebulkmarket.
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inthelastrow,whichshowsagainthatthe2013forecastswerenotthemostaccurate,evenif
themostinformativeascomparedtorandomwalkforecasts.DetailedMAPEbyAOCandyear
aregivenintableD.9intheAppendixD.

TABLE4.17–MRAEofthemonthlyforecastsbyAOCandyear

AOC 2012 2013 2014 2015 2016 Mean

BLA 1.228 0.881 1.590 1.870 1.224 1.315
BSR 0.822 0.973 1.546 1.552 1.071 1.155
BW 0.717 0.855 1.277 0.885 1.241 0.970
BRO 0.699 0.994 1.168 0.739 0.858 0.875
BR 0.934 0.641 1.150 1.173 0.915 0.941
CAS 0.699 0.633 0.601 1.505 1.437 0.895
CBO 0.830 1.052 1.121 1.464 1.267 1.127
EDM 1.104 1.060 1.083 1.039 1.052 1.067
GRA 1.121 0.809 0.928 1.254 1.084 1.027
HME 1.008 1.129 1.086 0.962 1.215 1.076
LU 2.460 0.780 0.926 1.914 1.068 1.294
MED 0.968 0.579 0.661 1.277 1.083 0.875
MSE 1.770 0.899 1.050 1.828 0.925 1.231
SE 1.113 0.637 0.863 1.033 0.586 0.820
SAU 0.894 1.516 0.863 1.061 1.172 1.078

Mean 1.024 0.867 1.027 1.255 1.059 1.039

MAPE 0.044 0.050 0.061 0.056 0.043 0.051

Note:Thetop-leftvalueof1.228indicatesthatthemonthlyforecastingerrorsweregreaterof22.8%
thantheerrorofthenaiveforecastforyear2012andtheappellationBLA,onaverageacrossall
horizonsandmonths.Thebottom-rightvalueindicatesthatthemonthlyforecastsexhibitanaverage
errorof5.1%acrossallAOC,years,monthsandhorizons.

Thepreviousstatisticsmixthe MRAEatallhorizonsfromonemonthaheadtotwelve
monthahead.Table4.18detailsthe MRAEforeachhorizon,acrossallyearsand months.
ThepenultimaterowgivestheMRAEforeachtimehorizonacrossallAOC.Evenifnotob-
viousatfirstsight,theydoexhibitaslightbutsignificantdecreasingtrendwhenthehori-
zonincreases120.Thismeansthatthemonthlyforecastsareespeciallyusefulindistanttime
horizon,ascomparedtotherandomwalkforecast.Thelastrowgivesthesamestatisticsfor
priceforecastsproducedbyastandardunivariatelocal-trendUCMmodel.Asexpected,the
overallMRAEislargerfortheunivariateforecasts.Itconfirmsthattheexogenousexplaining
variablesareindeedusefulandallowtoimprovetheforecastsaccuracythroughtheECMde-
sign.Furthermore,theMRAEoftheunivariateUCMforecastsdonotexhibitanytrend121.It
consolidatestheconclusionthatthemultivariatemonthlyforecastsareallthemorerelevant
whentheforecasthorizonisdistant.Inthesamevein,EngleandYoo(1987)andHoffmanand
Rasche(1996)foundthattheadvantageofECMoverVARonlyappearsinlong-termforecasts.
Short-termpricemovementsareindeedthemostdifficulttoforecast,andtheusefulnessofthe
monthlyforecastingmodelsonlyappearsforacertaintimehorizon,whichdependsonthe
AOC.Ofcourse,forcertainminorAOClikeLUorMSE,themonthlymodeldoesnotseem

120AsimplelinearregressionoftheMRAEbyhorizononatrendleadtoanestimateof-0.0088withastandard
errorof0.0035,whichindicatesastatisticalsignificanceattheconventional5%level.
121Alinearregressiononatrendleadstoanestimateof-1.049e-05withastandarderrorof4.107e-03.
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abletooutperformtherandomwalkforecastatanyhorizon.ForthemainappellationBRhow-
ever,theMRAEfallsunder1forforecasthorizonabovesevenmonths.Notethateventhough
monthlyforecastsbecomemoreusefulatlongertimehorizon,theyalsobecomelessprecisein
absolutevalue.Precisely,theMAPEincreasewiththeforecasthorizonforeachAOC(seetable
D.10intheAppendixD).

TABLE4.18–MRAEofthemonthlyforecastsbyAOCandhorizon

AOC 1 2 3 4 5 6 7 8 9 10 11 12 Mean

BLA 0.878 0.920 1.116 1.367 1.193 1.317 1.519 1.491 1.608 1.712 1.520 1.461 1.315
BSR 1.222 1.198 1.085 0.996 1.203 1.059 1.067 1.143 1.228 1.098 1.212 1.401 1.155
BW 0.911 1.117 0.782 0.926 0.929 0.865 1.074 1.004 0.870 1.004 1.070 1.170 0.970
BRO 1.017 1.135 0.902 0.878 0.865 0.718 0.732 0.724 0.742 0.845 0.917 1.170 0.875
BR 1.212 1.215 1.153 1.115 1.166 1.126 0.854 0.911 0.812 0.695 0.627 0.708 0.941
CAS 1.495 0.810 0.653 0.697 0.669 0.827 0.911 0.989 1.036 1.043 0.973 0.917 0.895
CBO 0.969 1.090 0.984 1.272 1.350 1.259 1.145 0.985 1.079 1.019 1.136 1.321 1.127
EDM 1.420 1.232 1.379 1.223 1.087 1.042 1.040 0.953 0.970 0.809 0.896 0.941 1.067
GRA 1.364 1.087 1.150 1.004 1.218 1.373 0.945 0.870 1.026 0.784 0.847 0.863 1.027
HME 1.548 1.254 0.993 1.132 1.157 1.083 0.939 1.077 1.030 0.929 0.931 0.981 1.076
LU 1.580 1.193 1.116 1.423 1.194 1.180 1.215 1.451 1.327 1.401 1.224 1.307 1.294
MED 1.044 1.027 0.944 0.819 0.812 0.801 0.772 0.767 0.893 0.894 0.979 0.804 0.875
MSE 1.211 1.229 1.370 1.269 1.288 1.212 1.117 1.259 1.292 1.170 1.168 1.205 1.231
SE 1.068 0.801 0.987 0.947 0.930 0.817 0.789 0.731 0.722 0.717 0.669 0.757 0.820
SAU 0.943 1.012 0.998 1.018 1.192 0.927 1.025 1.210 1.175 1.000 1.223 1.284 1.078

Mean 1.170 1.078 1.023 1.053 1.065 1.021 0.992 1.013 1.029 0.979 1.001 1.059 1.039

UCMMean 1.200 1.060 1.032 1.104 1.076 1.075 1.111 1.069 1.163 1.062 1.107 1.114 1.097

Note:Thetop-leftvalueof0.878indicatesthattheone-monthaheadforecastingerrorsweresmallerof
12.2%(1-87.8%)thantheerrorsofthenaiveforecastsfortheappellationBLA,onaverageacrossall
yearsandmonths.Onrow"Mean",theright-endvalueindicatesthatthemonthlyforecastingerrors
producedbythemodelareonaverage3.9%greaterthantheerrorsofthenaiveforecastsonaverage
acrossallAOC,years,monthsandhorizons.Onrow"UCMMean",theright-endvalueindicatesthat
themonthlyforecastingerrorsproducedonlybytheUCMareonaverage9.7%greaterthantheerrors
ofthenaiveforecastsonaverageacrossallAOC,years,monthsandhorizons.

Thelastdimensionofthemonthlyforecastsisthattheyarecomputedatdifferentmoments
ofthemarketingyear.Becausetheannualinformationflowisseasonal,thelevelofinformation
aboutfuturemarketconditionsvariesduringtheyear.Table4.19providestheMRAEacross
AOCandmonthsofthemarketingyear.Lastrowlabeled"Mean"givestheaveragesbymonth,
whicharebelow1fortheforecastscomputedatthebeginningofSeptember,Octoberand
November.Thisshowsthatthemonthlyforecastshavemorechancestooutperformrandom
walkforecastsatthebeginningofthemarketingyear.Inotherwords,thedirectionofprice
changesaremoreeasilypredictableduringthisperiod.Interestingly,SeptembertoNovember
arepreciselythethreemonthsoftheharvest122.Duringthisperiod,alltheremaininguncer-
taintyaboutthequantityandthequalityofharvestisremoved,newarbitragesaremade,and
priceschangeaccordingly.Althoughweatherduringthegrowthseasonconveysubstantialin-
formationaboutthenextharvest,myresultsindicatethatalargepartoftheoveralluncertainty
remainsuntiltheharvest.Theforecastsproducedbymymodelsaccountforthisinformation
andpredictcorrectdirectionsofpricechanges.Themodelsalsooutperformtheunivariatefore-
castscomputedbystandardlocal-levelUCMduringtheharvestseason.TheMRAEbymonth
ofthemonthlyforecastsproducedbytheUCMareallabove1,andaregivenintherowlabeled
"UCMMean".Themultivariateanalysisisthereforeparticularlyusefulatthebeginningofthe
marketingyear.Ontheotherhand,themarketconditionsofthenexttwelvemonthsaremost

122OnlywhitegrapesdestinedtoproducethesweetwhitewinesfromtheAOCSAUareharvestedinNovember.
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uncertainatthebeginningofMarchbeforethebuddingseason,whenverylittleinformationis
knownaboutthenextharvest.ForthemonthsFebruarytoAprilinthemiddleofthemarketing
year,theMRAEofthemodelarewellabove1,andbarelybelowtheMRAEoftheunivariate
forecasts.Indeed,futuremarketconditionsarehighlyuncertaininthemiddleofthemarket-
ingyear,sothatnaiveno-changeforecastsappeartobethebestguess.Interestingly,during
thesameperiodthemonthlyforecastsareparadoxicallymoreaccurateintermsofMAPE.The
latteraregiveninrow"MAPE"forthemultivariatemodelsandinrow"UCMMAPE"forthe
univariateUCM.Asbefore,theexplanationisthatpriceschangelessduringthesecondhalf
ofthemarketingyear.Themonthlyvolatilityoftheestimatedpricelevelsissteadilydecreas-
ingaccountingfromSeptemberandthroughoutthemarketingyear.Theaveragesbymonth
aregiveninthelastrow123.Eventhoughtheforecastsinthemiddleofthemarketingyear
aremoreaccurate,theyarealsomorelikelytoindicatethewrongdirectionofpricechanges
becausetheseareofsmallamplitudeduringtheleanseason124.Overall,theseasonalityofthe
forecastaccuracyisconsistentwiththetimingoftheinformationflow.Hence,theinformation
accountedforintheforecastingmodelappearstoberepresentativeoftheknowledgeofthe
wineprofessionals.

TABLE4.19–MRAEofthemonthlyforecastsbyAOCandmonth

AOC Aug. Sep. Oct. Nov. Dec. Jan. Feb. Mar. Apr. May Jun. Jul. Mean

BLA 1.413 0.948 1.069 1.043 1.400 1.468 1.386 1.554 1.640 1.649 1.080 1.390 1.315
BSR 1.009 1.257 0.829 0.800 0.813 1.281 0.929 1.742 1.407 1.240 1.411 1.614 1.155
BW 1.117 0.749 0.794 0.891 1.421 0.772 0.835 1.427 1.061 1.083 0.891 0.880 0.970
BRO 0.965 0.874 1.015 0.740 1.133 0.925 0.878 0.972 0.605 0.671 0.913 0.963 0.875
BR 1.092 1.351 0.529 0.666 0.853 0.695 0.681 1.176 1.297 0.894 1.415 1.194 0.941
CAS 1.019 0.786 0.919 0.497 1.095 0.960 1.105 0.980 0.914 0.565 0.994 1.240 0.895
CBO 1.271 1.373 1.979 1.099 0.994 1.035 1.171 1.013 0.766 0.883 1.308 1.021 1.127
EDM 1.247 1.232 1.452 1.232 1.094 1.073 1.237 1.018 0.914 0.690 0.811 1.053 1.067
GRA 0.737 0.992 0.762 1.024 1.331 0.823 0.841 1.151 1.320 1.461 0.998 1.185 1.027
HME 0.891 0.818 1.329 1.687 1.130 0.756 1.169 1.125 0.992 1.247 0.921 1.159 1.076
LU 1.183 0.879 1.052 1.272 1.141 1.122 1.434 1.730 2.014 1.687 1.053 1.395 1.294
MED 1.182 0.828 0.547 0.714 0.599 0.861 0.969 1.093 0.906 0.872 0.995 1.223 0.875
MSE 1.207 1.197 1.340 1.250 1.221 1.155 1.200 1.074 1.164 1.698 1.344 1.034 1.231
SE 0.757 0.657 0.679 0.701 0.622 0.913 1.050 0.812 0.838 0.752 1.261 1.012 0.820
SAU 1.203 1.094 1.135 1.136 0.914 1.274 1.076 1.243 1.263 0.856 0.908 0.946 1.078

Mean 1.069 0.978 0.967 0.938 1.019 0.986 1.044 1.179 1.090 1.020 1.069 1.139 1.039
UCMMean 1.191 1.061 1.097 1.019 1.053 1.006 1.127 1.203 1.073 1.070 1.100 1.183 1.097

MAPE 0.051 0.058 0.051 0.050 0.047 0.052 0.046 0.047 0.049 0.050 0.052 0.056 0.051
UCMMAPE 0.059 0.062 0.059 0.054 0.049 0.052 0.049 0.049 0.047 0.052 0.052 0.057 0.053

Var(
p̂∗it
p̂∗it−1

) 0.441 0.447 0.446 0.444 0.443 0.442 0.441 0.441 0.44 0.439 0.44 0.44 0.441

Note:Thetop-leftvalueof1.413indicatesthatthemonthlyforecastingerrorsweregreaterof41.3%
thantheerrorofthenaiveforecastwhencomputedatthebeginningofAugustfortheappellationBLA,
onaverageacrossallyearsandhorizons.

Thelastcommentsofthissectionaredevotedtotheforecastsoftheannualaverageprices
producedbythemonthlymodels.Tocomputetheseforecasts,Ihavealsoestimatedforecasting
modelsforthevolumedealt125usingstandardlocal-trendUCM.Theresultingpriceforecasts

123Theseasonalvolatilityoftherawpricesisquitedifferent.Contrarytotheirunderlyinglevels,rawpricesare
highlyvolatileduringthesecondhalfofthemarketingyear.Thisisbecausefewertransactionsaredealtduringthe
leanseason,sothatrawpricesfluctuatealotduetotheirregularcomponentofprices.
124Thisillustratehowdifficultitistoprovideasyntheticevaluationofforecasts,becausebothMAPEandMRAE
maymissakeyinformationdependingonthecontext.
125Thevolumedealteachmontharedifferentfromthemonthlydeliveries.Firstthedeliverydataincludeboth
deliveriesofwineinbulkoralreadyinbottle,whereasthedataontransactedvolumesonlyconcernwinessold
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areevaluatedbytheMRAEgivenintable4.20,whichmustbecomparedtothoseoftable4.16.
TheoverallMRAEisworsefortheannualforecastsproducedbythemonthlymodels,butthe
rankingsoftheyearsinthetwocasesareconsistent.Forinstance,theMRAEisminimumfor
2013,andmaximumfor2014and2015whethertheannualpriceforecastsareproducedby
theannualorbythemonthlymodel.Thepatternsoftheforecastsaccuracyofthemonthly
andannualmodelsarethesame,whichconsolidatesthestylizedfactsdescribedabove.The
monthlymodelsareindeedricherbecausetheycoverdifferenttimehorizonsandareupdated
eachmonth.However,theannualmodelsdevelopedinthischapterprovetobemoreaccurate
whenitcomestoforecasttheaveragepricesofthenextyear.
Asfortheannualforecasts,densityforecastscanbecomputedforeachhorizon.Insteadof

combininghistoricalpost-sampleforecast,densityforecastsatthemonthlyfrequencyaremore
easilycomputedbybootstrappingthevaluesoftheexogenouspredictors126.

TABLE4.20–MRAEofannualpriceforecastsproducedthemonthlymodels

AOC 2012 2013 2014 2015 2016 Mean

BLA 0.878 0.56 7.758 2.746 1.74 1.787
BSR 0.65 0.78 10 3.022 1.467 1.863
BR 0.172 0.773 0.528 2.27 3.32 0.88
BRO 1.891 0.259 1.757 10 1.108 1.57
BW 5.53 0.383 4.537 5.447 3.398 2.818
CAS 0.231 0.443 2.726 0.705 1.006 0.723
CBO 4.089 0.896 10 0.428 1.62 1.91
EDM 3.314 0.441 10 6.178 0.162 1.711
GRA 1.576 0.134 1.036 0.285 0.136 0.386
HME 1.314 1.151 6.352 0.236 0.786 1.123
LU 1.65 0.547 0.959 2.861 0.507 1.047
MED 0.1 0.351 0.958 8.573 10 1.236
MSE 1.009 0.334 6.183 0.739 0.1 0.688
SE 0.1 0.323 0.966 7.085 0.192 0.532
SAU 1.717 3.087 0.1 2.058 0.18 0.722

Mean 0.895 0.522 2.329 2.005 0.759 1.106

MAPE 0.025 0.068 0.074 0.042 0.03 0.044

Note:Thetop-leftvalueof0.878indicatesthattheannualforecastsproducedbythemonthlymodel
weresmallerof12.2%(1-0.87.8%)thantheerrorofthenaiveforecastfortheappellationBLAin2012.

inbulk.Second,thereisoftenadelayofseveralmonthsbetweenthetransactiondateandthephysicaldeliveries.
ThemonthlydeliveriesditofmonthtforAOCihavenotbeendealtattheaveragepricepitobservedforthesame
monthandAOC,butatpricesdealtintheprecedingmonths.
126SeePrescottandStengos(1987)andKlingandBessler(1989)whohaveappliedthesamemethod.
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4.8 Conclusion

ThischaptershowsthatthefluctuationsofaveragewinepricesbyBordeauxAOCcanbefore-
castedtosomeextent.Forecastsaregeneratedattheannualandthemonthlyfrequencies,with
modelizationoptionsspecifictoeachfrequency.Ontheonehand,theannualaverageprices
areforecastedusingacombinationofanumberofstandardtimeseriesmodels.Atthemonthly
frequency,themonthlyaveragepricesarefilteredwithanunobservedcomponentmodelsoas
toextracttheunderlyinglevelsfromtherawseries.Thesemonthlypricelevelsarethenfore-
castedwithAOC-specificerror-correctionmodels,henceextendingtheframeworkofCardebat
andBazen(2016).Oneaimofthestudyhasbeentooptimallyapproximatethesetofinforma-
tionavailabletotheagents.Akeyfeatureofthedataisthattheannualstocksandharvests
areobservedseparatelyforeachAOC.Inaddition,asetofexogenouspredictorshasbeencol-
lected,includingexchangerates,interestrates,GDP,country-specificwineproductions,quality
evaluationsandmeteorologicaldata.Inordertoincreasethenumberofdegreesoffreedom,all
themeteorologicaldataarecombinedinaharvestmodelwhichcorrectlyapproximatesthe
expectationsofthenextharvestovertheobservationperiod.Theannualforecastsgenerally
outperformthenaiverandomwalkforecast,especiallyforthelargestAOCBordeaux,andfor
yearswithlowyields.Monthlyforecastspresentthesamefeaturesbutarelessefficienttofore-
castannualaverageprices.Interestingly,themonthlyforecastsonlyoutperformrandomwalk
forecastsatlongerhorizons,sothatshort-termforecastsarebarelyinformativeonaverage.The
multivariateschemealsoprovestobeusefulatlongerhorizonsastheybecomemoreaccurate
thantheestimatedunivariatemodels.Furthermore,themonthlyforecastsonlyoutperformthe
randomwalkforecastsduringthefirsthalfofthemarketingyear,whenfuturemarketcon-
ditionsarebestknown.Looselyspeaking,theresultsindicatethattheannualfrequencyisthe
mostrelevant,sincemonthlyforecastsonlyprovetobeusefulatthebeginningofthemarketing
yearandforlong-termhorizons.
Theseforecastsaretobeusedasbenchmarktocompensatefortheabsenceoffuturesprices

onthewinemarket.Hence,theforecastingstrategywasdesignedforittobeeasilyaccessible
toprofessionals.Allthedatausedinthisstudyisfreelyavailableonvariouswebsites,andeven
ifthemodelselectionissomewhatadhoc,alltheestimatedmodelsarestandard.Benchmark
priceforecastscouldplaythepartoffuturepricesinthecontextofwinemarketswherethefluc-
tuationsofqualitylimittheinterestoffuturecontracts.Pricesarenotvintage-specificsothat
thedataarenotwell-suitedtoconcludeonthesignificanceofthevintageeffect.Yet,theestima-
tionsdosuggestthatthevintageeffectissmallforthemainAOCBordeaux,whichaccountsfor
halfofthebulkmarket.ForthebasicAOC,consecutivevintagesseemtobewell-substitutable
sothatqualityfluctuationsmaynottobeanobstacletotheintroductionoffuturecontracts.On
theopposite,thevariationsinvintagequalityexhibitasignificantimpactonpricesforthefine
winesoftheSaint-Emilionregion.
Themultivariateanalysishasyieldedseveralotherinterestingresults.Theyfeedtherecent

empiricalliteratureonstoragebyprovidingadditionalevidenceofthecentralroleofinven-
toriesinpricedynamics.Inparticular,thestocks-to-useratiosadvocatedbyBobenriethetal.
(2013)arefoundtobestrikinglywell-correlatedwithpricesinthelongrun.AsBoudoukhetal.
(2007)andOsborne(2004),Ifindthatweathernewssignificantlyinfluencecurrentprices,al-
thoughtheirexplanatorypowerislowascomparedtotheotherdrivers.Finally,theestimates
oftheauxiliaryharvestmodelindicatethattemperaturesarecurrentlyatoptimalvaluesfor
theproductionyields.Ifthecurrentincreasingtrendinthetemperaturescontinues,howevera
decreaseoftheproductionyieldsshouldbeexpected.Jonesetal.(2005)drewthesameconclu-
sionswithrespecttowinequalityinBordeaux.
Althoughtheevaluationoftheforecastsonthelastfiveyearsispromising,thereisroomfor

improvement.Inparticular,theforecastsofthedeliveriesaregeneratedbyunivariatemodels,
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buttheexogenousdriversofthepricearelikelytoinfluencethedeliveriesaswell.Adding
exogenousdriverstothemodelofthedeliveriesmayimprovetheforecastsofdeliveriesand
stocks,andinturnimprovetheforecastsoftheprices.Furthermore,theharvestforecastsmay
alsobeimproved.Indeed,evenifitbehavescorrectlyattheaggregatelevel,theBordeauxwine
professionalsdisposeofbetterinformationabouttheincomingharvest.Theyshouldbeable
tocorrectthelimitationsofthemodel,andthustoobtainmoreaccuratepriceforecastthan
thoseevaluatedinthischapter.Ontheotherhand,ifthemodelspresentedinthischapter
highlightregularandprofitablearbitrages,pricesshouldadjustmorerapidlyandthearbitrage
opportunitiesmightdisappear.ToquotetheexpressioncoinedbyTimmermannandGranger
(2004),the"selfdestructionofpredictability"couldrendertheseforecastingmodelsobsoletein
thelongrun.However,thatwouldmeanthatexpectationswouldthenconvergemorerapidly,
andthereforethatwelfarehasimprovedduetothiswork.



131

GeneralConclusion

Thisdissertationiscomposedoffourempiricalpapersexaminingthemicro-levelandmacro-
leveldeterminantsofwineprices.
Thefirstchapterassessestheroleofexpertopiniononwinepricesusingamethodology

that,byincludingdetailedmeteorologicaldata,fixed-effectsmodels,andthesystematicuse
ofnumerousexpertscores,avoidsendogeneityandbiasrootedinerrorsofjudgment.The
observedscoresareassumedtobegeneratedwithameasurementerror;theycanbesplitinto
anobjectivecomponentsharedbyallexpertsandasubjectivecomponentspecifictoeachexpert
andwine.Thelatterisoftenseenassomethingthatshouldbecorrectedasitobscuresthe
signsofqualityindicatedbytheobjectivecomponent.Weprovideevidence,however,thatina
priceequationoneshouldendeavornottoignoresubjectivecomponents,astheysignificantly
affectwineprices.Themostimportantresultofourfindingsisthelightshedontheroleof
thestandarddeviationinthepriceequation. Wefindastrongpositivecorrelationbetween
winepricingandthestandarddeviationofthescores.Ourinterpretationisbasedonthefact
thatahigherstandarddeviationindicatesthatahighmaximumscoreislikely.Inlinewiththe
marketingliterature,thishighestscoremaybeusedasanadvertisementforthesellers.Hence,
thisparticularscoreislikelytobethemostpublicized.Asaresult,thisiscertainlytheonly
scorethattheaverageconsumersmayhaveheardof.Thisiswhatwerefertoasthe“marketing
effect”;thehighestscoreisthemostinfluentialasitisthebestknownamongconsumers.Our
interpretationissupportedbytheempiricalanalysis,sincethehighestscorehasthegreatest
impactonprices.
Thisfirstchapterhasopenedseveralresearchpaths.Firstly,themethodproposedinthe

paperhasalreadybeenadoptedanddiscussedinsubsequentresearch.Oczkowski(2016)has
notablyappliedthis2SLSmethodtotheAustralianwinemarkettoassesstherespectivein-
fluencesofobjectivequalityandsubjectiveopinions.Secondly,theprevailinginfluenceofthe
highestscoreissusceptibletogenerateratingsshoppingbehaviors,inwhichChâteauxwould
accumulatescoresuntilsatisfied.Thedegreetowhichfinewinepurchasershaveaccesstothe
entiresetofscoresshouldbeassessed.Finally,asfinewinesareconsiderablyexpensive,wine
expertslargelyrelyontheinvitationsofthewineproducerstotastetheirwines,asitisthecase
inBordeauxduringtheprimeurscampaign.Potentialconflictsofinterestshouldconsequently
beseriouslyexamined.
Inthesecondchapterofthisdissertation,theequipercentilemethodologyisemployedto

expressthescoresgivenbyvariouswineexpertstoBordeauxwinesonthesameratingscale.It
facilitatesacomparisonbetweenscoresamongexperts,andallowsthecalculationofatranspar-
entandsyntheticaverageofallavailablewinescores.Thisnonparametricmethodhighlights
thatthefamouswineexpertRobertParkerhas,onaverage,givenhigherscoresthanhispeers
whorateonthe100-pointsscale.Echoingtheresultsofthefirstchapter,thisfindingunder-
linesthenecessitytoscalethescores,asexpertsmaybetemptedtoinflatetheirscorestogain
publicity.Thisscalingmethodallowforthecomputationofrelevantstandarddeviationsfor
eachwineacrossexperts.Whencomputedafterscaling,thelatterconstitutesabettermeasure
ofjudgeconcordanceforeachwine.
Thischapteropensthepathtofutureresearchonhowtobestaggregatetheinformation

containedinwinescores.Inparticular,theuncertaintyofthetruequalityasmeasuredbythe
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standarddeviationofthescoresshouldbeincludedintheinformationgiventopotentialpur-
chasers.Themethodcouldalsobeusedtotracktheexperts’preferencesamongthewinere-
gionsorgrapevarieties.
Thethirdchapteraddressestheasyetrelativelyunexploredmarketofwinecompetitions.

Anoriginaldatasethasbeenobtainedbymatchingnewdataonindividualtransactionsfroma
largeBordeaux-basedbroker(containinginformationoncontractdates,pricesandquantities,
andcharacteristicsonproducersandwines)withtherecordsofelevenimportantwinecom-
petitions(winnersbymedalcolor,andcontestfeatures).Thefirstoutcomeistheestimationof
thecausaleffectofmedalsonproducers’wineprices.Theeconometricapproachconsistsinre-
gressingpricesonbothbefore-transactionandpost-transactionmedalindicators.Undersimple
identifyingrestrictions,thedifferenceintheestimatesoftheassociatedcoefficientsidentifies
thecausaleffect.Ourpreferredestimateindicatesthattheacquisitionofamedalcausesaprice
increaseofabout13%.Asexpected,theimpactforgoldisfoundtobemuchlargerthanforsil-
verandbronze.Onlyasmallgroupofcontestscausesastatisticallysignificantpriceincrease.
Thisgroupisconstitutedoftheoldestandmosthighlyrenownedcompetitions.Interestingly,
theirjudgesarerequiredtoevaluaterelativelyfewwinesperday,andtheygrantmedalsby
oralconsensus.Secondly,wehavecomputedtheprofitproducerscanexpectfromparticipating
inthemostimportantwinecompetition.Onlysmallproducersintermsofvolumeshaveno
incentivetoparticipate,andtheexpectedprofitisveryhighforlargeproducers.Thelastcon-
tributionofthischapteristhefindingofastatisticallysignificantoveralllinkbetweenmedals
andquality.However,onlyaminorityofcontestsarefoundtoattributemedalsthataresignif-
icantlycorrelatedwithwinequality.
Duetotheboominthismarketforwineawardsinrecentyears,severalresearchissueshave

arisenandshouldbefurtherexamined.Firstly,thereliabilityofwinetastingandtheconsis-
tencyoftheattributionofmedalsshouldbemoresystematicallymeasuredasanevaluationof
thedifferingwinecompetitions.Notably,thenumberofwinesamplestastedbyeachjudgeper
dayisexpectedtobeinfluentialontheconsistencyofthecompetitions.Furthermore,thecom-
mentsmadeinthefirstchapterconcerningthetop-endwinesandthewinecriticshavegreater
relevancehere.Aswineproducersarenotrequiredtodisclosethenumberofwinecompeti-
tionstheyhaveentered,andbecauseexpectedprofitsfromparticipationareestimatedtobe
high,ageneralizedmedal-shoppingbehaviorshouldbeexpected.Inthesamevein,somewine
competitionsmaybetemptedtograntbettermedalssoastoattractmoreparticipants.Since
2013,Frenchcompetitionscannotawardmedalstomorethanonethirdoftheparticipants,but
theDecantercompetitionheldinLondondoesnotrespectthatlimit,althoughitsawardsare
veryinfluentialonprices.Theconsistencyofthisparticularcompetition,oftenqualifiedasthe
worldlargest,shouldbeexamined.Fromtheperspectiveofindustrialorganization,thewine
competitionsarepeculiarinthesensethattheybothchargetheparticipationandtheaward.
Theconsequencesofthiscertificationprocesscouldbetheoreticallyinvestigated.Finally,the
currentsituationwhereseveralcertifierscompetetogrant(sell)awardsofunknowntruevalue
givesrisetotherecursiveissueofhowtocertifythecertifiers.Interestingly,twoinstitutions
alreadycompetetocertifythewinecompetitions:TheInternationalOrganisationofVineand
WineandtheInternationalUnionofOenologistshavebothproposedcriteriatogranttheirla-
bels.Yetalmostnowinecompetitionshavecommittedtothesestandardssofar.Alivelystream
ofresearchcontinuestoinvestigatehowbesttooptimallyassessandlabelwinequality.
ThelastchapterexaminesthedeterminantsofthefluctuationsofBordeauxwinesaverage

prices,andtheextenttowhichthelattercanbeforecasted.Thisworkrespondstoadirectde-
mandofBordeauxwineprofessionalswholackvisibilityinacontextwherenofuturesmarket
existsforwine,norisitforeseeableinthenearfuture.Differentmodelsareestimatedandused
tosimulateforecastsattheannualandthemonthlyfrequencies,withmodelizationoptions
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specifictoeachfrequency.Oneaimofthispaperhasbeentobestapproximatethesetofinfor-
mationavailabletotheagents.Annualstocksandharvestsareobservedindividuallyforeach
appellationororiginofBordeaux,toallowforadeeperexaminationofeachappellation.In
additiontothemarketdata,anextendeddatasetofexogenouspredictorshasbeencollected,
includingexchangerates,interestrates,GDP,country-specificwineproductions,qualityeval-
uationsandmeteorologicaldata.Themainoutcomeofthispaperisthattheannualforecasts
generallyoutperformthenaiverandomwalkforecast,especiallyforthelargestappellationand
duringshortages.Monthlyforecastsbroadlypresentthesamefeatures,buttheyarelesseffec-
tiveatforecastingannualaverageprices.Themultivariateanalysisalsoyieldedseveralcol-
lateraloutcomes.Theestimatesprovideadditionalevidenceofthecentralroleofinventories
inagriculturalpricedynamics.Ialsofindthatweathernewssignificantlyinfluencescurrent
prices,althoughtheirexplanatorypowerislowascomparedtotheotherdrivers.Finally,the
estimatesofanauxiliaryharvestmodelindicatethattemperaturesarecurrentlyclosetotheir
optimalvaluesfortheproductionyields.Ifanincreaseintemperaturescontinues,adecrease
intheproductionyieldsshouldbeexpected.
Thislastchaptercontributestoseveralareasofwineeconomics,andthusleadsthewayto

variousdirectionsofresearch.Forecastscanalwaysbeimproved,andmanyoptionsremainsto
betested.Inparticular,priceforecastsdependsondeliveryforecasts,whichcouldbeimproved
usingtheexogenousdriversoftheprice.Besides,Ihavechosentoguaranteethattheestimated
modelscomplytothetheoreticallyexpectedinfluencesofalldeterminants.Assuch,Ihavede-
liberatelyexcludedmachine-learningmethodsforwhichtheseinfluencesaretroublesometo
characterize.Althoughthesemethodsarepoorlysuitedtothepurposeofmultivariatetime
seriesforecastingwithexogenouspredictors,itcannotbeexcludedthattheycouldsomehow
improvetheforecasts.Furthermore,theeffectoftheharvest,ofthestocksandofweathernews
onpricescouldbeestimatedwithmoredetail,usingthestructuralframeworkofthecompeti-
tivestoragemodelasinOsborne(2004).Finally,theestimatesoftheaggregateharvestmodel
callforfurtherstudiesoftheexpectedinfluenceofclimatechangeonwineproductionyield,
dependingongrapevarietyandgeographiclocations.
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TABLEA.1–Acronymsandabbreviations

Shortname Fullname

LLG LawofLargeNumbers
OLS OrdinaryLeastSquares
AOC Appellationd’OrigineContrôlée
VAT Value-AddedTax
VIF VarianceInflationFactor
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TABLEA.2–Experts’Scores

Code Expert Numberofobservedscores

AP AndréProensa 480
IWC InternationalWineCellar(StephenTanzer) 1,169
GM GaultMillau 352
JMQ Jean-MarcQuarin 1,857
JR JancisRobinson 1,723
RVF RevuedesVinsdeFrance 217
WA TheWineAdvocate(RobertParker) 1,644
WS WineSpectator 1,758
920R 920-Revue 313
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FIGUREB.1–ConversionFunctionsintoParker’sScale
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FIGUREB.2–ConversionFunctionsintoParker’sScale
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FIGUREB.3–ConversionFunctionsintoParker’sScale
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FIGUREB.4–ConversionFunctionsintoParker’sScale
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TABLEC.1–Numberofmedalsperwinebefore/aftertransaction

After
0 1 2 3+ Total

0 13,298 302 62 26 13,688
1 1,517 129 32 10 1,688

Before 2 612 13 7 0 632
3+ 385 5 1 0 391
Total 15,812 449 102 36 16,399

TABLEC.2–Numberofmedalsacrosscompetitions,beforeandaftertransaction
date

Competition
Beforetransactiondate Aftertransactiondate

#Medals #Bronze #Silver #Gold #Medals #Bronze #Silver #Gold

BOR 1,119 294 410 415 178 42 74 62
BRU 214 0 129 85 60 0 37 23
CHA 358 99 141 118 125 56 45 24
CVI 171 70 45 56 30 13 8 9
DEC 233 84 21 5 68 36 9 0
FEM 248 88 95 65 48 9 25 14
LYO 258 26 71 161 44 5 15 24
MAC 735 300 195 240 112 36 39 37
PAR 727 109 274 344 69 12 27 30
VIN 145 86 51 8 24 15 7 2
VII 30 0 28 2 11 0 10 1
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TABLEC.3–EstimatesofαM simultaneouslybycolorandcompetition

Estimate MBORgold MBORsilver MBORbronze MPARgold MPARsilver MPARbronze

α̂OLSMj 0.206 0.093 0.052 0.225 0.062 0.103

(0.012) (0.011) (0.013) (0.013) (0.014) (0.022)

α̂DIFMj 0.134 0.073 -0.015 0.135 -0.029 0.113

(0.028) (0.031) (0.04) (0.05) (0.046) (0.048)

αMj+βMj 0.206 0.092 0.054 0.221 0.057 0.104
(0.012) (0.011) (0.013) (0.013) (0.013) (0.022)

β̂Fj 0.072 0.019 0.068 0.086 0.086 -0.009
(0.026) (0.028) (0.037) (0.046) (0.044) (0.039)

CharacteristicsX Yes
Fixedeffects Yes

N 16.399
R2 0.925

TABLEC.4–Distributionofexpectedprofitineuro,includingstickerscosts

Competition π Mean S.d. Min Max p25 p75 %E(Profit)<0

Bordeaux 0.05 61 212 -166 5,034 -48 88 0.518
Challenge 0.05 50 220 -154 5,121 -66 81 0.563
Decanter 0.05 -43 315 -337 7,256 -209 -2 0.751
Paris 0.05 45 212 -189 5,029 -64 72 0.574

Bordeaux 0.10 208 423 -247 10,153 -11 261 0.294
Challenge 0.10 212 441 -196 10,353 -21 273 0.322
Decanter 0.10 160 630 -428 14,758 -172 241 0.548
Paris 0.10 193 423 -275 10,161 -25 247 0.339

Bordeaux 0.20 500 847 -409 20,392 62 606 0.135
Challenge 0.20 535 881 -280 20,818 70 658 0.14
Decanter 0.20 566 1,260 -610 29,762 -98 727 0.36
Paris 0.20 490 847 -446 20,425 53 597 0.154

Bordeaux 0.30 793 1,270 -571 30,630 135 952 0.079
Challenge 0.31 891 1,366 -373 32,329 170 1,081 0.075
Decanter 0.59 2,148 3,717 -1321 88,275 189 2,624 0.167
Paris 0.24 609 1,016 -515 24,530 84 737 0.122
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TABLEC.5–Distributionofexpectedprofitineuro,withoutstickerscosts

Competition π Mean S.d. Min Max p25 p75 %E(Profit)<0

Bordeaux 0.05 122 257 -84 5,555 -21 167 0.345
Challenge 0.05 95 257 -110 5,528 -48 140 0.449
Decanter 0.05 54 372 -244 7,935 -153 120 0.61
Paris 0.05 103 257 -102 5,537 -39 149 0.421

Bordeaux 0.10 328 513 -82 11,194 43 419 0.145
Challenge 0.10 302 513 -109 11,168 16 392 0.212
Decanter 0.10 354 745 -242 16,115 -60 485 0.344
Paris 0.10 310 513 -101 11,176 24 400 0.191

Bordeaux 0.20 741 1,027 -80 22,474 170 922 0.048
Challenge 0.20 715 1,027 -106 22,447 144 895 0.077
Decanter 0.20 953 1,490 -238 32,475 125 1,215 0.145
Paris 0.20 723 1,027 -98 22,456 152 904 0.068

Bordeaux 0.30 1,154 1,540 -77 33,753 298 1,426 0.017
Challenge 0.31 1,169 1,592 -104 34,855 284 1,449 0.033
Decanter 0.59 3,290 4,394 -223 96,281 847 4,064 0.018
Paris 0.24 888 1,232 -97 26,967 203 1,105 0.049

TABLEC.6–EstimatesofαMj withMjbeingthenumberofgold,silverand
bronzemedals

Estimate Mgold Msilver Mbronze

α̂OLSM 0.152 0.064 0.057
(0.007) (0.006) (0.007)

α̂DIFM 0.087 0.007 -0.003
(0.009) (0.009) (0.016)

αM +βM 0.152 0.064 0.058
(0.007) (0.006) (0.007)

β̂F 0.064 0.058 0.061
(0.006) (0.007) (0.015)

CharacteristicsX Yes Yes Yes
Fixedeffects Yes Yes Yes
N 16399 16399 16399
R2OLS 0.924 0.924 0.924
R2DIF 0.924 0.924 0.924
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Expectationoftheexponentialofatruncatednormalvariable(section4.4.1)

Let ∼N(µ,σ2),Φandφberespectivelythedistributionandthedensityfunctionsofanormal
N(0,1),andφµ,σbethedensityofthelawN(µ,σ

2).Recallthat:

Φ(y)=
y

−∞
φ(x)dx ; φ(x)=

1
√
2π
e−

x2

2 ; φµ,σ(x)=
1

σ
φ
x−µ

σ

Thecomputationoftheexpectationofegiven <0iselementary:

E(e|<0)=
1

P(<0)

0

−∞
exφµ,σ(x)dx

=
1

Φ(−µσ)

0

−∞
exφµ,σ(x)dx

=
1

Φ(−µσ)

0

−∞
ex

1
√
2πσ2

e−
(x−µ)2

2σ2 dx

=
1

Φ(−µσ)

0

−∞

1
√
2πσ2

e−
(x−µ)2

2σ2
+xdx

=
1

Φ(−µσ)

0

−∞

1
√
2πσ2

e−
[x−(µ+σ2)]2

2σ2
+(µ+1

2
σ2)dx

=
1

Φ(−µσ)

0

−∞

1
√
2πσ2

e−
[x−(µ+σ2)]2

2σ2 e(µ+
1
2
σ2)dx

=e(µ+
1
2
σ2) 1

Φ(−µσ)

0

−∞

1
√
2πσ2

e−
[x−(µ+σ2)]2

2σ2 dx

=e(µ+
1
2
σ2) 1

Φ(−µσ)

−µ+σ
2

σ

−∞

1
√
2π
e−

x2

2dx

=e(µ+
1
2
σ2) 1

Φ(−µσ)

−µ+σ
2

σ

−∞
φ(x)dx

E(e|<0)=e(µ+
1
2
σ2)Φ(−

µ+σ2

σ )

Φ(−µσ)
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TABLED.1–Acronymsandabbreviations

Shortname Fullname

Models

ADL Auto-DistributedLagsmodel
DADL DifferencedAuto-DistributedLagsmodel
VAR VectorAuto-Regressivemodel
ECM Error-CorrectionModel
UCM UnobservedComponentModel
Estimationmethod

OLS OrdinaryLeastSquares
2SLS Two-StageLeastSquares
Statisticaltests

ADF AugmentedDickey-Fullertest
ERS Elliot-Rothenberg-Stocktest
KPSS Kwiatkowski–Phillips–Schmidt–Shintest
Acronyms

AMIS AgriculturalMarketInformationSystem
AOC Appellationd’OrigineContrôlée
BCF BanquedeFrance
CIVB ConseilInterprofessionnelduVindeBordeaux
GDP GrossDomesticProduction
HUR Harvest-to-UseRatio
INAO InstitutNationaldel’OrigineetdelaQualité
INSEE InstitutNationaldelaStatistiqueetdesEtudesEconomiques
MAPE MeanAveragePercentageError
MRAE MeanRelativeAbsoluteError
OECD OrganisationforEconomicCo-operationandDevelopment
OIV OrganisationInternationaledelaVigneetduVin
SUR Stock-to-UseRatio
UK UnitedKingdom
USA UnitedStatesofAmerica
Abbreviations

ha hectare
hl hectolitre
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Timeserieseconometricsreminder

AutoregressiveDistributiveLagmodels
LetytbeastationaryprocessfollowinganADL(p,q),with(x1t,...,xnt)beingthesetofthe

explanatoryvariables.Thevariablesxitarealsostationary.Thedynamicsofytaregivenbythe
followingequation.

yt=α0+

p

k=1

αkyt−k+

n

i=1

q

l=0

βilxit−k+ t (D.1)

where tisazero-mean,exogenousandtime-independenterrortermwithaconstantvari-
anceσ2.
TheprocessytissaidtofollowadifferentiatedADL(p,q),notedDADL(p,q),ifthedifferen-

tiatedseries∆ytfollowsanADL(p,q).

Cointegration
LetXt=(x1t,...,xnt)beasetofnon-stationaryvariablesforwhich∆Xtisstationary.Xtis

cointegratedifthereexistsavectorγ=(γ1,...,γn)
tsuchthatXtγ=

n
i=1γixitisastationary

process.

Error-CorrectionrepresentationintheEngleandGranger(1987)framework
Letytbeanon-stationaryprocessandXt=(x1t,...,xnt)beasetofnon-stationaryvariables

suchthat(yt,xt)iscointegrated,andγ=(γ1,...,γn)
tbeonecointegrationvector.ytissaidto

followanECM(p,q)ifitsdynamicsaregivenbythefollowingequation.

∆yt=α0+

p

k=1

αk∆yt−k+

n

i=1

q

l=0

βil∆xit−l+δ(yt−1−

n

i=1

γixit−1)+t (D.2)

where tisazero-mean,exogenousandtime-independenterrortermwithaconstantvari-
anceσ2.Inthe2SLSprocedureofEngleandGranger(1987),thecointegrationvectorγises-
timatedbyOLSinafirststageregressionofytonXt.Thiscointegrationequationissaidto
representthelong-runequilibriumaroundwhichpricesfluctuate.Theothercoefficientsare
alsoestimatedbyOLSinsecondstageregressionof∆ytonthe∆yt−k,∆xit−1,andthelagged
errortermofthelong-runequation(yt−1−

n
i=1γ̂ixit−1).Johansen(1991)proposedanextended

frameworkwhereallvariablesareendogenousandwhichmayincludeseveralcointegrating
relationships.Ifthedynamicsofeachendogenousvariablearestillgivenbyequation(D.2),
theestimationprocedureisamaximumlikelihoodassumingnormalerrorsandanumberrof
non-collinearcointegratingrelationships.
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FIGURED.1–Geographiclocationsofthesixweatherstations
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TABLED.2–Attributionandsamplemeansoftheweathervariables

Station AOC F4 TX46 RR57 RR89

Pauillac HME,MED 5.19 21.07 163.92 116.73
Saint-Martin-du-Bois CAS,LU,MSE,SE 2.1 21.19 178.71 117.84
Saint-Savin BLA,CBO 1.82 21.44 168.97 120.21
Sauternes SAU 7.56 21.35 177.36 125.99
Sauveterre-de-Guyenne BB,BRO,BR,BSR,EDM 10.42 21.03 171.35 125.22
Villenave-d’Ornon GRA 1.87 21.46 180.03 130.53

TABLED.3–EstimatedvariancesoftheparametersoftheUCMfilterforprices

AOC σ̂2p
i

σ̂2
νpi

σ̂2
ξpi

σ̂2
ωpi

BLA 3.0e-03 4.5e-04 4.1e-07 1.7e-08
BSR 2.1e-03 5.0e-04 3.9e-07 3.2e-05
BR 1.5e-03 1.4e-03 7.1e-06 8.7e-09
BRO 2.3e-03 1.2e-03 1.4e-07 1.5e-08
BW 8.9e-05 1.0e-03 2.2e-07 1.5e-08
CAS 2.1e-02 1.5e-04 1.1e-06 2.1e-06
CBO 2.7e-03 5.9e-04 3.0e-07 1.0e-05
EDM 4.0e-03 1.1e-03 1.8e-09 1.2e-06
GRA 3.8e-03 1.2e-03 3.7e-07 5.9e-05
HME 1.4e-02 1.0e-03 7.7e-07 7.4e-06
LU 2.0e-03 1.1e-03 1.1e-10 7.5e-09
MED 4.0e-03 1.4e-03 2.7e-07 3.0e-05
MSE 2.4e-03 1.3e-03 2.8e-10 6.7e-08
SE 9.8e-04 1.2e-03 5.1e-09 4.2e-09
SAU 2.1e-03 1.1e-03 1.8e-10 1.2e-07
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TABLED.4–EstimatedvariancesoftheparametersoftheUCMfilterforstocks

AOC σ̂2s
i

σ̂2νsi
σ̂2ξsi

σ̂2ωsi

BLA 4.4e-09 5.4e-04 1.1e-08 1.2e-05
BSR 3.0e-08 4.5e-04 3.4e-13 2.3e-09
BR 1.2e-09 6.3e-03 2.9e-11 8.2e-09
BRO 1.1e-10 7.1e-03 9.1e-10 2.7e-09
BW 2.5e-09 1.0e-03 8.2e-09 5.1e-05
CAS 6.5e-10 7.1e-04 2.6e-09 1.9e-05
CBO 3.5e-05 5.0e-04 8.9e-10 7.0e-10
EDM 1.2e-10 3.4e-03 2.9e-10 4.9e-05
GRA 2.2e-14 4.1e-04 7.6e-08 1.1e-05
HME 1.5e-08 1.4e-04 5.5e-11 5.2e-07
LU 1.6e-11 6.5e-04 9.0e-12 1.2e-09
MED 7.1e-08 1.4e-04 2.6e-06 4.9e-06
MSE 1.5e-13 4.8e-04 4.7e-12 7.1e-10
SE 1.5e-09 3.8e-04 2.5e-10 7.0e-06
SAU 1.4e-10 5.0e-04 4.0e-10 3.5e-06
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TABLED.5–EstimatedvariancesoftheparametersoftheUCMfilterfordeliver-
ies

AOC σ̂2d
i

σ̂2
νdi

σ̂2
ξdi

σ̂2
ωdi

BLA 4.0e-02 2.1e-04 7.6e-16 1.5e-04
BSR 8.7e-03 4.8e-04 2.4e-10 1.3e-03
BR 3.9e-02 1.8e-03 1.4e-08 5.8e-08
BRO 5.0e-02 3.3e-07 5.9e-07 5.5e-03
BW 6.7e-03 7.0e-04 2.3e-10 7.3e-04
CAS 4.4e-02 1.3e-03 3.4e-10 9.2e-04
CBO 3.0e-02 1.4e-04 2.7e-10 7.3e-04
EDM 4.7e-02 4.3e-06 2.4e-11 6.9e-04
GRA 2.7e-02 3.8e-04 6.3e-11 3.8e-07
HME 2.9e-02 7.5e-04 1.2e-10 3.3e-05
LU 7.9e-02 3.9e-08 2.7e-10 1.6e-03
MED 2.0e-02 1.6e-03 5.8e-12 1.0e-07
MSE 6.7e-02 7.5e-04 4.8e-12 8.4e-07
SE 4.4e-02 9.1e-04 2.6e-10 2.4e-03
SAU 6.4e-02 1.2e-03 1.8e-10 3.7e-04
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TABLED.6–Annuallong-runequilibriumOLSestimationbyAOCusingonly
2001-2016data

AOC All BLA BSR BR BRO BW CAS CBO EDM GRA LSE LU MED MSE SE SAU

H -0.08 -0.45 -0.23 -0.35 -0.33 -0.18 -0.54 -0.38 -0.69 -0.83 -0.44
(0.04) (0.16) (0.15) (0.05) (0.13) (0.12) (0.15) (0.2) (0.27) (0.18) (0.28)

SP -0.25 -0.69 -0.61 -0.29 -0.29 -0.35 -1.2 -1.4 -1.08 -1.82 -1.33 -1.06
(0.04) (0.15) (0.25) (0.04) (0.07) (0.1) (0.14) (0.45) (0.44) (0.28) (0.43) (0.3)

E 1.17 2.69 2.22 3.38 1.72 2.8 0.66 0.77
(0.18) (0.56) (0.58) (0.65) (0.6) (0.88) (0.36) (0.55)

Y 1.06 0.7
(0.25) (0.25)

C -0.18 -0.89 -0.3 -0.51
(0.1) (0.29) (0.18) (0.31)

Q 1.02 0.87 1.12 1.22
(0.38) (0.69) (0.41) (0.82)

r -2.66 -2.88
(0.78) (0.94)

R2 0.96 0.59 0.71 0.55 0.94 0.72 0.66 0.37 0.51 0.88 0.7 0.5 0.95 0.45 0.28 0.47

TABLED.7–MRAEoftheannualforecastswherenaiveforecastsareJulyprices

AOC 2012 2013 2014 2015 2016 Average

BLA 1.23 1.01 0.303 1.048 0.452 0.708
BSR 0.698 0.735 0.205 3.123 0.736 0.753
BR 0.578 0.922 0.253 0.21 1.476 0.53
BRO 0.736 0.778 0.214 0.114 0.1 0.268
BW 0.28 1.236 3.85 1.418 1.066 1.15
CAS 1.363 0.451 4.878 10 0.614 1.791
CBO 1.327 1.202 0.204 2.4 0.202 0.691
EDM 0.299 1.136 0.412 0.668 0.861 0.604
GRA 0.924 0.105 1.383 1.018 0.519 0.589
HME 0.64 0.583 0.405 0.1 10 0.685
LU 0.284 1.219 0.86 1.196 0.1 0.513
MED 10 0.781 10 3.411 0.402 2.546
MSE 0.323 0.705 0.188 1.713 0.543 0.524
SE 0.473 0.567 0.263 0.553 0.537 0.461
SAU 3.214 4.034 0.135 0.246 10 1.34
Average 0.814 0.804 0.561 0.889 0.685 0.741



AppendixD.AppendixofChapter4 171

FIGURED.6–2016pricesdensityforecasts(black),observedprices(lightgrey)
andpastprices(darkgrey)

TABLE D.8–Comparisonofforecastsacrossdifferentspecificationsforthe
monthlymodels

Criterion BIC AIC
Prices Real Nominal Real Nominal

OverallMAPE 0.051 0.051 0.052 0.051
OverallMRAE 1.056 1.039 1.073 1.059
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TABLED.9–MAPEofthemonthlyforecastsaccuracybyAOCandyear

MAPE 2012 2013 2014 2015 2016 Average

BLA 0.068 0.076 0.079 0.061 0.042 0.064
BSR 0.051 0.066 0.094 0.050 0.050 0.060
BW 0.030 0.054 0.050 0.023 0.031 0.036
BRO 0.038 0.076 0.111 0.061 0.038 0.059
BR 0.035 0.045 0.069 0.032 0.024 0.038
CAS 0.065 0.082 0.066 0.139 0.108 0.088
CBO 0.030 0.077 0.098 0.065 0.045 0.058
EDM 0.063 0.059 0.048 0.051 0.048 0.054
GRA 0.042 0.045 0.033 0.054 0.081 0.049
HME 0.051 0.073 0.103 0.086 0.038 0.066
LU 0.065 0.023 0.044 0.085 0.018 0.040
MED 0.043 0.034 0.038 0.048 0.059 0.044
MSE 0.052 0.032 0.071 0.084 0.036 0.051
SE 0.027 0.022 0.044 0.039 0.020 0.029
SAU 0.035 0.053 0.043 0.038 0.106 0.050
Average 0.044 0.050 0.061 0.056 0.043 0.051

TABLED.10–MAPEofthemonthlyunivariateforecastsbyAOCandhorizon

MAPE 1 2 3 4 5 6 7 8 9 10 11 12 Average

BLA 0.032 0.037 0.041 0.046 0.053 0.070 0.081 0.089 0.100 0.099 0.103 0.099 0.065
BSR 0.038 0.045 0.051 0.063 0.072 0.073 0.075 0.090 0.090 0.097 0.111 0.108 0.072
BW 0.025 0.029 0.036 0.037 0.038 0.042 0.040 0.041 0.050 0.053 0.059 0.043 0.040
BRO 0.038 0.045 0.058 0.070 0.068 0.077 0.073 0.082 0.095 0.089 0.091 0.108 0.072
BR 0.021 0.024 0.036 0.045 0.050 0.057 0.061 0.063 0.066 0.062 0.061 0.064 0.048
CAS 0.071 0.080 0.073 0.079 0.075 0.074 0.087 0.102 0.113 0.113 0.113 0.112 0.089
CBO 0.036 0.042 0.048 0.059 0.071 0.071 0.067 0.060 0.065 0.064 0.065 0.071 0.059
EDM 0.036 0.046 0.055 0.057 0.054 0.056 0.055 0.073 0.071 0.075 0.068 0.056 0.057
GRA 0.048 0.051 0.045 0.054 0.055 0.054 0.057 0.056 0.040 0.032 0.042 0.037 0.047
HME 0.072 0.070 0.068 0.076 0.078 0.071 0.067 0.073 0.088 0.082 0.076 0.072 0.074
LU 0.023 0.022 0.022 0.028 0.027 0.031 0.028 0.033 0.039 0.031 0.042 0.042 0.030
MED 0.036 0.040 0.046 0.054 0.048 0.050 0.068 0.066 0.072 0.080 0.071 0.086 0.058
MSE 0.028 0.042 0.043 0.039 0.047 0.043 0.055 0.065 0.068 0.068 0.065 0.071 0.051
SE 0.019 0.014 0.022 0.026 0.031 0.024 0.028 0.034 0.033 0.044 0.044 0.047 0.029
SAU 0.036 0.040 0.038 0.037 0.043 0.045 0.049 0.050 0.052 0.045 0.058 0.057 0.045
Average 0.035 0.038 0.043 0.049 0.052 0.053 0.057 0.062 0.065 0.064 0.068 0.067 0.053
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TABLED.11–MAPEofthemonthlyunivariateforecastsbyAOCandyear

MAPE 2012 2013 2014 2015 2016 Average

BLA 0.072 0.081 0.074 0.074 0.036 0.065
BSR 0.059 0.103 0.111 0.075 0.039 0.072
BW 0.048 0.043 0.064 0.029 0.027 0.040
BRO 0.043 0.108 0.105 0.091 0.043 0.072
BR 0.052 0.077 0.061 0.039 0.025 0.048
CAS 0.065 0.076 0.062 0.150 0.124 0.089
CBO 0.027 0.076 0.114 0.063 0.048 0.059
EDM 0.069 0.080 0.044 0.048 0.053 0.057
GRA 0.032 0.057 0.036 0.060 0.056 0.047
HME 0.050 0.066 0.105 0.096 0.069 0.074
LU 0.022 0.031 0.041 0.051 0.017 0.030
MED 0.058 0.072 0.071 0.050 0.042 0.058
MSE 0.039 0.036 0.096 0.077 0.033 0.051
SE 0.018 0.028 0.050 0.029 0.027 0.029
SAU 0.035 0.030 0.042 0.045 0.095 0.045
Average 0.043 0.059 0.067 0.059 0.043 0.053

TABLED.12–MRAEofthemonthlyforecastsbyAOCandYear,estimationon
realprices

MRAE 2012 2013 2014 2015 2016 Average

BLA 0.994 0.707 1.604 1.891 1.219 1.211
BSR 0.881 1.113 1.696 1.692 1.043 1.240
BW 0.959 0.704 1.482 0.886 1.204 1.013
BRO 0.648 1.038 1.248 0.865 1.008 0.939
BR 1.142 0.821 1.412 1.017 0.953 1.051
CAS 0.680 0.606 0.625 1.547 1.551 0.908
CBO 0.857 1.058 1.191 1.457 1.142 1.124
EDM 1.088 0.753 1.212 0.984 1.039 1.003
GRA 1.118 0.814 1.074 1.402 1.061 1.078
HME 1.022 1.122 1.088 0.930 1.153 1.060
LU 2.286 0.890 0.935 1.770 1.021 1.280
MED 0.987 0.644 0.660 1.233 1.194 0.908
MSE 1.926 0.995 0.868 1.857 0.862 1.216
SE 0.978 0.607 0.778 1.066 0.741 0.817
SAU 1.014 1.519 0.884 1.049 1.184 1.111
Average 1.045 0.863 1.070 1.262 1.077 1.056
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TABLED.13–MRAEofthemonthlyunivariateforecastsbyAOCandyear

MRAE 2012 2013 2014 2015 2016 Average

BLA 1.271 0.934 1.521 2.237 1.104 1.349
BSR 0.941 1.420 1.776 2.294 0.931 1.384
BW 1.114 0.744 1.566 1.107 1.202 1.115
BRO 0.763 1.314 1.152 1.164 0.893 1.037
BR 1.290 1.017 1.128 1.445 1.061 1.178
CAS 0.709 0.626 0.583 1.580 1.677 0.927
CBO 0.768 1.019 1.301 1.443 1.358 1.148
EDM 1.299 1.403 0.998 1.071 1.223 1.189
GRA 0.922 1.024 0.970 1.402 0.856 1.019
HME 0.936 1.025 1.093 1.066 2.092 1.185
LU 0.983 0.989 0.927 1.246 0.904 1.003
MED 1.241 1.055 1.118 1.324 0.846 1.104
MSE 1.371 1.007 1.362 1.763 0.863 1.234
SE 0.749 0.697 0.974 0.805 0.759 0.792
SAU 0.853 0.860 0.855 1.169 1.059 0.951
Average 0.990 0.984 1.116 1.355 1.078 1.097

TABLED.14–MRAEofthemonthlyunivariateforecastsbyAOCandhorizon

MRAE 1 2 3 4 5 6 7 8 9 10 11 12 Average

BLA 0.885 0.951 1.072 1.407 1.110 1.462 1.692 1.583 1.615 1.647 1.634 1.508 1.349
BSR 1.265 1.287 1.313 1.380 1.597 1.374 1.352 1.391 1.372 1.322 1.458 1.529 1.384
BW 0.884 1.031 0.982 1.068 1.001 1.088 1.195 1.165 1.190 1.239 1.434 1.209 1.115
BRO 1.053 1.076 0.967 1.032 0.990 0.954 0.942 0.973 1.036 1.006 1.079 1.410 1.037
BR 1.364 1.126 1.239 1.124 1.158 1.253 1.369 1.260 1.213 1.125 0.990 0.988 1.178
CAS 1.556 0.837 0.667 0.698 0.674 0.832 0.891 0.979 1.079 1.125 1.100 1.022 0.927
CBO 0.996 1.134 1.020 1.320 1.515 1.249 1.222 0.933 1.247 0.959 1.037 1.286 1.148
EDM 1.453 1.221 1.415 1.241 1.042 1.021 1.035 1.268 1.223 1.215 1.102 1.125 1.189
GRA 1.349 1.151 1.071 1.104 1.115 1.381 1.206 0.982 0.864 0.707 0.855 0.717 1.019
HME 1.571 1.220 1.000 1.183 1.249 1.156 1.081 1.058 1.379 1.229 1.087 1.112 1.185
LU 1.675 1.188 0.903 1.128 0.887 0.941 0.829 0.962 1.086 0.832 0.907 0.938 1.003
MED 1.114 1.034 1.063 1.252 0.948 1.038 1.159 0.907 1.232 1.282 1.154 1.136 1.104
MSE 1.256 1.298 1.392 1.213 1.334 1.105 1.369 1.218 1.301 1.110 1.120 1.139 1.234
SE 0.958 0.596 0.776 0.840 0.881 0.723 0.750 0.686 0.778 0.796 0.881 0.909 0.792
SAU 1.011 1.009 0.903 0.855 1.004 0.851 0.947 0.988 1.096 0.756 1.044 0.997 0.951
Average 1.200 1.060 1.032 1.104 1.076 1.075 1.111 1.069 1.163 1.062 1.107 1.114 1.097
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SynthèseenFrançais

Symboledevie,derenouveauetdeprospéritédanslescivilisations Méditerranéennesan-
tiques,levinestunattributessentieldel’identitéculturelledenombreuxpeuplesdepartle
monde.DanscertainspayseuropéenscommelaFrance,l’ItalieoulePortugal,levinestunpro-
duitdeconsommationcourante1etlavigneunepartieintégrantedupaysagerural.EnFrance,
lesecteurvitivinicolecontribueàhauteurde1.2%auPIBetemploieplusde500000personnes.
Autotal,plusde100000vinsdifférentssontproduitsenFranceetleursprixdedétailvarient
d’environcinqeurosàplusieursmilliersd’eurospourunebouteillestandardde75centilitres2.
Cettediversitédesprixsurlemarchéduvinfascinelacommunautédeséconomistesence
qu’ellepermetderévélersurlerôledessignauxdequalitédanslaformationdesprix.Enpar-
ticulier,laquestiondelapertinenceetl’influencedescritiquesestcrucialedanslamesureoù
cescritiquessontcenséspermettreunemeilleureadéquationentrelesprixetlaqualité.Du
propreaveudescritiquesprofessionnels3,ilexisteunepartdehasardetdesubjectivitédans
l’évaluationdelaqualitédesvinsparladégustation.Cettesituationoùdessignauxdequal-
itéimparfaitsinfluencentladéterminationdesprixaétéjusqu’icil’undesprincipauxsujets
d’intérêtdeséconomistesdanslemarchéduvin.
Sicetenjeuestessentielauniveaumicroéconomiquepourlesegmentdesvins"super-

premiums"(au-delàde15euroslabouteille),lesmécanismesmacroéconomiquesd’équilibre
offre-demandesontprépondérantssurlemarchédesvinsdeconsommationdemasse.Enpar-
ticulier,lesrôlesdustockageetdesanticipationsdesproducteursdanslaformationdesprix
sontdesenjeuximportantsdanslalittératureenéconomieagricole,maisontétéjusqu’àprésent
largementnégligésdanslalittératurespécifiqueauvin.Cettethèseréconciliecesdeuxlittéra-
turesenanalysantàlafoislesinfluencesdessignauxdequalitéauniveaudesproduitset
desdéterminantsmacroéconomiquesdanslaformationdesprixdesvins.Lepremierchapitre
proposeunenouvelleméthodepourdissocierl’influencedescritiquesetdesdéterminantsob-
servablesdelaqualité(météo,producteur)surlesprixdedétaildesvinshautdegamme.Le
secondchapitreintroduituneméthodeded’échelonnagedesnotesdonnéesparplusieurscri-
tiquespourfaciliterlacomparaisonetl’agrégationdecesnotes.Cesdeuxpremierschapitres
concernentessentiellementlemarchédesgrandscrusetencelas’inscriventdanslatradition
del’économieduvin.Enrevanche,lesdeuxsecondschapitresdecettethèsedonnentàvoir
desaspectsinexplorésdumarchédesvinsdestinésàlaconsommationdemasse(endessous
de15euroslabouteille).Letroisièmechapitreestimel’influencedesconcoursvinicolessurles
prixpayésauxproducteurs,ainsiqueleursincitationsàparticiperàcesconcours.L’influence
desdéterminantsmacroéconomiquesesttraitéedanslequatrièmeetdernierchapitredecette

1LaconsommationindividuelledevindesFrançaisestd’environ40litresparan,cequiéquivautàunverrepar
jour.

2Leprixdedétailindiquésurlesitewww.winedecider.compourunChâteauPétrusdumillésime2000est
d’environ5000eurospourunebouteillestandardde75centilitres,d’aprèsuneconsultationenoctobre2017.

3LefameuxcritiqueaméricainRobertParkerconfessedansunentretiendonnéauNaplesDailyNewsen2007:
"Jepensevraimentqueladifférenceentrelesnotes96,97,98,99et100sur100sejoueprobablementdansl’émotion
del’instant"(Mobley-Martinez2007,traductionlibre).JancisRobinson,critiqueanglaiserenommée,écritsurson
site:"Jesaisbienqu’ilseraitpluspratiquepourtoutlemondequel’onpuisseévaluertouslesvinssuruneéchelle
unique,maisjenecroispasquecelasoitréalisteétantdonnéelamyriadedesstylesetdestypesdevinsqui,fort
heureusement,existeencore."(traductionlibre).

www.winedecider.com
https://www.jancisrobinson.com/how-we-score
https://www.jancisrobinson.com/how-we-score
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thèse,oùjedéveloppe,estimeetévalueunmodèledeprévisiondescoursduvin.Chaqueinno-
vationméthodologiqueprésentéedanscettethèseestillustréeparuneapplicationsurdonnées
originalesdelarégionbordelaise.

1 Avisd’expertsetprixdesvins

Lesvinslespluscotéssontgénéralementévaluésparplusieursnotesdedégustation,celles-
ciétantconstituéesd’uncommentaireetd’unenotesur20ousur100selonlescritiques.Ces
scoresdequalitéprésententplusieursdéfautsintrinsèques,souventrappeléesparlescritiques
elles-mêmes(cf.notedebasdepage3).Ilssontnéanmoinsscrutésetamplementcommentés
parlesacteursdumarché.Danslamesureoùellesrendentcompted’unavisaumoinspartielle-
mentsubjectif,leurinfluencesurlesprixestunsujetd’inquiétuderécurrent.Cettecontroverse
habitelacommunautédeséconomistess’intéressantauvindepuislesannées1990(Ashenfel-
teretal.,1995;HadjAliandNauges,2007;HadjAlietal.,2008;AshenfelterandJones,2013).
Cesarticlesconcluentgénéralementàuneffetmineurdesexpertssurlesprixparrapportaux
attributs"objectifs"telsquelenomduproducteur(effetderéputation)oulemillésime.Dansce
chapitre,issud’unecollaborationavecJean-MarieCardebatetJean-MarcFiguet4,unenouvelle
méthodeestproposéepourévaluerlesinfluencesrespectivesdesattributssubjectifs(notes)et
objectifs(producteur,millésime)surlesprixdedétail.
Nousavonsextraitlesprixrenseignéssurlesitewww.winedecider.comdurantladernière

semained’Avril2011pour137producteursduBordelaisetpourlesmillésimes2000à2010.Sur
cemêmesite,nousavonségalementcollectélesnotesdequatreexperts,chacund’euxayant
notél’intégralitédesvinsdelabase.Afindedissocierlesinfluencesspécifiquesdesnotesde
l’influencedelaqualitédumillésime,nousutilisonsdesdonnéesmétéorologiquesdetempéra-
turesetdeprécipitationspourchacunedesannées2000à2010.Dansunepremièreétape,nous
estimonsparlaméthodedesMoindresCarrésOrdinaires(MCO)uneéquationoùlesnotessont
expliquéesparlesvariablesmétéorologiquesetdeseffetsfixesrelatifsàchaqueproducteur.Les
valeursprévuesparcetteéquationsontdoncuniquementdéterminéesparlesavoir-fairespé-
cifiqueàchaqueproducteurainsiqueparlesconditionsclimatiques.Enrevanche,lesrésidus
sontorthogonauxàcesinformations,etsontàcetitreinterprétéscommelesopinionssubjec-
tivesdesexperts.Lesdeuxcomposantesdesscoressontensuiteutiliséespourexpliquerles
prixdansunesecondeéquation,égalementestiméeparlesMCO.
Dansl’estimationdelapremièreétape,lesopinionsnereprésententque2%à7%delacom-

posanteobjective,cequiindiquequel’hétérogénéitédesscoresestrelativementbienexpliquée
parleseffetsfixesproducteursetlesvariablesmétéorologiques.L’estimationdel’équationde
prixrévèlequeceux-cisontplusfortementimpactésparunehaussed’unpointdelacom-
posanteobjective(+13.7%)queparunehaussed’unpointd’uneopinionsubjective(de+0.4%
à+4.5%selonl’expert,etuntotalde+10.9%pourunehaussed’unpointdetouteslesopin-
ions).Encela,nousconsolidonslesrésultatsprécédentsdelalittérature.Dansuneextension
incluantl’écart-typedesnotesdansl’équationdeprix,nousmettonsenévidencelarelation
positiveentreleprixd’unvinetladispersiondesesnotes.Cerésultatestcontre-intuitifdans
lamesureoùlesconsommateurssontgénéralementconsidérésaversesaurisqueetdoncde-
vraientpréférerlesvinsfaisantconsensusauprèsdescritiques.Nousproposonsuneexplica-
tionàcephénomèneenmontrantquelanotemaximaleobtenueparchaquevinestégalement
lanotelapluscorréléeauprix.Cetteobservationsuggèrel’existenced’unbiaisdemédiatisa-
tionaccruepourlanotemaximale.Defaçongénérale,cerésultatillustreladifférencesouvent

4Cettecollaborationaaboutiàlapublicationd’unarticleauJournalofWineEconomicsen2014(Cardebatetal.,
2014).Laversiondecechapitreintègredesélémentsrépondantauxcommentairesreçusaprèslapublication.
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négligéeentreinformationdisponible(lesnotessontdisponiblessurinternet)etinformation
effectivementutiliséeparlesconsommateurs.

2 Uniformisationdesscoresdequalité

Lesecondchapitreestissud’unecollaborationavecJean-MarieCardebat5,etrépondàlaprob-
lématiquedel’agrégationdel’informationdisponiblepourleconsommateur.Nousutilisons
uneméthodedérivéedetravauxenpsychométrieetenéconomiedel’éducationpourévaluer
lesrésultatsdetests(BraunandHolland,1982;KolenandBrennan,2014)afindecomparer
etd’agrégerlesscoresdequalitédonnésparplusieurssources.Danscetteétude,nousavons
utilisélesnotesdequinzecritiquesdonnésà4333vinsdeBordeauxentre2000à2014.
Unproblèmemajeurdanslacomparaisonentrelesnotesestquelescritiqueseuropéens

notentsur20,etlescritiquesaméricainssur100.Laméthodeprésentéedanscechapitre,ap-
peléeequipercentileequating,consisteàégalerlesquantilesdesdistributionsdesnotesdonnées
parchaqueexpert.Parexemple,15/20estlequantiled’ordre0.092auseindeladistribution
desscoresdonnésparJancisRobinson(cequisignifieque9.2%desesnotessontinférieuresà
15/20).DansladistributiondesscoresdonnésparRobertParker,cequantileest86/100.Notre
méthodeconsistedoncàestimerqu’un15/20deJancisRobinsonéquivautàun86/100de
RobertParker.Enconvertissantainsitouteslesnotesdescritiquesdansl’échelled’unexpert
deréférence,parexempleRobertParker,nousobtenonsunebasededonnéeoùtouteslesnotes
sontdirectementcomparablesentreelles.Lecritèred’optimalitéretenuestceluidelarareté:
deuxnotesdonnéespardeuxsourcesdifférentessontéquivalentessietseulementsiellessont
égalementrares.
Notreprincipalecontributionestméthodologique,cetteméthodeétantjusquelàabsente

delalittératureenéconomieduvin.Laconversiondesnotesquenousproposonspermetde
faciliterlacomparaisonetl’agrégationdesnotespourdifférentsexperts,vins,oumillésimes.
DansnotreapplicationauxvinsdeBordeaux,nousretrouvonsleconsensusselonlequelRobert
ParkerestplusgénéreuxquesespairsaveclesvinsdeBordeaux.Nousestimonsenrevanche
qu’ilaétélecritiqueleplussévèreaveclesvinsdumillésime2013.Notreméthodepermetenfin
decalculerdesécart-typespertinentsentrelesnotesdescritiques,etdoncdemieuxmesurerle
degrédeconsensuspourchaquevin.

3 L’impactdesmédaillessurlesprixpayésauxproducteurs

Silaplupartdesétudessurlesliensentrequalitéetprixdesvinsseconcentresurletrèshautde
gammeetlesnotesdescritiques,encorepeud’étudesexistentsurlescertificationsdequalité
desvinspluscourants(en-dessousde15euroslabouteille)quiconstituentpourtantplusde
95%delaconsommationmondiale.Surcemarché,lemoyenleplusrépandudesedifférencier
desesconcurrentsestdegagnerunemédailleàl’undesnombreuxconcoursvinicolesexistant.
EnFrance,plusde130decesconcourssontorganiséschaqueannée.Ilspermettentd’identifier
qualitativementunepartiesignificativedesproducteurs.Parexemple,environ20%desvins

5NousavonspubliéunarticleauJournalofWineEconomicsen2015(CardebatandParoissien,2015).Commele
premierchapitre,laversionprésentéedanscettethèseprécisecertainsélémentssuiteauxcommentairesreçusaprès
lapublication.
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bordelaisobtiennentuneouplusieursmédaillesdanscesconcours6.Cesconcourscommu-
niquentsurleurimpactpositifsurlesventesafind’attirerunmaximumdeparticipants7,mais
aucunarticlescientifiquen’aencoreestiméleureffet.EnFrance,ilsrécompensententre25et
30%desparticipants,leplafondréglementaireétantde33%8.Al’étranger,laréglementation
desconcoursestplussouple,voireinexistante.LeconcoursorganiséparlejournalDecanter
récompenseparexemplejusqu’à60%desparticipants.Pourlesproducteurs,participeraux
concoursapparaîtdonctrèsattractif,quandbienmêmeilsdoivents’acquitterd’uncoûtfixede
participation.Commedanslecasdescritiquessurlemarchédesgrandscrus,l’influencedeces
concourssurlesprixpeutserévélerproblématiques’ilssontpeufiablespoursignalerlaqual-
itédesvins.Danslalittératureenéconomie,deuxétudesaméricaines(Hodgson,2008,2009)
ontjustementpointédudoigtlemanquedefiabilitédecertainsconcoursCalifornien.D’autres
articlesquestionnentlefonctionnementdesconcoursetlaméthoded’agrégationdesavisdes
jugespourdésignerlesgagnants(AshenfelterandQuandt,1999;Ashenfelter,2006;Ginsburgh
andZang,2012;BalinskiandLaraki,2013).
Cetroisièmechapitreestissud’undocumentdetravailco-rédigéavecMichaelVisser.Nous

conduisonslapremièreétuded’impactdesconcourseuropéenssurlesprixpayésauxpro-
ducteurs.Enoutre,nousfournissonsdesindicateursindirectsdefiabilitépourcesconcours.
Pourcefaire,nousutilisonslestransactionsd’undesplusimportantsbureauxdecourtage
envindelarégionbordelaisesurlapériodecourantde2006à2016,pouruntotalde16399
transactionsaprèsnettoyagedelabase.Lesvinsconcernésparcestransactionssontdesvins
deconsommationcourante,99%desprixobservésétantinférieursà8.6 /75cL.Nousavons
égalementcollectétouslespalmarèsdesonzeconcoursprincipauxpourlesvinsdeBordeaux,
demanièreàidentifierprécisémenttouslesvinsmédaillésselonletypedemédaille(bronze,
argentouor),leconcours,ladateprécisedelarécompense(aujourprès)etcelledelatrans-
action.Cetteopérationarévéléqu’unepartiesubstantielledesvinsrécompensés(18%)ontété
vendusavantd’obtenirleursmédailles9.Souscertainesconditionsexplicitéesdanslechapitre,
cetteinformationnouspermetd’identifierl’effetcausaldel’obtentiond’unemédaillesurle
prixencorrigeantl’effetdelaqualitéinobservée10.
Nosestimationsrévèlentuneffetcausalimportantdesmédailles,principalementgénéré

parlesmédaillesd’ordontl’effet(+13%)dépasselargementceluidesmédaillesd’argent(4.4%)
etdebronze(4.2%),cesdeuxderniersétantstatistiquementindifférenciables.Deplus,notre
méthoderévèleunerelationpositiveetstatistiquementsignificativeentreleprixdetransac-
tionetlesmédaillesobtenuesseulementaprèslatransaction.Nousendéduisonsquedans
unecertainemesure,lesconcourssontcapablesd’identifierlesvinslesmeilleurs-etdoncles
pluschersmêmeenl’absencedemédaille.Uneffetspécifiqueàchaqueconcoursestestimé
maisl’impactcausaln’eststatistiquementnonnulquepoursixconcours.Leliensuggérépar
nosestimationsentremédailleetqualitén’eststatistiquementsignificatifquepourquatrecon-
cours,tousprésentantuneanciennetéd’aumoins40ans.Enoutre,cesquatreconcourssont

6Libreensuiteauxgagnantsd’arborerounoncesmédaillessurleursbouteilles,sachantquelesmacaronssont
généralementpayantsetcoûtentautourde3centimesd’eurol’unité.

7FrançoiseHarrewyn,responsableduconcoursdeBordeaux,anotammentdéclaré:“Danslecadred’unemé-
dailled’or,laventeduvinmédailléseconclutplusviteetilpeutsecommercialiserjusqu’à30%pluscher.”,propos
rapportéssurlapagehttps://www.lenouveleconomiste.fr/lesdossiers/les-concours-14338/(consultéele24octo-
bre2017).

8Cetteréglementationn’aétémiseenplacequ’en2013,maiscettecontrainteétaitdéjàrespectéeparlesprinci-
pauxconcours.

9Cecipeutêtredûausimplefaitqueleproducteuraitvenduunepartieoulatotalitédesaproductionsansatten-
drelesrésultats,ouencoreaufaitquelenégociantacheteurdulotaitparticipéàunconcoursaprèslatransaction.
Certainsconcoursinterdisentcettedernièrepratique.
10Unvinmédailléestaprioridemeilleurequalitédoncauraitétéunpeupluscherquandbienmêmeiln’aurait

pasreçudemédaille.Ilnesuffitdoncpasdecomparerlesprixdesvinsmédaillésetdesvinsnon-médailléspour
mesurerl’effetcausal.

https://www.lenouveleconomiste.fr/lesdossiers/les-concours-14338/
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égalementceuxpourlesquelslesjugesontrelativementpeudevinsàévaluer.Bienqueces
concourscomportentunecertainepartd’aléatoire,nousreconnaissonsàcesconcourslacapac-
itédedifférencierunegrandepartiedelaproductionenattirantunemajoritédeproducteurs.
Cependant,lesméthodesdejugementsontassujettiesàcaution.Uneréglementationstandard
pourlesconcoursaétéproposéeparl’OrganisationInternationaledelavigneetduvin,mais
restejusqu’icipeusuivie,quecesoitenFranceouàl’étranger.Lefortimpactsurlesprixrévélé
parnotreétudeplaidepourunrenforcementducontrôledesprocessusd’évaluationausein
desconcours,afindelimiterlacirculationdemédaillespeureprésentativesdelaqualitédes
vins.

4 Prévisiondescoursdesvins

Larelationentreprixetsignauxdequalitéétudiéedanslestroispremierschapitresestune
problématiquecentraledanslalittératureenéconomiesurlemarchéduvin.Cettelittérature
s’estjusqu’iciplutôtconcentréesurl’étudedeschoixdesconsommateurs,peudetravauxcon-
cernentleschoixdesproducteurs11.Enéconomieagricolepourtant,leprogrammeduproduc-
teur,lesanticipationsdeprixetderécolteainsiquelagestiondesstockssontdesprobléma-
tiquesfondamentales.Depuisqu’Ezekiel(1938)aénoncésoncobwebtheoremrévélantlesliens
entrevolatilitédesprixeterreursd’anticipation,leséconomistesdel’agricultureontcherché
améliorerlesanticipationsdesproducteurs.Enparticulier,unebranchedelalittératures’est
spécialiséedanslaprévisiondesprixagricole12,enappliquantlesinnovationstechniquesdans
letraitementdessériestemporelles,notammentlaméthodeBox-Jenkins(Boxetal.,1970),les
modèlesVAR(Sims,1980)etlesmodèlesàcorrectiond’erreur(EngleandGranger,1987;Jo-
hansen,1991).Plusieursétudesontfinalementmontréquelorsquedesprixàtermeétaient
disponibles,ceux-ciconstituaientdesprévisionsdeprixsatisfaisantesetaisémentaccessibles13.
Laprévisiondesprixagricoleadoncétépeuàpeudésertéeparleséconomistes,quandbien
mêmetouslesmarchésagricolesnesontpaséquipésd’unmarchéàterme.Lemarchéduvinen
estparexempledépourvu,etlesproducteursmanquentdevisibilitésurlesprix.Ilestenoutre
particulièrementdifficiledeconcevoirunmarchéàtermedédiéauvindufaitdelagrande
variétédesproduits14.
Cedernierchapitrerenoueaveclesproblématiqueshistoriquesdel’économieagricoleen

développantplusieursmodèlesdeprévisiondescoursduvin.Cesmodèlessontappliquésaux
prixmoyensdesvinsvendusenvracparlesproducteursbordelaispourchacunedesquinze
principalesAppellationsd’OrigineContrôlée(AOC).Contrairementàlalittératureexistanteen
économieduvin,cedernierchapitremetl’accentsurlerôledeseffetsdevolumedanslafor-
mationdesprix15.PourchaqueAOC,jedisposedustocktotalendébutd’année,delarécolte
totaleetdesvolumesretirésmensuellementdeschaisdesproducteurs.Toutescesdonnéesde
marchéontétéfourniesparleConseilInterprofessionneldesVinsdeBordeaux,l’institution
localeenchargedelacollecteetdeladiffusiondesinformationsdemarché.Lerôledesantic-
ipationsderécolteestégalementprisencomptedanslesprévisiondeprix.J’utilisepourcela
unhistoriquededonnéesquotidiennesdetempératureetdeprécipitationpoursixstations
delarégiondeBordeauxfourniparMétéoFrance.Enfin,lesdéterminantsmacroéconomiques

11OnpeuttoutdemêmeciterdeuxarticlesAlstonetal.(2015a)etAnderson(2014),quiétudientlesévolutions
dansleschoixdescépagesdanslesprincipauxpaysproducteursdevin.
12VoirAllen1994pourunerevuedecettelittérature.
13VoirnotammentJustandRausser(1981),Tomek(1996),Kastensetal.(1998)etAhumadaandCornejo(2016).
14Lamiseenplaced’unmarchéàtermesupposed’identifierunproduitstandardpourlequeldenombreuses

transactionssontobservées.Ladiversitédel’offredevincompliqueladéfinitiond’untelstandard,quirisque
d’êtresoittropmaldéfinisoittroppeureprésentatif.
15HaegerandStorchmann(2006)estuneexceptionnotable.
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sontintégrésauxdifférentsmodèles,dontlestauxdechange,lestauxd’intérêt,lacroissance
économiquedespaysconsommateurs,lesproductionsdevinparpaysetlesfluxdétaillésde
commerceinternational.Pourchacundecesdéterminants,j’aicollectédeshistoriquesdedon-
néesrégulièrementmisàjour,desortequelesmodèlespuissepermettredesprévisionsdeprix
opérationnelles16.
Dansunpremiertemps,chacundecesjeuxdedonnées(météo,tauxdechange,etc.)aété

agrégéenunindicateurglobalparAOC.L’informationdesdonnéesmétéorologiquesanotam-
mentétérésuméeaumoyend’unmodèlederécolteadhoc.Uneétapeessentielledutravail
méthodologiqueaensuiteétédedéfinirdescritèresadaptéspourlasélectiondesvariables
àinclureauxmodèlesdanslebutd’optimiserlaprécisiondesprévisions.Eneffet,ajouter
unevariablen’estutilequedanslamesureoùlesdonnéesdisponiblespermettentuneesti-
mationsuffisammentprécisedesoninfluencesurlesprix17.Différentstypesdemodèlessont
utilisésdanslesprévisions,notammentlesmodèlesautorégressifsàretardsdistribués(ADL),
lesmodèlesàcorrectiond’erreur(ECM)deEngleandGranger(1987),ainsiquelesmodèle
àcomposantesinobservées(UCM)dusàHarvey(1989).Cesmodèlessonttousrelativement
standardsenéconométriedessériestemporellesetpermettentunecertainesouplessedansla
sélectiondesvariables.Apartirdecesmodèlesclassiques,jedéveloppeunmodèledeprix
spécifiqueàchaqueAOCpourdesprévisionsenfréquenceannuelleetmensuelle,etenadap-
tantdanschaquecasleschoixdemodélisationauxdonnéesdisponibles.Lesprévisionsdes
modèlessontévaluéessurlescinqdernièresannéesenlescomparantàdesprévisionsnaïves
faisantl’hypothèsequelesprixresterontinchangés.Malgrésasimplicité,cettehypothèsede
référencepourlaprévisiondesprixs’estrévéléedifficileàbattredanslestravauxpubliés18.
Leprincipalrésultatdecechapitreestquelesprévisionsdesmodèlesserévèlentpluspré-

cisesenmoyennequelesprévisionsnaïves,quecesoitàl’échelleannuelleoumensuelle,et
enparticulierpourl’AOCrégionaleBordeaux.Deplus,lesdifférentsmodèlessontplusef-
ficacesencasdechocdeproductionimportant.Lesprévisionsmensuellessontessentielle-
mentefficacesentreAoûtetDécembre,périodedurantlaquellelesdonnéesdisponiblesoffrent
uneassezbonnevisibilitésurlevolumedisponiblepourlesmoissuivants.L’estimationdes
modèlesdeprévisionpermetenoutredecommenterlesinfluencesrespectivesdesdétermi-
nants.Enparticulier,mesestimationssoulignentlerôleprépondérantdustockagedansla
fluctuationdesprixduvin,phénomènedéjàmisenévidencedanslecasdescéréalesno-
tamment19.Enrevanche,lesvariationsdelaqualitédesmillésimesontpeud’influencesur
lescoursmoyens,àl’exceptiondesAOClesplusqualitativescommeSaint-Emilion.Ausein
desdéterminantsmacroéconomiques,lestauxdechangeontunimpactimportantsurlesprix
carunepartconsidérabledelaproductionestexportéehorsdelazoneeuro.Lesconditions
météorologiquesontégalementuneinfluencesignificativesurlesprixvialesanticipationsde
récolte.Cepanoramanuancelesenseignementsdelalittératuresurlesprixduvin,jusqu’ici
focaliséesurlesgrandscrus.Pourlamajoritédelaproductionbordelaise,lavolatilitédesprix
estmoinsguidéeparlaqualitédesmillésimesqueparlesvariationsdesvolumesdisponibles
etdesconditionsmacroéconomiques.Enoutre,lesestimationsdumodèlederendementfour-
nissentuneévaluationdesconditionsoptimalesdetempératureàBordeaux.Ilapparaîtqueles

16LesdonnéesdetauxdechangesontfourniesparleBanqueCentraleEuropéenneetcollectéessurlesitefx-
top.com.Lesdonnéesdetauxd’intérêtsontcollectéessurlesitedelaBanquedeFrance.LeschiffresdesPIBpar
payssontextraitsdusitedel’OrganisationdeCoopérationetdeDéveloppementÉconomiques(OCDE).Enfin,les
productionsdevinparpaysainsiquelesfluxdecommercessontdonnéssurlesitedel’OrganisationdesNations
Uniespourl’alimentationetl’agriculture(FAO).
17Cegenredeproblèmeestrécurrentenstatistique,etportelenomd’arbitragebiais-variance.VoirShmueli(2010)

pourunediscussiondecetarbitragedanslecasdelaprévision.
18VoirAllen1994pourunerevuedelalittératuresurprévisiondesprix.
19VoirWright(2011)etGouel(2012)pourunerevuedelittératuresurlerôledustockagesurlavolatilitédesprix

agricoles.
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conditionsactuellessontprochesdel’optimumpourlesrendements20.Latendanceactuelle-
mentcroissantedestempératures,siellesepoursuit,menaceainsidefairediminuerlesvol-
umesproduitsàBordeaux.Évidemment,lesproducteursbordelaisontdenombreusespos-
sibilitéspourfairefaceauchangementclimatique,notammentenadaptantlaconduitedela
vigne,lesprocédésdevinification,lesrendementsmaximumsautorisésoumêmeleschoixdes
cépages.

20Jonesetal.(2005)arriventàuneconclusionsimilairepourlaqualité.
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Résumé&Abstract

Résumé L’extraordinairevariétédesprixetdesproduitssurlemarchéduvinsusciteun
intérêtgrandissantauseindelacommunautédeséconomistes.Justement,lesacteursdece
marchésontendemandedenouveauxoutilséconomiquespours’adapterauxévolutionsré-
centes,dontlamultiplicationdesexpertsinfluentsetl’accélérationdel’intégrationdesré-
gionsvinicolesàl’économiemondiale.Cettethèseseplaceaucroisementdesintérêtsdes
économistesetdesprofessionnelsduvinendéveloppantdenouvellesméthodesstatistiques
pourl’étudeetlamesuredel’influencedesdéterminantsdesprixduvin.Chacundesquatre
chapitresquilacomposeprésenteuneinnovationméthodologiquedontl’intérêtestillustré
paruneapplicationempiriquesurdesdonnéesoriginalesdumarchédesvinsdeBordeaux.
Lepremierchapitres’appuiesurdesdonnéesmétéorologiquespourisolerlacomposantesub-
jectivedesnotesdedégustationetévaluerl’influencedescritiquessurlesprixdedétail.Le
deuxièmechapitreintroduituneméthoded’échelonnagepourcomparerlesscoresdequalité
estimésparplusieurssources.Letroisièmechapitreestimel’impactdesmédaillesobtenuesaux
concoursvinicolessurlesprixpayésauxproducteurs.Lequatrièmeetdernierchapitrecom-
pileunebasededonnéesexhaustivesurlesdéterminantsmacroéconomiquesdesfluctuations
dumarchéBordelaispourétablirunmodèleopérationneldeprévisiondescoursdesvinspar
appellationd’originecontrôlée.
Mots-clés:vin,prix,qualité,experts,certification,prévision

Abstract Theextraordinaryvarietyofpricesandproductsonthewinemarkethasattracted
anincreasinginterestfromtheeconomistscommunity.Ontheotherend,theagentsofthis
marketrequireneweconomictoolstoadapttotherecentevolutions,suchasthemultiplication
ofinfluentialexpertsandtheacceleratingintegrationofthewineregionsintheglobalecon-
omy.Thisdissertationalignstheinterestsofeconomistsandwineprofessionalsbydeveloping
newmethodsforthestudyandtheimpactmeasurementofwinepricesdeterminants.Eachof
thefourchaptersconstitutingthisthesisintroducesaspecificmethodologicalinnovationand
illustratesitsbenefitswithanempiricalapplicationusingnoveldataontheBordeauxwine
market.Thefirstchapterbuildsonweatherdatatoidentifythesubjectivecomponentoftast-
inggradesandassesstheinfluenceofexpertsonretailprices.Thesecondchapterproposes
ascalingmethodtocomparequalityscoresamongdifferentsources.Thethirdchapteresti-
matesthecausalimpactoftheobtentionofamedalatwinecompetitionsonthepricespaidto
producers.Thefourthandlastchapterassemblesacomprehensivedatabaseonmacro-levelde-
terminantsofthefluctuationsoftheBordeauxwinemarkettobuildanoperationalforecasting
modeloftheaveragepricesbyprotectedappellationoforigin.
Keywords:wine,price,quality,experts,certification,forecasting
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