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Abstract

Increasingevidenceindicatestheimportanceofmanagementindeterminingfirms’
productivity. Yet,causalevidenceregardingtheeffectivenessofmanagementprac-
ticesisscarce,especiallyforhigh-skilledworkersinthedevelopedworld.Inaneight-
monthfieldexperimentmeasuringtheproductivityofcaptainsinthecommercialavi-
ationsector,wetestfourdistinctmanagementpractices:(i)performancemonitor-
ing;(ii)performancefeedback;(iii)targetsetting;and(iv)prosocialincentives. We
findthatthesemanagementpractices—particularlyperformancemonitoringandtar-
getsetting—significantlyincreasecaptains’productivitywithrespecttothetargeted
fuel-savingdimensions. Weidentifypositivespilloversofthetestedmanagementprac-
ticesonjobsatisfactionandcarbondioxideemissions,andcaptainsoverwhelmingly
expressdesirefordeepermanagerialengagement. Boththeimplementationandthe
resultsofthestudyrevealanunchartedopportunityformanagementresearchersto
delveintotheblackboxoffirmsandrigorouslyexaminethedeterminantsofproduc-
tivityamongstskilledlabor.
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1.Introduction

Oneofthelongstandingpuzzlesineconomicsrelatestothestrikingobserveddifferencesin
firm-levelproductivityacrossspaceandtime.Forexample,totalfactorproductivityratios
of3:1ormorearenotunusualacross90thpercentileto10thpercentileproducerswithin
majormanufacturingindustries(Fosteretal.,2008). Understandingthesourcesofsuch
differencesremainskeytodeepeningourknowledgeofthecausesofeconomicgrowthand
thenatureofprosperity.Syverson(2011)providesadiscussionofthedeterminantsofand
underlyingdifferencesinobservedproductivityatthemicro-level,butwhatremainsrare
arecausaltestsofaningredientthatbehavioralandmanagementeconomistsdeemasfirst
order:theroleofmanagementpractices.
Recently,arichliteraturehasdevelopedthatprovideskeyevidenceofarobustrelation-

shipbetweenmanagementandfirm-levelperformance.Specifically,itpointstotheimport
ofoperationsmanagement,performancemonitoring,targetsetting,andpeoplemanagement
forimprovingproductivity(BloomandVanReenen,2007,2011;Bloometal.,2013,2015;
Tsaietal.,2015;McKenzieand Woodruff,2017;Bruhnetal.,2018).Ingeneral,evidenceis
scantconcerningthecausalrelationshipbetweenmanagementpracticesandtheproductiv-
ityofskilledlabor,particularlyinthedevelopedworld.Ontheonehand,thecorrelations
producedintheliteraturemightsuggestthatskilledworkersselectintoorganizationsthat
manageeffectively,orthatparticularmanagementstrategiesmaycausallyimproveworkers’
productivity. Ontheother,(excessive)managementcouldbackfireduetoperceptionsof
control—andthereforereducedchoiceautonomy—anddistrustonthepartoftheprincipal
thatsuchmanagementmayelicitintheagent(AkerlofandKranton,2005;FalkandKosfeld,
2006;EllingsenandJohannesson,2008). Whileseveralstudieshaveattemptedtodelveinto
the“blackbox”offirm-leveloperationstoobservetheeffectsofhumanresourcemanagement
onproductivity(Ichniowskietal.,1997;Lazear,2000;Shaw,2009;Bloometal.,2013,2016),
alackofrobustcausalevidencerenderstheeffectivenessofdistinctmanagementpractices
well-groundedinprincipal-agentmodelsunsettled.
Weaimtonarrowthisgapinunderstandingbyreportingresultsfromalarge-scale

fieldexperimentconductedinpartnershipwithamajorinternationalairline.Ourprimary
goalistoidentifyrigorouslytheimpactofpertinentmanagementpractices—withincreasing
degreesofintensity—onmeasuredproductivityofskilledlabor,particularlyinthedeveloped
worldwheresuchresearchisespeciallylacking. Oursecondarygoalistopressuretest
theoreticallyandempiricallysupportedindicationsoftheimportanceofprosocialmotivation
indeterminingproductivityinareal-worldlaborsetting. Wefocusoncommercialairline
captains’productivity,whereproductivityisdefinedasafunctionoffueluse,timedelays,
andsafety.Severalfeaturesrenderthecommercialaviationcontext—andairlinecaptainsin
particular—idealforinvestigatingtheimpactofmanagementpracticesonproductivity.1

First,likemuchskilledlabor,captainsinthecommercialaviationindustrypossessstrong

1Twoobservationalapproacheshaveassessedthehistoricalimpactofmanagementonproductivity.Giorcelli(2016)
usesaquasi-experimentonmanagementtrainingandtechnologyadoptioninItalyunderthepost-warMarshallPlan
andfindspositiveimpactsonproductivity.Benderetal.(2018)matchtheBloomandVanReenen(2007)surveydata
withGermanemployeeadministrativedata(from1975onwards)andfindthatabouthalfoftheTFP-management
relationshipisrelatedtomanagerialability.
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professionalidentitiesandasenseofsocialobligationandorganizationalmission.Theextent
towhichvariousmanagementpracticesaffecttheproductivityofsuchidentity-andmission-
drivenpersonnelislargelyunknown. Second,andrelatedly,captainsembodysignificant
humancapital,operateinahigh-stakesenvironment,andreceiveaconsiderableprofessional
wageasaresult.2Onemightpositthatmanagementpracticesshouldhavelittletonoeffect
onsuchhigh-wageand-abilitytypes,inwhichcasedirectapplicationoffindingsfromthe
emergingliteratureontheproductivityimpactsofmanagementwouldbeafutileexercise.
Finally,captains’decisionsplayanintegralpartindeterminingtheirfirm’sbottomline,
sodiscerningwhichmanagementpracticesmotivatetheseflagshipemployeeshassignificant
implicationsfortheshort-termprofitabilityandlong-runfinancialsuccessofthefirm.
Variouscombinationsoftheseattributescharacterizeanumberofprofessionaloccupa-

tions,suchasarchitects,civilservants,consultants,engineers,lawyers, medicaldoctors,
militarypersonnel,researchers,andtechworkers. Whilesomeprominentmanagementprac-
ticesmaybeimplementedinsuchprofessionalsettings,littleevidenceexiststosupporttheir
effectivenesstoincreaseproductivity.Forinstance,withrespecttoemployeeperformance
monitoring,thefewrelevantfieldstudiesthatexisttypicallyfocusonlow-wageworkerswith
littleornoprofessionalidentity,andthusmonitoringcanbepositedtostrengthenmotiva-
tionbysimplyincreasingthepotentialcostofpoorperformance(seeNaginetal.,2002).In
high-skilledlaborcontexts,however,itisplausiblethatmonitoringisirrelevanttomotivation
sinceworkersaretypicallywell-trainedandintrinsicallymotivated.Infact,monitoringmay
evendemotivatethesetypesiftheyperceiveittoquestionorunderminetheiroccupational
proficiencyorstatus(FalkandKosfeld,2006). Commercialairlinecaptainstrainmeticu-
louslytoearntheirseatinthecockpitandareprofoundlymotivatedtoexcelintheirwork.
Suchprofessionalismcombinedwithcaptains’considerableaccountabilityfordiscretionary
inputcostswithinairlinesrendersthemprimecandidatesfordiscernmentoftheeffectsof
monitoring,andothermanagementpractices,inconsequentialprofessionalsettings.
We makeuseofarareopportunitytoisolatetheresponsesofhigh-skilledlaborto

specificmanagementstrategiestowhichtheyhavenopriorexposure. Sinceairlinecap-
tains’unionsaretraditionallyreluctanttoinstillmanagerialchanges—includingincentive
provision—airlineshavefacedafundamentalincapacitytoalterwagestructuresandman-
agementpracticestoboostcaptains’productivityinlinewithprincipal-agentmodels(Holm-
ström,1979). Byfocusingonbehaviorsembeddedwithintheairline’sstandardoperating
proceduresandholdingcaptains’privatefinancialincentivesconstant,weelicitedunion-level
authorizationtoconductthestudy,therebyprovidingauniqueopportunityto“lookunder
thehood”ofanorganizationthatcriticallyreliesontheperformanceofskilledemployees.
Weobservemorethan110,000binarybehavioraloutcomesacross40,000uniqueflights

overa27-monthperiodfortheentirepopulationofcaptainswithinVirginAtlanticAirways
(“VAA”;N=335)whowereeligibletoflyduringthefulltimeperiodunderinvestigation
(January2013to March2015). Captainswererandomlyallocatedtooneoffourstudy
groupssubjectto:(i)performancemonitoring(i.e.,ourcontrolgroup),(ii)informational

2Theaveragesalaryofacaptaininourstudyisroughly$175,000-$225,000(basedoninformationupdatedinJune
2015:http://www.pilotjobsnetwork.com/jobs/Virgin_Atlantic).
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performancefeedback,(iii)targetsetting,and(iv)prosocialincentives.3 Inthisform,the
experimentprovidesanopportunitytomeasuretheincrementaleffectsofeachdistinctmech-
anismonmeasuredaspectsofproductivitywhileholdingpersonnelfixed.Suchadesignis
incontrasttothepreviousfieldexperimentalliteraturethathasfocusedontheBloomand
VanReenen(2007)managementpracticesinabundledmanner(Bloometal.,2013;FryerJr.,
2017;Bruhnetal.,2018)andthushasdifficultiesidentifyingthemarginalimpactofeach
practiceonproductivity.
Whileprosocialincentivesandmotivationsarenotexplicitlyconsideredwithinthetradi-

tionalmanagementtoolkit(e.g.,BloomandVanReenen,2007),theyhaverecentlyreceived
considerableattentionintheliteratureboththeoretically(EllingsenandJohannesson,2008;
BénabouandTirole,2010)andempirically(ToninandVlassopoulos,2010;Aniketal.,2013;
Imas,2014;Charnessetal.,2016;Hedblometal.,2016). Moreover,accordingtoarecent
survey,67%ofCEOsbelieveprosocialconsiderationsareincreasinglyessentialforacquiring
andmotivatinghigh-skilledlabor(PricewaterhouseCoopers,2016). Werandomizeprosocial
incentivesinourfieldexperimenttoinvestigatewhethertheirinclusionintothemanagement
practicesurveyenhancesitsapplicabilitytoskilledand/ormission-drivenlaborcontexts.
Ourfieldexperimentimportantlyleveragesrecentdevelopmentsinaircraftdatapro-

cessingthatcapturepreciseflight-levelmeasuresoffuel-relatedproductivityacrossthree
distinctphases—pre-flight,in-flight,andpost-flight—whichwepackageinabinary“hitor
miss”fashion.Thepre-flightmeasure,denotedFuelLoad,assessestheaccuracywithwhich
captainsimplementfinaladjustmentstoaircraftfuelloadpriortotakeoffgivenallrelevant
factors(e.g.,weatherandaircraftweight).Thein-flightmeasure,denotedEfficientFlight,
capturesthefuelefficiencyofcaptains’decisionsbetweentakeoffandlanding.Thepost-flight
measure,denotedEfficientTaxi,indicateswhetherthecaptainturnsoffatleastoneen-
gineduringtaxi-in.Sincecaptainsmaintainultimateauthorityoverthesedecisions,airlines
generallyencouragebutdonotmandatetheseorsimilarmeasurestooptimizefirmefficiency.
Wereportthreeprimaryresults.First,within-subjectanalysisofbehaviorbeforeversus

duringtheexperiment—akintothedesignofBandieraetal.(2007,2009)—stronglysuggests
thatsimpleperformancemonitoringcansignificantlyinducereadilyattainableimprovements
inlaborproductivity.4Within-subjectanalysisindicatesthattheproportionofflightsinthe
controlgroup—whowereawarethatwebeganmonitoringbehaviorsduringthestudy—on
whichcaptainssuccessfullyperformedtheEfficientFlightmetricincreasedbynearly50
percentcomparedtothepre-experimentalperiod. Moreover,thesecaptainssuccessfully
increasedimplementationofFuelLoadandEfficientTaxibyaround10percent.Inshort,a

3Thesepracticescouldbeconstruedasfallingwithintheperformance monitoring,targetsetting,andpeople
managementconceptsofworkplacemanagementbyBloomandVanReenen(2007,2011)andBloometal.(2017).
Whileavasteconomicliteraturedemonstratestheoreticalandempiricalrobustnessoffinancialincentiveprovision
(e.g.,seeLazear,2000),strongunionizationofairlinecaptainsprecludedincorporationofdirectfinancialincentives
inourexperimentaldesign.

4Inanidealsetting,wewouldcompareagenuinebusiness-as-usual‘control’groupthatremainedunawareofthe
experimenttoouraware‘control’group.SuchadesignwasprecludedbytheVAA-andunion-dictatedstipulation
thatwebefullytransparentwithallcaptainsabouttheproject’sundertaking. Evenso,hadsuchadesignbeen
possible,thehighlikelihoodofcontaminationtounawarecaptainsinthisidealizedcontrolgroupwouldhaveonly
allowedforestimationofalowerbound monitoringeffectthatdiminishedwithtime(i.e.,asinformationspread
throughthecaptainpopulation). Asaresult,andgiventhegranular(pre-)experimentaldataVirginhadcaptured
atthecaptainlevel,thebefore-and-afterapproachmaynonethelessbepreferredinthiscontext.
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simplelessonarises:whatismeasuredisimproved,evenamongskilledprofessionals.
Second,despitethesizablemonitoringeffects,wefindasignificantrolefortheadditional

managementpracticescontainedinourexperimentaltreatments. Whileallthreepractices
ledtostatisticallysignificantincreasesinatleastoneofthemeasuredbehaviors,weobserve
significantdifferencesbetweentheperformanceofcaptainswhoreceivedpersonalizedper-
formancetargets(withorwithoutincentives)versusthosewhodidnot.Theexperimental
findingsindicatethatcaptainswhoreceivedperformancetargetsimplementedthemeasured
behaviorsbyupto28percentabovethemonitoringgroup’simplementation.5Includinga
conditionalprosocialincentiveintheformofadonationtocharitydidnotfurtherimprove
productivitybeyondtheeffectsofprovidingapersonaltarget.6Overall,theseinterventions
werequitecosteffective:theyresultedinareductioninfueluseofmorethan7,700tons
(i.e.,$6.1millionin2014prices)overtheeight-monthexperimentalperiod.7

Third,performancemonitoringleadstoproductivitygainsforthefirmbeyondtheexper-
imentalwindow.Thesix-monthpost-experimentbaseline(i.e.,performanceinthecontrol
group)remainsconsiderablyimprovedfromthepre-experimentbaseline,indicatingeither
thatcaptainsbelievethattheyarestillbeingmonitoredorthatmonitoringforafixedpe-
riodoftimeinducescaptainstomakelow-effortefficiencyimprovementsthatarequickly
habituated.Conversely,treatedcaptains’productivityrevertstopost-experimentbaseline
levelsforFuelLoadandEfficientFlight,whilethetreatmenteffectsremainbutattenuate
forEfficientTaxi.Suchattenuationsuggeststhattheproductivityimprovementinducedby
theexperimentaltreatmentsdependonrecurrentadministration.
Whilethemanagementstrategiesledtoreductionsinfuelcostsforthefirm,itispossible

thattheirimplementationinducesspilloversonotherimportantinternalmetrics—suchas
delays,safety,andcaptains’jobsatisfaction—aswellasexternalcosts,suchascarbondioxide
emissions. Withregardstoon-timeperformance,wefindthatourexperimentalgroupsdid
notincreasedelays. Withrespecttosafety,allbehaviorstargetedwithinthestudyarewell
withinVAA’sstringentsafetystandards.8Allcommunicationswiththecaptainswerevetted
byseniordecision-makers(i.e.,unions,selectseniorcaptains,andVAAmanagement).Each
highlightedsafetyastheairline’sutmostpriorityandemphasizedthetargetedbehaviors’
situationwellwithintheairline’sstandardoperatingprocedures. Moreover,alltargetswere
cappedat90%ofacaptain’sflightstoalleviatepressureandallowflexibilityindecision-

5Thesefindingsareconsistentwithtwostudiesinthedevelopedworldthatshowthatmanagementpracticesmay
causallyimpactonproductivity(FryerJr.,2017;Bloometal.,2018).

6Toprovideacomparisontoexistingorganizationalpractices,simulatortrainingsdonothaveanyidentifiable
impactsonthetargetedbehaviorsinourstudy. Ensuringthatemployeesareup-to-dateintheirtrainingisan
importantmanagementpracticeacrossnumeroussectors,andwearefortunatetoobservetheincidenceofrandomly
timedsessionsinwhichthecaptainsinoursamplecompletedsimulatortrainings. Wefindthatattendingasimulator
sessionhasnoimpactonproductivityasmeasuredbythethreemetricshighlightedinthestudy. Thesetraining
sessionshoweverprovideotherbenefitsnotobservedinourdata.

7Additionally,wefindthattheenvironmentalbenefitsassociatedwiththefuelsavingsfromthisstudyareinthe
rangeof$0.5to$2million(dependingonthesocialcostofcarbonconsidered)–equivalentto8to33%ofthetotal
fuelsavings.Inthismanner,ourapproachprovidesanewwaytocombatfirm-levelexternalities:targetworkers
ratherthanthefirmasawhole.

8ThesestandardscomplywiththosesetbytheUNInternationalCivilAviationOrganization,theEuropean
AviationSafetyAgency,andtheU.K.CivilAviationAuthority. Moreover,asinourcase,manyairlinesmaintain
strictersafetystandardsthanthoseimposeduponthembytheseexternalbodies.
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makingonanygivenflight.Nofuel-relatedsafetyincidentswerereportedduringthestudy.9

Finally,surveyresultsindicatethatmanagementpracticescanimproveemployees’well-
being,andcaptainsexpressdemandforfurtherengagement.Theexperimentaltreatments
appeartohavepositivelyaffectedcaptains’reportedjobsatisfactionrelativetothecontrol
groupwiththelargestgainscomingfromtheprosocialgroupcaptains,whoseaveragejob
satisfactionexceededthatofthecontrolgroupby6.5%.Additionally,ofthe60%ofcaptains
whorespondedtothesurvey,79%indicatedadesireforthecontinuationofthemanagement
strategiesembodiedintheexperimentaltreatments,whileonly6%expressedapreference
forthepre-studystatusquo.
Empiricalresultsfromourfieldexperimentholdimplicationsforthedesignofmanage-

mentpracticeswithinfirmscomprisedofskilledworkersinadvancedeconomies,suggesting
acompellingrolefor:(i)managerialoversightintheformofperformancemonitoringof
definedproductivityoutcomes;and(ii)comparisonofemployees’ownproductivityagainst
personalizedtargetssetbymanagementpersonnel.Performancefeedbackonitsownpro-
videslittleenhancementtoemployees’productivitybeyondtheeffectofmonitoringonits
own,andprosocialincentivesdonotboostproductivitybeyondtheeffectofpersonalizedtar-
getsinthiscontext.Asemerginganddevelopedeconomiescontinuetoadvance,economists
shouldpursueamorethoroughandnuancedunderstandingofthegeneralizabilityandeffec-
tivenessofdistinctmanagementpracticesinincreasingtheproductivityofskilledlabor.As
ourresultssuggest,thepotentialtounlockgreatereconomicgrowthisubiquitous.
Theremainderofthepaperisstructuredasfollows.Section2providesadetailedcontex-

tualbackgroundandoutlinestheexperimentaldesign.Section3reportstheresultsofthe
fieldexperiment,focusingonproductivitychange,resultantefficiencygains,andmeasurable
spillovereffects.Section4concludes. Theonlineappendixincludesadditionaltheoretical
andempiricalanalysis.

2.BackgroundandExperimentalDesign

Inthissection,wehighlightthethreeproductivity-relatedbehaviorsunderinvestigation
(section2.1),thefieldexperimentaldesign(section2.2),andthedetailsofimplementation
(section2.3),includingadescriptionofthesampleandthemethodofrandomization.

2.1Captains’BehaviorandFuelEfficiency

Whilemanyofthedecisionsofairlinecaptains’areimportantindeterminingfueluse,we
workedwithVAAtoidentifythreemeasurableandnon-overlappingleverstoimprovepro-
ductivityforthepurposeofthisstudy:FuelLoad,EfficientFlight,andEfficientTaxi.

9Whilewedonothaveaccesstogranularsafetydatathatallowsforrobustanalysisonthisfront,VAAhas
assuredusthat,accordingtotheircarefulandmeticulousanalyses,therewerenofuel-relatedsafetyincidentsduring
orfollowingtheexperiment.However,thelackofmeanstorobustlyassesspotentialnuancedchangesinflightsafety
orcaptains’risk-takingisashortcomingofourdata.Inaddition,weareunabletoinvestigateanyunobserved
consequencesfrommultitasking(alaHolmströmandMilgrom,1991)orunintendedimpactsoncustomersatisfaction
duetolackofdataontheseoutcomes.
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Behavior1:FuelLoad

Thefirstleverconcernsapre-flightprocedureknownintheaviationindustryastheZero
Fuel Weight(ZFW)adjustment. Approximately90minutespriortoeachflight,captains
utilizeflightplaninformation(e.g.,expectedfuelusage,weather,andaircraftweight)in
conjunctionwiththeirownprofessionaljudgmenttodetermineinitialfueluptake,which
usuallycorrespondstoapproximately90%oftheanticipatedfuelnecessaryfortheflight.
Thisamountisfueledintotheaircraftsimultaneoustotheloadingofpassengersandcargo.
Neartocompletionofpassengerboardingandcargo/baggageloading,thepilots—nowonthe
flightdeck—receiveupdatedinformationregardingthefinalweightoftheaircraftandmay
adjusttheirfueluptakeaccordingly.TheinformationtheyreceivefromFlightOperations
includesaZFWmeasure,whichindicatestheweightoftheaircraftwithpassengersand
cargoonboard,aswellastheTakeoff Weight(TOW),whichadditionallyincludesfuel.
CaptainsthenperformaZFWcalculationinwhichtheyfirstdeterminetheamountby

whichtheyshouldincreaseordecreaseplannedfuelloadbasedonthefinalZFWusing
amathematicalformulathatisstandardacrosstheairlineindustry.Shouldtheydecide
toincreasethefuelload,theysubsequentlycomputeaseconditerationtoaccountforthe
additionalfuelnecessarytocarrytheincreasedfuelload.Ifthefuelpreviouslyloadedonto
theaircraftissufficientaccordingtothecalculations,thecaptainmaychoosenottoload
additionalfuel.Atpresent,thecaptainmakesthiscalculationatthebeginningofeachflight
(theprocessisnotautomated).
Wedenotethisbinaryoutcomevariableas FuelLoad.FuelLoadindicateswhetherthe

doubleiterationcalculationhasbeenperformedandthefuelleveladjustedaccordingly. We
deemthecaptains’behaviorsuccessfuliftheirfinalfuelloadislessthanorequalto200
kgabovethe“correct”amountoffuelasdictatedbythecalculation.10 Thisallowance
preventspenalizingcaptainsforroundingandslightover-fuelingonthepartofthefueler
whileprovidingmeasurabletargetsforcaptainsintwotreatmentgroups.AccordingtoVAA,
accurateFuelLoadadjustmentshouldbeperformedoneveryflight,correspondingto100%
attainmentofthemetricprovided.Inthethirteenmonthspriortotheexperiment,this
behaviorwasperformedcorrectlyonjust42%oftheflights(seeTable3).

Behavior2:EfficientFlight

Thesecondbehaviorisanin-flightconsideration,EfficientFlight,whichcaptureswhether
captains(inconjunctionwiththeirco-pilots)uselessfuelduringflightthanisprojectedin
theupdatedflightplan. Anoriginalconservativelycost-optimizedflightplanisdrawnup
severalhourspriortodeparturebasedonflight-specificinformationandperformancedata
thatisparticulartothetypeofaircrafttobeflown.Inputstotheflightplanareupdated
subsequenttodecisions madeonFuelLoadsothatdecisionsregardingthefirst metric
donotaffectone’sabilitytomeetthisin-flightmetric. EfficientFlightcaptureswhether

10UsingdatafromamajorU.S.airline,Ryersonetal.(2015)estimatethat4.5%offuelburnedonanaverageflight
isattributabletocarryingunusedfuel,andthatmorethan1%offuelburnedonanaverageflightisduetoaddition
ofcontingencyfuel“aboveareasonablebuffer”.VirginAtlanticdeemed200kg—equivalenttoallowingfor0.5%error
inthecalculation—areasonablebuffertoallowforroundingandfuelererror.OurresultsinSection3arerobustto
upwardanddownwardadjustmentsofthisbufferby50kg.
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captainshaveactivelyengagedinfuel-efficientpracticesbetweentakeoffandlanding,suchas
requestingandexecutingoptimalaltitudesandshortcutsfromairtrafficcontrol,maintaining
idealspeeds,performingcontinuousclimbanddescentapproaches,optimallyadjustingtoen
routeweatherupdates,andensuringefficientaerodynamicarrangementswithrespecttoflap
settingsaswellastakeoffandlandinggear. Captainsmayapproximatelypredictthefuel
savingsof,forexample,changingspeedsoraltitudesusingcomputersonboardtheaircraft.
Thisin-flightmetricisdesignedtocapturevariousavailablerisk-freeandfuel-optimizing

behaviorsthatrequireeffortandarenotalwaysimplemented. Furthermore,byfocusing
onfueluseratherthantheexecutionofspecificbehaviors,themetricaffordscaptainsthe
flexibilitytoachievethetargetwhileusingprofessionaljudgmenttoensurethatsafetyre-
mainstheutmostpriority.Undersomeuncommoncircumstances,operationalrequirements
dictatethatcaptainssacrificefuelefficiency(andVAAacceptsthecaptains’decisionsas
final),sowewouldnotexpectevena“model”captaintoperformthismetricon100%of
flights,thoughthemetricshouldbeattainableonavastmajorityofflights(contrastedwith
31%pre-experimentalattainment).Inouranalysis,theEfficientFlightindicatorvariableis
1iftheactualin-flightfuelusedoesnotexceedtheprojectedfueluse(adjustedforactual
TOW),and0ifthein-flightfueluseismorethanprojected.11

Behavior3:EfficientTaxi

Thefinalbehavior,EfficientTaxi,occurspost-flight.Oncetheaircrafthaslandedandthe
engineshavecooled,captainsmaychoosetoshutdownone(ortwo,inafour-engineaircraft)
oftheirengineswhiletheytaxitothegate,therebydecreasingfuelburnperminutespent
taxiing. Captainsmeetthecriteriaforthismetriciftheyshutdownoneormoreengines
duringtaxi-in.12AswithEfficientFlight,therearecircumstancescharacterizedbytechnical
oroperationalrestrictionsunderwhichtheairlinewouldnotexpectorprescribecaptainsto
undertakeEfficientTaxi.13Obstaclesincludegeographicalconstraints(e.g.,theplacement
orlayoutoftherunway),routecomplexity(e.g.,numberofstops,turns,orcul-de-sacs),
shorttaxi-intimes,weatherconditions,(e.g.,iceorsnow,orheatonasphaltsurfaces),and
lowvisibility,allofwhichareuncorrelatedwithtreatment.Nevertheless,themetricshould
beattainableonavastmajorityofflights,butinthe13-monthpre-experimentalperiod,
therewasarelativelylowattainment(roughly34%)forthismetric.

11NotethatitwasessentialtocreatebinarymetricsforFuelLoadandEfficientFlightsowecouldassigntargets
tocaptainsinthetargetsandprosocialincentivesgroup.
12FuelsavingsfromEfficientTaxidependonschedulinganddelaysassavingsareaccruedonaper-minutebasis.
Fuelsavingsalsodependonaircrafttypeandonlybegintoaccrueafterengineshavecooled,whichtakes2-5minutes
fromtouchdown.Savingsperminuteforaircraftoperatedwithinthestudyareasfollows:12.5kg(Boeing747-400,
Airbus330-300),8.75kg(Airbus340-600),and6.25kg(Airbus340-300).EfficientTaxiingdataisphysicallystored
onQARcardsinsidetheaircraft,whichareremovedevery2-4daystopulldata.Thesecardscancorruptoroverwrite
themselves,andalsocanreachfullmemorycapacitybeforebeingremoved.Therefore,datacaptureforEfficientTaxi
isnotcomplete—exactly37%offlightsaremissingdataforthismetric. Thereasonforthemissingdataispurely
technicalandcannotbeinfluencedbycaptains. WeregressanindicatorvariableofmissingEfficientTaxidataon
treatmentindicatorsandfindnostatisticallysignificantrelationshipatanymeaningfullevelofconfidence(individual
andjointp>0.4).Consequently,thisphenomenonshouldnotaffectresultsbeyondreducingthepowerofestimates.
13Aninternationalsurveyofaircraftcaptainshighlightedpotentialissuesassociatedwithexcessivethrust,maneu-
verability,andextensiveworkloadthatmayprecludethemfromundertakingthisbehaviorinparticularcircumstances
(Balakrishnanetal.,2011).
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2.2ExperimentalDesign

Inaccordancewithcaptains’optimizationproblemasproposedinourtheoreticalmodel(see
AppendixA),theeight-monthfieldexperimentfocusesonfourmanagementpracticestarget-
ingproductivity: monitoring(control),performanceinformation,performancetargets,and
prosocialincentives.OurgoalistomaximizeproductivityinrelationtoFuelLoad,Efficient
Flight,andEfficientTaxi.Respectively,thesebehaviorsallowustomeasurecaptains’effort
beforetakeoff,duringtheflight,andafterlanding. Thecaptainsdidnotreceivedetailed
informationrelatingtheirdecision-makingtotheirfuelefficiencypriortothisexperiment,
consistentwithbothairlineandindustrystandards.14

Importantly,alleligibleVAAcaptainswereincludedintheexperimentalsample.15

Hence,captainsdidnotselectintotheexperiment,andasaresultwecanestimatethe
averagetreatmenteffectfortheentirerosterofeligiblecaptainsinVAA.Assuch,ourbe-
havioralparameterofinterestsharesmuchincommonwiththatestimatedinanaturalfield
experiment(seeAl-UbaydliandList,2015).Yet,allcaptainsknewthattheywerepartof
anexperiment,andthereforeourstudysharesfeatureswithbothframedandnaturalfield
experiments(HarrisonandList,2004).
Weobservecaptains’behaviorfromJanuary2013throughMarch2015,andtheexperi-

mentalwindowwasfromFebruarythroughSeptemberof2014.Duringthisperiod,monthly
brandedfeedbackreportspertainingtothepreviousmonth’sflightsweresenttothehome
addressesoftreatedcaptains,whoreceivedtheirfirstfeedbackreportinmid-March2014
andtheirfinalfeedbackreportinmid-October2014. Theexperimentaltreatmentgroups
canbesummarizedasfollows:
Control Group: Monitoring. Allcaptainsincludedinthestudywereawarethat

theywerepartofanexperiment;thatis,themonitoring(control)groupdidnotreceiveany
feedbackbutwasawarethattheirproductivitywasbeingmonitored.16 Twoweeksprior
tothestudystartdateofFebruary1,2014,allcaptainswereinformedthatVAAwould
beundertakingastudyonfuelefficiencyaspartofits"ChangeisintheAir"sustainability
initiative.Theinitialletteroutlinedthethreeperformance-relatedbehaviorstobemeasured

14OnemightquestionwhyVAAdidnotperformthesemanagementpracticespriortothestudy.ClaireLambert,
FuelEfficiencyManageratVAAduringthestudy,explains,“ThereareanumberofreasonswhyVirginAtlanticwas
notundertakingthistypeofinitiativeinearlieryears.Firstly,wehadnothadmuchexposuretobehavioralscience
beforeweestablishedourpartnershipwiththeuniversities.Secondlythegranularityofdatarequiredtoimplement
thestudywasadevelopmentforus. Forairlines,theintroductionoftheEUEmissionsTradingSchemein2010
reallydrovetheneedforbetterdata,andtheemergenceofdataserviceproviders’softwaresystemsataroundthe
sametimeenabledusaccesstothedata.Thirdly,undertakingthisstudy,evenhavingoutsourcedalargeportionof
theexperimentalplanningandimplementationtotheacademicteam,wasquitelaborandtime-intensive,fromthe
early-stageengagementwithourpilotunionandcaptainsthroughtothefrequentdataprocessingandcollaboration
withtheacademicteamtoconducttheexperimentproperly. Wewerealreadytacklingmostoftheotherfuelefficiency
margins,andwithaccesstothenewlyavailabledata,wefoundourselvesinapositiontoadvanceourcontinuously
evolvingfuelefficiencystrategybyprovidingnuanceddatatocaptainstofacilitatefuel-efficientdecisionmakingin
theflightdeck.Theacademicresearchpartnershipprovidedanopportunitytodosoinaninnovativewayandtotest
howsuchastrategymightbeoptimizedgoingforward.”
15Additionally,allrouteswereincludedinthestudyapartfromwithinU.K.flights;AppendixBcontainsamap
ofallVAAdestinationsduringthestudyperiod.
16Apuremonitoringeffectalignswithagencytheory(e.g.,AlchianandDemsetz,1972;Stiglitz,1975),aswellas
withexperimentalresultssuchasthoseinBoly(2011),Naginetal.(2002),andobservationalstudyresultsfrom
Hubbard(2000,2003)andPierceetal.(2015).
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andthepossiblestudygroupstowhichthecaptainsmayberandomlyassigned.17Captainsin
treatmentgroupsweretoreceivelettersthefollowingweektoinformthemofwhattoexpect
inthecomingmonths,andthemonitoringgroupwouldreceivenoadditionalinformation.
InthefinalweekofJanuary2014,VAAsentletterstoalltreatedcaptainsinforming

themoftheinterventiontowhichtheyhadbeenassigned. Thelettersincludedasample
feedbackreport,whichcontainedtheindividuals’targetsiftheyhadbeenassignedtoeither
thetargetsorprosocialgroup.18

TreatmentGroup1:Information.Eachfeedbackreportdetailsthecaptain’sperfor-
manceofFuelLoad,EfficientFlight,andEfficientTaxiforthepriormonth(seeFigureA1
inAppendixC).Specifically,thefeedbackpresentsthepercentageofflightsflownduringthe
precedingmonthonwhichthecaptainsuccessfullyimplementedeachofthesemetrics.For
instance,ifacaptainflewfourtimesinthepriormonth,successfullyperformingFuelLoad
andEfficientTaxiononeoftheflightsandEfficientFlightontwoofthem,hisfeedback
reportwouldindicate25%attainmentfortheformerbehaviorsand50%attainmentforthe
latter. Thistreatmentalignscloselywiththe“PerformanceTracking”and“Performance
Review”managementpracticesoutlinedinBloomandVanReenen(2007,2011).
Treatment Group2: Targets. Captainsinthistreatmentgroupreceivedthesame

informationoutlinedabovebutwereadditionallyencouragedtoachievepersonalizedtar-
getsof25percentagepointsabovetheirpre-experimentalbaselineattainmentlevelsforeach
metric(cappedat90%;seeFigureA2inAppendixC).Thetargetswerecommunicatedto
thesecaptainspriortothestartoftheexperiment. Anadditionalboxisincludedinthe
feedbackreporttoprovideasummaryofperformance(i.e.,totalnumberoftargetsmet).
Captainswerenotrewardedorrecognizedinanypublicormaterialfashionfortheirachieve-
ments.Thisinterventionisinlinewiththemanagementpracticescalled“TargetBalance”,
“TargetConnectedness”,“TimeHorizonofTargets”,“TargetStretch”,and“Clarityand
ComparabilityofTargets”(BloomandVanReenen,2007,2011).19

Treatment Group3: ProsocialIncentives.Inadditiontotheinformationand
targetsoutlinedabove,thoseintheprosocialincentivetreatmentgroupwereinformedthat
achievingtheirtargetswouldresultindonationstocharity(seeFigureA3inAppendixC).
Specifically,foreachtargetachievedinagivenmonth,£10wasdonatedonbehalfofthe
captaintoachosencharity. Whencaptainsinthisgroupwereinformedoftheirassignment
totreatment,theywereofferedtheopportunitytochooseoneoffivediversecharitiesto
supportwiththeirprosocialincentives: FreetheChildren, MyClimate,HelpforHeroes,

17Giventhatallcaptainswereawareofthestartdateofmonitoring,weadditionallyderiveestimatesoftheeffects
ofmonitoringoncaptains’performanceinthemannerofBandieraetal.(2007).Theidentifiedeffectsformonitoring
arethereforenotexperimentalperse,butarebasedoncarefulanalysiscontrollingforrelevantobservablesandtrends.
18Captainswereencouragedtoengagewiththe materialandsendanyquestionstoanemailaddresscreated
specificallyforstudyinquiries.Oncetheexperimentwascomplete,wesenttreatedcaptainsadebriefletterinforming
themoftheiroverallmonthlyresultswithrespecttotheirtargets(ifinthetargetsorprosocialtreatmentgroups)and
theirtotalcharitabledonations(ifintheprosocialincentivestreatmentgroup).All(treatmentandcontrol)captains
wereinformedthatafollow-upsurveywouldbesenttotheircompanyemailaddressesinearly2015.Thefollow-up
surveywasdesignedandadministeredbytheacademicresearchersalone. Again,captainswereassuredthatdata
fromtheirresponseswouldbeusedforresearchpurposesonly,thattheirresponseswouldremainanonymous,and
thatVAAwouldnotbeprivytoindividual-levelinformationprovidedbysurveyrespondents.
19Suchtarget-settinghasitsrootsinindustrialorganizationpsychologythroughSMART(specific, measurable,
attainable,relevantandtimebound)targets(LockeandLatham,2006)
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MakeA WishUK,andCancerResearchUK.20Therefore,captainsinthisgroupeachhad
theopportunitytodonate£30($49)permonthforatotalof£240($389)totheirchosen
charityoverthecourseoftheeight-monthtrial.Captainswereremindedeachmonthofthe
remainingpotentialdonationsthatcouldresultfromrealizingtheirtargetsinthefuture.
WhileincentivesareacornerstoneofmanagementinBloomandVanReenen(2007)(and

beyond),prosocialincentivesarenotexplicitlyincludedintypicalmanagementsurveysto
date.Ourresearchcontributestotheconversationsurroundingwhetherandhowpersonnel
economicsmightbroadenthenotionofpeoplemanagementtoincorporatesuchincentives.
Evidenceappearstosuggestthatprosocialconsiderationsmaybequiteimportanttoem-
ployeeproductivity,particularlyontheextensivemargin.21Thatsaid,manyoftheexisting
studiesfocusonlow-stakesoccupations,ortasksthatdonotrequirehighhumancapital.22

Ourgoalistounderstandhowconditionalprosocialincentivescausallychangeproductivity
ofhigh-skilledemployeesinhigh-stakesworksituations.
Theoverarchinggoalofourdesignistoidentifythemarginaleffectsofmanagement

practices,witheachcomponentofconditionalincentiveprovision—monitoring,information,
targets,incentives—consideredinisolation(seeTable1).23Thisdesignisincontrasttothe
previousliteraturethathasfocusedonapplyingtheBloomandVanReenen(2007)man-
agementpracticesinabundledmanner(Bloometal.,2013;FryerJr.,2014;Tsaietal.,
2015;Bloometal.,2015;FryerJr.,2017;Bruhnetal.,2018).Suchstudieshavedifficulties
identifyingthemarginaleffectofeachmanagementpracticeonproductivity.Inotherwords,
toprovideconditionalincentivestoanemployee,afirmneedstoputinplaceanappropriate
target.Inordertoprovideameaningfultarget,afirmneedstoshareinformationontheem-
ployee’sperformance.Inprovidingsuchinformation,theemployeebecomesawarethatthe
managercanmonitorherperformance.Accordingly,eachadditionalcomponentislayeredto
isolatetherealbehavioralmotivatorbehindconditionalincentives,astrategythatmostper-
sonneleconomistswouldsupportfirstandforemosttomotivateemployeeperformance(see
Holmström’s(1979)seminaltheoreticalworkandLazear’s(2000)seminalempiricalwork).

20Eighteencaptainsselectedacharitybyemailingthedesignatedprojectemailaddress,and67captainswhodidnot
activelyselectacharityweredefaultedtodonatetoFreetheChildren.Captainscouldchoosetoremainanonymous,
otherwiseexactdonationswereattributedtoeachindividual(identifiedbytheirfirstinitialandlastname).
21Onthesupplyside,workershaverevealedapreferenceforbeingemployedbyacompanywithstrongCSR
practices,whichappeartoattracthigherabilitytypesandincreaseproductivity.Thisliteraturestartedinthe1990s
withtheobservationaldatasetsinTurbanandGreening(1997)andGreeningandTurban(2000),andrecentfield
experimentshighlightsthatCSRcanmotivatehigh-abilitytypestoapplyforjobopenings(Hedblometal.,2016).
22Onlineorlabexperimentshaveassessedtheeffectofcharitableincentivesonproductivityinlow-efforttasks
(i.e.,theintensivemargin)—seeToninandVlassopoulos(2014),Imas(2014),andCharnessetal.(2016).Aniketal.
(2013)useafieldstudytoestimatetheimpactofunconditionalcharitablebonusesonproductivity,andToninand
Vlassopoulos(2010)recruituniversitystudentsforafieldexperimentusingcharitableincentivesforadataentrytask
tomeasurepureandimpurealtruism.Elfenbeinetal. (2012)showthatsellerswhotieproductstoacharitable
donationmaybedeemedmoretrustworthybyconsumers.Relatedly,fieldexperimentalresearchintounconditional
giftsisaburgeoningareaofresearch—seeGneezyandList(2006);BellemareandShearer(2009);Hennig-Schmidt
etal.(2010);EnglmaierandLeider(2012);Kubeetal.(2012);andCohnetal.(2015).
23Weacknowledgethatmanagementpracticesmayextendbeyondmonitoring,informationprovision,targetsetting,
andincentiveprovision.Forexample,theBloomandVanReenen(2007)surveyadditionallycapturesmoreintangible
andcomplexmanagementdynamics,suchasthemeansbywhichproblemsareaddressedwithintheorganization
andtheprocessesbehinddecisionstohire,promote,retain,andfireemployees.
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2.3FurtherExperimentalDetails

2.3.1Sample

OurdataconsistsoftheentireeligibleuniverseofVAAcaptainsin2013and2014(N=
335),ofwhich329aremaleand6arefemale.24 Ofthedebriefsurveyrespondents(N=
202),97classifiedtheirtrainingasmilitaryand102ascivilian(theremainingdeclinedto
state). Elevencaptainsare“trustedpilots”selectedforpre-studyconsultationregarding
studyfeasibilityandcommunications25,and62captainsare“trainers”whoareresponsible
forregularlyupdatingandtrainingtheircolleaguesinthelatestflighttechniques.Captains
rangefrom37to64yearsofage,wheretheaveragecaptainis52yearsoldandhadbeenan
employeeoftheairlineforover17yearswhenthestudyinitiated.Captainsinthesample
flewfiveflightspermonthonaverage,wherethecaptainflyingmostaveragedalmosteight
flightspermonthandthecaptainflyingleastaveragedjustovertwoflightspermonth.
Theresultingdatasetconsistsof42,012flightsand110,489observationsofthethree

fuel-relatedbehaviors.Amongothervariables,weobservefuel(kg)onboardtheaircraftat
fourdiscretepointsintime:departurefromtheoutboundgate,takeoff,landing,andarrival
attheinboundgate.Inaddition,weobservefuelpassingthrougheachoftheaircraft’s
enginesduringtaxi,whichprovidesaprecisemeasureoffuelburnedontheground. We
usesuchdatatounderstandhowthemanagementpracticesultimatelyaffectfuelusein
Section3.2. Wealsoobserveflightduration,flightplanvariables(i.e.,expectedfueluse,
flightduration,departureandarrivaldestinations),andaircrafttype. Wecontrolforseveral
flight-levelvariables—e.g.,portsofdepartureandarrival,weatherondepartureandarrival,
whethertheaircrafthadjustreceivedmaintenance(bellywash,enginechange),andaircraft
type—andindividualfixedeffectsandcaptain-leveltime-varyingobservables,suchascurrent
contractedworkhoursandwhetherthecaptainhadattendedVAA’sannualtraining.
Fourmonthsafterthestudy’scompletion,weelicitedcaptains’jobsatisfactionandpref-

erencesoverthevariousmanagementpracticesthroughanonlinesurvey(responserate=
60%). WereporttheserespectiveanalysesinSections3.3.3and3.3.4.Throughthesurvey,
wesoughttogainarigorousunderstandingoftherelevanceofmanagementtosubjective
reportsofjobsatisfaction,animportantoutcomeofparticularrelevanceinthiscontextas
mentalhealthconcernshavegainedprominenceintheaviationindustry.26Similarly,ascer-
tainingcaptains’demandforvariousmanagementpracticesallowsustogleanmorein-depth
insightsintotheeffectsofthesepracticesonemployees’choicesandwell-being.

24Whileweunderstandthattheremaybepartnerselectionbiasinherentinour(orany)firm-levelstudy(Allcott,
2015),ourexperiencewithmanyotherinternationalcommercialairlinessuggeststheyarenomore(andsometimes
considerablyless)advancedintheirmanagementofcaptains’fuelefficiency.Themostadvancedairlines—including
VAA—purchasesoftwarethatallowsmanagementtovisualizesomeflight-relevantinformationexpost.Theaviation
sectorappearssimilartoothersectorsonthisdimension. Forinstance,Bruhnetal.(2018)findthatsmall-to
medium-sizedenterprisesin Mexicodonotuseparticular managementconsultingservicesbecausetheylackthe
funds,donothaveknowledgeofpotentialbenefits,orsimplyhavenotconsideredthepossibility.
25Werunthedataanalysisbothincludingandexcludingtrustedpilotsandtheresultsdonotchange.
26Forinstance,Wuetal. (2016)surveyedarandomsetof1,866captainsandfoundthat13%hadclinicaldepression
and4%hadsuicidalthoughtsinthelasttwoweeks. Moreover,therecentU.S.FederalAviationAdministrationhas
madearecommendationforgreaterfocusonpilotmentalhealthinaviationpolicyandpractice(FederalAviation
Administration,2015).
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2.3.2Randomization

Torandomizecaptainsintotreatment,wefirstblockedthreemonthsofpre-experimental
data(SeptemberthroughNovember,2013)onfivedummyvariablesthatcapturedwhether
subjectswereaboveorbelowaverageforthe:i)numberofenginesonaircraftflown,ii)
numberofflightsexecutedpermonth,andiii)attainmentofthethreeselectedfuel-relevant
behaviors,whichareourprimarydependentvariables. Numberofenginesandmonthly
flightsprovedsignificantinpredictingtheselectedoutcomebehaviorsinpreliminaryre-
gressions.Onceblocked,captainswererandomlyallocatedtooneofthefourstudygroups
throughamatchedquadrupletdesign(forfurtherdetails,seeAppendixD).Toensurethat
individual-specificobservablecharacteristicsarebalancedacrossgroups,weperformedsub-
sequentbalancetestsforseniority,age,trainerstatus,andtrustedpilotstatusaswellas
flightplanfueluse(asaproxyforaverageflightdistance),actualfueluse,averagenumber
ofenginesonaircraftflown,flyingfrequency,andthethreetargetedbehaviors(seeTable2).
Table3andFigure1provideasummarydescriptionofcaptains’performancebefore

andduringtheexperimentalperiodwithineachexperimentalgroup.Inaccordancewith
thebalancechecksabove—whichfocusonjustthreemonthsofpre-experimentaldata—the
summarystatisticsfromJanuary2013throughJanuary2014(i.e.,Table3,‘BeforeExperi-
ment’)provideassurancethatthepre-experimentalbehavioraloutcomesarebalancedacross
variousstudygroups.Noneofthedifferencesacrossgroupsarestatisticallydiscernible.In
short,anexplorationofallavailableaspectsofcaptainandflightdatarevealsthattheran-
domizationwassuccessfulinthattheobservablesarebalancedacrossthefourexperimental
conditions.27

3. Results

Wesummarizeourmainresultsinfoursteps. First,weestimatetheimpactsofthefour
managementinterventionsontheselectedbehaviors.Second,weassesstheconsequences
foroverallfuelusage.Third,weconsiderwhetherthestudyaffectedtheairline’sreported
delays.Fourth,weassessspilloverswithrespecttodelays,safety,greenhousegasemissions,
andcaptains’well-being.

3.1TheEffectsof ManagementPractices

Figure2presentsaggregateddataforeachofthetargetedfuel-relatedbehaviorsforthe
21-monthperiodforwhichwehavepre-experimentalandexperimentaldata. Thisperiod
includes13monthsofdatapriortotheannouncementoftheexperiment(i.e.,monitoring),
and8monthsofwithin-experimentdata.Thedashedverticallineindicatesthebeginningof
experimentalmonitoring.ThepooleddatainFigure2aindicatesthattheimplementation
ofEfficientFlightandEfficientTaxisubstantiallyincreasesaftermonitoringisannounced.

27InTablesA1andA2,weadditionallycheckforbalanceinpre-experimentaltrendsforeachbehavior-grouppairing
fordifferencesinpre-experimentalfuelusetrends,respectively. Wefindnomajordifferencesinthesetrendsacross
conditions.
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Forbothbehaviorstheincreasesareapproximately10percentagepointsinthefirstmonth—
equivalenttoa25-33%treatmenteffect—withavastmajorityofcaptainsexperiencingim-
provements(seeFigure3). ConcerningFuelLoad,captainsincreaseimplementationby
approximately4percentagepointsinthemonthfollowingtheannouncementofmonitoring,
equivalenttoa10%treatmenteffect.Removingtreatmenteffects,Figure2balsosuggests
anincreaseinimplementationduetomonitoring,albeitlesspronouncedduetheexclusionof
treatmenteffects.Thedifferenceinbehaviorsbeforeandduringtheexperiment—including
thatofthecontrolcaptains—leadstoourfirstformalresult:

Result1. Theperformanceofcaptainsinthecontrolgroupimprovesconsiderablyupon
announcementofbehavioralmonitoring.

WhiletheaforementionedsummarystatisticsarecertainlyconsistentwithResult1,they
donotaccountforthedatadependenciesthatarisefromeachcaptain’sprovisionofmore
thanonedatapoint,noranytrendsinthepre-experimentalperiod.Toaccommodatethe
panelnatureofthedataset,weestimatearegressionmodeloftheform:

EfficientBehaviorit=α+Expit·Titβ+Expitγ+Titδ+Xitζ+τt+ωi+eit

whereEfficientBehavioritequalsoneifcaptainiperformedthefuel-efficientbehavioron
flightt,andequalszerootherwise;Expitisanindicatorvariablethatturnsonduringthe
experimentalperiod;Titrepresentsavectorwithindicatorvariablesforthethreetreatments;
Xitisavectorofcontrolvariables;τtisalinearmonthlytimetrend;andωiisacaptainfixed
effect. Weincludeallavailableandrelevantflight-levelvariablesascontrols,whichinclude
weather(temperatureandcondition)ondepartureandarrival,numberofenginesonthe
aircraft,airportsofdepartureandarrival,enginewashesandchanges,andairframewashes.
Additionally,wecontrolforcaptains’contractedflyinghoursandwhetherthecaptainhas
completedanannualtraining.28

Weestimatetheabovedifference-in-differencemodelspecificationforeachofthebehav-
iorstreatingthefirstdayoftheexperimentasFebruary1,2014,whenmonitoringofcaptains
begins.Threedifferentempiricalapproachesyieldqualitativelysimilarresults:alinearprob-
abilitymodel(LPM),aprobitmodel,andalogitmodel.Foreaseofinterpretation,wefocus
ontheresultsoftheLPMinTable4.29

Giventhatwedonothaveagroupofcaptainslackingknowledgeofexperimentalmoni-
toring,weperformaninvestigationofpre-experimentaltrendstoensurethatoureconometric

28Therearevarioustrainingchannels,foremostofwhichistimespentinthesimulatorinwhichcaptainsmustpass
assessments;wedonothaveaccuratedataonthesetrainings. Wecontrolforattendanceatthetwo-day“OpsDay”
seminar,agatheringofsmallgroupsofpilots(approximately20pertraining)thatincludesdiscussionoftheairline’s
goalsanddirections,withsomeinformaltrainingforpilots.
29Robuststandarderrorsareclusteredatthecaptainlevel. WealsopresentNewey-Weststandarderrorsthatare
robusttoheteroskedasticityandarbitraryautocorrelationswithineachcaptain. Weperformtworobustnesschecks
tocontrolforattritionanddifferentlaglengthsintheNewey-Westerrors. Toensureattritiondoesnotinfluence
theseresults,weincludeTableA3inAppendixD,whichperformsthesamespecificationexcludingquadrupletsin
ourrandomizationwithinwhichcaptainsattrited(allfiveofwhichdidsopriortotheannouncementofthestudy)-
wefindnodifferencesinourresults.Furthermore,weestimatetheNewey-Westerrorswithlagsofm=1andm=4to
testtherobustnessofourresultstotheunderlyingmodel(Neweyand West,1987). Ourresultsareidenticalunder
eachmodel.
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estimatesoftheeffectsofmonitoringdonotmerelyrepresentongoingshiftsinbehaviorthat
wouldhavetakenplacedespitethestudy.Figures4a-4cdemonstratepre-experimentaltrends
(i.e.,fromJanuary2013throughJanuary2014)andprovideavisualrepresentationofthe
differencesinimplementationoftheprescribedmetricsbeforeandduringtheexperiment.
AcrossFuelLoadandEfficientFlight,itisclearthatthereisnoupwardtrendforanygroup
pre-experiment.ForEfficientTaxi,wedoobserveanupwardtrend,thoughthereremainsa
substantialincreaseinthelevelofimplementationduringtheexperimentalperiodacrossall
groups.Tocontrolforthistrend,weestimatethespecificationcontrollingforalineartime
trend.30Asexpected,includingalineartrendattenuatesthemonitoringeffectonEfficient
Taxi,wherethemetricdropsfrom12.5percentagepointsto3.8percentagepoints.31

OurmainregressionsinTable4thereforereportstheresultsofthedifference-in-difference
specificationcontrollingforlineartimetrends. Wefirstnotethatthecoefficientestimateof
theexperimentalperiod(“Expt”),whichprovidesapointestimateoftheextenttowhich
thecontrolgroupimprovestheirperformanceoncemonitoringbegins. Theinfluenceof
monitoringisapparent:thecontrolgroupincreasestheirimplementationofFuelLoadby
3.3percentagepoints(7.8%effect,0.07standarddeviations(σ),p<0.05),EfficientFlightby
13.2percentagepoints(42.4%effect,0.29σ,p<0.01),andofEfficientTaxiby3.8percentage
points(10.8%effect,0.08σ,p<0.05).
Theaboveinsightslendevidenceinfavorofastrongmonitoringeffect,aresultconsistent

withtheimportanceofsocialpressureinourtheoreticalstructure.Theydonot,however,
shedlightontheincrementaleffectivenessofthetreatmentsinstimulatingfuel-efficient
behaviors.Results2-4addressthiscentralquestion:

Result2.Providingcaptainswithinformationonrecentperformancemoderatelyimproves
theirfuelefficiency(particularlywithrespecttoEfficientTaxi).

Result3.Theinclusionofpersonalizedtargetssignificantlyincreasescaptains’implemen-
tationofallthreemeasuredbehaviors.

Result4.Addingacharitablecomponenttothepersonalizedtargetsinterventiondoesnot
inducegreatereffortthanprovidingtargetsalone.

EvidenceofResult2canbefoundinTable3andFigures1-4,whichsuggestthat—
despiteincreasedperformanceinFuelLoadandEfficientFlight—thedifferencesbetween
thecontrolandinformationgroupsareratherslight. Yet,thereisaconsiderablechange
inEfficientTaxiimplementationbetweentheinformationandcontrolgroups(58.8%versus
50.7%). Thestandarddifference-in-differencemodelestimatesinTable4complementthe
rawdatainTable3,indicatingthattheinformationtreatmentinducescaptainstoengage
inmorefuel-efficienttaxiingbehavior.Thecoefficientestimatesuggeststhatthepercentage
offlightsforwhichcaptainsreceivingtheinformationtreatmentturnedoffatleastone
enginewhiletaxiingtothegateincreasesby7.9percentagepoints(p<0.01)relativetothe
improvementexhibitedinthecontrolgroup.
Whenconsideringthebehaviorofcaptainswhoreceivepersonalizedtargets,weobserve

consistenttreatmenteffectsacrossallthreeperformancemetrics.FromTables3and4and

30SeeTableA4inAppendixEforspecificationswithoutcontrollingforalineartimetrendandwithoutcontrols.
31Thiseffectholdsbecausethelineartrendaccountsforagrowingshareofgainsduringtheexperimentalwindow.
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Figures1-4,itisapparentthatthetargetstreatmentpushedeachmeasuredbehaviorinthe
fuel-savingdirectionandtheeffectsalsoappeartobeinthefuel-savingdirectionforcaptains
receivingprosocialincentives.Table4revealspositiveandstatisticallysignificanteffectsof
theinterventionforamajorityofbehavior-treatmentcombinations,evenbeyondthesizable
effectofmonitoring. Moststrikingistheeffectoftheinterventionsontheimplementation
ofEfficientTaxi,whichcaptainsinthetargetsgroupundertookonalmost10percentage
pointsmoreflights(19.1%effect,0.19σ,p<0.01).
Wenowisolatetheincrementalproductivityimpactsofeachmanagementpracticein

turn. ThecoefficientsassociatedwiththetargetsandprosocialtreatmentsinTable4are
verysimilar(βtargets=0.025vs.βprosocial=0.022forFuelLoad;βtargets=0.047

∗∗∗vs.
βprosocial=0.037

∗∗∗forEfficientFlight;andβtargets=0.088
∗∗∗vs. βprosocial=0.096

∗∗∗

forEfficientTaxi).32However,thesetwogroupsofcaptainsappeartooutperformcaptains
lackingperformancetargets.Toinvestigatestatisticallythisclaim,wepoolcaptainsreceiving
personalizedtargets(i.e.,targetsandprosocialtreatmentgroups)andcompareoutcomestoa
pooledinformationandcontrolgroupinanadditionalregression. Wefindthatcaptainswho
receivetargetssignificantlyoutperformthosewhodonotonallthreedimensions:FuelLoad
(β=0.020∗),EfficientFlight(β=0.034∗∗∗),andEfficientTaxi(β=0.052∗∗∗). Asimilar
exerciseconfirmsthatprosocialincentivesdonotsignificantlyimprovebehaviorcompared
totargetsalone.Thus,whileinformationisanimportantmechanisminencouragingfuel-
efficientbehaviorchange,targetsaugmentitseffectinamannerthatprosocialincentivesdo
notappeartoboostfurther.33

Wesupplementthisanalysisbyinvestigatingwhethervariouscaptainsaremotivated
toincreaseimplementationofjustoneofthebehaviors,orwhethertheeffectsaredriven
bysomecaptains’improvingonmultiplebehaviorsrelativetotheirownimplementation
priortothestudy(seeAppendixF).Onaverage,(some)captainsaremorelikelytoincrease
implementationofbothFuelLoadandEfficientFlight,butthesecaptainsdidnotnecessarily
alsoimproveonEfficientTaxi.Similarly,captainswhorespondmoststronglyonthetaxiing
dimensionmaynothavebeenmorelikelytofuelandflyefficiently. Wethereforeinfer
thattheeffectsarenotsolelydrivenbyasmallsubsetofcaptainsimprovingonallthree
dimensions.Rather,manycaptainsareincreasingtheirefficiencyinvariousphasesofflight.
Importantly,ourdataprovidetheabilitytogobeyondshort-runsubstitutioneffects

andexploretreatmenteffectsinthelongerrun. Wethereforeconductamorenuanced
investigationofthetreatmenteffectsbyexploringtheirpersistenceaftertheexperimental

32Thesetreatmenteffectsareextremelysimilartothoseidentifiedusingexperimentaldataalone(seeTableA5in
AppendixE).
33Sinceeachtreatmentbuildsonthelast,wecan“control”forthecontentsofprevioustreatmentsandaretherefore
abletomakedistinctcomparisonsacrosstreatments.Ifwesolelyexaminethecomparisonbetweentheinformation
groupandthetargetsgroup,wefindthreepositivecoefficients:FuelLoad(β=0.015,p=0.33),EfficientFlight
(β=0.020,p=0.17),andEfficientTaxi(β=0.016,p=0.36). Forreference,theestimatesoftheeffectsof
prosocialincentivesrelativetotargetsarerelativelyattenuated:FuelLoad(β=0.003,p=0.84),EfficientFlight
(β=0.010,p=0.52),andEfficientTaxi(β=−0.008,p=0.67). Thatsaid,wedonothaveenoughstatistical
power(partiallyduetothedecreasedsamplesizewhencomparingjusttwoexperimentalgroups)toarguethatthe
coefficientsarestatisticallydifferentfromzero,thoughtheeffectsizesarenoteworthy.
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window.34Inspectionofthesedatayieldsafifthresult:

Result5.Treatmenteffectsattenuateordisappearaftertreatmentisremoved,thoughthe
monitoringeffectremainsforFuelLoadandEfficientFlight.

Inthesixmonthsfollowingtheexperiment,controlcaptainscontinuetooutperformtheir
pre-experimentalbaselineimplementationofFuelLoad(β=0.043,p<0.05)andEfficient
Flight(β=0.239,p<0.01;seecolumns1-3ofTable5).35Furthermore,themonitoringand
informationeffectsonEfficientTaxieffectivelydisappearoncetheexperimentstops,while
thetreatmenteffectsoftargetsandprosocialincentivesremainquitestrong(β=0.078,p
<0.05andβ=0.062,p<0.05,respectively).Discontinuationofthefeedbacklettersleads
toareductioninimplementationofEfficientFlightforalltreatedcaptains,suggestinga
benefitofrepeatedperformancefeedbackforthisoutcomemetric(seecolumn5).

3.2FuelSavings

Giventhesubstantialbehavioralchangeobservedduringtheexperimentalperiodofthe
study,wereporteconomicallysignificantfuelandcostsavingsforourfinalformalresult:

Result6. Largelyduetofuelsavingsfromthemonitoringeffect,weestimatethetotal
overallsavingstobe7,769metrictons($6,106,434)fromthestudythroughouttheeight-
monthexperimentalperiod. Thethreeexperimentaltreatmentsaloneledtoanestimated
1,355metrictonsinfuelsavingsand$553,000incostsavingsforVirginAtlantic.

Todeterminefuelsavingsfromthestudy,weestimatewithin-captaindifferencesinthe
disparitybetweenflightplan(planned)fueluseandactualfuelusefromthepre-studyperiod
tothestudyperiod(Table6). Wecalculatefuelsavingsusinganintent-to-treatapproach
capturedinthefollowingOLSspecification,wherethedifference-in-differenceregression
coefficientprovidesthefuelsavingsperflightforeachrespectivegroup:

Fit=α+Expit·Titβ+Expitγ+Titδ+Xitζ+ωi+eit

whereFitisthefuelsavedperflight(i.e.,thedifferencebetweenplannedandactualfuel
use)forcaptainiattimet. Wesumtheper-flightsavingsforeachtreatmentgroupwith
theaverageper-flightmonitoringeffecttoestimatetheaverageflight-levelsavingsforeach
group,whichwethenmultiplybythenumberofflightsflownbycaptainsintherespective
groupsduringtheexperimentalperiod(seeNotesofTable6).
Forthecontrolgroup,weestimatethetotalfuelsavingstobe1,648tons(496.1kgper

flightsaved×3321flights).Forthetreatmentgroups,weestimateadditionalfuelsavings
beyondthecontrolgroupof500tonsintheinformationgroup(150.19kgx3330flights),

34Wealsoinvestigatethedynamicsofcaptains’responseswithineachtreatmentmonthwithrespecttotemporal
distancefromthepreviousfeedbackreportreceived. Wedonotfindconsistentevidenceofa‘salienceeffect’(see
TableA6inAppendixE).
35Itisimportanttonoteherethatthiseffectmaybeduetocaptains’beliefthatmonitoringcontinuedafterthe
experimentended.Sincewedonotelicitsuchbeliefs,wecannotdistinguishbetweenapersistenteffectofhaving
beenmonitoredversusacontinuedeffectofmonitoring.
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498tonsinthetargetsgroup(165.1kg×3016flights),and357tonsintheprosocialgroup
(109.7kg×3258flights).Summingthesemarginaleffectswiththemonitoringeffect(which
affectsallgroups),weestimatethetotalsavingsfortheinformation,targets,andprosocial
incentivesgroupstobe2,152metrictons(“ton”hereafter),1,994tons,and1,974tons,
respectively.Takentogether,thethreetreatmentsledtoamarginal1,355tondecreasein
fueluseincomparisontothecontrolgroup,andincorporatingthemonitoringeffectsinto
thecalculation,fuelsavingssumto7,769tonsforanoverallvaluesavingsof$6.1million
(in2014fuelprices,whereatonoffuelcost$786).36,37Forcomparison,usingaregression
discontinuitydesignwithrandomlytimedsimulatortrainingsasinputvariables,wefind
noeffectofsimulatortrainingsonfuelefficiency,evenwheninteractedwithexperimental
monitoring(seeAppendixI).

3.3AdditionalSpilloverEffects

Inthissection,weexaminefourpotentialspilloversfromourexperimentaltreatmentgroups.
Theseincludetheimpactondelays,greenhousegasemissions,captainwelfare(measured
throughjobsatisfaction),andthedemandforfurthermanagementpractices.

3.3.1Delays

Asdemandforairtravelgrows,on-timedeparturebecomesanincreasinglyimportantaspect
ofoperationalefficiencyforcommercialairlines.Airlinesmayincurdirectfinancialsanctions
fordeparturedelaysduetoregulationsonairportslotmisuse,andmayalsoexperience
additionalfuel-relatedcostsintheirattemptstorecovertimetoremainonschedulefor
arrival.Itisquiteconceivablethatdeparturedelayscouldincreaseinfrequencyduring
theexperimentalperiod,sinceweareencouragingcaptainstomakeamoredeliberatefuel
calculationandtoconsiderthefuelefficiencyofin-flightdecisions.Alternatively,thereare
anumberofreasonswhywemightexpectthenumberofdelaystodecline,suchasthecase
whencaptains’anticipatemonitoringextendstootherimportantoutcomes.38

TableA7summarizesresultsofthreefixedeffectsregressionsspecifiedasinSection3.1,
butwithdelay-relateddependentvariables.Thefirstdependentvariablecaptureswhether

36Similardata-drivenfuelsavingsestimatescanbecalculatedseparatelyforeachofthethreediscretebehaviors
measuredinagivenflight(seeTableA12intheonlineappendix). Wefindsignificantfuelsavingsacrossallofthe
groupsduringtheexperimentalperiodcomparedtothepre-experimentalperiod,andthehighestfuelsavingscomes
fromEfficientFlightfollowedbyFuelLoad,asexpected. Wefindthatthetargetsandprosocialgroupsexhibitthe
largestfuelsavings,consistentwiththegreatestchangesinobservedbehavior.
37Comparablereductionsinfueldemandwouldrequirefuelpricestoincreasebybetween2.3%and17.5%,according
topriceelasticityofjetfueldemandestimatesfromtheliterature.SeeAppendixH.
38Beyondpossibleanticipationthatdelayswouldreceiveadditionalscrutinyduringthestudy,captains’driveto
implementboththeFuelLoadandEfficientFlightbehaviorscouldhaveencouragedpunctualityintheirpre-flight
procedures.Inthecaseoftheformer,bynarrowingtheirfocusonperformingthecalculationproperly—thereby
reducingattentionpaidtootherdiscretionaryprofessionaljudgmentcalls—thetimetakentoimplementthispre-
flightbehaviormaybereduced. Withrespecttothelatter,captainsaremuchlesslikelytoachieveEfficientFlight
iftheyarrivelatetotheportofarrivalduetohavingmissedalandingslot,soon-timetakeoffisimportanttoavoid
suchdelaysonarrival.Thatmostoftheeffectofthestudycomesinpreventingshortdelays(seeTableA7)appears
tojustifytheplausibilityoftheaboveconsiderations,asevenasavingsofafewminuteswould,onthemargin,trigger
adecreaseinrecordeddelaysduringthestudyperiod.
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theflightwasdelayed(‘Delays’).Theseconddependentvariableindicateswhethertheflight
wasbetween1and15minutesdelayed(‘ShortDelays’),andthethirdindicateswhetherthe
flightwasdelayedmorethan15minutes(‘LongDelays’).
Empiricallyspeaking,theredoesnotappeartobeevidenceinfavorofanincreasein

delaysduringtheexperimentalperiod.TheExptcoefficientinColumn1demonstratesthat
delaysactuallydecreasedby4.3%(p<0.01)duringtheexperiment.TheProsocialtreatment
inducesanadditionalreductionindelaysof2.6%,whichappearstobelargelydrivenbya
decreaseinshortdelays(seeColumn2). Thus,wecanbeconfidentthatdelaysdidnot
increaseduetothemanagementstrategiesimplementedintheexperiment,andindeedthere
issomeevidencethatthenumberofdelaysactuallydeclined.

3.3.2GreenhouseGasEmissions

Improvingfuelefficiencyalsoreducesenvironmentalcosts.Afixedemissionsfactorof3.15
tonsofCO2pertonoffuelallowsforstraightforwardcalculationoftheemissionssavings.
DerivingfromthefuelsavingsestimatesinSection3.2.1,ourstudyprevented24,472tons
ofCO2fromenteringtheatmosphere(excludingsavingsfrompersistentbehaviorchange).
Giventhelackofconsensusonthesocialcostofcarbon(SCC),weusetwomeasuresofthe
SCCtoderivemonetizedestimatesofthecorrespondingenvironmentalsavings:the2010
SCCof$21/tonderivedinGreenstoneetal.(2013)andthe2020SCCrangeof$40-$80from
Stiglitzetal.(2017).Theresultingenvironmentalsavingsamountto$0.51millionusingthe
Greenstoneetal.SCC,and$0.98-$1.96millionusingtheStiglitzetal.SCCrange.Thus,in
industrieswhereemployees’behaviorisadeterminantoffuelorenergyuse(e.g.,shipping,
trucking,aviation,retail,andmanufacturing),strategiessurroundingbehaviorchangemay
presentacost-effectivemeanstomorecloselyalignprivatemarginalbenefitswithsocial
marginalcosts,particularlyintheabsenceofcarbonprices.Assuch,ourstudyhighlightsa
newwaytocombatfirm-levelexternalities:targetworkersratherthanthefirmasawhole.
Moreworkinthisareawouldbewelcome.

3.3.3Captainwelfare

Captains’wellbeingiscentraltoairlineoperationsandpassengersafety.Itistherefore
worthwhileaskinghowcaptainsthemselvesareaffectedbythevariousformsofmanagerial
oversight. Wetakeafirststepdownthisimportantpathbyconsideringcaptains’jobsat-
isfaction.TableA8presentstheintent-to-treatestimatesfortheeffectsofeachtreatment
onjobsatisfactionrelativetothecontrolgroup. Thecoefficientestimatesarepositivefor
alltreatments. Thelargestestimateindicatesapositiveandsignificanteffectofprosocial
incentives,wherecaptainsreporteda0.37-point(6.5%)higherjobsatisfactionratingthan
captainsinthecontrolgroup(p<0.10). Forcontext,thisdifferenceinself-reportedjob
satisfactionisequivalenttothatbetweenanemployeewithpoorhealthcomparedtoone
withexcellenthealth(seeClarkandOswald,1996).
Furthermore,amongcaptainswhoreceivedpersonalizedtargets(i.e.,thoseinthetargets

andprosocialgroups),thosewhometmoretargetsoverthecourseoftheexperimentreported
greaterjobsatisfaction(seeTableA9). Morenuancedinvestigationrevealsthatperformance
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onEfficientTaxidrivesthisresult,increasingjobsatisfactionby0.12points(onaneleven-
pointscale)permonthlytargetmet.Inotherwords,acaptainwhometallEfficientTaxi
targets(outofapossibleeight)hadajobsatisfactionrating0.96pointshigherthanacaptain
whodidnotmeetanyEfficientTaxitargets,assumingalineareffect.39Thus,airlinesmay
wishtoseekmeansinwhichtoassistcaptainsinreachingfuelefficiencytargetsforreasons
pertainingnotonlytocostminimization,butalsotoemployeewell-being.

3.3.4Demandfor managerialoversight

Finally,inthestudydebriefsurveyweassesscaptains’appetiteforcontinuedmanagerial
oversight.40Havingprovidedfulldescriptionsofeachtreatment,weelicitedcaptains’feed-
backregardingthereceiptofsimilarinterventionsinthefuture. Ofthe60%ofcaptains
whorespondedtothesurvey,79%indicatedadesireforthecontinuationofthemanagement
strategiesembodiedinthestudytreatments,whileonly6%expressedapreferenceforthe
pre-studystatusquo.Thisqualitativeinsightsupportsthenotionthatcaptains’welfareas
aresultofthestudyappearstohaveimproved.

4. Conclusion

Economistsareincreasinglyconfirmingthatmanagementwithinfirmsisacorecontributorto
therelativelyhighdispersionofproductivitywithinandbetweensectors(seee.g.,Syverson,
2011;Bloometal.,2013).Thismicroeconomicfacethasearneditsplaceamongstbetter-
understoodeconomy-widefactors—suchastheflexibilityofcapitalandlabormarketsand
theregulationofthesemarkets—inexplainingsector-andfirm-levelproductivity.Inalarge-
scalefieldexperiment,welendinsightsintothecausaleffectsofmanagementpracticeson
productivityinthecontextofskilledlaborinaprofessionalsettinginthedevelopedworld.
Robustevidenceindicatesthatmonitoringofdefinedbehaviorsthataredirectlyrelatedto

productivityprovidesgainsforthefirm,hereintheformofreducedinputcosts.Furthermore,
performancetargetsleadtoproductivitygainsbeyondthosemotivatedbymonitoringalone.
Wefindthatprosocialincentivesdonotincreaseproductivitybeyondtargetsinthissetting,
thoughtheydoleadtohigherjobsatisfaction,whichmighthavelongertermbenefitsonthe
extensivemargin.Inapracticalsense,thesefindingshaveimplicationsforanycorporation
aimingtoincreaselaborproductivity. Foracademics,ourworkhighlightsthepotential
offieldexperimentalpartnershipstoinformproductivitymodels—andprovideempirical
contenttothosemodels—byexamininghighly-skilledprofessionals.
Ourresearchspeakstomultiplefieldswithineconomics.Forexample,inlaboreconomics,

howbesttoincentworkerstomotivateeffortintheworkplacehasbeenaprincipaltopicof

39Oneshouldtakecarenottoprovideastructuralinterpretationofthisresultsinceitisgarneredfromnon-
experimentalvariation.
40EachcaptainreceivedanemailonJanuary29,2015withalinktothestudydebriefsurvey,andthesurvey
closedthreeweekslater. Atotalof202captainsatleastpartiallycompletedthesurveyand187completedit,
whichrepresentsa60%(56%)responserate.Thisresponseratewasachievedaftersendingeachcaptainuptothree
emailswithinfourweeksofferingincentivesupto£105. Wefindthattherearenostatisticallysignificantdifferences
insurveytakingacrossexperimentalconditions(jointF-testsfeaturep=0.69andp=0.68forparticipationand
completionindicators,respectively).
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inquiryfordecades.Theimperfectrelationshipbetweenemployees’effortandproductivity
rendersfirmsincapableofdirectlyrewardingeffortwithprecision(Miller,1992;Lazear,1999;
Malcomson,1999;Prendergast,1999).Aburgeoningfieldexperimentalliteratureonincen-
tivesandworkplaceinitiativesattemptstounderstandtheemployee-employerrelationship
andeffectivemeansbywhichemployersmayincreaseeffortandproductivity(seeListand
Rasul,2011;LevittandNeckermann,2014).Ourresearchaimstoadvancethisliteratureby
identifyingthedistinctimpactsofmanagementpracticesondefinedmeasuresofworkplace
performanceinadevelopedworldlaborcontext.
Weaugmentthemanagementliteratureinanumberofways. First,wemarginally

testisolatedmanagementpracticesanddemonstratetheirdifferingeffectsonproductivity.
Thismethodologyisincontrasttothefieldexperimentalmanagementliteratureatlarge,
whichgenerallyteststheeffectsofabroadarrayofmanagementpracticesimplemented
simultaneously. Whilethesestudies(e.g.,Bloometal.,2013;FryerJr.,2017;andBruhn
etal.,2018)havebroughttheimportanceofmanagementinexplainingproductivityto
thefore,weprovidemorenuancedunderstandingoftheprecisemechanismsunderlyingthe
effectivenessofprevalentpractices.Broadapplicationofthismethodologyinfutureresearch
willlendinsightsintothecomplementarityandsubstitutabilityofthevariouscomponents
thatcompriseeachmanagementstrategy,andinwhichmarkets.
Second,weshowthatthesewell-studiedpractices—particularlymonitoringandtarget

provision—improveproductivityevenforhigh-skilledemployeesinthedevelopedworld,a
contextthathasbeenlargelyneglectedintheempiricalmanagementliterature. Asthe
qualityofproductivitydatacontinuestoimprove,opportunitiestoinvestigatemanagement
practicesrigorouslyinawidervarietyofcontextswillallowresearcherstoshedfurtherlight
onmeansbywhichtooptimizetheproductivityofskilledlabor.
Third,ourstudyhighlightsthepotentialforadditionalbenefitsofsuchtargetedmanage-

mentinitiativesintermsofemployeewelfareandgreenhousegasemissions. Withrespect
totheformer,wefindthatinjectingprosocialelementsintoemployees’incentivestructures
boostsreportedjobsatisfactionrelativetoacontrolgroup,providinganinexpensiveop-
portunityforemployerstoimproveemployeewelfare. Withregardtothelatter,previous
researchexploreshowtheprincipal-agentmodelcanbeappliedtomotivatetheadoptionof
energy-efficienttechnologiesintheresidentialsector(GillinghamandPalmer,2014);research
ofthiskindremainstobeconductedincommercialsectorsdespiteexistingevidenceofacor-
relationbetweenmanagementandfirm-levelemissions(seeBloometal.,2010;Martinetal.,
2012). Weprovideawell-identifiedconfirmationthattheprincipal-agentproblemexistsina
relevantcommercialsetting,andthatresultinginefficienciesextendbeyondindustryprofits
tothewelfareoftheworkerandoftheglobalenvironment.Theexistenceofprincipal-agent
problemsinpollutingindustriesadditionallysuggeststhatimplementationofanotherwise
optimalPigouviancarbontaxwillresultinsuboptimalabatementlevels.
Overall,ourhopeisthattheresearchwillinspireeconomiststoconsidermeansbywhich

torigorouslyandambitiouslypursueknowledgeofthedriversofproductivityincontexts
ofconsiderablerelevanceandapplicabilitytopolicymakersandbusinesspractitionersin
decadestocome. Understandingmechanismsthroughcarefulpartnershipofmodelsand
fieldexperimentationrepresentsauniquepathforwardthatholdsmuchpromise.
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Figure1
BehavioralImplementationbyStudyGroupBefore,During,andAftertheExperiment

(a)FuelLoad

(b)EfficientFlight

(c)EfficientTaxi

Notes: They-axisforeachoftheabovegraphsrepresentstheproportionofflightsforwhichafuel-relatedbehaviorhasbeenimplementedbefore
(darkgray),during(mediumgray),andafter(lightgray)theexperimentforeachexperimentalconditioninourstudy(x-axis). Thesebehaviors
areaveragedatthestudygrouplevelforthe monthsinourdatasetpreceding(January2013-January2014),during(February2014-September
2014),andfollowing(October2014-March2015)thestudyperiod. Theerrorbarsrepresentstandarderrors.
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Figure2
BehavioralImplementationOverTime

(a)Pooled

(b)MonitoringGroupOnly

Notes: They-axisrepresentstheproportionofflightsforwhicheachfuel-relatedbehaviorhasbeenimplemented,
whilethex-axisindicatesthecorrespondingmonthinourdataset,whereJanuary2013ismonth1andOctober2014
ismonth21,andtheexperimenttookplaceduringmonths14to21.
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Figure3
Within-SubjectImplementationChangesinControlGroupafterMonitoringisAnnounced

(a)FuelLoad

(b)EfficientFlight

(c)EfficientTaxi

Notes:Thedatapointsinthegraphrepresenttheproportionofflightsforwhicheachcaptaininthecontrolgroup
implementedthefuel-relatedbehaviorsonaveragebeforetheexperiment(January2013-January2014),inascending
orderofpre-experimentalperformance.Theverticalarrowsrepresentthesameproportionduringtheexperimental
period(February2014-September2014). Anupwardarrowindicatesanimprovementinimplementation(asa
proportionoftotalflights)ofthebehavior,whileadownwardarrowindicatesadeclineinimplementation.
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Figure4
LinearTrendofBehavioralImplementationOverTime,byStudyGroup

(a)FuelLoad

(b)EfficientFlight

(c)EfficientTaxi

Notes:They-axisrepresentstheproportionofflightsforwhichafuel-relatedbehaviorhasbeenimplemented.The
x-axisrepresentstimeinmonths,andthedashedlineindicatesthestartoftheexperiment. Weprovidealinearfit
ofimplementationforeachofthefourexperimentalgroupsbeforeandafterthestartoftheexperiment,represented
bythesolidlines.
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Table1
TreatmentGroupDesign

Monitoring Information Targets Prosocial

Control
TreatmentGroup1
TreatmentGroup2
TreatmentGroup3
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Table2
BalanceonCaptainandFlightCharacteristics

Testof Testof Testof Testof Testof Testof
C: T1: Equality T2: Equality: Equality: T3: Equality: Equality: Equality:

Control Information C=T1 Targets C=T2 T1=T2 Prosocial C=T3 T1=T3 T2=T3

Captaincharacteristics:
Seniority 177.93 157.16 p=0.161 174.56 p=0.825 p=0.263 171.87 p=0.682 p=0.327 p=0.863

(94.68) (97.38) (102.00) (97.17)
Age 52.23 51.93 p=0.707 51.20 p=0.232 p=0.387 52.31 p=0.926 p=0.633 p=0.193

(5.34) (5.10) (5.73) (5.15)
Trainer 0.165 0.188 p=0.687 0.185 p=0.728 p=0.960 0.202 p=0.527 p=0.817 p=0.780

(0.373) (0.393) (0.391) (0.404)
Trusted 0.035 0.047 p=0.700 0.025 p=0.690 p=0.440 0.024 p=0.660 p=0.414 p=0.971
Pilot (0.186) (0.213) (0.156) (0.153)

Flightcharacteristics:
PlanRamp 76,750 78,559 p=0.440 76,666 p=0.971 p=0.764 76,042 p=0.442 p=0.294 p=0.793

(14,993) (15,467) (14,815) (15,587)
ActualFuel 67,851 69,497 p=0.448 67,763 p=0.967 p=0.770 67,216 p=0.426 p=0.302 p=0.802

(13,861) (14,327) (13,629) (14,326)
Engines 3.439 3.483 p=0.648 3.419 p=0.840 p=0.515 3.392 p=0.633 p=0.354 p=0.786

(0.629) (0.615) (0.640) (0.658)
Flights/Month 5.182 5.150 p=0.877 5.305 p=0.571 p=0.465 5.261 p=0.706 p=0.586 p=0.837

(1.372) (1.310) (1.406) (1.328)
FuelLoad 0.417 0.422 p=0.866 0.424 p=0.831 p=0.769 0.408 p=0.956 p=0.616 p=0.589

(0.208) (0.175) (0.180) (0.185)
EffFlight 0.322 0.322 p=0.979 0.327 p=0.778 p=0.835 0.326 p=0.789 p=0.849 p=0.942

(0.124) (0.114) (0.130) (0.130)
EffTaxi 0.365 0.359 p=0.874 0.367 p=0.947 p=0.460 0.339 p=0.821 p=0.561 p=0.418

(0.230) (0.229) (0.222) (0.226)

Sample n=85 n=85 n=81 n=84

Notes:Thetablereports meansandstandarddeviations(inparentheses)forcaptainsinthefourexperimentalconditionsinthepre-experimentaldata(January2013-January2014),inaddition

totestsofequalityforeachpairofgroups(t-testforcontinuousvariables,χ2testforindicatorvariables).Seniorityandagearecontinuousvariables,whiletrainerandtrustedpilotareindicator
variables.Senioritycapturesthecaptain’srankingamongst VAAcaptains.Age isthecaptain’sageinyears(in2014).Trainer captures whetherthecaptaintrainsothercaptainsinthelatest
flighttechniques,andtrustedpilotindicateswhetherthecaptainwasincludedinpre-studyfocusgroups.PlanRampmeasurestheamountoffuelanticipatedfortheentireflight(includingtaxi-
outandtaxi-in)—whichthereforeactsasaproxyfordistanceflown—andActualFuel istheactualamountofper-flightfuelrealized.Enginesistheaveragenumberofenginesonaircraftflown.
Flights/Monthistheaveragenumberofflightsacaptainflewinagiven monthinthethirteen monthsleadinguptothestudy.FuelLoad,EffFlight,andEffTaxirepresenttheproportionofeach
captain’sflightsonwhicheachofthethreefuel-efficientbehaviorstargetedbythestudywere metinthepre-experimentalperiod.
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Table3
SummaryStatistics:AverageAttainmentofFuelLoad,EfficientFlight,and

EfficientTaxiinallTimePeriods

Control Treatment1: Treatment2: Treatment3: AllCaptains
Information Targets Prosocial

FuelLoad

BeforeExperiment

0.421 0.428 0.434 0.414 0.424
(0.494) (0.495) (0.496) (0.493) (0.494)
5,258obs 5,429obs 5,070obs 5,140obs 20,897obs

DuringExperiment
0.443 0.462 0.475 0.458 0.459
(0.497) (0.499) (0.499) (0.498) (0.498)
3,321obs 3,330obs 3,016obs 3,258obs 12,925obs

AfterExperiment

0.446 0.446 0.469 0.412 0.442
(0.497) (0.497) (0.499) (0.492) (0.497)
2,140obs 2,120obs 1,867obs 2,063obs 8,190obs

EfficientFlight

BeforeExperiment

0.311 0.314 0.313 0.312 0.312
(0.463) (0.464) (0.464) (0.463) (0.463)
5,258obs 5,429obs 5,070obs 5,140obs 20,897obs

DuringExperiment
0.476 0.503 0.528 0.510 0.504
(0.500) (0.500) (0.499) (0.499) (0.500)
3,321obs 3,330obs 3,016obs 3,258obs 12,925obs

AfterExperiment

0.548 0.521 0.536 0.525 0.533
(0.498) (0.500) (0.499) (0.499) (0.499)
2,140obs 2,120obs 1,867obs 2,063obs 8,190obs

EfficientTaxi

BeforeExperiment

0.352 0.339 0.348 0.318 0.339
(0.478) (0.473) (0.476) (0.466) (0.473)
3,380obs 3,596obs 3,260obs 3,341obs 13,577obs

DuringExperiment
0.507 0.588 0.622 0.590 0.575
(0.500) (0.492) (0.485) (0.492) (0.494)
2,117obs 2,109obs 1,864obs 2,014obs 8,104obs

AfterExperiment

0.547 0.585 0.643 0.607 0.594
(0.498) (0.493) (0.479) (0.489) (0.489)
1,277obs 1,201obs 1,090obs 1,218obs 4,786obs

Notes:Thetablereportstheproportionofflightsforwhichcaptainsinagivengroupperformedeachofthethreese-
lectedbehaviors.Duetorandommemoryerrors,EfficientTaxidataisunavailablefor37.0%offlightsinourdataset.
Thismissingdataisinnowaysystematicandthereforedoesnotbiastheresults,thoughitmoderatelyreducesthe
poweroftheEfficientTaxiestimatesinthesubsequentanalysis.Standarddeviationsarereportedinparentheses,
whichisfollowedbythetotalnumberofobservations(flights)fromwhichthesummarystatisticsarecalculated.
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Table4
TreatmentEffectIdentificationusingDifference-in-DifferenceRegression

(1) (2) (3) (4) (5) (6)
FuelLoad EffFlight EffTaxi FuelLoad EffFlight EffTaxi

Expt 0.033** 0.132*** 0.038* 0.033** 0.132*** 0.038**
(0.014) (0.014) (0.020) (0.013) (0.013) (0.016)

Expt·Information 0.007 0.017 0.079*** 0.007 0.017 0.079***
(0.017) (0.016) (0.025) (0.015) (0.014) (0.017)

Expt·Targets 0.022 0.037** 0.096*** 0.022 0.037** 0.096***
(0.018) (0.018) (0.026) (0.015) (0.015) (0.018)

Expt·Prosocial 0.025 0.047*** 0.088*** 0.025* 0.047*** 0.088***
(0.016) (0.017) (0.026) (0.015) (0.014) (0.018)

Observations 33,822 33,822 21,681 33,822 33,822 21,681
#ofCaptains 335 335 335 335 335 335
Controls Yes Yes Yes Yes Yes Yes

StandardErrors:
Clustered Yes Yes Yes
Newey-West Yes Yes Yes

Notes:Thetableshowstheresultsofapaneldifference-in-differenceregressionspecificationwithcaptainfixedeffectsand
bothclusteredandNewey-Weststandarderrors(lag=1),controllingforlineartrendsinthedata.Theregressionscompare
pre-experimentbehavior(January2013-January2014)tobehaviorduringtheexperiment(“Expt”;February2014-September
2014). Thedependentvariablesintheregressionsaredummiescapturingwhetherthefuel-efficientbehaviorisperformed,
andsincepredictedvaluesarenotconstrainedbetween0and1,wedonotreportaconstantandinsteadfocusontreatment
effects. Assuch,thecoefficientsindicatetheincreaseintheproportionofflightsbeyondthecontrolgroupforwhichthe
behaviorofinterestissuccessfullyperformed.Robusterrorsareclusteredatthecaptainlevel.Controlsincludeweatheron
departureandarrival,numberofenginesontheaircraft,aircrafttype,portsofdepartureandarrival,aircraftmaintenance,
captains’contractedhours,andwhetherthecaptainhascompletedanannualtraining.∗∗∗p<0.01∗∗p<0.05∗p<0.10
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Table5
Persistence:TreatmentEffectIdentificationPostExperiment

Pre-vs.Post-experiment Duringvs.Post-experiment
(1) (2) (3) (4) (5) (6)

FuelLoad EffFlight EffTaxi FuelLoad EffFlight EffTaxi

Post 0.043** 0.239*** -0.009 0.013 0.007 -0.019
(0.021) (0.022) (0.030) (0.018) (0.019) (0.025)

Post·Information -0.004 -0.038* 0.034 -0.016 -0.046** -0.035
(0.020) (0.023) (0.032) (0.020) (0.022) (0.029)

Post·Targets 0.010 -0.030 0.078** -0.007 -0.063*** -0.032
(0.020) (0.025) (0.030) (0.019) (0.023) (0.027)

Post·Prosocial -0.030 -0.030 0.062** -0.047** -0.052** -0.021
(0.021) (0.023) (0.027) (0.021) (0.022) (0.028)

Observations 29,087 29,087 18,363 21,115 21,115 12,890
#ofCaptains 335 335 335 335 335 335
Controls Yes Yes Yes Yes Yes Yes

Notes:Thetableshowstheresultsoftwodifference-in-differenceregressionspecificationswithcaptainfixedeffectscom-
paringpre-experimentalbehavior(January2013-January2014)topost-experimentalbehavior(“Post”: October2014-
March2015). Thedependentvariablesintheregressionsaredummiescapturingwhetherthefuel-efficientbehavioris
performed,andsincepredictedvaluesarenotconstrainedbetween0and1,wedonotreportaconstantandinsteadfocus
ontreatmenteffects. Assuch,thecoefficientsindicatetheincreaseintheproportionofflightsbeyondthecontrolgroup
forwhichthebehaviorofinterestissuccessfullyperformed. Weprovideconventionalrobuststandarderrorsclusteredat
thecaptainlevel. Totalflightobservationsareprovided. Controlsincludeweatherondepartureandarrival,numberof
enginesontheaircraft,aircrafttype,portsofdepartureandarrival,aircraftmaintenance,captains’contractedhours,and
whetherthecaptainhascompletedanannualtraining. ∗∗∗p<0.01∗∗p<0.05∗p<0.10
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Table6
Data-SupportedEstimatesofOverallFuelSavings(intons)

(1) (2) (3) (4)
FlightPlanSavings FuelLoad EfficientFlight EfficientTaxi

Monitoring 1,647.79*** 586.70*** 850.43*** 56.52***
(207.54) (97.71) (140.27) (16.87)

Information 2,152.39*** 494.45*** 932.59*** 69.11***
(215.51) (95.56) (121.46) (15.15)

Targets 1,994.37*** 574.66*** 1089.04*** 66.05***
(194.10) (85.24) (110.89) (16.15)

Prosocial 1,973.99*** 680.33*** 1074.74*** 38.29**
(206.15) (96.29) (119.55) (15.03)

FuelSavingsfrom
BehaviorChange

- 2,336.14 3,946.80 229.96

TotalFuelSavings 7,768.54 6,512.90

Notes: Thetablepresentsestimatesoftotalfuelsavingsbytreatmentgroup.Savingsarebasedonregressioncoefficientsfroma
difference-in-differencespecificationwithcaptainfixedeffectsandNewey-Weststandarderrors(lag=1)comparingpre-experimental
behavior(January2013-January2014)tobehaviorduringtheexperiment(February2014-September2014).Thedependentvariable
incolumn(1)isthedeviationbetweenactualfuelusedandpredictedfueluseintheflightplan.Thedependentvariableincolumns
(2)-(4)isthedeviationfromidealfuelusageineachofthethreeflightperiodsasdescribedinthetext. Wecalculatefuelsavings
withanintent-to-treatapproachwheretheregressioncoefficientofeachgroup(i.e.,thegroup’saveragetreatmenteffect)andthe
averagemonitoringeffect(i.e.,thecoefficientoftheexperimental-periodindicator)aremultipliedbythenumberofflightsineach
group(3,321;3,330;3,016;and3,258,respectively).Inotherwords,weassumethatthe monitoringeffectisproportionaltothe
numberofflights.Theper-flightfuelsavingsestimatescorrespondingtocolumn(1)forthecontrol,information,targets,andproso-
cialincentivesgroups—controllingforalineartimetrend—are(respectively):496.17(p<0.01),150.19(p<0.05),165.09(p<0.05),
and109.72(p=0.10). Controlsincludeweatherondepartureandarrival,numberofenginesontheaircraft,aircrafttype,portsof
departureandarrival,aircraftmaintenance,captains’contractedhours,andwhetherthecaptainhascompletedanannualtraining.
∗∗∗p<0.01∗∗p<0.05∗p<0.10
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A Theoretical Model

A.1 ModelSetup

Weconsiderastaticchoiceproblemthatdeterminesacaptain’schoseneffortonthejobina
certainperiod.Inourmodel,weassumethatcaptains,whohavevastflyingexperience,are
atanequilibriumfuelusagewithrespecttotheirwealth,experience,effort,andconcerns
forsafety,theenvironment,andcompanyprofitability.41

Acaptainfacesthefollowingadditivelyseparableutilityfunction:

U(w,s,e,f,g)=u(w,e,g)+a·v(d(e)·g,g0,G−i)+y(s,e,f)−c(e)−s(e) (1)

whereu(·)isutilityfrommonetarywealth,v(·)isutilityfromgivingtocharity(pro-social
behavior),y(·)isutilityfromjobperformance,c(·)isdisutilityfromexertingeffort,and
s(·)describesdisutilityfromsocialpressure. Effortischosenforallthreeflighttasks,j,
i.e.,FuelLoad,EfficientFlight,andEfficientTaxi.Captainsobservetheireffortperfectly.
Theyalsoreceiveanoisysignaloffuelusagefit+ it=f̄it.fitdescribestheestimated
fuelusagebycaptainiforflighttwhichdependsonthechoseneffortforthefuel-efficient
activities.f̄itisactualfueluse,observedexpostbytheairline,whichalsoincludesarandom
component.42Furthermore,eachcaptainhasanidealfuelusagefI,whichisbasedonher
ownexperienceandenvironmentalandfirmprofitpreferences.Byrevealedpreferencethe
equilibriumpre-studyfuelusageisfI=f̄.
Experimentaltreatmentsinthisstudyalterthreemodelparameters. First,receiving

informationonfueluse,i=1(information),removesthenoisinessofthefuelsignal,i.e.,
fit+(1−i)it=f̄it.Second,provisionofatarget,r=1(target),changesthecaptain’sideal
fuelusage,fI,becausetheemployerexogenouslyimposesatargetlevel.Then,fI=fTif
r=1wherefT reflectsthesignaledoptimalusagefromthepointofviewoftheairline.
Third,inthepro-socialbehaviortreatmentadonation,g,ismadebytheairlineinthename
ofthecaptain.Thisdonationisconditionalonmeetingthetargetwhichhasaprobability
ofd(e)inthistreatment.43Inallothertreatments,reachingparticularfueluselevelsdoes
notleadtodonations,i.e.,d(e)=0. Parametersandelementsoftheutilityfunctionare
explainedinmoredetailbelow.

(Dis)utilityfromsocialpressure.InthespiritofDellaVignaetal.(2012,“DLM”here-
after)andBénabouandTirole(2006),weassumethatcaptainsareeitheraffectedbysocial
pressureduetotheiractionsbeingobservedorexhibitsomesortofsocialsignalinginwhich

41InaMITsurvey,commercialairlinecaptainsexpressedaconcernoverfuelusageandfuelcost,bothforen-
vironmentalreasonsandcompanyprofitability. Tobecomeanairlinecaptainrequiresmanyyearsoftrainingand
experiencewithinanairline;ifacaptainlosesherjobwithoneairlineandseeksemploymentinanother,shelosesher
priorseniorityandmustworkformanyyearstoreinstateit. Thus,forthesakeoftheirownjobsecurity,captains
careaboutminimizingfuelcosts.
42Duetothevastexperienceofcaptains,weassumeE(it)=0,i.e.,captainspredictfuelusagecorrectly,on
average.
43Captainscandirectlyinfluencetheprobabilitywiththeireffort. Thatis,captainscanbecertainthattheydo
notmeetatargetiftheyputinlittleeffort,andtheycanbecertainthattheyhaveachievedthetargetiftheyput
insufficienteffort.
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theywanttoappeartobegoodemployees.Inthisframework,captainsareawareofanop-
timal,socialeffortlevel,esocial.Becauseexertingeffortiscostlytothecaptainandbecause
heractionsareimperfectlyobservedwithprobabilityπobserved<1,generallye>esocial.44

Inthisstudy,captainsinboththecontrolgroupandtreatmentgrouparemadeawarethat
theiractionsaremonitoredanddataontheireffortareusedforaninternalandacademic
study. Consequently,weexpecttheprobabilityofdetectionofdeviationsfromthesocial
effortleveltoincreaseforallparticipantsinthestudyrelativetothepre-studyperiod,i.e.,
πobservedstudy >πobservedpre . Weparameterizesocialpressureasfollows:

s(e)=[πobserved·(esocial−e)+(1−πobserved)·0]·1(e<esocial)

Socialpressuredecreasesutilityifthechoseneffortlevelisbelowthesociallyoptimal
effortlevelofthecaptain. Thisdisutilityisincreasinginthedistancefromtheoptimal
effortlevelandintheprobabilityoftheseactionsbeingobservedbytheairline.Thesecond
termisanindicatorfunctionimplyingthatunobserveddeviationsdonotleadtodisutility..
Foragentsthatexertmoreeffortthanesocial,s(e)simplydropsoutoftheirutilityfunction.
Consequently,captainscandirectlyimpactthelevelofdisutilitybyexertingmore(costly)
effort.
Notethats(e)enterstheutilityofeverycaptainbelowthesocialeffortlevel,regardlessof

treatmentassignment.Ifsocialpressureisimportant,evencontrolcaptainsshouldrespond
tothisincreasedcostofloweffort.45Becauses(e)isorthogonaltotreatment,weomititin
thefollowingdiscussionandinthederivationofcomparativestatics.46

Utilityfromwealth.SimilartoDLM,forwealthw,charitablegivingfromtheairlineg
formeetingthetarget(ifapplicable),andothercharitablegivingg0,uisdefinedasfollows:

u(w,e,g)=u(w−g0(d(e)·g)+a·d(e)·g)

wherea=






0 ifa<0

a if0≤a≤1

1 ifa>1

Privateconsumptionisanindividual’swealthminustheamountgiventocharityfrom
thatperson’swealth(i.e.,notfromthisstudy).However,toensurethatuiscontinuously
differentiable,weneedtoaccountfortheeffectofcharitabledonationsresultingfromour
treatmentsonutilityfromprivateconsumption. Tocapturethiseffect,wemultiplythe
individual’sexpecteddonation,d(e)·g,byafunctionofa—aparametercapturingpreferences
forgiving—whichwecalla.AsinDLM,theparameteraisnon-negativeinthecaseofpure

44Itisplausibletoarguethateffortisperfectlyobservedintheaviationindustrywithmoderntechnology.However,
captainsmightnotexpectthesedatatobeanalyzedonaregularbasis.
45Alternatively,wecouldinterpretesocialasalevelofeffortinducedbytheresearcher,leadingtoexperimenter-
demandeffects.Putdifferently,captainsinthestudycouldthinktheyareexpectedtoincreaseeffortandnotdoing
soimposesutilitycostsonthem.
46Socialpressureisadditivelyseparablefromotherutilityelementsinalinearmodel. Consequently,itdoesnot
affectthesignofcomparativestaticsderivedbelowand,ifinteractionsarepresent,onlyattenuatestreatmenteffect
estimates.

4



orimpurealtruismandnegativeinthecaseofspite47,andaissimplyatruncatedat0and
1.
Thereasonsforcreatingsuchboundariesonthetermcapturingpreferencesforgivingare

twofold.First,anindividualwithspitefulpreferences(a<0)doesnotgetlessutilityfrom
privateconsumptionwhenshedonatestocharitythanwhenshedoesnotdonatetocharity;
therefore,aiscensoredfrombelowat0.Second,anindividualwithpureorimpurealtruistic
preferenceswillgetadditionalutilityfromherprivateconsumptionbygivingtocharity
throughourtreatmentbecauseitcorrespondstoanoutwardshiftinthebudgetconstraint
inthedimensionofgivingtothechosencharity. However,aiscensoredfromaboveat1
becauseanindividualwillexperienceweaklymoreutilityfromincreasesinwthanfrom
givingtothechosencharity(i.e.,∂u

∂w
≥∂u
∂g
).Thisrelationholdssinceincreasesinwshiftthe

budgetconstraintoutwardinalldimensions—includingthecharitablegivingdimension—so
thesemustbeweaklypreferredtoshiftsinonlyonedimension.Thisstipulationisimportant
toassumedifferentiabilityinuinastandardexpectedutilityframework,asinDLM.
Pleasenotethattheamountanindividualgivestoothercharitieswillberelatedtothe

amountthatshegivestocharityinthecontextofthisstudy. Captainswillsmooththeir
consumptionforgiving.Ifacaptainnormallygives$100tocharityeachyearandthisyear
shegives$10throughthecontextofthestudy,wewouldexpecthertotalgivingtobe
between$100and$110,org0+g∈[100,110].Therealizationofthesumdependsonthe
valueofaandwhetherastemsfrompurealtruism,impurealtruism,orspite. Weshould
expectthatanindividualwhohasanegativeavaluedoesnotdonatetocharityoutsideof
thecontextofthisstudysincedonatingtocharitydecreasesthatindividual’sutility.

Utilityfromcharitablegiving. ThevtermisalsoadaptedfromDLMandfollowsthe
samepropertiesforeachtypeofindividual(pureorimpurealtruisticandspiteful). The
maindifferencebetweenthevterminthisstudyandthatinDLMisthatinthisstudy,
noteveryonehastheopportunitytodonatetocharity(i.e.,d(e)>0foronlyonetreatment
group). Wealsoassumethatvisseparableinitsparameters,asfollows:

v(d(e)·g,g0,G−i)=v1(d(e)·g,G−i)+v2(θg0,G−i)

whereθisthecostofgivingthroughchannelsotherthanthestudyandG−iistotalgivingby
otherindividuals.Inthisspecification,v1representsutilityfromgivinginthestudycontext
andv2representsutilityfromgivingfromone’spersonalwealth.Notethatv1(0,G−i)=0
sinceifd(e)=0,thenacaptainisnotabletodonatetothecharitythroughthecontext
ofthestudy,sov1shouldnotaffecttheutilityfunction(similartothespitecase).Based
ontheargumentsmadeabovewithrespecttoconsumptionsmoothing,v|d=0≤v|d=p,0=
v1|d=0 ≤v1|d=p,v2|d=0 ≥v2|d=p. Thatis,utilityfromgivingisatleastashighforthose
captainsforwhomd(e)=pasitisforthosecaptainsforwhomd(e)=0,whichfollowsfrom
ourassumptionthatgivinginthestudycontextcanonlydecreasegivingfromone’sown
wealthornotaffectitatall.Finally,since∂p

∂e
>0,wehave∂v

∂e
≥0.

47AsdefinedinAndreoni(1989,1990),pureandimpurealtruismcapturetwopossiblemotivationsforgiving.The
firststemsfromapreferencesolelyforprovisionofthepublicgood,sothatanindividual’sdonationsareentirely
crowdedoutbydonationsfromothersources.Impurealtruism,ontheotherhand,referstothephenomenonwhereby
individualsreceivedirectutilityfromtheactofgivingitself,i.e.,through“warmglow”.Spite,asdefinedinDLM,
existswhenanindividualgetsdisutilityfromdonatingtothecharity.
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Inthecaseofpurealtruism,anindividualshouldgetthesameutilityfromgivingto
charityfromherpersonalwealthasfromgivingtocharitythroughthecontextofthestudy,
sincethebenefittothecharityisidentical.Inthissense,vcanbethoughttorepresent
thecharity’sproductionfunction.Inthecaseofimpurealtruism,anindividualshouldalso
getthesameutilityfromdonatingtocharitythroughherpersonalwealthasshedoesfrom
donatingthroughthecontextofthestudybecausetheamountdonatedonherbehalfisthe
same.Lastly,inthecaseofspite,g0=0sincegivingtocharitydecreasesutilityandsothose
individualswillnotgivetocharityindependentlyofthestudy.Note,v(0)=0becauseifa
persondoesnotgivetocharityinpersonthenherutilityfromgivingtocharityinpersonis
0.

Utilityfromjobperformance.Sincecaptainscareaboutfuelefficiency,andsinceimposing
exogenoustargetsonperformanceaffectsacaptain’sperceptionofhowwellsheisdoingher
job,weincludeaparameterycapturingjobperformance.48 Weassume yisseparablein
safety(s)andfuel(f)becausechangesinfuelasaresultofthestudydonotaffectsafety
levels,asarguedinourassumptionabove.Acaptainwhoseperformanceexceedshertarget
willachievehigherutilityunderthisparameterthanacaptainwhodoesnotachieveher
target. Similarly,acaptainwillexperienceless(more)utilitythefurtherbelow(above)
thetargetisherperformance. Wethereforeincorporatejobperformanceintothemodelas
follows:

y(s,e,f)=y1(s)+y2(e,f)=y1(s)+y2(−f̄|−fI)

where

y2(−f̄|−fI)=y2m(−f̄)+y2n(−f̄|−fI)

and

y2n(−f̄|−fI)=r·µ(y2m(−f̄)−y2m(−fI))

Here,y2isdefinedasinKöszegiandRabin(2006,KRhereafter). Wedenotethecomponents
ofy2“m”and“n”tomirrorthenotationinKR.AsinKR,mrepresentsthe“consumption
utility”andnrepresentsthe“gain-lossutility.”Thesetermsareseparableacrossdimensions.
Finally,µisthe“universalgain-lossfunction”andhastheassociatepropertiesoutlinedin
KR.Tobeclear,weassumethatcaptainswhoreceiveexogenoustargetsperceivethese
targetsasreferencepointsfortheirownattainment.
Notethatcaptainsgetutilityfromusinglessfuel∂y2

∂f
≤0and,conditionalonreceiving

areferencepoint,getutility(disutility)fromperformingabove(below)thetarget,which
increaseswithdistancefromthetargetaccordingtoµ. Weassumeµislinearandµ(x)=ηx
ifx>0andµ=ηλxifx≤0forη>0,λ>1,inaccordancewiththeoriesoflossaversion.
Moreover,followingnaturallyfromourdefinitionofµ,weassumey(x)=x.Ifacaptain

48Evidenceindicatesthatinfluencingjobperformancepositivelyinfluencesjobsatisfaction(orutility),whether
throughincreasedself-esteemorperceived managerialsupportforautonomousdecision-making(Christenetal.,
2006;PugnoandDepedri,2009).
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doesnotreceiveareferencepoint,herutilitydoesnotcomprisegain-lossutility,soforthese
individualsy2=y2m.Thatis,ifr=0,captainsdonotreceiveinformationregardingideal
performancewithrespecttofuelefficiency,sotheirjobperformanceparameterdepends
solelyonfuelconsumption.49

Additionally,basedonindustrystandardsandemphasisonsafety—aswellasthedesign
ofthetreatments—weassumethatcaptains’jobperformanceutilityfromflyingsafelyis
constantacrosstreatments,therefore:

∂y

∂s
=S≥0

(Dis)utilityfromeffort.Finally,crepresentsthecostofeffort.Importantly,theindividual

costfunctionsforeachfuel-efficienttaskareallowedtodiffertoconveythatvarioustasks
havedifferentcostsassociatedwiththem.Thecoststructureisafunctionofthedifficulty
ofthetaskitself(e.g.,itmaybeeasiertoturnoffoneengineafterlandingthantohave
anefficientflightforseveralhours)andresistanceduetoprevioushabitformation(e.g.,
captainswhoformanyyearshavenotproperlyperformedtheZero WeightFuelcalculation
mayfinditdifficultorbothersometobegindoingso).Additionally,thecostsforeachtask
areseparablesincethetasksaredoneindependently.Therefore,

c(e)=
j

cj(ej)

Foracaptaintodecreaseherfueluse,shemustalsoincreasehereffort,i.e.,∂f
∂e
<0.Note

thatc(e)issubtractedintheutilityequation,so∂U
∂c
<0,∂c

∂e
>0.Basedoninterviewswith

captains,thecostofeffortincreasesatanincreasingrate. Definingthecostofeffortasa
quadraticfunctionofeffortimpliesthatthecostofeffortincreaseswiththeamountofeffort
exerted(i.e.,∂

2c
∂e2
>0).

A.2 ModelPredictions

Captainswillchoosehowmuchefforttoexertbasedonthetreatments(information,targets,
prosocialincentives)asinthemoralhazardmodel(seeHolmström,1979). Themodelis
simplifiedbecauseagentsarecurrentemployeeswhosebasesalariesarenotaffectedbythe
study. Thetreatmentsdoaffectjobsatisfactionandcharitablegiving,however. Different
treatmentsrepresentdifferentcontracts.
WenowdefineV(−f)tobetheutilityofthefirm(theprincipal)fromtheperspectiveof

theemployee(theagent)asafunctionoffirmcosts,i.e.,fuelcosts.Vishighlyrelatedtoy
sinceanemployee’sjobsatisfactionislinkedtothewell-beingofthefirmitself. Weassume
Visindependentoftreatmentstatus,τ,becausethemarginalbenefitandmarginalcostto
thefirmdonotdependdirectlyontreatment,butratherontheamountoffuelused(i.e.,
forthesameleveloffuelbuttwodifferenttreatments,Visthesame).Additionally,salaries
arefixedanddonationstocharityarepaidbyanoutsidedonor.

49Tobeclear,giventhatourreferencepointisexogenouslyimposed,onecannotclearlyassesswhethertheindividual
captainisbetteroffinthetargetsgroupthaninanothergroup.
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WefurtherdefineU(e,τ)tobetheutilityfunctionundertreatmentτwithefforteandŪ
asacaptain’soutsideoption.50Letėbethepre-studyamountofeffortandëbethechosen
effortunderτ.Notethattheprofit-maximizingprincipal(VAA)wantstodesigncontracts
(treatments)thatinducetheoptimallevelofeffortfromthepointofviewoftheprincipal.
Inthiscase,theprincipalobservesboththeoutcome(fuelusage)andtheeffortbytheagent,
butisrestrictedfrommakingcontractualchangesthatintroducemonetarycompensation
basedoneffortlevels.
Therefore,theproblembecomes:

max
e,g0

E[V(−f)]

s.t. E[U(w,s,ë,fI,g,τ)]≥Ū

and ë∈argmax
ë

E[U(w,s,ë,fI,g,τ)]

Thefirst-orderconditionis V(−f)
U(w,s,̈e,fI,g,τ)

=λandsoU(w,s,ë,fI,g,τ)=λ·V(−f).
Captainschoosetheeffortlevelthatsatisfiesthemarginalconditions.

Proposition1.Captainsinthecontrolgroupwillchangetheirbehavioriftheyareinfluenced
bysocialpressure.Thatis,theywillgenerallyincreaseeffortiftheireffortlevelisbelowthe
socialeffortlevel.

Proof: Wearguedabovethatscrutinyduetotheinterventionislikelyto(weakly)increase
theprobabilityofdetectionofasub-optimaleffortlevel(πobserved)ortheperceivedsocially
optimallevelofeffort(esocial),orboth. Botheffectsincreasethesocialcostcomponent
oftheutilityfunctionforcaptainsinalltreatmentcells,includingthecontrolgroup.Put
differently,foragivenlevelofeffortē<esocial,theinterventionincreasesthemarginalsocial
costofexertingloweffort∂U

∂s
|̄e. Consequently,captainsrespondtothesenewmarginal

conditionsandincreasetheireffortiftheyarebelowthe(perceived)sociallyoptimallevel.51

Proposition2.Informationwillcausecaptainstoincreaseordecreasetheireffortand
therebyincreaseordecreasefuelusagerespectivelyorchoosetheoutsideoption,depending
ontherealizationofthedifferencebetweenestimated(fit)andactual(̄fit)fuelusage(i.e.,
thevalueoftheparameterit).

Proof:Letthepre-studyperiodbet=0andthestudyperiodbet=1.
Assumeinperiodt=0,i0<0,thenfi0>f̄i0,sothatwhencaptainsreceiveinformation

int=1,theylearnthaty2m(−f̄)>E[y2m(−f̄)].Inotherwords,theyweremorefuel-efficient
int=0thantheyexpectedtobe.Therefore,iftheyprovidethesamelevelofeffortinperiod
t=1,theywillexperiencealevelofutilitygreaterthantheirpre-studyequilibrium.They
paythesamecostofeffortbutreceivemoreutilityfromjobperformance.Theywillthen

50OurnotationdiffersslightlyfromHolmström(1979)sincethecostoftheactionisembeddedintheutilityfunction
oftheagent.
51Becauseoforthogonalitytotreatment,theconditionofbeingobservedsimplyincreasesbaselineeffort.Further-
more,becauseutilityisadditivelyseparable,qualitativefindingsfromthesubsequentcomparativestaticsanalysis
areunchanged.Ifthereareinteractionsbetweensocialpressureandthetreatments,theseinteractionsjustattenuate
pointestimatesbecausealltreatmentsaredesignedtoincreaseeffortagainstanowgreaterbaseline.
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weaklydecreasetheirchosenlevelofeffort. Howmuchdependsonthefunctionalform
oftheyandcfunctionsandtheirpre-studyeffortlevel. Captainsintheinformationor
targetstreatments—wherewealthandthecharities’productionfunctionsareindependent
ofeffort—willnotdecreasetheireffortifyissteeperthancaroundtheirchosenvalues.
Thisscenarioispossiblesincethereisarandomshockof i0totheirlocationof−f̄and
weareagnosticaboutthefunctionalformofy. Withouttheshock,theywouldnotbein
equilibriumifyweresteeperwithrespecttoeffortthancatthechosenlevelofeffortbecause
theycouldincreaseeffortandpayaslightlyhighercostbutgetmuchmoreutilityfromjob
performance.Theywillnotchoosetheiroutsideoptionsinceif

E[U(w,s,ė,fI,g,τ=“pre-study,notreatment”)]≥Ū,

then

E[U(w,s,ë,fI,g,τ=“information”)]≥Ū.

Inotherwords,theycanholdyconstantanddecreaseeffortandtherebyincreaseU,
whileŪisheldfixed.
Nowassume i0>0,thenfi0<f̄i0andsowhencaptainsreceiveinformation,theylearn

thaty2m(−f̄)<E[y2m(−f̄)],i.e.,theywerelessfuel-efficientthanexpected. Therefore,if
theyprovidethesamelevelofeffortinperiodt=1,theywillreceivebelowtheirpre-study
equilibriumamountofutility.Theypaythesamecostofeffortbutreceivelessutilityfrom
jobperformance.Theywillweaklyincreasetheireffortifthechangeinyismorethanthe
changeinc,whichdependsonthefunctionalformofthesefunctionsandtheirpre-study
effortlevel. Theywillnotincreasetheireffortifcissteeperthanyforsimilarreasons
describedinthepreviouscase.Theywillchoosetheiroutsideoptionifthechangeinyleads
toE[U(w,s,ë,fI,g,τ=“information”)]<Ū,whichcouldoccurifincreasesineffortlead
tolargerincreasesincthaniny. Whetherornotitoccursalsodependsonthecaptains’
outsideoption.
Finally,assume i0=0.Thencaptainsareattheirequilibriumwithy2m(−f̄)=y2m(−fI)

anddonotchangetheireffort.

Proposition3.Targetssetabovepre-studyusewillcausecaptainstoweaklyincreasetheir
effortorchoosetheiroutsideoption.52

Proof:Sincethetargetissetabovepre-studyuse(i.e.,captainsaremeetingthetargets
fewertimesthanisoptimalfromtheperspectiveofthefirm),uponreceivingatarget,the
captainslearnf>fTandgetreference-dependentlossutilityequaltoy2n<0.Therefore,
captainsarestrictlybelowtheirequilibriumineffortandstrictlyaboveinfuelusagesince
inthepre-studyperiody2n=0fromtheassumptionthatfI=f̄.
Captainswillnotincreasetheireffortiftheincreasedcostofeffortislargerthanthegain

fromtheassociateddecreaseinfuelusageinthejobperformancefunction. Captainswill
increasetheireffortifthegainfromtheassociateddecreaseinfuelusageismorethanthe
costofeffort.Thisdependsonthefunctionalformofthesefunctions,thevalueofµ,and

52Alltargetsweresetabovethepre-studyattainmentlevel,sothisistheonlycaseweconsider.
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thecaptains’initialvaluesduringthepre-studyperiod.Theirchosenlevelofeffortcomes
fromthefirst-orderconditionwithτ=“receivetargets”.
Sincecaptainsexperienceanegativeutilityshockfromreceivingatarget,theywillchoose

theoutsideoptionifE[U(w,s,ë,fI,g,τ=“receivetargets”)]≤Ū.

Proposition4.Donationsmadetocharityformeetingtargetswillweaklyincreaseeffortif
captains’altruismisstrictlypositiveandthedonationsdonotaffecttheireffortotherwise.

Proof:LetVc(d(e),g)betheproductionfunctionofthecharity.Notethatinthecaseof
purealtruismVc=v1,asdefinedintheprevioussection.∀d(e)·g≥0,wehaveVc>0and
Vc=0ifandonlyifd(e)·g=0.Then,captainssolvethefollowingoptimizationproblem:

max
e,g0

E[V(−f)+̃a·Vc]

s.t. E[U(w,s,ë,fI,g,τ)]≥Ū

and ë∈argmax
ë

E[w,s,ë,fI,g,τ)]

withfirst-ordercondition V(−f)+̃a·Vc
U(w,s,̈e,f,g,τ)

=λ.Ifacaptainhaszeroaltruism,i.e.,̃a=0,then
thisequationreducestotheoriginalandeffortdoesnotincreaseabovetheeffectdescribed
inProposition1.If̃a>0,thenthenumeratorofthefirst-orderconditionisweaklylarger
thanthecontrolcase.Itisstrictlylargerifd>0.Captainswithstrictlypositivealtruism
maychooseaneffortlevelcorrespondingtod=0iftheadditionalcostofincreasedeffort
requiredformeetingthetargetismorethanthegaininutilityfromdonatingtocharity.
Theprobabilityofthisoutcomeoccurringisdecreasinginthelevelofaltruism.
Sinceλisaconstant,increasesinthesumoftheproductionfunctionsofthefirmand

charitycauseincreasesineffort,ė<̈e.

Proposition5.Captainsinthetargetsandprosocialconditionswillchoosetoincreasetheir
effortthemostintasksforwhichthetargetsareeasiesttomeet.

Proof:Sincethefirmsetsthetargetsanddonationsexogenously53,theutilityformeeting
atargetisconstantacrosstasks. Thedonationtocharityisthesameacrosstasksasex-
ogenouslydetermined,andsincethetargetsarealsoexogenouslydetermined,thecaptains
believethatthefirmvaluesthemallequallybyrevealedpreference.Ifthefirmdidnot
valuethemequally,thenitwouldnotofferthesamereward.However,thecostfunctionis
notconstantacrosstasksforreasonsdescribedearlier,whichimpliesthatthecaptainswill
choosetoincreasetheireffortontasksforwhichtargetsareeasiesttomeet.54Withinour
context,theleasteffortfulbehaviortoattainisEfficientTaxi,followedbyFuelLoad,then
EfficientFlight.Thedeterminationofthisorderingisbasedondiscussionswithmanyairline
captainsandthetrustedpilotgroup.
53Notethatthe“firm”herereferstobothVAAandtheacademicresearchers,whojointlymademostdecisions
withrespecttoexperimentaldesign.
54OurtheoryandinterventionsarerootedinHolmström’s(1979)“InformativenessPrinciple”,whichstatesthat
anyaccessibleinformationaboutanagent’seffortshouldbeusedinthedesignandenforcementofoptimalcontracts.
Ourinterventionsarenotaimedattheefficientallocationofeffortacrossthesetasks—asproposedinHolmströmand
Milgrom(1991)andBaker(1992)—sinceweassumeourthreebehaviorsarenotsubstitutable(i.e.,sincetheyoccur
duringdifferentphasesofflight). Weacknowledgethepossibilitythatadditionalfuel-efficientbehaviorsexistthat
wedonotmeasurethatmaybefullyorpartiallyneglectedduetoourtreatments.

10



B Map

Figure5
GlobaldestinationsofVAA
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C ExamplesofTreatmentGroups

 

 
We will continue to keep you updated on your monthly performance for the next X months, John. 

 
Please see reverse side for further details of the three behaviours.  

 
Questions?  We are here to help!  Please email us at project.uoc@fly.virgin.com. 

 

	
  

 
 
 

Fuel and carbon efficiency report for Capt. John Smith 
 

Below is your monthly fuel and carbon efficiency report for Month 2014 
 
 

 

1. ZERO FUEL WEIGHT 

 
Proportion of flights for which 
the ZFW calculation was 
completed and fuel load 
adjusted as necessary 
 
RESULT: XX% of flights 

2. EFFICIENT FLIGHT 
 
Proportion of flights for which 
actual fuel use is less than 
planned fuel use (e.g. 
optimised speed, altitude etc) 

 
RESULT: XX% of flights 

3. REDUCED ENGINE TAXY IN 
 
Proportion of flights for which 
at least one engine was shut 
off during taxy in 
 
 
RESULT: XX% of flights 

All data gathered during this study will remain anonymous and confidential.  Safety remains the absolute 
and  overriding priority.    This  study  will  be  carried  out  within  Virgin’s  existing  and  highly  robust  safety 
standards,  using  our  existing  fuel  procedures  and  policies.  Captains  retain  full  authority,  as  they  always 
have done in VAA, to make decisions based on their professional judgment and experience.	
  

FigureA1
TreatmentGroup1:Information
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WHAT WAS YOUR OVERALL OUTCOME? 
 

You achieved X of your 3 targets last month. 
   

 WELL DONE! We will continue to keep you updated on your monthly performance  
for the next X months, John. 

 
Please continue to fly efficiently next month to achieve your targets. 

 
Please see reverse side for further details of the three behaviours.  

 
Questions?  We are here to help!  Please email us at project.uoc@fly.virgin.com. 

 

	
  

 
 
 

Fuel and carbon efficiency report for Capt. John Smith 
 

Below is your monthly fuel and carbon efficiency report for Month 2014 
 
 

 

  

1. ZERO FUEL WEIGHT 

 
Proportion of flights for which 
the ZFW calculation was 
completed and fuel load 
adjusted as necessary 
 
TARGET: XX% of flights 

 
RESULT: XX% of flights 

 
You ACHIEVED/MISSED 

your target. 

2. EFFICIENT FLIGHT 
 
Proportion of flights for which 
actual fuel use is less than 
planned fuel use (e.g. 
optimised speed, altitude etc) 
 
TARGET: XX% of flights 

 
RESULT: XX% of flights 

 
You ACHIEVED/MISSED 

your target. 

3. REDUCED ENGINE TAXY IN 
 
Proportion of flights for which 
at least one engine was shut 
off during taxy in 
 
 
TARGET: XX% of flights 

 
RESULT: XX% of flights 

 
You ACHIEVED/MISSED 

your target. 

All data gathered during this study will remain anonymous and confidential.  Safety remains the absolute 
and  overriding  priority.    This  study  will  be  carried  out  within  Virgin’s  existing  and  highly  robust  safety 
standards,  using  our  existing  fuel  procedures  and  policies.  Captains  retain  full  authority,  as  they  always 
have done in VAA, to make decisions based on their professional judgment and experience.	
  

FigureA2
TreatmentGroup2:Targets
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WHAT WAS YOUR OVERALL OUTCOME? 
 

 Due to your fuel and carbon efficient decision making last month, 
you achieved 2 of your 3 targets and secured £20 of a possible £30 

 for your chosen charity, Charity Name. 
 

WELL DONE! For the next 7 months, you still have the ability to donate £210 to Charity 
Name.  Please continue to fly efficiently next month to achieve your targets so your 

charity does not lose out. 
 

Please see reverse side for further details of the three behaviours.  
 

Questions?  We are here to help!  Please email us at project.uoc@fly.virgin.com. 
 

	
  

 
 

Fuel and carbon efficiency report for Capt. John Smith  
 

Below is your monthly fuel and carbon efficiency report for February 2014 
 
 

 

  

1. ZERO FUEL WEIGHT 
 
Proportion of flights for which 
the ZFW calculation was 
completed and fuel load 
adjusted as necessary 
 
TARGET: 75% of flights 

 
RESULT: 0% of flights 

 
You MISSED  your target 
and missed out on £10 in 
donations to Charity Name. 
 

2. EFFICIENT FLIGHT 
 
Proportion of flights for which 
actual fuel use is less than 
planned fuel use (e.g. 
optimised speed, altitude etc) 
 
TARGET: 25% of flights 

 
RESULT: 75% of flights 

 
You ACHIEVED your target 

and earned £10 in 
donations to Charity Name. 

 

3. REDUCED ENGINE TAXY IN 
 
Proportion of flights for which 
at least one engine was shut 
off during taxy in 
 
 
TARGET: 25% of flights 

 
RESULT: 25% of flights 

 
You ACHIEVED your target 

and earned £10 in 
donations to Charity Name. 
 

All data gathered during this study will remain anonymous and confidential.   Safety  remains  the  absolute 
and  overriding  priority.    This  study  will  be  carried  out  within  Virgin’s  existing  and  highly  robust  safety 
standards,  using  our  existing  fuel  procedures  and  policies.  Captains  retain  full  authority,  as  they  always 
have done in VAA, to make decisions based on their professional judgment and experience.	
  

FigureA3
TreatmentGroup3:ProsocialIncentives
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THE THREE BEHAVIOURS WE ARE MEASURING 
 
 

Behaviour 1: Zero Fuel Weight Adjustment (ZFW) - Pre Flight 

This measure compares Actual Ramp against Plan Ramp adjusted for changes in ZFW.  
It captures whether a double iteration adjustment has been implemented for ZFW in line 
with  Plan  Burn  Adjustment and  any  further  amendments  to  flight  plan  fuel  that  have 
been entered into ACARS. This behaviour has a tolerance of 200kg, which ensures that 
rounding in the fuel request / loading procedure will not adversely affect the result.   
 
 
Behaviour 2: Efficient Flight (EF) - During Flight 

This measure examines the actual fuel burn per minute compared against the expected 
fuel  burn  per  minute from  OFF  to  ON  (expected  fuel  burn  is  Plan  Trip  adjusted  for 
ZFW).  It highlights pilot technique (e.g. optimum settings are realised, optimum levels 
are sought, speed is optimised, etc.). 
 
 
Behaviour 3: Reduced Engine Taxy In (RETI) - Post Flight 

This measure observes  if  an  engine  has  been  shut  down  during  taxy in.  RETI is 
considered  to  have  taken  place  if  one  engine  burns  less  than  70%  of  the  average  of 
other engines during taxy in. If taxy in is shorter than the cool down period required, the 
flight is omitted, as RETI was not possible. 

 

We  hope  the  above  information  is  beneficial  to  you. If  you  require  more  information 
about any of the behaviours, please email us at project.uoc@fly.virgin.com. 

 

 
 
 
 
 
 
 
 
 
 
 

FigureA4
AllTreatmentGroups:ReverseSideofReport
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D RandomizationStrategy

Procedure:Weconductedtherandomizationinfourstepsusingpanelflight-leveldatafor
SeptemberthroughNovemberof2013.

•Step1:Identifyeligiblepopulation. Allcaptainswhowereanticipatedtobe
activeduringthestudyperiodwereeligiblefortherandomization(N=340).

–Note:Ofthesecaptains,twohadbeenpreviouslyonlong-termsickleaveandwere
anticipatedtopossiblycomebackduringthestudyperiod,twowentonlong-term
sickleavebetweenNovember2013andearlyJanuary2014(priortosendingout
studycommunications),andoneretiredinDecember2013,resultinginatotalof
335captainsultimatelytakingpartinthestudy.

–Wecontrolforthis‘attrition’inouranalysis,andresultsarerobusttoexclusion
ofthequadstowhichthesefivecaptainshadbeenallocated.

•Step2: Generatequadruplets. Ourdatacontainedinformationforeachofthe
matchvariables(i.e.numberofenginesontheaircraft,numberofflightsflownby
thecaptaineachmonth,andthethreetargetedfuel-relevantbehaviors).Thesematch
variableswereselectedastheywereeitherdeterminantsoffueluseinthedatausedfor
randomization(September-November2013)orwereoutcomevariablesofinterest.The
340captainsidentifiedinStep1wereallocatedacross85quadrupletswithinwhich
thesevariablestookonasclosetoidenticalvaluesaspossible.

•Step3: Randomizewithinquadruplets. Withineachquadruplet,onecaptain
wasrandomlyselectedforeachofthefourconditions:Control,Information,Targets,
andProsocialIncentives.

•Step4:Checkforbalance.Onceeachcaptainwasassignedtoanexperimentalcon-
dition,wecheckedtomakesurethatthemeans(numericalvariables)andfrequencies
(categoricalvariables)werenotstatisticallysignificantlydifferentbetweenconditions.
Foreverypairingofstudygroups,weranat-testforeachnumericalbalancevariable
andaχ2testforeachofthecategoricalbalancevariables.

Matchvariables:

1.Averageflightsflownpermonth(categorical:0-2,2-4,4-6,6-8,8-10)

2.Numberofenginesonaircraftflown(binary:allfour-engineornot;51%ofcaptains
hadflownonlyfour-engineaircraft)

3.Proportionofflightsforwhichzerofuelweightwasconductedandfuelloadwasad-
justedwithin200kgofthecorrectfueluptake
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4.Proportionofflightsforwhichactualfuelburnedinflightwaslessthanpredictedfuel
burnintheflightplan

5.Proportionofflightsforwhichatleastoneenginewasturnedoffduringtaxi-in

BalanceCheckVariables:

•Gender

•Seniority

•Age

•Trainer

•Trustedpilot

•Plannedrampfuel(proxyforflightdistance)

•Numberofflights

•Aboveaverageplannedrampfuel(binary)

•Aboveaveragenumberofengines

•Aboveaverageflightspermonth

•FuelLoad

•EfficientFlight

•EfficientTaxi

Notethatwefocusedonbehaviorchangeasopposedtofueluseintherandomization
andinouranalysisbecausewetargetedcaptains’behaviorintheinterventions. Wedidnot
directlytargetcaptains’fuelusesinceitisanecdotallyverydifficultforcaptainstomap
theirbehaviorstotheirfueluseonagivenflight(asexperimentallydemonstratedinthe
contextofresidentialenergyuse;e.g.,seeJessoeandRapson,2014),andbehavioralinputs
aremorereadilyaccessiblethanoutputs. Wethereforeperformedallpowercalculationsand
randomizationbasedonthethreebehavioraloutcomevariables,andweprovidefuelsavings
estimatesasexploratoryanalysistogleaninsightsonresultingfuelsavings.
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E AdditionalTablesandFigures

TableA1
T-tests(p-values)ofDifferenceinPre-ExperimentalBehavioralTrends

FuelLoad EfficientFlight EfficientTaxi

Monitoring Info Targets Monitoring Info Targets Monitoring Info Targets

Info 0.405 0.351 0.417
Targets 0.089 0.447 0.346 0.913 0.485 0.138
Prosocial 0.250 0.777 0.634 0.324 0.082 0.066 0.522 0.147 0.938

Notes:Foreachfuel-relatedbehaviorandforeachgroup,weregressthebehavioronthetimetrendandcontrolsinour
mainregression. Thetablepresentsthreet-testmatricesthatprovidethep-valueforeachcomparisonoftrendcoeffi-
cientsderivedfromtheaforementionedregressions.

TableA2
T-tests(p-values)ofDifference
inPre-ExperimentalFuelUse

Trends

Monitoring Info Targets

Info 0.386
Targets 0.899 0.471
Prosocial 0.281 0.739 0.346

Notes: Foreachexperimentalgroup, we
regressflight-levelfueluseonthetimetrend
andcontrolsinourmainregression.Thetable
presentsat-test matrixthatprovidesthep-
valueforeachcomparisonoftrendcoefficients
derivedfromtheaforementionedregressions.
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TableA3
TreatmentEffectIdentificationusing

Difference-in-DifferenceRegression(Controllingfor
Attrition)

(1) (2) (3)
FuelLoad EffFlight EffTaxi

Expt 0.034* 0.132*** 0.037*
(0.014) (0.013) (0.017)

Expt·Information -0.001 0.016 0.079***
(0.015) (0.015) (0.018)

Expt·Targets 0.021 0.037* 0.094***
(0.015) (0.015) (0.019)

Expt·Prosocial 0.029 0.051** 0.093***
(0.015) (0.015) (0.018)

Observations 32,310 32,310 20,747
#ofCaptains 335 335 335
Controls Yes Yes Yes

Notes: Thetableshowstheresultsofapaneldifference-in-difference
regressionspecificationwithcaptainfixedeffectsandNewey-Weststan-
darderrors(lag=1),controllingforlineartrendsinthedataandexclud-
ingthequadrupletsofcaptainswhoattrited. Theregressionscompare
pre-experimentbehavior(January2013-January2014)tobehaviordur-
ingtheexperiment(“Expt”: February2014-September2014). Thede-
pendentvariablesintheregressionsaredummiescapturingwhetherthe
fuel-efficientbehaviorisperformed,andsincepredictedvaluesarenotcon-
strainedbetween0and1,wedonotreportaconstantandinsteadfocus
ontreatmenteffects.Assuch,thecoefficientsindicatetheincreaseinthe
proportionofflightsbeyondthecontrolgroupforwhichthebehaviorof
interestissuccessfullyperformed.Robusterrorsareclusteredatthecap-
tainlevel. Controlsincludeweatherondepartureandarrival,numberof
enginesontheaircraft,aircrafttype,portsofdepartureandarrival,air-
craft maintenance,captains’contractedhours,andwhetherthecaptain
hascompletedanannualtraining.∗∗∗p<0.01∗∗p<0.05∗p<0.10
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TableA4
SpecificationBuilding:TreatmentEffectIdentificationusingDifference-in-Difference

Regression

(1) (2) (3) (4) (5) (6) (7) (8) (9)
FuelLoad EffFlight EffTaxi FuelLoad EffFlight EffTaxi FuelLoad EffFlight EffTaxi

Expt 0.030*** 0.171*** 0.153*** 0.028** 0.144*** 0.038** 0.033** 0.132*** 0.038**
(0.010) (0.011) (0.013) (0.013) (0.013) (0.017) (0.013) (0.013) (0.016)

Expt·Information 0.011 0.014 0.069*** 0.011 0.013 0.066*** 0.007 0.017 0.079***
(0.015) (0.015) (0.018) (0.015) (0.015) (0.018) (0.015) (0.014) (0.017)

Expt·Targets 0.016 0.029* 0.097*** 0.016 0.028* 0.095*** 0.022 0.037** 0.096***
(0.015) (0.015) (0.019) (0.015) (0.016) (0.019) (0.015) (0.015) (0.018)

Expt·Prosocial 0.018 0.027* 0.080*** 0.018 0.026* 0.077*** 0.025* 0.047*** 0.088***
(0.015) (0.015) (0.018) (0.015) (0.015) (0.018) (0.015) (0.014) (0.018)

Observations 33,822 33,822 21,681 33,822 33,822 21,681 33,822 33,822 21,681
#ofCaptains 335 335 335 335 335 335 335 335 335
Controls No No No No No No Yes Yes Yes
Timetrends No No No Yes Yes Yes Yes Yes Yes

Notes: Thetableshowstheresultsofapaneldifference-in-differenceregressionspecificationwithcaptainfixedeffectsand
Newey-Weststandarderrors(lag=1).Theregressionscomparepre-experimentbehavior(January2013-January2014)tobehav-
iorduringtheexperiment(“Expt”: February2014-September2014). Thedependentvariablesintheregressionsaredummies
capturingwhetherthefuel-efficientbehaviorisperformed,andsincepredictedvaluesarenotconstrainedbetween0and1,wedo
notreportaconstantandinsteadfocusontreatmenteffects. Assuch,thecoefficientsindicatetheincreaseintheproportionof
flightsbeyondthecontrolgroupforwhichthebehaviorofinterestissuccessfullyperformed. Robusterrorsareclusteredatthe
captainlevel.Controlsincludeweatherondepartureandarrival,numberofenginesontheaircraft,aircrafttype,portsofdepar-
tureandarrival,aircraft maintenance,captains’contractedhours,andwhetherthecaptainhascompletedanannualtraining.
∗∗∗p<0.01∗∗p<0.05∗p<0.10

TableA5
TreatmentEffectsDuringtheExperimentalPeriod

(1) (2) (3) (4) (5) (6)
FuelLoad EffFlight EffTaxi FuelLoad EffFlight EffTaxi

Information 0.018 0.027 0.081** 0.021 0.023 0.078***
(0.030) (0.022) (0.034) (0.025) (0.018) (0.026)

Targets 0.032 0.051** 0.115*** 0.040 0.045** 0.110***
(0.030) (0.024) (0.035) (0.025) (0.018) (0.026)

Prosocial 0.015 0.033 0.083** 0.020 0.041** 0.093***
(0.029) (0.024) (0.037) (0.026) (0.018) (0.027)

Observations 12,925 12,925 8,104 12,925 12,925 8,104
#ofCaptains 335 335 335 335 335 335
Controls No No No Yes Yes Yes

Notes:ThetableshowstheresultsofanOLSregressionconsideringcaptains’fuel-relevantbehaviorduringtheexper-
imentalperiod.Thedependentvariablesintheregressionsaredummiescapturingwhetherthefuel-efficientbehavior
isperformed,andsincepredictedvaluesarenotconstrainedbetween0and1,wedonotreportaconstantandinstead
focusontreatmenteffects.Assuch,thecoefficientsindicatetheincreaseintheproportionofflightsbeyondthecon-
trolgroupforwhichthebehaviorofinterestissuccessfullyperformedduringtheexperimentalperiod.Robusterrors
areclusteredatthecaptainlevel. Controlsincludeweatherondepartureandarrival,numberofenginesontheair-
craft,aircrafttype,portsofdepartureandarrival,aircraftmaintenance,captains’contractedhours,andwhetherthe
captainhascompletedanannualtraining.∗∗∗p<0.01∗∗p<0.05∗p<0.10
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TableA6
DependenceofTreatmentEffectonSalienceofMonthly

FeedbackReport

(1) (2) (3)
FuelLoad EffFlight EffTaxi

Expt 0.033** 0.128*** 0.037**
(0.014) (0.013) (0.017)

Expt·Info 0.000 0.018 0.083***
(0.016) (0.015) (0.019)

Expt·Targets 0.020 0.042*** 0.096***
(0.016) (0.016) (0.020)

Expt·Prosocial 0.015 0.045*** 0.085***
(0.016) (0.015) (0.019)

Expt·Info·Salient 0.034 -0.008 -0.020
(0.028) (0.028) (0.033)

Expt·Targets·Salient 0.006 -0.027 -0.004
(0.029) (0.029) (0.034)

Expt·Prosocial·Salient 0.049* 0.007 0.014
(0.029) (0.028) (0.033)

Observations 33,822 33,822 21,681
#ofCaptains 335 335 335
Controls Yes Yes Yes

Notes: Thetableshowstheresultsofapaneldifference-in-differenceregres-
sionspecification withcaptainfixedeffectsand Newey-Weststandarderrors
(lag=1),controllingforlineartrendsinthedata. Theregressionscomparepre-
experimentbehavior(January2013-January2014)tobehaviorduringtheexperi-
ment(“Expt”:February2014-September2014).Thedependentvariablesinthere-
gressionsaredummiescapturingwhetherthefuel-efficientbehaviorisperformed,
andsincepredictedvaluesarenotconstrainedbetween0and1,wedonotreporta
constantandinsteadfocusontreatmenteffects.Assuch,thesingleinteractionco-
efficientsindicatetheincreaseintheproportionofflightsbeyondthecontrolgroup
forwhichthebehaviorofinterestissuccessfullyperformed,andthedoubleinterac-
tioncoefficientsindicatethistreatmenteffectafterthefirstsevendaysofreceiving
thefeedbackreport. Controlsincludeweatherondepartureandarrival,number
ofenginesontheaircraft,aircrafttype,portsofdepartureandarrival,aircraft
maintenance,captains’contractedhours,andwhetherthecaptainhascompleted
anannualtraining.∗∗∗p<0.01∗∗p<0.05∗p<0.10
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TableA7
ImpactonDelays

(1) (2) (3)
Delays ShortDelays LongDelays

Expt -0.043*** -0.034*** -0.020*
(0.014) (0.013) (0.103)

Information -0.022 -0.017 -0.007
(0.016) (0.014) (0.013)

Targets 0.001 -0.001 0.004
(0.017) (0.015) (0.014)

Prosocial -0.026* -0.023* -0.007
(0.016) (0.013) (0.013)

Notes: Thetablepresentsestimatesofdelaysleavingthedeparture
gatebyexperimentalcondition. Delaysarebasedonregressioncoeffi-
cientsfromadifference-in-differencespecificationwithcaptainfixedef-
fectscomparingpre-experimentdelays(January2013-January2014)to
delaysduringtheexperiment(February2014-September2014),control-
lingforalineartrend. Thedependentvariableiswhetheradelayoc-
cursatall(column1),whetherashortdelayoccurs(1-15minutes;col-
umn2),orwhetheralongdelayoccurs(greaterthan15minutes;column
3).Standarderrorsareclusteredatthecaptainlevel. Controlsinclude
weatherondepartureandarrival,numberofenginesontheaircraft,air-
crafttype,portsofdepartureandarrival,aircraftmaintenance,captains’
contractedhours,andwhetherthecaptainhascompletedanannualtrain-
ing.∗∗∗p<0.01∗∗p<0.05∗p<0.10

TableA8
JobSatisfactionandTreatment

Group

JobSatisfaction

Information 0.212
(0.221)

Targets 0.0242
(0.230)

Prosocial 0.365*
(0.220)

Constant 5.58***
(0.158)

#ofCaptains 202

Notes:Thedependentvariableinthisregression
isa7-pointscaleofjobsatisfaction,whereself-
reportedjobsatisfactionincreasesinthescale.
Standarderrorsarereportedbelowestimatesin
parentheses.∗∗∗p<0.01∗∗p<0.05∗p<0.10
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TableA9
JobSatisfactionandJobPerformance

Groups: ControlandInformation TargetsandProsocial

JobSatisfaction JobSatisfaction

FuelLoadTargetsMet 0.093 0.065
(0.062) (0.060)

EffFlightTargetsMet -0.074 -0.017
(0.056) (0.054)

EffTaxiTargetsMet 0.025 0.120**
(0.043) (0.054)

OverallTargetsMet 0.006 0.058*
(0.028) (0.031)

Constant
5.691*** 5.632*** 5.341*** 5.326***
(0.291) (0.300) (0.358) (0.358)

Observations 103 99
#ofCaptains 103 99
Controls No No

Notes:Thedependentvariableintheseregressionsisa7-pointscaleofjobsatisfaction,whereself-reported
jobsatisfactionincreasesinthescale. Robuststandarderrorsarereportedbelowestimatesinparentheses.
Theindependentvariablesindicatethenumberoftargetsmetperbehaviorandoveralloverthecourseofthe
study.∗∗∗p<0.01∗∗p<0.05∗p<0.10
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F AdditionalAnalysisontheCorrelationsAcrossBe-

haviors

Theobjectiveofthissectionistounderstandwhetherallcaptainschangedtheirperfor-

manceacrossallthreebehaviors,orwhethersomecaptainschangedoneortwodimensions

whileothersimprovedonotherdimensions(i.e.,thechangeinthebehaviorsarenothighly

correlatedacrossandwithincaptains).Firstweobservetherawcorrelationsinallpairwise

combinationsofthebehaviorsforthe13monthspriortotheexperimenttogetanideaof

howthebehaviorsmovetogetherpriortoourintervention(FigureA5). Wethenconsider

correlations(again,foreachpairwisecombinationofthebehaviors)intheaveragewithin-

captaindifferenceinimplementationbeforeversusduringtheexperimenttodiscernchanges

intheslopesofthefirstsetofgraphs(FigureA6).

Forthefirstapproach,weprovidescatterplotsoftherawdataforeachcaptainforall

combinationsofthebehaviorsaveragedforthe13monthsofpre-experimentaldata.InFig-

ureA5a,weseethatFuelLoadandEfficientFlighthaveacorrelationcoefficientof0.12(line

ofbestfit:FL=0.361***+0.178**EF),suggestingthatFuelLoadandEfficientFlightare

positivelycorrelated,withaone-unitincreaseintheformerassociatedwitha0.18unitin-

creaseinthelatter.InFigureA5b,weseethatFuelLoadandEfficientTaxihaveacorrelation

coefficientof-0.13(lineofbestfit:FL=0.455***−0.105**ET),suggestingthatthesetwo

behaviorsarenegativelycorrelated.InFigureA5c,weseethatEfficientFlightandEfficient

Taxihaveacorrelationcoefficientof0.35(lineofbestfit:EF=0.257***+0.189***ET),

suggestingthatEfficientFlightandEfficientTaxiarepositivelycorrelated. Theseplots

suggestthatthebehaviorsarerelatedtoeachotherbeforetheexperiment.

InFigureA6,weaverageeachcaptain’simplementationbeforeandduringtheexperiment

andsubtracttheformeraveragefromthelatter. Thisexerciseprovidesuswiththepre-

versusduring-experimentdifferenceforeachofthethreebehaviorsforeachcaptain.Figure

A6ashowsthattheexperimentincreasedthecorrelationbetweenFuelLoadandEfficient

Flight(r=0.18,lineofbestfit:FL=0.012+0.169***EF),suggestingthattheexperiment

increasedthecorrelationbetweenthesetwobehaviors.FiguresA6bandA6cindicatethat

theexperimentdidnotincreasethecorrelationinimplementationbetweenEfficientTaxi

andeitheroftheothertwobehaviors.Overall,itappearsthatonaverage,(some)captains

weremorelikelytoimplementFuelLoadandEfficientFlight,butthesecaptainsdidnot

necessarilyalsoimproveonEfficientTaxi,andsimilarlycaptainswhoimprovedonEfficient

TaximaynothavebeenmorelikelytoimproveonFuelLoadorEfficientFlight.

InTableA10,webreakdownthecorrelationcoefficientforwithin-captaindifferencesin
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FigureA5
PairwiseCorrelationsinBehaviorsBeforetheExperiment

(a)FuelLoadandEfficientFlight

(b)FuelLoadandEfficientTaxi

(c)EfficientFlightandEfficientTaxi
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FigureA6
PairwiseCorrelationsin Within-CaptainBehaviorChange

(a)FuelLoadandEfficientFlight

(b)FuelLoadandEfficientTaxi

(c)EfficientFlightandEfficientTaxi
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implementation(pre-versusduring)bystudygroup. Whenexaminingthecorrelationcoeffi-

cientforthechangesinFuelLoadandEfficientFlight,weseeconsistentcoefficientsbetween

0.15and0.21.Fortheothertwocombinationsofthebehaviors,thecoefficientsarelesscon-

sistentalthoughnotdrasticallydifferentfromeachother.Forinstance,forEfficientFlight

andEfficientTaxi,wegetcorrelationcoefficientsof-0.10,0.07,-0.02,and-0.03forcontrol,

information,targets,andprosocialincentives,respectively.ForFuelLoadandEfficientTaxi,

wegetcorrelationcoefficientsof-0.06,0.17,-0.01,and0.13,respectively.Overall,thereisno

consistentpatternwhenweseparatelyassesscorrelationswithineachexperimentalgroup.

TableA10
ChangeinCorrelationCoefficientsinBehaviorImplementation

Monitoring Information Targets Prosocial
Eff
Flight

Eff
Taxi

Eff
Flight

Eff
Taxi

Eff
Flight

Eff
Taxi

Eff
Flight

Eff
Taxi

FuelLoad 0.18 -0.06 0.15 0.17 0.21 -0.01 0.16 0.13
EffFlight -0.10 0.07 -0.02 -0.03
Notes:Thetableshowsthecorrelationcoefficientsofwithin-captaindifferencesinbehavioralimplementation
(pre-versusduringexperiment)foreachpairwisecombinationofbehaviorswithineachexperimentalgroup.
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G Additional Analysison Heterogeneous Treatment

Response

FromFigureA7wegleanseveralqualitativeinsightsthatprovidemotivationforfurthernu-

ancedresearch.Thefigureprovidesevidenceofvarianceintheresponsetotheinterventions,

perhapssuggestingthatairlines(andpossiblyotherhigh-skilledlabororganizations)may

benefitfromtailoringmanagementpracticestoindividualsdependingontheirownortheir

“type’s”responsetovariousmanagementpractices.Forinstance,forFuelLoad(FigureA7a),

ahandfulofcaptainsareextremelymotivatedbytargets(whereasonecaptainisentirely

putoffbythem).Furthermore,inthetargetsgroup,high-achievingcaptainsappeartoper-

formworsethantheyhadpre-experimentoncetheystartreceivingfeedbackreports,while

low-achievingcaptainsseemtoimproveonaverage. ForFuelLoad,thelowest-achieving

captainsappeartobeunaffectedbythetreatmentswiththeexceptionoftheprosocialin-

centivetreatmentgroup,wherethelowest-achievingcaptainsseemtobemotivatedbythe

interventiontoimplementthisparticularlystickybehavior.

AsforEfficientFlight,FigureA7bindicatesthatinformationandtargetsmotivatethe

worstperformers,whileprosocialincentiveshavenoimpacton(orevende-motivate)them.

Consistentwithourmaindifference-in-differencefindingsinTable4,weseemoreupward

arrowsforcaptainsinthetargetsandprosocialgroups,indicatingthatitisnotjustafew

captainsdrivingupouraveragetreatmenteffectsonEfficientFlightimplementation.

AvastmajorityofcaptainsinthetreatmentgroupsimproveonEfficientTaxi(asopposed

tothecontrolgroup,whichwewouldexpectgiventhatthegraphsshowindividualchanges

inbehaviornetofthemonitoringeffect;FigureA7c).Interestingly,mostimprovementscome

fromcaptainswhogenerallyimplementEfficientTaxion50%orfewerflightspriortothe

experiment(withveryfewcaptainsreducingtheirimplementationduringtheexperimentin

theinformationandtargetsgroups),indicatingthatthemanagementpracticesdeployedin

ourtreatmentsmaybesttargetlowerperformersonthisbehavioraldimension.
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FigureA7
Within-subjectChangesinAllGroupsduetoExperiment(NetofMonitoringEffects)

(a)FuelLoad
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(b)EfficientFlight
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(c)EfficientTaxi

Notes:Thedatapointsinthegraphrepresenttheproportionofflightsforwhicheachcaptainintheexperimental
groupsimplementedthefuel-relatedbehaviorsbeforetheexperiment(January2013-January2014),inascending
orderofpre-experimentalperformance.Theverticalarrowsrepresentthesameproportionduringtheexperimental
period(February2014-September2014),netoftheaveragemonitoringeffectidentifiedinourmaindifference-in-
differencespecification.Anupward(downward)arrowindicatesanimprovement(decline)inimplementationofthe
behaviornetofthemonitoringeffect.
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H PriceElasticityofFuelDemand

Togainanunderstandingofthemagnitudeoftheestimatedfuelsavingsinabroaderindustry

context,weestimatetherequisitechangeinpricetoinducethefuelsavingsreportedin3.21

ofthemanuscriptusingestimatesofthepriceelasticityofjetfueldemandintheaviation

industry. Todothis,weneedtofirstprovidetheoverallpercentagechangeinfueluse

resultingfromourstudy,andthenuseacrediblepriceelasticityofjetfueldemandtoestimate

thecomparativeeffect.Forthelatter,therearefewcredibleestimatesintheliteraturedue

toendogeneityconcerns,asairlinescanreacttochangingpricesby,forexample,altering

thenumberofseatsontheiraircraft,therebyinfluencingprices.However,areviewofthe

literaturesuggeststhatjetfueldemandisquitepriceinelastic,withcorrelationalestimates

rangingbetween0.04and0.30(MazraatiandAlyousif,2009).

Accordingtoourestimates,theexperimentledto7,768tonsoffuelsavings,whichis

equivalenttoreducing0.7%ofoverallfuelusebyVirginAtlanticduringthetimeperiod

underinvestigation. Usingthepriceelasticityrangesabove,wecanestimatethejetfuel

priceincreasethatwouldbringaboutareductioninmarketjetfueluseby0.7%. The

exerciserevealsthattheexperimentalfuelsavingsareequivalenttothosethatwouldresult

fromanincreaseinjetfuelpricesbetween2.3%and17.5%.
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I TheEffectofSimulatorTrainingsonFuelUse

Airlinecaptainsregularlyparticipateinflightsimulationsbothtolearnandpracticenew

flyingtechniquesandtoallowtheairlinetomonitorandprovidefeedbackontheirperfor-

manceinasimulatedenvironment.SimulatortrainingsregularlycovertheZFWcalculation

(i.e.efficientFuelLoadprocedures)andEfficientTaxiprocedures.55 Importantlyforthe

purposeofouranalysis,simulatortrainingsarescheduledeveryyearandatdifferenttimes

foreachcaptain.Asaresult,wecantreatthedateofsimulatortrainingasrandom.

Wethereforeusearegressiondiscontinuitydesign(RDD)toexaminetheperformanceof

fuel-relatedbehaviorsbeforeandaftercaptainsreceivesimulatortrainings. Weestimatethe

impactofthetrainingsonefficiencyusingthefollowingfixedeffectspanelspecification:

EfficientBehaviorit=α+PostWindowitβ+Windowitγ+Xitζ+ωi+eit

wherethe Windowindicatorisequaltooneiftheflightiswithintherelevanttimeperiod

oneithersideofthesimulatortrainingforcaptaini(andequalszerootherwise),andthe

PostWindowindicatorisequaltooneiftheflighttookplaceduringtherelevanttimeperiod

afterthesimulatortrainingforcaptaini.Forrobustness,weconsidertwodifferentwindow

lengths:sevendaysandthirtydays.

TableA11presentstheresultsoftheseregressionsforeachbehaviorduringthepre-

experimentalandexperimentaltimeperiods.Columns(1)to(3)presenttheregressionsusing

seven-daywindowsandcolumns(4)to(6)presenttheregressionsusingthirty-daywindows.

Fromthecoefficientspresented,thereisnoconsistentevidencethatsimulatortrainings

improvefuelefficiency.Infact,wefindthataftersevendays,thesimulatortraininghasno

impactonanyofthefuelefficiencymeasures,thoughforthethirty-daywindowEfficient

Taxireducesby3.8percentagepoints(p<0.01);inotherwords,thesimulatortrainingmay

actuallyreducefuelefficiencyonthisdimension.

Finally,weexplorewhethertheexperimenthadasignificantimpactontheeffectsof

simulatortrainingsonfuelefficiency. WeinteractourmainspecificationwiththeRDD

interactiontermsdefinedaboveinatripledifferencedspecification,andwefindthatthereis

nodifferenceintheeffectofsimulatortrainingonfuel-efficientbehaviorsintheexperimental

periodcomparedtothepre-experimentalperiod. Thetripleinteractiondoesnotproduce

anystrongorconsistentresults,whichsuggeststhatneitherawarenessoftheexperiment

noritstreatmentshadanyeffectonthefuelefficiencyimpactofsimulatortrainings.

55EfficientFlightisachievedviaamixtureofvariousin-flighttechniquesthatwouldbeencouragedandanalyzed
duringtrainingflightsratherthaninthesimulator.
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TableA11
EffectsofSimulatorTrainingsusingRegressionDiscontinuity

(1) (2) (3) (4) (5) (6)
FuelLoad EffFlight EffTaxi FuelLoad EffFlight EffTaxi

WeekBeforeorAfter 0.016 0.058*** 0.024 - - -
(0.018) (0.018) (0.023) - - -

WeekAfter 0.003 -0.029 -0.027 - - -
(0.024) (0.022) (0.027) - - -

MonthBeforeorAfter 0.019* 0.006 0.048***
- - - (0.010) (0.009) (0.013)

MonthAfter -0.014 0.011 -0.038***
- - - (0.012) (0.011) (0.014)

Observations 33,822 33,822 21,681 33,822 33,822 21,681
#ofCaptains 335 335 335 335 335 335
Controls Yes Yes Yes Yes Yes Yes

Notes: Thetableshowstheresultsofaregressiondiscontinuityspecificationwithcaptainfixedeffectsandclusteredstandard
errors,controllingforlineartrendsinthedata.‘Week(Month)BeforeorAfter’isadummyvariableequaltooneiftheflight
tookplacewithinoneweek(month)ofaflightsimulation,andequaltozerootherwise.Similarly,’Week(Month)After’isa
dummyvariableequaltooneiftheflighttookplacewithintheseven-(thirty-)dayperiodfollowingasimulation.Thedependent
variablesintheregressionsaredummiescapturingwhetherthefuel-efficientbehaviorwasperformed,andsincepredictedvalues
arenotconstrainedbetween0and1,wedonotreportaconstant. Robusterrorsareclusteredatthecaptainlevel. Controls
includeweatherondepartureandarrival,numberofenginesontheaircraft,aircrafttype,portsofdepartureandarrival,aircraft
maintenance,captains’contractedhours,andwhetherthecaptainhascompletedtraining. ∗∗∗p<0.01∗∗p<0.05∗p<0.10
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J Alternative Methodfor Data-SupportedFuelSav-

ingsEstimates

Toproviderobustnesstothedata-supportedestimatesdiscussedinsection3.3,weprovide

analternativemeasureoffuelsavingsderivedfromthedatawheresavingsareattributed

directlytoeachofthethreebehaviorstargetedinthestudy.ForFuelLoad,wemeasurethe

deviationoftheactualfuelloadfromthe“ideal”fuelload—thelatterstemmingfromthe

doubleiterationcalculation. Weidentifytheaveragegroup-leveldeviation,whichispositive

ifthecaptainover-fuelsrelativetotheideal. Wethenestimateaveragefuelsavingsper

flightforeachtreatmentgroup,whichentailssummingthetreatment’seffectonper-flight

fuelsavingsfromFuelLoadwiththecontrolgroup’sper-flightfuelsavingsfromFuelLoad

(themonitoringeffect;seeTableA12).Indoingso,weassumethatthemonitoringeffect

isconstantacrossgroups. Onaverage,captainsinthecontrolgroupdecreasedfuelload

relativetotheidealby177.7kg,thoseintheinformationgroupby148.5kgperflight,those

inthetargetsgroupby190.5kgperflight,andthoseintheprosocialgroupby208.8kgper

flight.

Similarly,forEfficientFlight,weexaminechangesincaptains’fueluserelativetothe

“ideal”fueluse,ortheanticipatedfueluseaccordingtotheflightplan(adjustedforupdates

madeduringFuelLoad). Wefindthatcaptainsinthecontrol,information,targets,and

prosocialgroupsreducedin-flightfueluseby256.1,280.1,361.1,and329.9kgperflight,

respectively. Finally,forEfficientTaxi,weexaminechangestofueluseduringtaxi-in.

Fuelsavingsperflightamountedto17.0kg,20.8kg,21.9kg,and11.8kgforthecontrol,

information,targets,andprosocialincentivesgroups,respectively.

Asanextstep,wetakethesegroup-leveleffectsandscalethemupbythenumberof

flightspertreatmentgroup.Putdifferently,totalsavingsforagiventreatmentcellarethe

sumoftheper-flightfuelsavingsforeachbehavior(i.e.,thesumoftheaveragetreatment

effectandaveragemonitoringeffect)multipliedbythenumberofuniqueflightsduringthe

experimentalperiodflownbycaptainsinthatgroup.Usingthedata-supportedestimates,

ourinterventionsledtoroughly6.51millionkginfuelsavingsinaggregate.Usingthesame

conversionsasinthemanuscript,totalsavingscorrespondtocostsavingsof$5.12million

(equivalenttoareductionof0.53%ofoverallfuelcosts)andCO2savingsof20.5millionkg.
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TableA12
Data-SupportedEstimatesofAverageFuelSavingsper

Flight(inkilograms)

(1) (2) (3)
FuelLoad EfficientFlight EfficientTaxi

Control 177.66*** 256.08*** 17.02***
(29.42) (42.24) (5.08)

Information 148.48*** 280.06*** 20.75***
(28.70) (36.07) (4.55)

Targets 190.54*** 361.08*** 21.90***
(28.26) (36.77) (5.36)

Prosocial 208.82*** 329.87*** 11.75**
(29.55) (36.69) (4.61)

Notes: Thetablepresentsestimatesofaveragefuelsavingsbytreatment
group. Savingsarebasedonregressioncoefficientsfromadifference-in-
differencespecificationwithcaptainfixedeffectscomparingpre-experiment
behavior(January2013-January2014)tobehaviorduringtheexperiment
(February2014-September2014),controllingforalineartrend. Thedepen-
dentvariableisthedeviationfromidealfuelusageineachofthethreeflight
periodsasdescribedinthetext. Wecalculatefuelsavingswithanintent-
to-treatapproachwherewesumtheregressioncoefficientofeachgroup(i.e.,
thegroup’saveragetreatmenteffect)andtheaveragemonitoringeffect(i.e.,
thecoefficientoftheexperimental-periodindicator).Inotherwords,weas-
sumethatthe monitoringeffectisconstantacrossgroups. Standarderror
calculationsarebasedonNewey-Weststandarderrors(lag=1). Controlsin-
cludeweatherondepartureandarrival,numberofenginesontheaircraft,
aircrafttype,portsofdepartureandarrival,aircraft maintenance,captains’
contractedhours,andwhetherthecaptainhascompletedanannualtraining.
∗∗∗p<0.01∗∗p<0.05∗p<0.10
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K EngineeringEstimatesofFuelSavings

Weapplyengineeringestimatestoassessfuelsavingswithoutrequiringdataonactualfuel

usageorstatisticalpowertodetectdifferencesinfuelusepre-andpost-intervention.How-

ever,theengineeringestimatesdonotaccountforactualchangestofuelusageasaresult

ofbehaviorchange.56Sincethedata-supportedestimatesincorporateactualchangestofuel

useasaresultofthestudy,wehavetheuniqueabilityinourstudytocompareengineering

estimateswithvariousdata-drivenestimates.

VAAprojectsanaveragefuelsavingsof250kgperflightasaresultofproperexecution

ofFuelLoad.The0.7%,2.2%and2.5%treatmenteffectsfortheinformation,targets,and

prosocialincentivesgroups(respectively)correspondtoanincreaseintheimplementation

ofFuelLoadby169flights(saving250kgeachflight),equivalenttoasavingsof42,250

kgoffueloveraneight-monthperiod. Moreover,VAAestimatesthatanEfficientFlight

uses(atleast)500kglessfuelthanthealternative,onaverage. Theeffectsizesforthe

threegroupswere1.7%,3.7%,and4.7%(respectively),whichtranslatesto323additional

“efficient”flightsovertheeight-monthperiod,or161,500kginfuelsavings.Finally,VAA

estimatesanaveragefuelwastageof9kgperminuteifnoenginesareshutdownwhile

taxiing,andtheaveragetreatmenteffectsforthethreegroupswere7.9%,9.6%,and8.8%,

respectively. Givenanaveragetaxi-intimeof8minutesinthedatasetandallowingfor

athree-minutecooling-offperiodbeforeengineshutdown,weapproximatefuelsavingsper

flighttobe45kg.Anadditional840extraflightshavingmetEfficientTaxicorrespondsto

afuelsavingsof37,800kgovertheeight-monthstudyperiod.

Summingthesesavings,theengineeringestimatesindicatethattheinterventionsledto

morethan242,000kgoffuelsavedoverthecourseofthestudy(roundedtothenearest

thousand).Combiningtheindustry’sstandardconversionof3.1497kgofCO2perkgoffuel

burnedwiththeFebruary2014globaljetfuelpriceof$786per1000kg,weestimateacost

savingsof$190,000andaCO2savingsof763,000kg(i.e.,$28,000environmentalsavings

using$37/tonofCO2at3%discountratein2015;Interagency WorkingGrouponSocial

CostofCarbon,2013).Thesecalculationsconstitutefuelandcostsavingsstemmingdirectly

fromthetreatmentsanddonotincorporatethesizablemonitoringeffects,whichincrease

theoverallCO2savingsto3,335,000kg.Thesavingsassociatedwiththemonitoringeffects

comefromcaptainshavingperformedFuelLoadon427moreflights,EfficientFlighton

1,706moreflights,andEfficientTaxion491moreflights(asavingsof982,000kgoffuel).

56Thereisincreasingevidencethatengineeringestimatesdivergefromestimatescomingfromobservedchangesin
behaviorderivedfromclearidentificationstrategies(seeFowlieetal.,2015).
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Interestingly,therearesubstantialdifferencesbetweentheengineeringanddata-supported

estimatesfromourstudy.Thedisparitymaybeattributabletounderestimatesofaverage

savingsfromthethreebehaviors—especiallyfortheEfficientFlightmetric—aswellasdif-

ferencesinthenatureoftheestimations. Thatis,unliketheengineeringestimates,the

data-supportedestimatesdonotaccountfordifferencesinpercentagesofflightsforwhicha

behaviorwasmet.Rather,theyestimateoverallaveragefuelusechangesinthestudyitself

andapplythesechangestoallflights.Evenifweapplythemostconservativefuelsavings

estimatestothechangesinbehavior,wefindthatthestudyinterventions,especiallythe

provisionoftargets,ledtoremarkablecost-savingsandreturnoninvestmentfortheairline.
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L Survey Materials

L.1 JobSatisfaction
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