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Abstract

The precariousstateof the educationabystemexisting in the innercities of the U.S.,including its
potentialcausesaindsolutions,hasbeena populartopic of debaten recentyears.Part of the difficulty
in resolvingthis debateis the lack of solid empiricalevidenceregardingthe true impactof educational
initiatives. For example,educationakesearchergarely are ableto engagen controlled,randomized
experiments. The efficacy of so-called“school choice” programshasbeena particularly contentious
issue. A currentmulti-million dollar evaluationof the New York SchoolChoiceScholarshigProgram
(NYSCSP)endeaors to shedsomelight on this issue. This study can be favorably contrastedwith
otherschoolchoiceevaluationsin termsof theconsideratiorthatwentinto therandomizedxperimental
design(a completelynew design,the PropensityMatchedPairs Design,is beingimplemented)and
the rigorousdatacollectionand compliance-encouragingfforts. In fact, this study benefitsfrom the
authors’previous experienceswith the analysisof datafrom the Mil waukee ParentalChoiceProgram,
which, althoughrandomizedwasrelatively poorly implementedasanexperiment.

At first glance,it would appearthat the evaluationof the NYSCSPcould proceedwithout undue
statisticalcompleity. However, this programevaluation,asis commonin studieswith humansub-
jects, suffers from unintended althoughnot unanticipated complications. The first complicationis
non-compliance. Approximately25% of childrenwho were awardedscholarshipglecidednot to use
them. The secondcomplicationis missingdata: someparentsfailed to completefully surwey infor-
mation; somechildrendid not take pre-testssomechildrenfailedto shov up for post-tests.Levels of
missingdatarangeapproximatelyfrom 3 to 50%acrossvariables Work by FrangakisandRubin(1999)
hasrevealedthe sererethreatso valid estimate®f experimentakffectsthatcanexist in the presencef
non-compliancandmissingdata,evenfor estimationof simpleintention-to-treaeffects.

Thetechnologywe useto proceedvith analyse®f longitudinaldatafrom arandomizedxperiment
suffering from missingdataandnon-compliancénvolvesthe creationof multiple imputationsfor both
missingoutcomesandmissingtrue compliancestatusesisingBayesiarmodels.Thefitting of Bayesian
modelsto suchdatarequiresMCMC methodsfor missingdata. Our Bayesianapproachallows for
analyseshatrely on fewer assumptionghanstandardapproaches.

Theseanalysegprovide evidenceof positive effectsof privateschoolattendancen mathtestscores
for certainsubgroup®f the childrenstudied.



1 Prologue

Every day policy decisionsaremadethatmayhave a greatimpacton our livesbasedn quan-
titative “analyses”of social sciencedata. Rigorousmathematicaktatisticiansare sometimes
wary of participatingin socialscienceanalysedecausesocialsciencedatasetsarenearlyal-
waysmessyrelative to thosein the physicalor biological sciencesvenwhenstatisticiansare
involvedin thedesignof thestudy Humansubjectsanbecapriciousrandomizedxperiments
canrarely be performed,and the measuresre often only looselytied to the phenomenaf
interest,aswell asbeingintrinsically noisy However, this shouldnot lessernthe statisticiars
responsibilityto model,asrigorouslyaspossiblethe scienceof the problem.

TheBayesiarparadigmpecausef its flexibility, is a powerful way to conceptualizéow to
approactsuchmessyproblemdrom thedesignthroughtheanalysisstage Usingthis paradigm
asaguidedoesnotnecessarilymply performingformalBayescalculationsateachstepbecause
thesemightbeimpossiblydemandingn thetime frameor with availableresourcesHoweverit
doesmeanthatwe designa studywith the eventualBayesiaranalysesn mind, where“design”
hereis definedbroadlyto include, not only the plan for assigningtreatmentgo individuals,
but also evaluationissuessuchasthe plan for what typesof datawill collectedandin what
manner We wantto designto minimize problemsatthe endwithoutbeingblind to theeventual
complicationghatwill nearlycertainlyarise. Rathey we optimally would like to framethese
complicationsas aspectf the broadly definedphenomenorf interestandthenbuild them
into our Bayesianly-inspiretemplatefor the studyandits data.

Of particularimportance knowing which issuescreatethe mostproblemsfor our ultimate
Bayesiaranalysisandwhichvariablesvould be mostusefulfor modelingthese helpsguideour
design.In fact,mary of thebenefitsof practicalimportancen a studysuchasthis arisethrough
thedesign:decidinghow to minimize the complicationsandwhetherthesecomplicationscan
beincorporatednto the analyseslf thereareno complicationsthe payof to beingBayesian
is typically relatively small. In our setting,the evaluationof a programthat may hase major
impacton livesof our children,therewill beanemphasi®nthesedesignaspects.

In thisway, this applicationmay standin contrasto mary Bayesiarapplicationghatoften
focuson analyseof existing datasetstherebyshavcasingclever modelingand computation,

but neglectingissuesnf how the datawereobtained or how the datacollectionwasinfluenced



by the Bayesiarmanalysego be conductedandusedto drawv practicalconclusions We present
asequallyimportantaspectof the study: (1) our assessmertdf the mostimportantcompli-
cationsinvolved (non-compliancevith treatmeniassignmentmissingoutcomesand missing
covariates) and(2) our attemptgo minimizethesecomplicationsandto accommodateventual
incorporationof theminto the analysis(for instanceinclusionof suney questionsntendedto
helpthe modelingof thesecomplications).

Ouranalysigdoesnotrepresena completelysatishictoryjob of simultaneoushhandlingall
the complications.As an example,we do not modelthe multivariatenatureof the outcomes;
we fit separatemodelsfor eachoutcomeexamined(readingand math test scores). Further
work will graduallyexpandthis initial modelto incorporatethe complicatedstructureof this
experimentandthe “response’to schoolchoicethatit measuresThemorethemodelbecomes
moreinclusive of thecomplicationsthemorewe will beableto take advantageof theelements

weincorporatedn ourinitial designthatanticipatedhis structure.

2 Intr oduction

Overthepastfew years,nterestin schoolchoicehasescalatedCongres@ndmary statelegis-
latureshave consideredchoolvoucherproposalghatenablefamilies,particularlylow-income
families, to chooseamonga wide rangeof schools,public and private, religiousandsecular
In 1990the Wisconsinlegislatureenacteda pilot programthat gave public studentsaccesgo
seculaprivateschooldn the City of Mil waukee;thenin 1996thelegislatureexpandeahis pro-
gramto includereligiousschools After surviving a constitutionakhallengethe programwent
into effectin thefall of 1998.A similar programin Cleveland,enactedy the Ohiolegislature,
beganits third yearof operationin thefall of 1998. At thefederallevel, a pilot programfor the
District of Columbiareceved congressionahppraal in the summerof 1998, but wasvetoed
by PresidenClinton.

Specialinterestgroups,political leadersand policy analystson all sidesof theideological
spectrumhave offered agumentsboth for and againstthe continuationand/or expansionof
theseschoolchoiceprograms.Supporterf schoolchoiceasserthatlow-income,innercity

childrenlearnmorein private schools;critics retortthat ary perceved learninggainsin pri-



vateschoolsaredueto the selectechatureof private-schoofamilies. Proponentsuggesthat
familiesdevelopclosercommunicationsvith schoolghey themseleschoosecritics reply that
whenchoicesareavailable,mismatchesftenoccurandprivateschoolsxpel problemstudents,
addingto the educationalnstability of childrenfrom low-income,innekcity families. Cham-
pions of choicesuggesthat a more orderly educationaklimatein private schoolsenhances
learningopportunitieswhereaopponentsleclarethat private schoolsselectout the “bestand
the brightest, leaving behindthe mostdisadwantaged. Voucheradwcatesargue that choice
fostersracialandethnicintegration;critics, meanwhilejnsistthatprivateschoolshalkanizethe
populationinto racially andethnicallyhomogeneousducationaénvironments

Few of thesedisputeshave beenresohed, in part becausevery few voucherexperiments
have beenattempted.Although mary publishedstudiescomparepublic and private schools,
they have beenconsistentlycriticizedfor comparingdissimilarpopulations Evenwhenstatis-
tical adjustmentsremadefor backgrounctharacteristicst remainsunclearwhetherfindings
reflectactualdifferencesdetweernpublic andprivateschoolsor simply differencesn the kinds
of studentsandfamiliesattendingthen®.

Thoughthis problemhasplaguededucationatesearcHor years,it is notinsurmountable.
The bestsolutionis to implementnumeroudarge-scalecontrolledrandomizedexperiments.
Randomizedxperimentsthoughstandardn otherfields, have only recentlyfound their way
into educationalstudies,such as the Tennesseé&tar experiment,which found that smaller
classeshave positive effects on test scoresamongstudentsin kindegartenand first grade
(Mosteller 1995). Until now, however, randomizeddesignshave not beencarefully usedto
studythevalidity of competingclaimsaboutschoolchoice.

In this article, we describea casestudy of a randomizedexperimentconductedn New

York City madepossibleby the SchoolChoiceScholarshipg-oundation(SCSF),a privately-

!Recentworks makinga casefor schoolchoiceinclude Brandl (1998); Coulson(forthcoming); Cobb (1992); and Bonsteel
and Bonilla (1997). A collection of essayshat report mainly positive school-choiceeffects are to be found in Petersorand
Hassel(1998). Works which critique schoolchoiceinclude Ascher Fruchter and Berne (1996); Carngjie Foundationfor the
Advancemenbf Teaching1992);Gutmann(1987);Levin (1998);FullerandElmore(1996);RasellandRothstein1993);Cookson

(1994).
2Major studiedinding positive educationabenefitfrom attendingprivateschoolgncludeColemanHoffer, andKilgore (1982);

ChubbandMoe (1990);Derek(1997).Critiquesof thesestudieshave beenpreparedy GoldbegerandCain(1982);Wilms (1985).



fundedschoolchoiceprogram. The SCSFprogramprovidesthe first opportunityto estimate
theimpactsof aschoolchoicepilot programthathasthefollowing characteristicsalottery that
allocatesscholarshipsandomlyto applicantswhich hasbeenadministeredy anindependent
evaluationteamthat canguaranteéts integrity; baselinedataon studenttestperformancend
family backgroundatharacteristicsollectedfrom student@andtheirfamiliesprior to thelottery;
dataon a broadrangeof characteristicsollectedfrom asmuchas83 percentof thetestgroup
andcontrolgrouponeyearlater Becauset hasthesequalities,the SCSFprogramis anideal
laboratoryfor studyingthe effectsof schoolchoiceon outcomessuchas parentalsatisfiction,
parentainvolvement,schoolmobility, racialintegrationand,perhapsnostnotevorthy, student
achiezement.

Theschoolchoiceinitiative in New York is describedn Section3 followed by studyobjec-
tivesandimplementatiornin Sectiongt and5. Theinnovative randomizediesigndevelopedfor
this studyis presentedn detailin Section6. Section7 introducesthe templateof the imper
fect randomizedexperimentandthe correspondingnotationis givenin Section9. The model
is describedn Section10; technicaldetailsof the computationsreresered for AppendixA.

Resultsof theanalysisarediscussedn Sectionl1.

3 SchoolChoice ScholarshipsFoundation (SCSF)Program

In Februaryl997SCSFannouncedthatit would provide 1,300scholarship$o low-incomefam-
ilies currentlyattendingpublic schools.Thesescholarshipsvereworth up to $1,400annually
andcould be usedfor up to threeyearsto help pay the costsof attendinga private school,ei-
therreligiousor secular SCSFrecevedinitial applicationfrom over 20,000studentdetween
Februaryandlate April 1997.

In orderto becomeeligible for ascholarshipghildrenhadto be enteringgradesonethrough
five, live in New York City, attenda public schoolat the time of application,andcomefrom
familieswith incomeslow enoughto qualify for the federalgovernment free schoollunch
program. To qualify, studentsandan adult memberof eachfamily hadto attendverification
sessionsvhereSCSFprogramadministratorslocumentedamily incomeandchildrens public-

schoolattendance.



Becausef the large numberof initial applications,t was not feasibleto invite everyone
to theseverificationsessions.To give all familiesan equalchanceof participating,therefore,
a preliminary lottery was usedto determinewho would be invited to a verification session.
Only thesefamilieswere thenincludedin the final lottery that determinedthe allocation of
scholarshipsmongapplicants.

Thefinal lottery, heldin mid-May 1997 ,wasadministeredby Mathematic&olicy Research
(MPR); SCSFannouncedhe winners. Within the guidelinesestablishedy SCSF all appli-
cantshad an equalchanceof winning the lottery SCSFdecidedin adwanceto allocate85
percentof the scholarshipgo applicantsfrom public schoolswhoseaveragetestscoreswere
lessthanthe city-wide median(hencefortiabeled‘low-score”schools).Consequentlyappli-
cantsfrom theseschoolswho representedbout70 percentof all applicantswereassigned
higherprobability of winning a scholarship.

Subsequerto thelottery, SCSFhelpedfamiliesfind placement# privateschools By mid-
Septembed 997, SCSFreportedthat 1,168 scholarshigrecipients,or 75 percentof all those

offereda scholarshiphadsuccessfullygainedadmissiorto some225 privateschools.

4 Objectivesof the Study

The evaluationof the SchoolChoiceScholarshig-oundation(SCSF)wasconductedy MPR;
the co-principalinvestigatorsvereDavid Myers, MPR, andPaul PetersonHanard University
(hencefortitheevaluationteamwill bereferredto solelyasMPR for simplicity). Theevaluation
providesanswergo threequestionsFirst, whatis theimpactof beingoffereda scholarshipn
studentandparentoutcomesXecondwhatis theimpactof usinga scholarshifparticipating
in the scholarshigprogram)?Thatis, whatis the value-addeaf usinga scholarshipver and
above whatfamiliesandchildrenwould do in the absencef the scholarshigorogram(which
couldincludeeitherpublicor privateschoolattendance) Third, whatis theimpactof attending
a private schoolon studentand parentoutcomes?Thatis, would studentswvho attendpublic
schoolsdo betteracademicallyf they attendedrivateschools® Eachof theseguestionsnaybe
answeredy usinginformationcollectedfor the SCSFevaluation.Until this evaluation,noone

studyhasaddressethesehreequestionsFurthermorethis studymayproducehighly credible



evidenceconcerningthesequestionsbhecauseve randomlyassignedamiliesto a treatment

group(offer of ascholarshipanda controlgroup.

5 Implementation

In orderto evaluatethe voucherprogram,SCSFcollecteddataon family demographicspar

ents’ opinionson mattersrelatingto their childrens education,and studenttestscores,both
prior to thelottery andoneyearlater; oneof the conditionsfor participatingin the programwas
agreemento provide confidentialbaselineandfollow-up information. MPR alsomadeexten-
sive efforts to encourageooperatiorwith the studyguidelinesaswill be discussedn greater

detailin thefollowing sections.

5.1 Issuesin the Implementation of the SCSFEvaluation

A criticalissuein thedesignjmplementationandanalysisof arandomassignmengxperiment,
suchasthe evaluationof the SCSFprogram,concernsieviationsfrom the perfectlycontrolled

experimenteffectedby familiesandchildren.We have identifiedfour suchbehaiors:
1. Somefamiliesofferedascholarshiglid notsubsequentlgccepthescholarshi@ndattend
aprivateschool.
2. Somefamiliesnot offereda scholarshigsenttheir childrento a privateschoolaryway?.

3. Somefamiliesinvited to attenddatacollection and testing sessionone year after the

baselinesuney did notshav up.

4. Someparentsand studentsdid not completeall itemsin their questionnaireand some
studentglid notcompleteenoughtemsin the standardizedeadingandmathassessments

to begivenascore.

Thefirsttwo of thesebehaiors will hencefortthereferredto underthegenerakubric of “non-

compliancé, the lasttwo as “missing data’. For the SCSFevaluation,ensuringcompliance

3Classifyingthis behaior asa deviation assumethatthetreatmenis definedasprivateschoolattendancandthatthe rangeof
private schoolsattendedy the treatmengroupis similar to the private schoolsattendeddy the control group. This issuewill be

discussedn greatedetailin Section11.



with the assignedreatmentwas largely out of the control of the evaluationteam. If we de-
fine treatmentsprivate schoolattendance;learly theteamcould neitherforce winnersto use
their scholarshipsnor could they keepthosewho did not win from attendingprivate school.
The SCSFdid, however, provide serviceso help scholarshipyvinnersfind appropriateprivate
schools,which may have helpedcompliancerates. If we definetreatmentas participationin
thescholarshigrogramthentheonly form of non-compliancés scholarshigvinnersdeciding
notto participatein the program(clearlythosewho did notwin could not obtaina scholarship
or receve help from programadministratorsn finding a school). Again, provision of helpin
finding privateschoolsfor scholarshipwinnersprobablymayhave lessenedon-compliance.
In social sciencestudiesit is generallydifficult for evaluatorsto have much control over
noncompliancef the control group with respecto participatingin programservices. They
cannotprevent membersof the control group from going out and finding similar servicesif
they areavailablein thecommunity;sometimesheserviceamaybemoreor lessintensve than
thoseoffered by the programbeingstudied. It is alsounclearthat evaluatorsshouldwant to
prevent suchactions. If we wantthe studyto answera public policy question(e.g. “Should
we male available ProgramA? Will it malke a differencein this community?”),the correct
controlshouldprobablyrepresenthe otherserviceghetargetpopulationhasavailableto them.
However, in this casetheissueis often“Do studentdearnmorein privateschools?”.
Evaluatorsgenerallyhave more control, potentially over the amountor kinds of missing

datathatoccur Below, we describethe proceduresisedto minimize missingdata.

5.2 Collection of BaselineData

During the verification sessionst which eligibility was determined MPR asled studentso
take the lowa Testof BasicSkills (ITBS) in readingandmathematicsStudentsn kindegarten
applyingfor a scholarshigdor first gradedid not take the test(seeSection5.5). Eachstudent
performanceavas given a nationalpercentileranking. While their childrenweretaking tests,
MPR asled parentso completequestionnairethat would provide informationon their satis-
factionwith the schooltheir child was currently attending their involvementin their child’s
educationandtheir backgroundctharacteristicsDiscussiondetweerthe evaluationteamand

someof theauthorgegardingwhatquestiongo includeonthebaselinesuney focusedhotonly



onwhattypesof covariateswereexpectedo be predictive of the primary outcomesf interest,
but alsowhatmightbepredictive of complianceébehaior andpropensitytowardsnon-response.
Thiswasdonein anticipationof structuringnon-complianc@andmissingdatainto our eventual
Bayesiaranalysis.
Althoughgrandmotherandotherrelatvesandguardiansalsoaccompaniedhildrento ver

ification sessionsin over 90 percentof the casest wasa parentwho completedhe question-
naire. MPR held the sessionsat private schools,wherestudentsook the testsin classroom
settings.In nearlyall casesprivateschoolteacherandstaf proctoredhetestsandwereunder
the supervisionof MPR staf. The verification sessiongook placeduring March, April, and

earlyMay 1997onweelendsandvacationdays.

5.3 Collection of Follow-Up Datain 1998

Thefirst follow-up datacollectionwascompletedn summer1998. MPR invited eachof the
1,960familiesin thetreatmengroupandthe controlgroupto attendtestingsessionsMost of
thetestingsessionsvereheld on weelendsduringspring1998. MPR heldthetestingsessions
atprivateschoolsandparentsvereasledto completeaquestionnair¢hatincludedmary of the
sameitemsthatwere part of the baselinequestionnaire Studentsn grades3-5 weregiven a
questionnaire The responseatesfor the first follow-up datacollectionareshavn in Table1.
The overall responseate for the parentsuney was 84 percentfor the scholarshipfamilies
and 80 percentfor familiesin the controlgroup. To achieve thesehigh responseates,MPR
usedtwo forms of incentives. First, they offered all familiesin the control groupa chance
to win a scholarshigdor $1,400for threeyears,but to be eligible, familiesandtheir children
wererequiredto attenda testingsession.To presere the integrity of the control group, we*
randomlyselectecabout100 winnersfor the secondyear of scholarships.Seconda variable
incentive schemeallowedmary controlgroupfamiliesthatattended testingsessiorto receve

anincentve of $750n average(somewereoffered$50andotherswereoffered$100).

4This wasactuallyperformedby colleagueNeal ThomasseeHill, Rubin,andThomag(1999).



ScholarshigJsers 89%
ScholarshiDecliners | 66%

TreatmentGroupTotal | 84%

ControlGroupTotal 80%

Tablel: Respons®atesontheFirst Follow-Up ParentSuney

5.4 Item Nonresponse

To minimizeitemnonresponsin thesuney questionnairestaf ateachdatacollectionsession
reviewed the questionnairefor completenesasparentsandstudentgeturnedthematthe end
of thetestingsessionIn casesvheremary itemsappearedo have beenleft incomplete staf
asledthe parentsandstudentgo try to completethe items. If a parentor child did notunder
standtheitem, staf would work with themso thatthey might be ableto provide a response.
Sometimespneparentwould refuseto answerabouttheotherparentf they werenolongerliv-
ing in thehome.In Table2, weillustratethevariability in item nonresponseatesthatoccurred
in the baselinesuney. It becomegyuite clearuponreviewing theseresultsthatoftentherewas
little informationconcerninga child’s father For example,amongthe parentquestionnaires,
morethan 35 percentof themweremissinginformationaboutfathers’educationahttainment
andalmost60 percentweremissinginformationaboutfathers’emplo/ment. In contrastmiss-
ing valueswerepresenfor aboutsevenpercenpf theresponsesoncerningnothers’education

andmothers’emplo/ment.

5.5 Additional Complicationswith the Data

Two additionalcomplicationswith the dataare notavorthy. Thefirst is thatno pre-testscores
were obtainedfor applicantsin kindegartenbecause:(1) thesechildren would mostlikely
never have beenexposedo a standardizedesthenceconsiderabléime would have beenspent
instructingthe childrenon how to take a test,and(2) therewas concernthat separatingsuch
young childrenfrom their guardiandn this new ervironmentwith unfamiliar teacheramight
leadto discipline or behaioral issues. This createsa structuralmissingnessn the datathat

is distinctfrom the standardypesof missingdataencounteredandthusneedso be handled
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Item Description

% Response

Femaleguardians highestlevel of education

Femaleguardians ethnicity

Femaleguardians countryof birth

Numberof yearsfemaleguardiarhaslivedat currentresidence
Femaleguardians emplogymentstatus

Femaleguardiansreligion

How oftenfemaleguardiarattendgeligiousservices

Male guardians highestlevel of education

Male guardians ethnicity

Male guardians countryof birth

Numberof yearsmaleguardiarhaslivedat currentresidence

Male guardians employmentstatus

Male guardiansreligion

How oftenmaleguardianattendgeligiousservices

Numberof childrenunderl8living athome

Numberof childrenathomeattendinga public elementanor high school
Number of children at home attendinga religious private elementaryor high
school

Numberof childrenat homeattendinga non-religiousprivateelementaryor high
school

Whethertheres adaily newspapein thechild’shome

Whethertheres aneng/clopediain thechild’'s home

Whethertheres adictionaryin the child’s home
Whethertherearemorethan50 booksin thechild’s home
Themainlanguagespolenin thehome

Whetheranyonein the homerecevesassistancéhroughfood stamps
Whetheranyonein thehomereceivesassistancthroughwelfare(AFDC or public
assistance)

Whetheraryonein thehomerecevesassistancéhroughsocialsecurity
Whetheranyonein the homerecevesassistancéhroughMedicaid
Whetheraryonein the homerecevesassistancéhroughSupplementaSecurity
Income(SSI)

Yearlyincomeof householdeforetaxes

95
94
88
97
95
94
96
83
81
72
60
76
71
63
94
93
58

55

90
86
95
92
92
93
89

77
87
79

92

Table2: Respons®ateshy Item for BaselineParentQuestionnaire
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differently Secondwe do notyet have completecompliancedatafor the multi-child families.
For this reason the analysesn this paperare limited to resultsfor the 1250 “single-child”
families(i.e. familiesthatonly hadonechild participatingin the lottery) who werein grades

1-4 atthetime of the springof 1997applicationprocess.

6 Design

Althoughthe lottery usedto award scholarshipsaturallycreateda randomizedesign,it also
precludedblockingon variablesselectedourely for their assumegbredictive pover. Random-
izationwithin certainsubgroupclassificationge.g. ethnicity) might have appearednequitable
to the public®. Anothercomplicationwasthatevaluationfundingonly allowedfor 1000treat-
mentfamiliesand 1000 control familiesto be followed. How to choosethe control families
from thereserwir of over 4000familieswho participatedn thelottery but did notwin a schol-
arshipbecamehefocusof the designissuesandled to the developmeniof a new experimental
design,the PropensityMatchedPairs Design(PMPD). The PMPD is a designwhich creates
matchedbairsusingthe popularpropensityscorematchingtechniquelevelopedby Rosenbaum

andRubin (1983).

6.1 The Lottery and its Designimplications
Theoriginal planfor thelottery includedthreestages.
1. Interestedamilieswould submitapplicationgo the program.

Over 20,000families participatedin the initial applicationstage. For administratie pur

posesapplicationsverebatchedy thedaterecevedinto five time periods.

2. All potentially eligible familieswould be invited to a half-day of screeningwhich

would include confirmationof eligibility, pre-testingof children, and completionof a

>The randomizatiorwasslightly constrainecaswill be describedn moredetailin this section.However, in onecasethis was
doneto ensurehigherrepresentatiofrom amoredisadwantagedopulation andthis policy wasclearly statedn adwertisement$or
theprogram.The other“blocks” —applicationwave andfamily size— werepresenfor logisticalreasongoncerningdatacollection
andallocationof a fixed numberof scholarshipsln generaljn this type of program,administratorsvould like to keepthesetypes

of deviationsfrom a purelottery to a minimum.
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suney regardingthe family’s relevantbackgroundtharacteristics.

This planwasfollowedfor thefirst batchof applicants However, dueto a variety of logis-
tical constraintscoupledwith the overwhelmingresponseo the program,not all potentially
eligible familieswerescreenedn the next four waves. Samplingof applicantshadto be per
formedin orderto reducethe numberinvited to participatein the screeningstage.To keepthe
aggreateprobability of receving a scholarshipequalacrosshe time periods,the probability
of receving a scholarshippmongsthosescreenedadto be increasedo offset the reduced

probabilitiesof beinginvited to a screeningsession.

3. Familieswho completedhe screeningandwhoseeligibility wasconfirmedwould be

allowedinto thefinal lottery,

Over5000familiesparticipatedn thefinal lottery. In accordancevith thegoalsof the SCSF
program,applicantsfrom “low-score”schools(schoolswhoseaveragetestscoreswvere belov
the city-wide median)were given a higherchanceof winning a scholarshiphanthosefrom
“high-score” schools(schoolswhoseaveragetest scoreswere above the city-wide median).
Familiesfrom “low-score”schoolswereto represen85% of thosewinning scholarshipsThis
oversamplingook placeduringthe lottery for thosewho appliedin the first wave (sincethere
wasno samplingperformedatthescreeningtage) In thesecondhroughfifth waves,however,
thedifferentialselectiorof thosefrom high versudow-scoreschoolsvaslargely accomplished
in the samplingat the screening stage.The implication of this differenceis thatthe treatment
and control groupsin the last four waves are balancedon the low/high variablewhereaghe
treatmentandinitial control groups(i.e., thosewho did not win a scholarship¥rom the first

wave areunbalancean thelow/high variableaswell asvariablescorrelatedwith this variable.

6.2 Multi-child Families

The SCSFprogramwas setup so that all eligible siblings of scholarshipwinnerswere also
offeredscholarshipsBecausef this, familiesarethe unit of randomizationandall matching
andsubsamplingook placeatthe family level. Sincecovariatedatawerecollectednotonly at
thefamily level, but alsoatthe studentevel, the setof thesevariabless someavhatdifferentfor

thefamiliesin which morethanonechild appliedto the program(“multi-child” families). That
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is, sinceour units of obseration arefamilies,yet somedataare collectedat the studentievel,
multi-child familieshave moreinformationthansingle-childfamilies,sothevariable“reading
testscore” for instancecannotmeanthe samething for all families.

For familieswith morethanonechild applying,new family variableswerecreated.These
variablesverecomputedacrossall family membersapplying. For eachfamily, theaverageand
standardleviation of continuousvariableswverecalculatedor initial testscoresage,education
expectationsandgradelevel. The meanandstandarddeviation arebasedon availablevalues;
if only onevalueis availablefor a multi-child family, thenthe standarddeviation is missing.
For themajority of multi-child families,which aretwo child families,theoriginalvaluescanbe
derived from the meanandstandarddeviation. Binary variables(e.g.,low/high andsex) were
recodedasl if all respondingchildrenin the family respondedhegatively, 3 if all responding
childrenrespondegbositively, and2 if responseweremixed. Indicatorsfor thepresencef ary

missingdataamongall family memberdor eachvariablewerealsocreated.

6.3 PMPD VersusRandomizedBlock

The study designprovides an opportunityto testempirically the performanceof the PMPD.
In the first applicationlottery, in which all apparentlyeligible applicantswere invited to be
screenedtheratio of eligible non-winnerqcontrolfamilies)to winners(treatmengroupfam-
ilies) is approximatelfive to one,anideal situationfor the PMPD. In the secondhroughfifth
waves,however, which hadsmallercontrolgroupsdueto thelimits placedon how mary fami-
lieswereinvited to bescreenedthegroupsaremorenearlyequalin size. Thislatterscenarids
moreappropriatggiventhe studydesign)for arandomizedlock experiment,with time peri-
ods(waves)servingasblocks.Implementingoothdesignsoncurrentlyallows for anempirical
comparisorof efficiengy. However, the PMPD hasa moredifficult settingin whichto achiee
balancebecause®f theinitial imbalanceon the low/high variableandotherbaselinecovariates

correlatedwith it.

6.4 Designimplementation

Theimplementatiorof the two designgproceededsfollows. The datacanbe conceptualized

asbeingdivided into four subgroupsasedon family size (singlevs. multiple children)and
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Family Randomizedlock
Treatment || PMPD

Size 2 3|4 5 | Subtotal|| Total
I Scholarship|| 404 || 115| 67| 82| 192 456 860

Single
Control 2626 || 72 | 65| 87| 135 359 2985

Scholarship|| 147 44 | 27| 31| 75 177 324
Control 969 27 | 23| 33| 54 137 1106

Multi

Table3: Initial SampleSizes(unitis afamily)

Family Size | PMPD | Rand.Block| Total

Single 353 323 646
Multi 147 177 354
Overall 500 500 1000

* Only 137availablein controlgroup.

Table4: TamgetSizesfor Both ScholarshimmndControlSamples

design(PMPDvs. randomizedlock). Theinitial samplesizes? furtherbrokendown by time
period,aredisplayedn Table3.

The goalwasto equalizesamplesizesacrosdreatmengroupsandthen,if possibleacross
blocks,includingacrosssingleversusmulti-child families. It wasapparenthatwe would only
be ableto approximatethis goal in the stratifiedstudy The limiting factoris the numberof
multi-child controlfamilies(137).

Becauseaf financialconstraintswe could only follow-up 2000study participantga “par-
ticipant” is a family), andthussomerandomsub-samplingf lottery winnerswasperformed.
Becauseave hadvery similar numbersof lottery winnersin eachdesign,we taigeteda similar

numberof controlfamiliesin eachdesignasseenn Table4.

®Thesearethe samplesizesafterremoval of 100familiesrandomlychoserfrom the control groupto receie scholarshipgor
thefollowing academig/ear and 100for the yearafterthat. The additionalscholarshipfferswereusedasincentvesto increase
participationin the follow-up datacollection process. New winnerswere announcedollowing the secondand third follow-up

testingvisits.
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6.4.1 PropensityMatched Pairs Design

The stratgy for the PMPD wasto match500 sub-sampledcholarshipvinnersfrom the first

time periodto 500 controlsfrom the sametime period,with separatenatchingfor singleand
multiple-childfamilies.As aconsequencef thedatasebeingsplitinto two parts(singleversus
multi-child families),all matchingtakesplacewithin family sizecateyories.This exactmatch-
ing onfamily sizeproducesperfectbalanceor this variable whichimplicitly treatsfamily size
asthemostimportantmatchingvariable.

Determinationdhadbeenmadeby the evaluatorsasto the relatve “importance”of the re-
mainingcovariates.As describedurtherin Section6.6.3,importances judgedby a combina-
tion of theinitial imbalanceof a covariateacrossreatmenigroupsandthe perceved strength
of thepredictive relationshipof it to post-randomizationutcomemeasuresyhichinclude:the
primary outcomeghemseles, noncompliancéehaior (referringto whetheror not a family
usesanofferedscholarship)attrition from the study andothertypesof missingdata.

After family size,themostimportantvariableby this definitionwasjudgedto bethebinary
variablefor low versushigh-test-scorechool,becausét wasthoughtto be highly correlated
with the outcomesandbecausef theimbalancethat occurredin the first time perioddueto
its usein determininglottery winners. It is closelyfollowedin importanceby gradelevel and
initial testscores.The remainingcovariatesareranked as: ethnicity mothers educationpar
ticipationin specialeducationparticipationin a gifted andtalentedprogram languagespolen
at home,welfarereceipt,food stampreceipt,mothers employmentstatus.educationakxpec-
tations,numberof siblings(includeschildrennot eligible becaus®f age),andanindicatorfor
whetherthe motherwas foreign born. The final propensityscoremodels,presentedn Sec-
tions6.12and6.13,werechoserbasedon the balancecreatedn thesevariables’distributions
acrosgreatmentgroups. Identificationof specialvariablesandthe overall ranking of the co-
variatesnformeddecisiongegardingwhich variableamightbe appropriatdor exactmatching,
which shouldreceve specialtreatmenin the propensityscoremethod,andwhattradeofs to
male in termsof theresultingbalance.

Therankingof thevariablescanbehelpfulin implementinghe propensityscoremethodol-
ogy; however, correlationamongthevariablesdiminishtheimportanceof theorderingchosen.

Thereforethe specificorderingchosermaynothave amajorimpactonthe creationof matched
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Family Randomizedlock
Treatment || PMPD

Size 2| 3| 4| 5 | Subotal| Total
Scholarship|| 353 || 72| 65| 82| 104| 323 676
Single
Control 353 || 72| 65|82 |104| 323 676
I Scholarship|| 147 || 44| 27| 31| 75 177 324
Multi
Control 147 || 27| 23| 33| 54 137 284
Total 1000 960 | 1960

Table5: Final SampleSizes

pairsandshouldnot beviewedasanassumptiomequiredfor successfuimplementation.

6.4.2 Sub-Samplingfor the RandomizedBlock Design

We randomlysub-sampledrom the cells of therandomizedlock designto arrive at the final
samplesizes,which metthe limitation of 1000familiesperdesign. The numbersub-sampled
wereselectedo equalizethe numberof scholarshindcontrolfamilieswithin blocks,andthe

numberof familiesacrosslocks.
1. 133 original single-childlottery winnerswere randomly withheld for the randomized
block design:43in time periodtwo, 2 in time periodthree, 88 in time periodfive
2. 36 single-childeligible controlswererandomlywithheldfrom randomizedlock design:

5in time periodfour, 31in time periodfive

Thefinal samplesizesaredisplayedn Tableb.

6.5 General Propensity Score Methodology

Propensityscorematchingwas introducedby Rosenbaunand Rubin (1983) as a meansof
creatingbetterbalancein obserational studies,therebyallowing for valid causalinference
underthe assumptiorof stronglyignorabletreatmentassignment,e., treatmentssignmenon
the basisof the covariatesbeingusedto estimatethe propensityscore. Matchingis usedasa

way of alleviating the biaseghat canbe createdby self-selection As documentedn a variety
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of placege.g.,Rubin1973,1979;Rosemari998),the combinationof matchingandregression
adjustments typically farsuperiorto eithertechniquealonefor controllingbiasin obserational
studies.Not only doesmatchingreducebiascreatedyy the self-selectiorinto treatmengroups
thatoccursin obserationalstudiesjt increasegfficiengy in randomizedxperimentssuchas
the onein this study The extra payof from matchingmostly ariseswhenthe linear model
underlyingregressioradjustments not entirely correct.

Methodsfor estimatingpropensityscoresarewell-documente@nd,in the caseof no miss-
ing data,quite straightforvard (RosenbaunandRubin 1984). Whenmissingdataexist, asthey
do in this study extensionsof the generalmethodology(D’Agostino and Rubin 1999)canbe
implemented.Thegoalis to balancecloselyall covariatesandpatternsof missingdataacross

thetreatedandmatchedcontrolgroups.

6.6 CompleteData

In the caseof completedata,the generalstratgy is to calculatea “propensityscore”for each
studyparticipant. This scorerepresents participants chanceor “propensity” of receving the

treatmen{e.g.,a scholarshipffer),
P(Z=1|X), (1)

where Z denotedreatmentassignmenand X denotesall of the measureatovariates(recall,
here,fully obsered). This probabilityis straightforvard to estimateusinglogistic regression

or lineardiscriminanttechniques.

6.6.1 Matching onthe Propensity Score

The propensityscorescanbe regardedas defininga new covariatevalue for eachindividual,
which is a function of all of the covariatespotentiallycorrelatedwith the outcomes.In prac-
tice the logits of theseestimatedprobabilitiesare often usedbecausehey arelinear in the
covariates. Balancingthis newv covariategenerallyhasthe effect of improving the balanceof
all the othercovariatesthatwentinto its estimation.A goodway to balancepropensityscores
whenthetreatmengroupis muchsmallerthanthe controlreserwir is to matchon propensity

scoresProcedurallythis canbeaccomplishedby sortingthetreatmengroupmemberdy their
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propensityscoresandthen,oneby one findingfor eachtreatedsubjectthecontrolgroupmem-
berwho hasthe closestscore.Oncea matchhasbeenmade the chosercontrolgroupmember
is removed from the controlreserwir soit cannotbe choseragain(CochranandRubin1973).

Thisis callednearestemainingneighboy or nearestvailable,matching.

6.6.2 NearestAvailable Mahalanobis Matching Within Propensity Score Calipers

TheMahalanobisnetric (or distancebetweeratreatmengroupmembemwith vectorcovariate
valuesX; anda controlgroupmemberwith covariatevaluesX, (the samesetof variablesfor

both),is
(X — Xo)' 71 (X — Xe) )

whereX is thevariance-caeariancematrix for thesevariablesfor which, in practice we substi-
tutethe pooledsamplevariance-ceariancematrix. A combinationof propensityscorematch-
ing andmatchingbasedon the Mahalanobignetricusinga subsebf variableshasmary of the
adwantagesof eachmethod(Rubin and Thomas1996). The combinationhasbeenshavn to
be often superiorto eithertechniqueusedon its own (RosenbaunandRubin 1985). With this
refinementasbefore,propensityscoresarecalculatedor all studyparticipantsandthentreat-
mentparticipantsareorderedby their propensityscores Eachtreatmengroupmembeiin turn
will beinitially “matched”to a subsetf the control resereir membersvhosescoresare no
morethanc propensityscoreunits (e.g.,c = 0.10 propensityscorestandardieviations)away
from the treatmentmembers propensityscore. Thusthe initial matcheganustfall within a 2¢
lengthpropensityscorecaliper symmetricaboutthattreatmengroupmembers scoré. Maha-
lanobismatchingis usedto choosea “nearesineighbor”within this subsebf studyparticipants
with respecto several specialcovariates.The controlgroupmembemwhosevalues, X ., of the
specialcovariatesminimize the distancefrom the values, X;, of the specialcovariatesfor the
treatmentnemberis choserfrom the subsebf controlswhofall within the caliper Weinclude
only the continuouscovariatesmost predictive of the outcomevariablesin the Mahalanobis

metric,asdiscussedn Section6.6.3.

"This techniqués describedandillustratedin the context of areallife examplein RosenbaunandRubin (1985)
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6.6.3 SpecialVariables

The morepredictive a covariateis of the outcomef interest,the morecrucialiis the balance
of this covariateacrosstreatmentgroups. For example, controlling for a covariate (e.g., by
balancing}thatis uncorrelatedvith the outcomesgplaysno usefulrole, whereasontrolling for
onethatis highly correlatedwith the outcomewill play a crucialrole for preciseestimation.

Covariatesthat evaluatorsare mostconcernedaboutbalancingreceve specialtreatmenin
oneof two ways. Whenfeasible,exactmatchesanbe requiredfor the mostcritical of these
variables.For instancejf sex weredeemedo bethe mostimportantvariableto balancewhen
looking at matchedor a femaletreatmengroupmemberno maleswould be consideredlt it
is only possibleto exactmatchon discretevariablesandonly desirableo matchon oneor two
of these.For an exampleof exact matchingin a propensityscorecontext seeRosenbaunand
Rubin(1984).Recallthatin this studywe exactmatchon family size.

As analternatve to, or in additionto, this exactmatching the Mahalanobisnatchingwithin
propensityscorecaliperscanbe constrainedo only a chosenfew variablesconsiderednore
importantto balancethanthe others. Mahalanobignatchingis mosteffective when applied
to a small numberof essentiallycontinuouscovariates(Rosenbaunand Rubin 1985; Gu and
Rosenbauni993). Matchingwithin propensityscorecalipersattemptgo improve balancefor
all of the covariates whereadMlahalanobisnatchingwithin calipersattemptgo achieve close

pair matcheson thefew specialcovariates.

6.7 Advantagesover ANCOVA (Analysis of Covariance) adjustments

We have alreadymentionedthe benefitsof usingmatchingin additionto ANCOVA (regres-
sion adjustmentsjor both biasreductionand precisionof estimation(in Section6.5). There
is anothetbenefitof matchingrelative to regressioradjustment Adjustingfor covariatediffer-

encesftertheexperimentasthedisadantagehatresearchersouldsettleonthe“best” model
solely by choosingthe onethatbestsupportstheir a priori biasesregardingthe issuein ques-
tion. Matching,on the otherhand,usesonly covariatebalanceasa diagnostic;outcomesare
notevenincludedin themodel,nor arethey oftenevenavailableat thetime of matching,asin

our application.Therefore no suchresearchebiascanoccurin the selectionof the propensity

scoremodel.
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6.8 Diagnostics

Thereare a variety of combinationsof the above techniqueghat will eachyield “matched”
treatmentand control groups. The estimationof the propensityscorealonecould be accom-
plishedby numerousnodels,dependingon whatvariablesareincludedandwhatinteractions
or non-lineartermsare added. Diagnostics which comparethe treatmentand control groups
with respecto thedistributionsof the covariateshelptheresearchedeterminavhich matched
controlgroupis superior Sincethe goal of the matchingis balancedyroups,the adequag of
amodelor procedurecanbe judgedby treatmentersuscontrol groupcomparison®f sample
momentof thejoint distribution of the covariates primarily meansandvariancesbut alsocor
relations. It is often helpful at this stageto have a rankingof covariatesin orderof perceved
importancepeyondjustthefew selectedo be“special” variables.Sucharanking,asdescribed
for this studyin Section6.4.1,canhelptheresearchechooseéetweemmodelswith goodover
all balancethat have slight tradeofs in termsof more or lessexceptionalbalanceon specific

variables.

6.9 True VersusEstimated Propensity Scores

A surprisingfactaboutthe useof propensityscoress that, in generalpractice,the useof the
estimategropensityscoretypically resultsin morepreciseestimateshanthe useof the“true”
populationpropensityscore. This is especiallytrue when the treatmentand control groups
arerelatively similar initially; the logic is asfollows. Therearetwo typesof errorsthatcan
resultfrom estimatesof treatmenteffect. The first involves systematidbiases,which occur
when,in expectationthetwo groupsdiffer on importantcharacteristicsThe secondnvolves
conditionalbiaseswhich referto the randomdifferencesetweengroupsthataverageto zero
over repeatedsampledut arenonethelesgpresentin ary given sample. Both populationand
estimatedpropensityscoreseffectively reducethe systematichiasin samples;but estimated
propensityscoregnoreeffectively reducesample-specificandomlygeneratedbias(Rubinand
Thomasl992).Becausarandomizedotterywasheldto determinescholarshipeceiptthereis
no systematidias,so estimatedropensityscoresjn contrasto populationpropensityscores,

work to reduceconditionalbias.
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6.10 Incomplete Data

Techniquego estimatepropensityscoresn the presencef missingdatahave beenproposed
by D’Agostino andRubin (1999). Thetype of stratgy thatis optimaldependsiponhow the
missingdataweregeneratedndtherelationshipof this missingnesto theoutcome®f interest.

The SCSFprogramstudy startsfrom the advantageougposition of a randomizeddesign,
within which incompletebaselinedatais lessproblematicthanin the caseof an obserational
study Thegoalis simply to getthe bestpossiblebalanceon all covariatesthat we expectto
be predictive of outcomes.To the extentthatthe “missingness’of our covariatesis predictive
of outcomesye wantpropensityscoremodelsthatincludeinformationaboutthe missingdata
mechanismge.g.,indicatorsfor themissingnessf aparticularvariable)in orderto balancehe
missingnessicrossreatmengroupsbetterthanit would be balancedy chancealone. If we
believe thatthis missingnesss predictive of the outcomesthenthis balancehasefficiengy im-
plicationsfor ourinferencesbouttreatmentffects,justasbetterbalanceonary othercovariate
improvesefficiengy of estimation.In addition,missingnessvill be usedto modelcompliance
status.

As anexample,in the SCSFprogramthereweresinglemothersin the studywho refusedo
fill outthe partof theapplicationsuney pertainingto the fatherof the child. Themissingness
of thesevariablescould be viewed asa proxy measurdor the strengthof the relationshipsn
the family andso washypothesized priori to be predictive of the outcomes.Thereforethis
missingnes$variable”wasincludedin our propensitymodelsothatwe couldtry to improve
its balanceacrosgreatmengroups.

The other missingnessndicator chosenby evaluatorsasimportantin this studywasthat
correspondingo mothers education.Investigatorghink thata missingresponseo this ques-
tion reflectsa mothers attitudetowardseducationwhich could be predictive of educational
outcomescompliancebehaior, or subsequernnissingdata.

The techniquesappropriatefor including missingdatamechanismsn a model are more
complicatedhanthosewe discussedn Section6.6. We useda computermprogramwritten by
Neal Thomasto implementthe techniquedevelopedby D’Agostino and Rubin (1999),which
relieson the ECM algorithm(Meng and Rubin 1993)to calculatepropensityscoresfor each

subject,includingthosewith missingcovariatevalues. The ECM algorithmis a variantof the
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standardEM algorithmwhichis usedn situationsvherethemaximizationstepis computation-
ally awkward. It replaceghe M-stepwith two or more conditionalmaximization(CM) steps,
eachof which hasa straight-forvard solution®.

TheMahalanobignatchingwithin propensityscorecalipersin the SCSFprogramwasmod-
ified for missingcovariatevaluesasfollows. If possible,for the matchedcontrol, the same
missingpatternwasrequired.If no suchmatchedcontrolwasfound,we exactmatchecdon the
designvariablelow/high school,which wasfully obsered. If a matchedcontrolstill wasnot
found, we would have matchedon the propensityscorealone; however, this situationnever

occurred.

6.11 Relative Strengthsof Designs— Diagnostics

We canjudgetherelative strengthof our designghroughdiagnosticghatmeasuréalancen
variousways. Resultsfrom the PMPD are contrastedwvith resultsfrom both the randomized
block design(2ndthrough5th time periods),a simplerandomsamplechoserfrom the control
reserwir in thefirst time period,anda stratifiedrandomsamplealsochoserfrom the control
reserwir in thefirst time period. Thestratifiedrandomsamplevasrandomizedvithin low/high
schoolcatgyories; 85% of the childrenwere chosento be from low-scoreschoolsand 15%
from high-scoreschools. This comparisonvas chosenbecausét representshe mostlikely

alternatve to the PMPDdesignthatMPR would have implemented.

6.12 SingleChild Families

Following the criteriadiscussedn Section6.4.1,a modelfor the propensityscorewaschosen.
The contingeng tablefor the catayorical variablesethnicity (Hispanic/Black/other)religion
(Catholic/other) participationin gifted program,participationin specialeducation.andwin-

ning a scholarshipjs constrainedy a log-linearmodelthat allows for two-way interactions.

8For the generalocationmodel(often usedwith missingdatae.g.,Little andRubin (1987)andSchafer(1997)),oneCM-step
getsmaximumlik elihoodestimategor the parameterin the normaldistributionsconditionalon the parametersor the log-linear
model(cell probabilitiesfor the contingenyg table)anda secondCM-stepobtainsestimatedor thelog-linearmodelconditionalon
theparametersf all of the multivariatenormaldistributions. More CM-stepsareoftenusedwithin thelog-linearmodelportionto

avoid runningthe Iterative ProportionaFitting (IPF) to corvergenceat eachiterationof the ECM algorithm.Bishop,Fienbeg, and

Holland (1975).
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The continuougportion of the generalocationmodelplacesan additve modelacrosscontin-
geng tablecellsonthe meansof the following variables:languaggspanish/englishwhether
or not fathers work statusis missing, participationin food stampprogram,participationin
Aid to Familieswith DependentChildren (AFDC), low/high school,mothers birth location
(U.S./Puertdrico/other) sex, numberof eligible childrenin householdincome ,mothers edu-
cation,mathscoresandgradelevel. Mahalanobisnatchingwasdonein 0.10calipersof (linear)
propensityscorestandardieviationsonthetwo testscorevariablesandthegradelevel variable;
the low/high variablealso playeda specialrole in the Mahalanobisnatchingasdescribedn
Section6.10. For algorithmicefficiengy, indicatorvariablesfor discretevariableghatarefully
obsered (suchaslow/high),andary of theirinteractionscanbetreatedascontinuouswith no
lossof generality Thisis preferableasit reduceghe effective dimensionalityof the model.

Theresultingbalanceor variablesdesignatedby the evaluationteamto be mostpredictive
of outcome$is givenin Table6. In thetable,“z-stat” standgor the z-statisticcorrespondingo
thedifferencein meansetweerthetwo groupsfor acovariaté®. Theresultsfor thePMPDare
comparedo theresultsfor therandomizedlock designandto theresultsfor stratifiedrandom
sample(stratifiedon low/high school)of the samesizefrom the pool of all potentialmatching
subjects.

Overall, the resultingbalancefrom the PMPD s quite good. Comparedo the randomized
block designthe PMPD haslower absolutez-scoredor 16 variableshigherz-scoredor only
5. It is beaterby the simplerandomsamplefor 6 variablesandby the stratifiedrandomsample
for 9 variables(thereis onetie). In addition,the gainswhenPMPD beatsits competitorsare
generallylargerthanthe gainsof the competitorsover PMPD. The superiomperformancef the
stratifiedrandomsamplealsoreflectsthe gainswhich canbe madewhena controlreseroir of
this sizeis availablefor choosinghe controlgroupto befollowed.

Propensityscoretheorypredictsa gainin efficiengy for differencesn covariatemeansover
simplerandomsamplingby afactorof approximatelywo (RubinandThomasl992,1996).We

have constructedhalf-normalplotsof the Z-statisticddisplayedn Table6 whichwerestandard-

®Thelist of all variablesincludedin thefinal analysiss displayedn Table16in AppendixB.
°Thisis calculatedor eachcovariate,z, as

Tt — Te
V67 /e + 62 /ne

wheret andc subscriptglenotesamplequantitiesrom the treatmentndcontrolgroups respectiely.
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ApplicationWave 1 Waves2-5
Simple Stratified Randomized
Variable RandomSample| RandomSample| PMPD Block
low/high -0.98 0.00 0.11 0.21
gradelevel -1.63 0.03 -0.03 -0.39
readingscore -0.38 0.65 0.48 -1.05
mathscore -0.51 1.17 0.20 -1.37
ethnicity 1.80 1.68 1.59 1.74
mom’s education 0.16 0.14 0.09 1.67
specialeducation 0.31 1.66 -0.17 0.22
gifted program 0.42 -1.16 -0.13 0.75
language -1.06 -0.02 -1.03 -0.44
afdc -0.28 0.49 0.83 -1.57
food stamps -1.08 -0.27 0.94 -1.31
motherworks -1.26 -0.30 -1.18 0.40
educ.expectations 0.50 1.79 0.57 0.19
childrenin household -1.01 -1.75 0.41 -1.02
birth location 0.49 0.73 -1.40 -0.69
lengthof residence 0.42 0.71 0.66 -0.78
dads work missing 1.09 0.70 0.00 0.16
religion -1.84 -0.19 -0.74 -0.80
S&X 0.88 1.22 0.76 0.53
income -0.38 -0.62 0.74 -1.21
ageasof 4/97 -1.57 0.18 -0.47 -0.87

Table6: Balance:Single-ChildFamilies
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ized by the usualtwo-samplevarianceestimatewhich assumesandomallocationto treatment
groups.Therefore we expecttheseZ-statisticgo follow the standardhormaldistribution when
the assumption®f randomallocationaretrue (thusthe Z-statisticsare expectedto fall on the
solid line with slopel in eachdiagram). If the obserationsfall abore the line with slopel,
they originatefrom a distribution with larger variancethanwe areusingto standardizehe dif-
ferencespecauseahey are systematicallymoredispersedhanthe correspondingjuantilesof
thestandarchormal.If they fall below thatline, they originatefrom a distribution with smaller
variancethanwe are usingto standardize¢he differencesbecausehey aresystematicallyess

dispersedhanthethe standarchormal.

PMPD/Stratified Random Samyg Randomized Block

Z-statistics
Z-statistics

0.0 0.5 1.0 1.5 2.0 2.5 3.0 0.0 0.5 1.0 1.5 2.0 2.5 3.0
quantiles of standard normal quantiles of standard normal

Figurel: Half-NormalPlotsof Z-Statisticsor Single-ChildFamilies

For Figure1, the solid line in eachpanelcorrespondso the normaldistribution with vari-
ancel andthethe dottedline in eachpanelcorrespondso the normaldistribution with vari-
ancel/2. Thedotsin theleft andright panelsrepresenthe Z-statisticsfrom the PMPD and
randomizedlock designgespectiely. Thisfigurethusrevealsthatthe gainspredictedby Ru-
bin and Thomas(1992)for the propensityscorematchingarefairly closely achieved for the
studyof single-childfamilies. Theseresultscanbe contrastedvith thosefrom the randomized

block experiment,which are consistentwith the standardnormal distribution. The stratified
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randomsample(displayedas“T” points)is the bestof the alternatveshbut still fails to achieve
the efficiengy gainsof the PMPD. We excludedthe simplerandomsampleasit is anunlikely
alternatve giventheinitial low/highimbalancean thefirst applicationwave.
Sincethevariancen thedifferencan meangs reducedy afactorof two, thisis equivalent,
for someanalysesto increasingthe samplesize by a factor of two for thesevariables. This
principle holds,for instancefor ary linearcombinationof the measureaovariates however,
in practiceoutcomevariablesare not perfectlypredictedby thesevariables resultingin aless

dramaticdmprovementin efficiengy (RubinandThomasl996).

6.13 Multi-Child Families

Following the criteriadiscussedn Section6.4.1,a propensitynmodelwaschosen.The contin-
geng tablefor the cateyorical variables(ethnicity religion, sex, birth location,andwinning a
scholarship)s constrainedby alog-linearmodelthatallows for two-way interactions Thecon-
tinuousportionof thegeneralocationmodelplacesanadditive modelacrossontingeng table
cellson the meansof the following variables:participationin gifted program,participationin
speciakeducationlanguagewhetherfathers work statuss missing participationin food stamp
program,participationin AFDC, low/high, numberof eligible childrenin householdincome,
mothers educationmothers lengthof residencemothers work status,averageandstandard
deviation of childrens agesaverageandstandardieviation of educationakxpectationsaver
ageandstandardieviation of mathandreadingscoresandaverageandstandardieviation of
grade.Mahalanobisnatchingwasdonein 0.10calipersof linearpropensityscorestandardie-
viationson thefour testscorevariablesandthetwo gradelevel variablesthelow/high variable
alsoplayeda specialrole in the Mahalanobignatchingasdescribedn Section6.10.

Theresultingbalanceof the designascomparedvith the correspondingandomizedlock
design,anda stratifiedrandomsampleof the potentialmatcheds displayedin Table7. The
initial imbalancen the low/high variableis alsopresenwith the multi-child families,but the
PMPD still achieresvery goodoverall balance.Comparedo theall otherdesignsthe PMPD
haslower absolutez-scoresfor 18 variables,higher z-scoresfor 8. Again, the gainswhen
PMPD beatghe otherdesignsaregenerallylargerthanthe otherway around.

Half-normal quantile-quantileplots for the multi-child familiesin both experiments dis-
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ApplicationWave 1

Waves2-5

Simple Stratified Randomized
Variable RandomSample| RandomSample| PMPD Block
low/high -3.81 0.00 -0.98 0.15
avg. gradelevel -0.27 0.21 0.38 0.23
s.d.gradelevel -0.19 -0.08 -0.40 0.58
avg. readingscore -1.06 0.97 0.91 -0.23
s.d.readingscore -0.90 -1.95 1.23 -2.20
avg. mathscore -0.56 0.26 0.82 0.32
s.d.mathscore -1.02 -1.23 0.33 -1.11
ethnicity -1.03 -0.95 0.20 2.09
mom’s education -0.27 -1.01 -0.21 -0.22
specialeducation -0.67 -1.12 -0.11 0.68
gifted program -0.85 0.43 -0.07 -0.52
language 1.13 1.35 0.92 -0.64
afdc -1.24 0.00 0.13 3.42
avg. age -0.38 -0.19 0.48 0.66
s.d.age 0.09 0.14 0.00 0.38
avg. educ.exp. -0.81 -1.22 0.49 -0.71
s.d.educ.exp. -1.59 -0.80 -0.10 0.94
childrenin household 0.39 -0.27 -0.40 -0.13
income 0.93 1.47 0.13 2.01
religion 0.01 0.93 -0.97 -0.66
lengthof residence -1.29 -1.44 0.54 1.31
dads work missing 0.39 -1.91 0.70 1.73
food stamps -2.06 -0.42 -0.35 2.58
momworks 1.29 0.87 0.73 -0.49
birth 0.20 1.26 -0.42 1.34
SeX -0.84 -0.07 -0.17 -1.43

Table7: Differencen MeansZ-Statistics:Multi-Child Families
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playedin Figure2, aresimilar to thosefor single-childfamilies.Gainsin efficiengy by a factor
of two appeato beachievedby thePMPDovertherandomizedlock design.Thestratifiedran-

dom sampleperformsslightly betterthanthe otheralternatvesbut fails onceagainto achieve

theefficieng of the PMPD.
PMPD/Stratified Random Samg Randomized Block

T 1 o

o o
a5 o~ a5 o~
~ 5

o o

0.0 0.5 1.0 1.5 2.0 2.5 3.0 0.0 0.5 1.0 1.5 2.0 2.5 3.0

quantiles of standard normal quantiles of standard normal

Figure2: Half-NormalPlotsof Z-Statisticsfor Multi-Child Families

Althoughthe specialtestscorevariablesare not quite aswell balancedn the PMPD asin
therandomizedlock designfor the multi-child families(probablydueto correlationsetween
theseandthelow/high variable),they arestill well balancedFurthermorethehigh correlation
commonlyseenbetweenpre- and post-testscoresmales this variablea prime candidatefor
covarianceadjustmentsvithin alinearmodelto take careof theremainingdifferencesetween
groups.Forthesingle-childfamilies thePMPDis clearlysuperiotin termsof testscorevariable
balance.

It is worthwhile to note that all of the calculationsin the sectionwere performedon an

available-casévasisto provide statisticscomparingbalance.They arenot directly relevant for

drawing causalnference.
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7 Imperfect RandomizedExperiments

It is importantto realizethat our randomizedexperimentdoesnot really randomizethe treat-
mentof, for instancepublicandprivateschoolattendancéut ratherit randomizeshe“encour
agement’to attenda privateratherthana public schoolby offering to provide somefinancial
support($1400)to do so. In someencouragemerstudiesinterestmay focuson the effect of
encouragemeritself, but moreoftenwhenrandomizedencouragemertesignsareused,inter
estfocuseson estimatingthe effect of the treatmenbeingencouragedhere,attendingprivate
versuspublic schools(or participationin the scholarshigrogram).If therewere perfectcom-
pliance,sothatall thoseencouragedtb getthe new treatmengotit, andall thosewho werenot
soencouragedecevedthe standardreatmentthenthe effect beingestimatedypically would
be attributedto whatever wasviewed asthe “active” ingredientin thetreatmentondition. But
encouragemerttesigngdo not anticipateanything approachindull complianceandsothereis
theopportunityto try to estimatedifferenteffectsfor encouragemerandthe active treatment.

In recentyears,therehasbeensubstantiaprogressin the analysisof encouragemerde-
signs,basedon building bridgesbetweenstatisticalandeconomicapproacheso causalinfer-
ence. In particular the widely acceptedhpproachn statisticsto formulatingcausalquestions
is in termsof “potential outcomes”.Althoughthis approacthasrootsdatingbackto Neyman
andFisherin the contet of perfectrandomizedexperimentgNeyman 1923; Rubin 1990), it
is generallyreferredto asRubin’s causaimodel(Holland 1986)for work extendingthe frame-
work to obserationalstudiegRubin1974,1977)andincludingmodesof inferenceotherthan
randomization-baseth particular BayesianlRubin1978a,1990).1n economicsthetechnique
of “instrumentalvariables”(1V) dueto Haarelmo (1943,1944)wasa maintool of causalin-
ferencein thetype of non-randomizedtudiesthatdominateeconomics Angrist, Imbens,and
Rubin (AIR, 1996)shaved how the approachesvere completelycompatible therebyclarify-
ing andstrengtheningeach. The resultwasthe interpretationof the IV technologyasa way
to attacka randomizedxperimentwith noncompliancesuchasarandomizedencouragement
design.

ImbensandRubin (1997)shaved how the Bayesiarapproactto causalnferencein Rubin
(1978a)couldbe extendedo handlesimplerandomizedxperimentswith noncomplianceand

Hirano,Imbens Rubin,andZhou(1999)shavedhow theapproacttouldbeextendedo handle
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fully obsered covariates,and appliedit to an encouragemendesignin which doctorswere
randomlyencouragedb give flu shotsto at-risk patients.

Our settingis far morecomple, becausave have missingcovariatesand multivariateout-
comesthat are sometimesnissingaswell. The basicstructurefor our type of problemwas
outlinedin Barnard,Du, Hill, andRubin (1998), but our situationis more comple thanthat
becauseave have a more complicatedform of noncompliance- somechildren attendprivate
schoolwithout receving the monetaryencouragementt is slightly lesscomplicatedbecause
we currently have outcomesfrom only one post-treatmentime point. As in Frangakisand
Rubin (1999)andBarnardet al. (1998),becausef the problemsdescribedn Section5.1 we
needto make someassumptiongboutthe missingdataprocessandtreatmenteffectsfor the
non-compliers.

Thefirst assumptionwe make hasbeencalled“compoundexclusion” by FrangakisandRu-
bin (1999),whenthey generalizedhe exclusionrestrictionin economicsTheway AIR define
theexclusionrestrictionis asfollows: for thosesubjectsvhosebehaior cannotbe changedy
the randomassignmenin this experiment(i.e., the encouragemernb attendprivate schools),
their outcomescoresare unafectedby the assignment.Thatis, for thosewhosebehaior is
unafectedby assignmenttheir outcomesare also unafected. Thus, underthis assumption,
the alwaystakers,thosewho, in the contet of this experiment,anddefiningthe treatmentas
privateschoolattendancewill attendprivateschoolwhetheror notthey areencouragedo do
so,will have the sameoutcomegtestgrades)n the privateschoolthey areattendingwhether
or not they wereencouragedAnalogously thosewho, in the contet of this experiment,will
not attendprivate schoolswhetheror not they areencouragedo do so,will have the sametest
gradeswhetheror not they areencouragedo attendprivate school. Actually, thisis whatIm-
bensandRubin(1997)call “weak exclusion”becausé saysnothingaboutthecompliersin this
experimentwhereaghe strongexclusionrestriction whichis thetraditionaleconomicversion,
addstheassumptiothatdifferencesn outcomedor assignedndnotassigned¢ompliersis due
to treatmentexposureandnot assignmento be encouragear not. The compoundexclusion
restrictionof FrangakisandRubin(1999)extendstheweakexclusionrestrictionto applyto the
missingdatapatternof the outcomesaswell asthe valuesof the outcomes.

Theexclusionrestrictionfocusesattentiononthe“complier averagecausakffect” (CACE),
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which is the averagecausaleffect of assignmentor the compliers,ratherthanthe moretradi-
tional “intention to treat” effect (ITT), whichis the averagecasualeffect of assignmentor all
subjectsUnderexclusion,theaveragecausakffectsof assignmentor never takersandalways
takersis zero, soif this assumptioris correct,the ITT effect is the weightedaverageof the
CACE andzero.

The secondassumptiorwe make hasbeentermed-latentignorability” of the missingdata
mechanisnby FrangakisandRubin (1999). Ignorability of the missingdatamechanisn{Ru-
bin, 1976, Little andRubin, 1987)basicallymeanghatthe missingnes®sf the data,giventhe
obsered values,is not dependenbn missingvaluesthemselesor the parametersf the data
distribution. Latentignorability stateghatignorability holdsif alatentvariablewerefully ob-
sened, herethe true compliancestatusof eachsubject(complier never taker, alwaystaker).
Noticethatwe have implicitly madeanotherassumptionnamelythatthereareno defiers,sub-
jectswhowhenencouragetb attendprivateschoolwill not, but whennotencouragedtb do so
will.

As ImbensandRubin (1997)andHirano, Imbens,Rubin,andZhou (1999) shawv, noneof
theseassumptionsire neededor a valid Bayesiananalysiswhenfacedwith noncompliance,
but they candramaticallysimplify the analysisandsharperposteriorinferencesin fact, thisis
oneof the dramaticadvantagef the Bayesiamapproacho this problem: the issueof “iden-
tifiability” is putin its properperspectie. It is largely irrelevant to inferenceif thelikelihood
functionhasonemoderatherthana smallridge — the importantinferentialissueis the size of
areasonabléntenal, e.g. a 90% intenal, andnot whetheror not an €% intenval is uniqueas
positve € — 0.

A final point aboutour situation,with noncomplianceo encouragemerdgnd missingout-
comesjs thatevenif thefocusof estimations onthelTT effectandnot CACE, onecannotuse
adhocmethodgo estimatethe ITT effect without incurring bias. Undercompoundexclusion
andlatentignorability, Frangakisand Rubin (1999)shav thata methodof momentsestimator
analogougo the IV estimatorcan be usedto estimatethe CACE andtherebythe ITT effect

essentiallywithout bias. Of course pur Bayesiaranalysisdoesthis automatically
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8 Original MPR Analysis Strategy

Beforeintroducingour Bayesiarmodelwe first presentesultsfrom ananalysishatcombines
several existing approacheso eachof the threemajor complicationswve have discussedThis
analysisstratgy canbe implementedvith available software. Missing covariatesarehandled
by limiting the numberof covariatesto the designvariablesandthe mostimportantpredictors,
thepre-tesscoresandthenincludingin theanalysisonly individualsfor whomthesevariables
arefully obsered. Missingoutcomesareadjustedor by non-responseights. Instrumental
variablemodelsare usedto handlethe non-compliance.Separateanalysesare run for math
scoresandreadingscoregnationalpercentilerankings). Weightsare usedto make theresults
for the study participantsrepresentate of the populationof all eligible single-childfamilies
who were screened.The resultsin this sectionare obtainedusingthe sameanalysisstratgy
that was usedin theinitial MPR study (PetersonMyers, Howell, and Mayer 1999) but now

only onthe subsebf single-childfamiliesandseparatedut by thelow/high variable.

Gradeat Low High
Application | Reading Math Reading Math
. -0.97(170) | 2.08(170) | 4.76(34) | 2.59(34)
[0.31] [0.88] [0.63] [0.28]
, -0.83(177) | 2.01(177) | -3.40(32) | 2.72(32)
[0.40] [0.66] [0.51] [0.41]
; 3.23(177) | 4.95(177) | -8.04(31) | 3.98(31)
[1.29] [1.69] [0.91] [0.36]
. 2.65(116) | 0.31(116) | 27.92(15) | 22.67(15)
[0.84] [0.08] [2.75] [1.84]
0.62(640) | 2.03(640) | 1.07(112) | 0.25(112)
Overall
[0.45] [1.43] [0.26] [0.05]

Table8: ITT Effect

Table 8 presentgesultsfrom anITT analysis(so compliancebehaior is ignored)broken

down by gradeandschooilclassification(low/high), thereforethe effectsrepresenthe gainsin
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testscoresattributableto winning a scholarship.Non-bracletednumbersaretreatmenteffect
estimatedor the appropriatesubgroups Numbersin parenthesearesamplesizes. Bracleted
numbersarethe absolutevalue of treatmeneffect t-statisticsfor a null hypothesif no treat-
menteffect. Overall, acrosggradesthereappearo be mostly positive effectsof a scholarship
offer. Theonly effect thatis statisticallysignificantat lessthana .05 significancdevel, how-
ever, is for readingscoresfor childrenapplyingin the fourth gradefrom high-scoreschools.
Thecorrespondingnathscoresarenot quite significantbut of a similar directionandnearsig-
nificance.Theseeffectsseenquite extremeandcertainlynotterribly plausible.Their direction
canbe explainedby two facts: (1) for the subsebf childrenwith obsered pre-testscoresand
post-tesscoreghereis a positive treatmeneffect of 16.57,and(2) for the subsebf childrenin
this subgroudor whomwe obsered pre-testscoresthe childrenfor whomwe dont obsered
post-tesscoreshadhigherpre-testscoreghanthe childrenfor whomwe do obsere post-test
scoreqthis informationwasincorporatednto the non-responsereights). Whatis particularly
notewvorthy, however, is thatthet-statisticis solarge. This pointsto a problemwith usingnon-
responseveighting adjustmentsaand completecaseso addresssuchmissingdataproblems:
they cannotalwaysreflectour uncertaintyaboutthe structureof this missingdataparticularly
whenthesamplesizeis assmallasit is for this subgroup.

Moreover, the samplesizesfor all four subgroupsf childrenapplyingfrom schoolswith
high averagetestscoresarequitesmallandtheseeffectsmustall beregardedwith caution.This
samplesizeissueonly worsensn the subsequertiwvo analysegor which the effective sample
sizesbecomeavensmaller

The resultsin Table9 were obtainedfrom an analysisin which the treatmentwasdefined
as“programparticipatiori. Thatis, a child couldonly belabeledashaving recevedthetreat-
mentif hewonascholarshigwhich entitledhim alsoto receving helpin findinganappropriate
school).Childrenwho did notwin scholarshipsut attendegrivateschoolwerestill considered
to benotreceving thetreatmentthereforehey arecompliers notalwaystakers). Theseeffects
aresimilarto thosein theprecedingablealthoughthey are,in generalpf largermagnitudeThe
t-statisticschangeonly incrementallyhowever. In this tablethenumberdn parenthesesepre-
sent“effective samplesizes”. Thesenumberscorrespondo the expectednumberof compliers

for eachsubgroup;for this treatmentdefinition thesenumberssimply subtractthe expected
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Gradeat Low High
Application Reading Math Reading Math
-1.33(124.8)| 2.86(124.8)| 6.71(26.3) | 3.65(26.3)
! [0.31] [0.88] [0.64] [0.28]
, -1.05(139.4) | 2.52(139.4) | -4.43(27.4) | 3.54(27.4)
[0.40] [0.66] [0.50] [0.41]
X 3.86(138.0) | 5.91(138.0)| -13.81(17.7) | 6.83(17.7)
[1.28] [1.67] [0.93] [.35]
. 3.03(92.2) | 0.36(92.2) | 27.12(9.0) | 22.01(9.0)
[0.84] [0.08] [2.75] [1.79]
0.77(494.4) | 2.52(494.4)| 1.53(80.4) | 0.36(80.4)
Overall
[0.45] [1.42] [0.26] [0.05]

Table9: Effectof ProgramParticipation

numberof never takersfrom the samplesizesin Table8. Predictablythesenumbersareeven
smallerthanbeforeandhencethecorrespondingesultsareevenlessreliable.

Theresultsin Table 10 representhe treatmenteffectsfor compliersin an analysiswhich
definesthe treatmentas attendancet a private school. This treatmentdefinition allows for
compliers never takersandalwaystakers. Onceagainthe magnitudeof the effectsincreasen
the vastmajority of caseshowever, thet-statisticsacrosssubgroupsareonly slightly altered,
if atall. The effective samplesizesare (in mostcases)ven smallerfor this analysis,with
numbersaslow as7.8for childrenapplyingin the 4th gradefrom schoolswith high scores.

In sum, the resultsfrom theseanalyseglo not provide strongevidencein eitherdirection,
thoughtheredoesseento be someevidencefor positive effectson testscoresfor a few older

subgroups.

9 Notation for our Data Template

An ideal scenaridor obtainingvalid causalinferencedor a binarytreatmenis the following:

(1) thedataarisefrom arandomizedxperimentwith two treatments(2) theoutcomevariables
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Gradeat Low High
Application Reading Math Reading Math
-1.55(111.7) | 3.31(111.7)| 6.71(26.3) | 3.65(26.3)
! [0.31] [0.88] [0.63] [0.28]
, -1.18(124.2)| 2.85(124.2)| -5.11(24.8) | 4.09(24.8)
[0.40] [0.66] [0.51] [0.41]
X 4.41(123.8) | 6.76(123.8)| -16.40(16.1) | 8.12(16.1)
[1.26] [1.63] [0.91] [0.36]
3.49(84.3) | 0.41(84.3) | 29.59(7.8) | 24.02(7.8)
* [0.86] [0.08] [2.58] [1.89]
0.88(444.0) | 2.89(444.0)| 1.66(75.0) | 0.39(75.0)
Overall
[0.45] [1.42] [0.26] [0.05]

Tablel10: Effect of PrivateSchoolAttendance

arefully obsered;(3) thereis full compliancewith theassignedreatmentand(4) theblocking
variablesarefully obsered;and(5) thebackgroundiariablesarefully obsered. Aspect(5) is
usefulfor doingcovariateadjustmenaindsubpopulatiomnalysesFor thisidealscenariothere
are standardand relatively simple methodsfor obtainingvalid causalinferences. In reality,
however, this scenariaarelyoccurs.Clearly it doesnotoccurin the SCSFprogram.

Deviationsfromtheidealscenaridhatoccurfrequentlyandarepresentn theSCSFHprogram
arethefollowing: (6) thereexist missingvaluesin the outcomes(7) thereexist missingvalues
in the backgroundvariables;and (8) thereis noncompliancewith assignedreatment. The
standardnethoddor analyzingtheidealscenarioof (1)—(5) generallyfail whenaspect$6)-(8)
arepresentHandlingtheseadditionalcomplicationdn avalid andgeneralmanneiis difficult.
Herewe presentin extremelygeneraldatatemplateallowing (6)-(8). Whenthe obsered data
canbe madeto conformto this template we are ableto obtainvalid causalinferences.Our
modelwill allow usto returnto the scenariaconsistingof (1)—(4).

We now introducethe notationrequiredfor the formalizationof the probability modelcor
respondingo this template.We assumehatfor thei*" subjectwherei = 1,... ,n, we have

thefollowing randomvariables:
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1. Binaryindicatorof treatmenfssignment

1 if subjecti is assignedo treatmengroup
Z; =

0 if subject is assignedo controlgroup

Z is then componentectorwith i elementZ;.

2. Binaryindicatorof treatmenteceipt

1 if subject recevedtreatment
D; =

0 if subject; receved control

BecauseD; is a post-treatment-assignentvariable,it hasa potentialoutcomeformu-
lation, D;(Z;), whereD;(0) and D;(1), respecitrely, referto the valueswhenassigned

controlandwhenassignedreatment.

3. Compliancestatus

¢ if D;(0) =0andD;(1) =1,
Ci=4{n if D;(0) =0andD;(1) =0,
a if D;(0) =1andD;(1) = 1.
C; = c denotesa“complier” apersorwhowill take thetreatmenif soassigneandwill
take controlif soassignedC; = n denotesa “never takers; apersorwho will not take
thetreatmenno mattertheassignmentC; = o denotesan“alwaystakers, a personwho
will alwaystake thetreatmenno matterwhatthe assignmentThistemplaterulesoutthe
possibility of “defiers; thosewho will alwaysdo the oppositeof whatthey areassigned,
i.e. thoses for whom D;(0) = 1 andD;(1) = 0. C denoteshen componentectorwith
ith elementC;.
4. 2P-component/ectorof potentialoutcome$', Y;*°, which is composedf two P-length

vectors,Y;(0) andY;(1), where

Yi(0) = (Yi(0),...,Y;p(0)), and

Y1) = (Ya(D),...,Yie(1).

in general puttemplateallows for repeatedneasurementsvertime. However, currentlywe have datafrom onepre-treatment

time pointandonly onepost-treatmentime point andour notationreflectsthis simplification.
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HereY;,(0) is thep' outcomevariablecorrespondingo assignmento the controlgroup
for thei'® subject;Y;,(1) is thep' outcomevariablecorrespondingo assignmento the
treatmengroupfor thes** subject.In otherwords,for eachsubjectthereare P outcome
variables,Y; throughYp, andeachhastwo potentialvalues: onecorrespondingo each
of thetreatmentassignmentsY (0) andY (1) areusedto denotethetwo n x p matrices

of potentialoutcomegorrespondingo controlandtreatmenassignmentespectiely.

At timeswe will refersimply to the P-componentectorof outcomedhatwe intend to

obsere for apersonj.e.,
Y;int — YL(ZZ)

For corvenienceyewill henceforttreferto Y;™ assimplyY; with correspondinglements

Y;:(Ytla 7Y:iP)

In addition,Y representthen x P matrixof intendedoutcomedor all studyparticipants.

Y., is thep®™ columnin this matrix.

5. 2P-componentectorof responsgatterngor potentialoutcomes.

'

1 if Z; =t andYjy(t) is obsered,
or, if Z; # t butY;,(t) would beobseredif Z; = ¢,
0 if Z; =t andYj, is notobsered,

or, if Z; # t but Y;,(¢t) would beunobseredif Z; = t,

\
Thesdndicatorsarethemselespotentialoutcomedecausave canonly obsere response

indicator Ry;(t) for individuals if Z; = t¢.

6. P-componenbutcomeresponsgatternassociateavith eachy;

Ryi = (Ryin, - - - Ryip),
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where

1 if Y;, is obsered,
RJip =
0 if Yj, isnotobsered

Ry; indicateswhich of the P outcomesareobsenred andwhich aremissingfor subject;.
Ry denoteghen x P matrix of missingoutcomeindicatorsfor all studyparticipants .,
is thep!® columnin this matrix. We canalsothink of Ry; astheintended portionof Ry;(0)
andRy;(1).

. K-componentectorof fully obseredbackgroundcainddesignvariables
Wi = Wi,... ,Wik),

whereW;;, is thevalueof fully obsered covariatek for subjecti. W isthen x K matrix
of fully obsered covariates.W., is the k' columnin this matrix. In this study applica-
tion wave, the relative testscoresof the schoolthe child attendedht time of application

(low/high), andgradelevel arefully obsered.

. Q-componentectorof partially obsered backgroundanddesignvariables
Xi = (Xi17 v aXiQ)a

where X}, is the value of covariateq for subjecti. X representshen by @ matrix of
covariatesfor all study participants. X., is the ¢ columnin this matrix. In addition,
X () refersto the subsebf covariatesthatare categyoricaland X " refersto the subset

of covariateghatarecontinuous.

. Covariaterespons@atternassociateavith X;
er' = (R.Til, ... ,RZIZZ'Q),
where

1 if X4 isobsered
Rei—
0 if X4 isnotobsered.

R:; indicateswhich covariatesare obsered andwhich covariatesare missingout of the
Q possiblecovariatedor subjecti. R: denoteghen x () matrix of covariatemissingdata

indicatorsfor all studyparticipants Rx., is theg¢*” columnin this matrix.
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This obsered datatemplateis extremelygeneralallowing arbitraryresponsepatternsfor

theoutcomesandcovariates.

10 Pattern Mixtur e Model

Supposeahat we have policy relevant covariatesthat are fully obsered, in additionto other
covariatesthatmaybevery importantfor precisionof estimationwhich areonly partially ob-
sened. Within the context of arandomizedxperiment,we canconceve of a sub-eperiment
within eachpatternof missingdata,whichis alsoperfectlyrandomizedjustaswhenwe divide
a completelyrandomizedexperimentinto malesandfemales for instance).Thatis, indicator
variabledor pre-treatmenmissingdatapatterncanbeconsidereaovariateshemseles. Con-
sequentlyan attractve practicalalternatve whendealingwith missingcovariatesthatarenot
policy relevantin the above sensas to adopta patternmixtureapproactto theanalysis.

Of coursdf apolicy relevantcovariateis missing,thenthis approachs notsatistctory and
that covariate,and not indicatorsfor its missingnessimustbecomepart of the model. Fortu-
natelyin our setting,the major policy relevant covariates(grade,schooltestscores)on which
decisiongegardingviability of new programanaybemade arefully obsered. Thecovariates
thatareimportantbut missingareindividual-level characteristicsuchaspre-tesscoreswhich
we donotconsidempolicy-relevantin theabore sensébecausdt is difficult to conceve of anew
programtargetingsubgroupglefinedby thesevariables(e.g.,it’ s difficult to imaginethat pre-
testscoreswvould usedaseligibility criteriafor a programwhereaschooltestscoresperhaps
asa proxy for schoolquality, couldbeused).

In Bayesianapproachespatternmixture modelstypically factorthe joint distribution of
indicatorsfor missingdatapatternsand dataasthe maiginal distribution of the missingdata
patternsandthe conditionaldistribtution of the datagiven thesepatterns. The parameter®f
the conditionaldatamodelaretypically underidentified; assumptionsegardingmissingdata
mechanismsanhelpto identify theseparameters.

A variety of authorsusepatternmixture modelapproacheto missingdataincluding Rubin
(1977,1978b);Little (1993); Glynn, Laird, and Rubin (1986,1993); Little (1996). Standard

patternmixture modelspartition the datawith respecto the missingnes®f the primary vari-
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ablesof interest.In this applicationwe partitionthe datawith respecto only covariatemissing
datapatternssotheassumptionwill differ slightly from thestandardisage Oneargumenthat
canbemadefor the patternmixtureapproactusedin this settingis thatit focuseghemodelon
the primary quantitiesof interest,(functionsof) Y or Y | X. The mawginal distribution of X
and R is ignored.

We describethe modelfirst by statingits structuralassumptionsthatis, assumptionshat
canbe expressedvithout referenceo a particulardistributional family. Thenwe describethe

assumptionsf the particularparametrianodelwe assume.

10.1 Structural Assumptions

We now formalize the structuralassumption®f our model (someof which were previously

introducedn Section?7) anddiscusgheir plausibility for this study

10.1.1 SUTVA

A standardassumptionmadein causalnalyse®f thiskind is the StableUnit Treatmen¥/alue
Assumption(SUTVA) (Rubin 1978a,1980,1990). This assumptiorimplies that one unit’s
treatmentssignmentloesnot affectanothemunit’s outcomesandthereareno versionsof treat-
ments. Formally, SUTVA is satisfiedif Y;(Z) = Y;(Z') andD;(Z) = D;(Z") if Z; = Z],
whereZ' is the n-lengthvectorwith it elementZ!. In this study for SUTVA to be violated,
thefactthatonefamily won ascholarshipr did notwould have to affect outcomesuchasan-
otherfamily’s choiceto attendprivateschoolor their childrens testscores.It doesnot seema
terribly strongassumptiorto disallonv sucheffects,or, rather we expectour resultsto berather
robustto thetypesanddegreeof deviationsfrom SUTVA thatwe might expectin this study

If we definethetreatmentsprivateschoolattendancethe no “versionsof treatmentspart
of SUTVA is satisfiedif the definitionsof private schoolandpublic schoolencompasall the
varietiesof suchschoolsencounteretdy the studyparticipants Similarly, if we definethetreat-
mentasparticipationin the scholarshigrogram(winning the money, receving helpin finding
aschool) treatmenhomogeneitys satisfiedor not dependingyn how rigidly “participationin
thescholarshigprogram’is defined- e.g.is usingthe money suficient, or needthefamiliesall

have recevedhelpin finding a newv schoolaswell?
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10.1.2 Randomization

We assumescholarshipfiave beenrandomlyassignedThis implies
p(Z|Y(1),Y(0),X,W,C,Ry(0),R(1), Re,0) = p(Z | W*,0) =p(Z | W),

whereW* representshe portion of W that compriseghe designvariables,andé is generic
notationrepresentinghe parameterg ary model.We dropthedependencen  becausé¢here
arenounknavn parametergoverningthetreatmentissignmentechanismThis“assumption”
shouldbe trivially satisfiedgiven that MPR administereda lottery to assignscholarshipso
familiesandthedifferentialsamplingweightsfor schooltestscoreclassificatior(low/high) and

applicationwave areknown.

10.1.3 Missing data processassumption— Latent Ignorability

We assumdhat missingnesss ignorablegiven obsered covariateswithin subgroupslefined
by compliancestatus. Here, obsered covariatesincludesindicatorsfor missingnes®of the
covariates,R:, aswell. This assumptioris definedas“latentignorability” of the missingdata

mechanismformally,
p(}%J(O)J%J(l) | &7Y(1)1 Y(O)aXa w, Ca 0) = p(]%J(O),]@(l) | ]%UaXObsa W, Ca 9)

where X °*s compriseghe elementf the covariatedatamatrix X thatareobsered. Notethat
thisis a non-ignorable missingdatamechanism.

Recallthat latentignorability differs from standardgnorability (Rubin 1978a;Little and
Rubin1987)becausé conditionson somethinghatis (atleastpartially) unobsered or latent,
in this case compliancestatusC. Thisis amorereasonablassumptiorthanstandardgnora-
bility becausé@ seemguitelikely thatthegroupsof peopledefinedoy compliancestatusvould

behae differentlywith regardto whetheror notthey fill outsureys or shawv up for post-tests.

10.1.4 Noncomplianceprocessassumptionl — Compound Exclusion

In orderto discriminateamongcompliers hever takers,andalwaystakers,we needto make an
assumptiorabouttheir behaior. Giventhatnever takersandalwaystakerswill participatein

the sametreatmenf{control or treatmentyespectiely) regardlesof whatthey wererandomly
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assignedit seemglausibleto assumehattheir outcomesand missingdatapatternswill not
be affectedby treatmentassignment.The compoundexclusionrestriction,which generalized
the standardxclusionrestriction(Angrist, Imbens,andRubin 1996;ImbensandRubin 1997),

reflectsthis assumptionformally, as

p(Y (1), B(1) | X, Re, W,C = n) = p(Y(0), Ry(0) | X, Be, W, C = m),
for nevertakers,and,

p(Y (1), R(1) | X, Be, W,C = a) = p(Y(0), B(0) | X, e, W, C = a),

for alwaystakers.

Compoundexclusionseemanoreplausiblefor never takersthanfor alwaystakers. Never
takersstayin the public schoolsystenno matterwhetherthey win ascholarshipr not. Always
takers,on the otherhand,might bein oneprivate schoolif they won a scholarshipor another
if they didn't win a scholarshipparticularlysincethosewho won scholarshiphave accesdo
resourcedo helpfind an appropriateprivate school. In addition,the scholarshigrovidesthe
family with $1400morein resourceghanis availableto thefamily whodidn’t win ascholarship
andstill sendsa child to private school;this couldin and of itself have an effect on student

outcomes.

10.1.5 Noncomplianceprocessassumptionll —Monotonicity

Implicit in the definition of compliancestatus,C, andaspointedoutin Section9, we exclude
the possibility that there exist peoplewho will do the oppositeof their assignment. These
individualsarereferredto in the compliancditerature(see for example,Angrist, Imbens,and

Rubin1996)as“defiers”andhave the propertythat, for individual ,

Dz(Zz = O) = 1,and,
Di(Z;=1) = 0.
Theassumptiorthatthereexist no defiersfor this studyis referredto asmonotonicitybecause

it impliesthatfor all 7, D;(Z; = 1) > D;(Z; = 0) (ImbensandAngrist 1994). In the SCSF

programdefierswould befamilieswho would notusea scholarshipf they wonone,but, would
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pay to go to private schoolif they did not win a scholarship. It seemshighly implausible
thatsucha groupof peopleexists, thereforethe monotonicityassumptiorappeargo be quite

reasonable.

10.2 Parametric Model

Our full modelneedssimultaneousiyo (1) represena reasonabl@pproximatiorto the sam-
pling distribution of the (complete)data,(2) be comprehense enoughto justify our assump-
tionsaboutthe missingdataprocess(3) incorporatehe constraintsmposedby therandomiza-
tion, (4) incorporatethe constraintdmposedby the exclusionrestriction,and(5) incorporate
the conditionalindependencstructuresmposedby thelatentignorability.

Considerthe following factorizationof the joint samplingdistribution of the potentialout-

comesandcomplianceconditionalon the covariatesandtheir missingdatapatterns,
p(Yi(0),Yi(1), Ry (0). Ry (1), Ci | Wi, X3, Rei, 0) =
p(Ci | Wi, X3, Rei, 69)p(Ryi (0),Ryi (1) | Wi, X7, Rei, Ci, 07)
p(¥3(0),Yi(1) | Wi, X3*, Re;, C;, 0)

wheref = (6©,6®, 6M) justified by the precedingassumptions.Note that the response
patternof covariatesfor eachindividual is itself a covariate.

Thespecification®f eachof thesecomponentsredescribedn the next threesections.

10.2.1 Compliance StatusSub-Model

Thespecificatiorfor the compliancestatusmodelcomprises seriesof conditionalprobit mod-
elsdefinedusingindicatorvariablesC;(c) andC;(n) for whetherindividual i is a complieror

anevertaker, respectiely:

Ci(n) = 1if Ci(n)* = g1(W;, X3, Re;)' B+ V; <0

CZ(C) =1Iif CZ(’I’),)* >0 andCi(c)* = go(WZ’,X,Z-)bS, It)zi)lﬁ(c’z)-F U; <0,
where

Vi ~ N(0,1) and,

Ui ~ N(0,1).
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Thespecificmodelsattemptto strike a balancebetweerincludingall thedesignvariablesas
well asthe variablesthatwereregardedas mostimportantin predictingcomplianceor having
interactionswith thetreatmengeffect, andon the otherhandtrying to maintainparsimos. The
resultsreportedin Section11 usea compliancecomponentmodel whoselink function, g1,
fits, in additionto anintercept:schooltestscoreglow/high); indicatorsfor applicationwave;
propensityscoresfor subjectsapplyingin the first period and propensityscoresfor the other
waves;indicatorsfor gradeof the student;recordedethnicity (African Americanor other);an
indicatorfor whetheror not the pre-treatmentestscoresof readingand mathwereavailable;
and the pre-testscores(readingand math) for the subjectswith available scores. The link
function gy is the sameasg; with the exceptionthatit excludedtheindicatorsfor application
wave. This link function,a moreparsimoniousersionof onewe emplg/edin earliermodels,
wasmoreappropriatdo fit therelatively smallproportionof always-talers.

Becauséhe pre-testsvereeitherjointly obseredor jointly missing,oneindicatorfor miss-
ingnessof pre-testscoreds suficient. The sames true of the post-tests.

Theprior distributionsfor thecompliancesub-modekre

,B(C’l) ~ N(,B(()C’l), {O_(C,l)}2| )’

and B°? ~ N(0, {c©?}?1),

where(c©Y)? and(c©?)? are“known” hyperparametersetatten,andg " is avectorof zeros
with theexceptionof thefirstelementvhichis setequalto —®~1(1/3) {1402 ave(g{,igl,i)}% ,
whereg: ; = g1 (W;, X*, R;), andave denoteshe averageover the studentsThesepriorsre-

flect our a priori ignoranceaboutthe probability ary individual belongsto eachcompliance
statusby settingeachof their prior probabilitiesat 1/3.

10.2.2 OutcomeSub-Model

Thespecificatiorfor the outcomesub-modefirst positsa latentvariablesuchthat

Y;(Z)* | WiaX'?bsa &ia Ciae(Y) ~ N(QQ(WiaX;bsa Rtia Ciaz)lﬁmv exp[g3(Xz?bsa Rtia Ciaz)IC(Y)])'
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for z = 0,1, wheref™ = (5%, (™) andwhereY;(0)* andY;(1)* areassumedaonditionally
independentan assumptiorwhich hasno effect on inferencefor supefrpopulationparameters
(Rubin1978a).Then

0 if Yi(z)* <0,
Yi(z) = 4100  if Yj(2)* > 100,
Yi(z)* otherwise.

Theresultsreportedn Sectionll useanoutcomecomponentmodelwhoseoutcomemean

link function, g, is linearin, andfits distinctparametersor, thefollowing:

1. ForthestudentofthePMPDdesign:anintercept;schooltestscoreglow/high); recorded
ethnicity; indicatorsfor grade;the propensityscore;andanindicatorfor whetheror not
the pre-treatmentestscoresnvereavailable,andthe pre-testscorevaluesfor the subjects

with availablescores.

2. For the student®f the otherperiods:anintercept;schooltestscoreglow/high); recorded
ethnicity; indicatorsfor grade;the propensityscore;indicatorsfor applicationwave; an
indicatorfor whetheror not the pre-treatmentestscoresvereavailable,andthe pre-test

scorevaluesfor the subjectawith availablescores.
3. An indicatorfor whetheror nota personis analways-taler.
4. An indicatorfor whetheror nota personis acomplier

5. Forcompliersassignedreatmentaninterceptoneindicatorfor schooltestscoreglow/high);
ethnicity;andindicatorsfor thefirst threegradegthevariablefor thefourth grades treat-

menteffectis afunctionof thealreadyincludedvariables.)

For the varianceof the outcomecomponentthe link function, g3, includesindicatorsthat
saturatehe missingdatapatternswhich are definedby cross-classificationf whetheror not
a personappliedin the first wave (i.e., for whomthereis a propensityscore),andby whether
or not the pre-treatmentestscoreswere available. This dependencé neededbecausaach

patternconditionson a differentsetof covariatesj.e., X°* variesfrom patternto pattern.
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Theprior distributionsfor the outcomesub-modehre:

BY [ ¢ ~ N(0, F(¢™)el)
where F(¢M) = %;exp(ﬁc),

andwhere¢(™ = (¢y,... ,(k), onecomponenfor eachof the K (in our caseK =4) missing

datapatternsandwhere¢ is an“inflater” whichis setatfive; and
iid

exp((r) ~ invx* (v, 0?),

whereinvy? (v, o2) refersto thedistribution of theinverseof ax? randonmvariablewith degrees

of freedomv (setatthree)andscaleparametee? (setat400).

10.2.3 OutcomeResponsesub-Model

We alsousea probit specificatiorfor the sub-modefor outcomeresponseRy;(z), z = 0, 1.
]%i/z(Z) =1if -I%Jz(z)* = 92(‘%7Xz?bsa -Rc’ia Ci7 Z)IIB(R) + EZ(Z) > 07

whereRy;(0) andRy; (1) areassumedonditionallyindependentusingthesamgustificationas

for the potentialoutcomesandwhere
E;(z) ~ N(0,1).

The link function of the probit model on the outcomeresponseys,, is the sameasthe link
functionfor the meanof the outcomecomponent.

The prior distribution for the outcomeresponsesub-models
B(R) ~ N(07 {U(R)}QI )7

where{c®}? is a“known” hyperparametgsetatten.

11 Results

All of theresultsbelov wereobtainedfrom the sameBayesiaranalysegonefor mathscores

andonefor readingscores).Both analysesncludelatentvariablesfor compliers,never takers
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andalwaystakers,imposingthe exclusionrestrictionon never takersandalwaystakers. The
differencedetweertheresultsfor thefirst threetablesreflectdifferentwaysof averagingover
theresultsfor thesegroups,asdescribedn eachsubsection.

The resultsare reportedby schooltest scoresclassification(low/high) and grade— our
“policy-relevant” variables- averagingover the othercharacteristicin themodel.Both school
testscore<lassificatiorandgradewerethoughtto have possibleinteractioneffectswith treat-
mentassignmentMostof thefollowing estimatesrenotparametersf themodelbut functions
of parametersyhoseposteriodistributionsareinducedby theposteriompredictive distributions
(multipleimputation)of the compliancestatusesExceptwhenotherwisestated plain numbers

areposteriomeansandbracletsare95% posteriorintenals.

11.1 TestScor Results

In this sectionwe presentinswerso thethreequestiongosedn Sectiord:
1. Whatis theimpactof beingoffereda scholarshipn studenbutcomes?

2. Whatis theimpactof usinga scholarshigparticipatingin the scholarshigprogram)over

andabore whatfamiliesandchildrenwoulddoin theabsencef thescholarshigprogram?
3. Whatis theimpactof attendinga privateschoolon studentoutcomes?

In all threecasesnathandreadingpost-tesscoreswill beusedasoutcomesThesetestscores
representhe nationalpercentilerankingswithin grade.They have beenadjustedo correctfor
thefactthatsomechildrenwerekeptbehindwhile othersskippeda grade;studentdransferring
to privateschoolsarehypothesizedio bemorelik ely to have beenkeptbehindby thoseschools.
Theindividual-level causakestimatedave alsobeenweightedsothatthe subgroupcausalesti-
matescorrespondo theeffectsfor all eligible childrenbelongingto thatsubgroupvho attended
ascreeningessionThenumbersn parentheseepreseneitherthe samplesizesor “effective
samplesizes”correspondingo eachsubgroupjust asdescribedn Section8, thoughherethe
posteriormeansof the parameterseflectingprobabilitiesfor eachcompliancecateyory were

usedasestimatedrobabilitieswhencalculatingexpectedvaluesfor each.
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11.1.1 ITT results

We examinetheimpactof beingoffereda scholarshipn post-tesscoredy estimatinghel TT
effect asdisplayedin Table11. We calculatethe ITT effect by averagingover the effectin all

threecompliancegroups?.

Gradeat Low High
Application Reading Math Reading Math
2.06(244) | 4.89(244) | 1.31(46) 5.01(46)
! [-1.69,5.54] | [1.70,8.05] | [-4.74,6.80] | [0.07,9.81]
0.20(244) | 1.10(244) | -0.71(45) | 0.97(45)
2 [-2.85,3.44] | [-2.08,4.21] | [-5.99,4.75] | [-4.44,6.55]
0.46(233) | 3.02(233) | -0.60(40) | 2.49(40)
3 [-3.00,4.13] | [-0.85,6.66] | [-6.21,4.81] | [-3.99,8.08]
2.78(171) | 2.65(171) | 1.69(27) 2.15(27)
: [-1.16,7.06] | [ -1.50,6.81] | [-4.10,7.81] | [-3.76,7.85]
1.27(892) | 2.94(892) | 0.32(158) | 2.73(158)
Overall
[-0.80,3.42] | [0.71,5.15] | [-4.89,4.96] | [-2.01,7.15]

Tablell: ITT Effect

Theseresultsindicateposteriordistributionsprimarily (i.e. greaterthan97.5%)to theright
of zerofor thetreatmenteffect on mathematicscoredor 1stgradersandoverall gradesfrom
low-scoreschools.Eachindicateanaveragegainof morethan2.9 percentilepointsfor children

whowonascholarship.

11.1.2 Effect of participation in SCSFprogram

Theresultsdisplayedn Table12 reflectthe effect of participationin the SCSFE They werecal-

culatedby measuringheITT effectfor alwaystakersandcomplierscombined®. This analysis

12This strateyy is anapproximatiorto themostappropriatenalysisfor this estimandvhich would relaxtheexclusionrestriction

onboththealwaystakersandnevertakers.
BThis strateyy is anapproximatiorto themostappropriatenalysisfor this estimandvhich would relaxtheexclusionrestriction

onthealwaystakers.
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definesthe SCSFprogram asthe “treatment”ratherthanjust private schoolattendance This
will provide ananswetto the secondf the questiongposedabore becauseéhecompliercontrol

groupwill includechildrenwhowereableto take advantageof resourcebeyondthoseprovided

by the SCSFprogram.
Gradeat Low High
Application Reading Math Reading Math
2.74(216.9) | 6.40(216.9) | 1.76(42.6) | 6.61(42.6)
! [-2.19,7.32] | [ 2.24,10.79] | [-6.46,9.39] | [ 0.08,13.00]
0.24(214.7) | 1.38(214.7) | -0.97(41.0) | 1.31(41.0)
? [-3.50,4.20] | [-2.59,5.29] | [-8.03,6.12] | [-5.76,8.52]
0.60(204.6) | 3.96(204.6) | -0.84(36.4) | 3.46(36.4)
3 [-3.84,5.18] | [-1.08,8.91] | [-8.37,6.82] | [-5.26,11.42]
3.40(152.7) | 3.23(152.7) | 2.31(24.9) | 2.93(24.9)
: [-1.44,8.34] | [-1.79,8.34] | [-5.65,10.29] | [ -5.00,10.20]
1.63(788.9) | 3.74(788.9) | 0.43(144.9) | 3.68(144.9)
Overal [-1.06,4.46] | [0.88,6.56] | [-6.40,7.11] | [-2.61,9.74]

Table12: Effectof ScholarshigProgram

We seeasimilar patternof effectsin thisanalysighoughtheposteriormeansareall largerin
absolutevaluethanin thelTT analysis.Theintenalsarealsolargerthanthel TT intenalswhich
is not surprisinggiventhatthe estimandhow appliesto only a subsebf the studyparticipants

(asreflectedby the effective samplesizesin parentheses).

11.1.3 Effect of Private SchoolAttendance

The resultsin Table 13 representhe effect of private schoolattendancdy focusingonly on
the compliers.This analysisdefinesthe “treatment”asprivate schoolattendanceThe validity
of theseresultsrest,in part,on the assumptionthatreceving a scholarshipandthenattending

privateschoolis the samereatmengasnotreceving a scholarshimndattendingprivateschool.
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Gradeat Low High
Application Reading Math Reading Math
3.08(164.2) | 7.24(164.2) | 1.89(32.2) | 7.14(32.2)
! [-2.56,8.38] | [ 2.45,12.41] | [-7.2,10.53] | [0.09,14.36]
0.28(171.8) | 1.57(171.8) | -1.08(30.9) | 1.44(30.9)
§ [-3.94,4.80] | [-2.98,6.05] | [-9.49,6.75] | [-6.10,9.68]
0.67(155.9) | 4.53(155.9) | -0.93(26.2) | 3.82(26.2)
3 [-4.28,5.81] | [-1.22,9.50] | [-9.33,7.25] | [ -5.61,12.58]
3.84(125.2) | 3.62(125.2) | 2.55(18.4) | 3.17(18.4)
* [-1.76,9.83] | [-1.95,9.50] | [-6.15,11.54] | [-5.29,11.12]
1.85(617.1) | 4.24(600.6) | 0.47(107.7) | 4.02(107.7)
Overall [-1.21,5.13] | [0.99,7.44] | [-7.20,7.77] | [-2.83,10.79]

Tablel13: Effect of PrivateSchoolAttendance

Theeffectsof privateschoolattendancealisplayedn Tablel3 arequitesimilarto theschol-
arshipprogrameffectswith posteriormeanshat are slightly biggerin absolutevaluethanin
the othertwo analysesTheintenals have alsogrown reflectingthe still smallereffective sam-
ple sizes.The effective samplesizesfor the subgroupof 4th-graderapplyingfrom high-score

schoolds sosmall(24.9)asto make theseresultsa bit suspect.

11.2 Composition of compliancestatus

Table 14 givesestimatesof the compositionof compliancestatusasa function of schooltest
score<lassificatiorandgrade.Becauséhe distributions betweerthe two models(mathemat-
ics/reading)verecomparablen bothlocationanduncertainty(seealsoSection11.3.1below),
reportedresultsarefrom the equal-weighmixture of the distributionsof thetwo models.

The clearestpatternrevealedby Table 14 is that, in mostcaseshigh-scoreschoolshave

morenever takers,fewer alwaystakers,andslightly fewer compliersthanlow-scoreschools.
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Gradeat | School Never Always
Application | TestScores| Taker Complier | Taker
High 24.6(5.8) | 69.9(6.6) | 5.5(3.3)

! Low 24.2(3.5) | 67.3(4.3) | 8.5(2.7)
High 24.7(5.7) | 68.7(6.5) | 6.6(3.4)

2 Low 20.0(3.4) | 70.4(4.3) | 9.6(2.7)
High 28.0(6.3) | 65.6(7.0) | 6.4(3.3)

3 Low 23.8(3.8) | 66.9(4.5) | 9.3(2.6)
High 26.3(6.2) | 68.0(6.8) | 5.7(3.2)

4 Low 18.0(3.7) | 73.2(4.8) | 8.8(3.1)

Posteriorstandardieviationsarein parentheses.

Table14: Compositionof compliancestatus

11.3 Impact of missingdata

Whenthe latentcompliancegroupshave differential responsgi.e. missingdata)behaiors,
standard TT analysesor standardlV analysesare generallynot appropriatefor estimating,
respectiely, the ITT or IV estimands. The following table comparesesponseébehaior (i)
betweercompliersattendingpublic schoolsandnevertakers, (ii) betweercompliersattending
private schoolsand always takers, and (iii) betweencompliersattendingprivate schoolsand
compliersattendingpublic schools.

The obseredresponsdehaior onthe mathematicandreadingwasidenticalwithin indi-
viduals. For this reasonandalsobecausetherewas satisactory agreemenin the prediction
of compliancestatusbetweerthetwo models(mathematics/readingeeSection11.3.1belaw),
reportedresultsare from the equal-weightmixture of the distributions from the two models.
In addition,the posteriordistributions of the oddsratiosareskewed, so posteriormediansand
posteriofintenals arereported.

For eachof thefirst two comparisongcolumnsthreeandfour), the groupsbeingcompared
areattendinghesametypeof school soary differencen responseateis attributedto thelatent

compliancestatuscharacteristicsi-or thelastcomparisor{right-mostcolumn),ary differences
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Gradeat

SchoolPre-

ControlComplier

TreatmentComplier

TreatmentComplier

Application| Treat.Scores| vs. NeverTaker vs. AlwaysTaker | vs.ControlComplier
High 2.4[1.2,5.1] 0.1[0.0,2.7] 1.7[0.5, 6.2]
! Low 2.3[1.2,4.5] 0.1[0.0,0.8] 1.4[0.7, 2.9]
High 2.3[1.2,5.0] 0.3[0.0,4.5] 2.9[0.9,14.3]
§ Low 2.1[1.1,4.2] 0.2[0.0,1.5] 2.4[1.1, 5.4]
High 2.4[1.2,6.1] 0.1[0.0,1.9] 2.0[0.5,11.1]
3 Low 2.3[1.2,4.9] 0.1[0.0,1.1] 1.6[0.7, 3.8]
High 2.0[1.0,4.2] 0.1[0.0,1.7] 2.0[0.5,11.1]
* Low 2.1[1.1,4.1] 0.1[0.0,0.8] 1.6[0.7, 3.9]

Resultsarereportedcombinedrom mathematicendreadingmodelsbecausé¢hey weresimilar

(raw dataon responsén mathematicandreadingwereidentical).

Numbersareposteriomediansandposteriord5%intenals.

Table15: Oddsratioscomparingesponseatesamonggroups.

areattributedto the treatment.Fromthetableit canbe deducedhatresponseés increasingn

thefollowing order: nevertakers,compliersattendingpublic, compliersattendingprivate,and

always-talers. Therefore the latentcompliancebehaior appeardo be animportantpredictor

of response.

11.3.1 Agreementbetweenthe models

Beforerunningthefinal analyseswe assessethe agreemenetweerthe modelfor mathemat-

ics andthe modelfor readingin predictingcompliancetype (i) at the individual studentievel,

and (ii) asa function of the covariateslow/high and grade,aggreating over the studentsn

theseclasses Evaluatingagreemenat suchspecificlevelsis importantbecausealthoughthe

mauginal probabilityof beingacomplieris well estimatedyenerallythetwo modelsmighthave

beenassigningifferentprobabilitiesof beinga complierto differentsetsof students.

For theindividuallevel, for eachmodel,andfor eachstudeniassignedhelottery but whose

compliancetype was not knovn, we computedthe posteriorprobability of beinga complier
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Thecorrelationbetweerthe probabilitiesobtainedfrom the two modelswas0.72,andthe cor
respondingcorrelationfor the studentsassignedtontrolwith unknavn compliancestatuswas
0.73, indicating a satishctory level of agreemenat the individual level. At the level of the
cross-classificatiobhetweergradeandlow/high the agreemenof the posteriordistributions of

compliancestatus summarizedy posteriorfirst two momentsywasvery good.

12 Comparison BetweenModels

The analysegelying on standardapproachegresentedn Section8 (henceforthreferredto
as MPR analysespandthe Bayesiananalysesvere performedon the sameoutcomesand for
the sameinitial subset* of children(single-childfamiliesfrom gradesonethroughfour). In
additionthey both attemptto addresshe samecomplicationswvhich drawv the templateaway
from the perfectly controlledrandomizedexperiment. The Bayesiananalyseshowever, rely
on wealer structural(thoughperhapsslightly strongerparametricassumptionshanthe MPR
analysesThesestratgies,thereforejnvite comparison.

Resultsfrom the Bayesiarmanalysedeadto somevhatsimilar, althoughnot altogethercon-
sistentjnferencedo thoseindicatedby theMPR analyseslargelyin thesensehatneitheranal-
ysisshaws consistentlystrongevidencein onedirectionor another If we examinethe overall
results,thereis a fair amountof agreemenbetweenthe approachegfor all threequestions
asled) for mathscoresof childrenapplyingfrom low-scoreschools,acrossall grades. Both
approachegprovide evidencefor positve gainsof two to threeandthree-quarterpercentiles
for mathscoref childrenfrom low-scoreschools.

Theredoesappeatto be a differencewith regardto the effect on the otherscores.For the
effectonreadingscoreof childrenwho appliedfrom low-scoreschoolsthe Bayesiaranalyses
reportgenerallypositive, thoughnot very strong,gainsacrosgyradeswhereaghe MPR analy-
sesshav both positive andnegative meaneffects. Another morespecificdifferenceexists on
readingand mathematic®n 4th graderdrom high-scoreschools betweerthe modesteffects

reportedby the Bayesiamanalysesandthe large effectsreportedby MPR analyses.Section8

HClearlytheexclusionof studentsvith missingpre-andpost-tesscoresasa partof theapproacho handlingthesemissingdata
problemscreatesa non-randomlysmallersamplefor the MPR analysesHowever bothintendtheir inferencego applyto thesame

population.

54



briefly discusseshis differencein termsof the issuesinvolved with non-responsgeighting.
In general thesedifferencesare driven by the fact that theseanalysesonditionon different
source®f information. TheBayesiaranalysegsanincludesubjectswith missingpre-tesscores
or post-teskscores.

Oneway in which thesedifferentsourcesf informationaffect inferencesoncernghedif-
ferencesbetweenchildren who took the pre-testand thosewho didn’t. As it turnsout, for
the peoplewith missingpre-testscores(excludedin the MPR analysis),thereis a negative
treatmenteffect for readingpost-testscores which senesto counteractjn part, the positive
treatmeneffectswe seein thosefor whomwe obsere pre-testscores. Anotherdifferencehas
to dowith theamountof smoothingallowedin eachmodel. Currentlyour Bayesiarmodelsare
quite parsimonioussoit is possiblethatwe haven't allowed for enoughcell to cell variation
in treatmenteffects. The differencebetweernthe two modelapproachesvithin subgroupge-
finedby gradeandtype of schoolis alsolikely influencedby therelatively smallersamplesizes
in thesesubgroups.Clearly the larger the samplesize, the greaterchancewe have of finding

consistentesultsacrosghetwo approaches.

13 Discussion

Futureanalysewill attemptto learnfrom theseinitial modelsandincorporateadditionalcom-
plexity. We wouldlik e to investigatenorecloselytheappropriateness additivity andsmooth-
ing in the model,include both math andreadingoutcomesn the samemodel,include more
covariatesandtestthesensitvity to relaxingeachof the exclusionrestrictions With additional
years'datawe will have to modelappropriatelythe time seriesnatureof the dataaswell as
the morecomplicatedcompliancestructureghatwill develop. We alsorecognizethe needto
performmoremodelchecksandsensitvity analysighanwe have performedo date.

As far assubstantie conclusiongegardingschoolchoice,both modelsappearo indicate
gainsin mathscoredfor childrenfrom low-scoreschoolswho have eitherwon a scholarship,
participatedin the scholarshipgprogramor attendedorivate school; however, neitheranalysis
strat@y leadsto corvincing andconsistenbverall evidencein favor of privateschools.If it is

truly thecasethewe seegreatemainsfor the childrenfrom low-scoreschoolsthisinformation
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would have policy implicationsandwould provide greaterjustificationfor the currentFlorida
schoolchoiceinitiative which tagetsmoredisadwantagedschools.Giventhe heterogeneityn
schoolsandthenoisines®f our outcomemeasureit is likely thatit is too soonto expectto find

sharpdifferencesdbetweerthetreatmentandcontrolgroups.
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Appendix A — Computations

Computation®f the posteriordistrikution of the missingcompliancestatuse€™ andpa-
rametersvere basedon a Gibbs sampler(Gelfand and Smith 1990). The Gibbssamplerwe
useddraws, in this order: the missingcompliancestatusesj‘mis; the latentvariablesC;(n)*
andC;(c)* for thecurrentsetof never takers,compliers,andalways-talers; the possiblylatent
variablesY;* = Y;(Z;)* for the outcomemodel;all latentvariablesRy;(Z;)* for the response
model;the parametersor the compliancemodel,3(¢1), 3(¢:2); theresponsenodelparameters
BB); andthe meanandvarianceoutcomeparameterg(”) and¢(Y) respectiely. For all steps
drawing is donecyclically andwith conditioningthatensuregsornvergenceof the GibbsSampler
to the posteriordistribution. Thefirst stepmustexcludeC;(n)* andC;(c)* from the condition-
ing in orderfor the Gibbssamplerto corverge to the posteriordistribution. Moreover, at this
step,the conditioningon Y;* and Ry;(Z;)* canbe replacedrespectiely, by Y; * Ry;(Z;) and
Ryi(Z;) for algorithmicefficiengy. In thefollowing we let H; = (W;, X%, Rx;) and¢ denote

all of themodelparametersThedistributionsinvolvedin the Gibbssamplerareasfollows.

1. Theconditionaldistribution requiredfor C™ atthis stepis
p(Ci|Yi, H;, Dy, Z;, Ry;, ¢).

This distribution is obtainedfrom the joint p(C;, Y;, D;, Ry;| Z;, H;, ¢). For example,a
subjecwith Z; = D; = 0 canbeacomplieror anevertaker, andtheconditionalBernoulli

distribution of C; is proportionalto
{l(c’ Zi’ Hi’ Yvi’ R@/ia ¢)}I(Ci20){l(n7 Zia Hia Y:ia Ril’ia ¢)}I(Ci:n)7
wherewe define

I(co, 20, ho, Yo, 70, ) =p(Ci = co|H; = ho, ){p(Y; = yo|Cs = co, H; = ho, 2z = 20, )}

X p(Hyi(Zi) = ro|Ci = co, Hi = ho, §).
Thereforethe conditionalprobability of the subjectbeinga complieris
l(C, Zia Hia Y'ia -Z%Jia ¢){Z(C, Zia Hia Yia -Z%Uia ¢) + l(’l’l, Zia Hz'a Yvia Hlia ¢)}_1'

Thedrawing of C; for subjectswith Z; = D; = 1 is donein asimilarway. Notethatthe

drawing of the complianceat this stepusesinformationon theresponséehaior (Ry).
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. Thedrawing of C;(n)* is from p(C;(n)*|H;, C;, ¢). Thisdistribution is the sameasthe
definingmodelp(C;(n)*|H;, ¢) but truncateceitherto theleft or to theright of zerode-
pendingon C;. Thedrawing of thetruncatechormalis doneusingits inversedistribution

function,whichisreadilycalculable For subjectghathave beenmputedasalwvays-talers
or compliersatthe previousstep,draving of C;(c)* is donein a similarway.

. Thedrawing of Y;* is from p(Y;*|H;, C;,Yi, z = Z;,¢): whenY; isin (0,100), Y;* =

Y;; whenY; = 0 thenY;* is dravn from the tail of the defining normal distribution

p(Y;*|H;, Ci,z = Z;, ¢) left of 0, andthe methodof simulationis aswith the compli-
ancelatentnormals;therewasno obsenration equalto 100.

. Thedrawing of Ry;(Z;)* is from p(Ry;(Z;)*|H;, C;, Rys, 2 = Z;, ¢). This distribution is

thesameasthedefiningmodelp(Ry; (Z;)*| H;, Ci, z = Z;, ¢) exceptthatit is truncatedo

theright or left of zerodependingn Ry;. Drawing is aswith thecomplianceandoutcome

latentnormals.

. Drawing of thecoeficients3(%1) is from p(8(© |{ all C;(n)*, H;}), whichis aBayesian
linearregressionbasedon the defininglikelihoodandprior. Drawing of the coeficients
B2 is from the distritution p(8(¢2)|{ all C;(c)*, H; : C; = a orc}), anddraving of

the coeficient ) is from p(3B)| all Ry;(Z;)*, H;, Z;, C;), bothof which areBayesian

linearregressions.

. Thedrawing of the parametersf the outcomemodelis furtherdividedin two steps.In
one, with ¢(Y) conditionedat the valuesfrom the previous cycle, 5% is dravn from
p(BY){ all Y, H;, Z;, C; - Ry; = 1},¢()), which is a weightednormallinear regres-
sionwith known weights.With themeanparameterg(Y) conditionedatthedravn value,
thereis still no known directway of drawing from the distribution of ¢(*). Nevertheless,
becausdts distribution is easilycalculableup to proportionality the Metropolis-Hastings
algorithm (Metropolis, RosenbluthRosenbluth Teller, and Teller 1953)was used. Be-
causethe dimensionof the parameterss large, it is importantto obtaina goodjumping

density By defining,Y; = |Y;* — go(H;, C;, Z;)8Y)| for theobsered outcomesve have
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that
(v;)? 2
Y ~ X17
exp(gs(Hi, Cs, Z;)¢(Y))
E(210g(Y;)) = E(log(x?)) + g2(Hi, Cs, Z;)¢Y),

SO

wherey? is achi-squaredandomvariablewith onedegreeof freedomandthedistritution
andexpectationabove areconditionalon all variablesexceptY;*, andon all parameters
including¢(Y). Usingtheregressiorestimatesrom thelastrelation,we obtainedthetwo
momentdor anormaljumpingdensityfor ¢(¥). Becaus¢hejumpingdensitydoesnotuse
thevaluesof ¢(Y) from thepreviouscycle, theasymmetriczersionof Metropolis-Hastings

wasused.

Initial valuesfor the missingcompliancestatusesvere dravn basedon the momentesti-
matesgiven assignmenarm andschoolattended.The parametersvereinitialized to general-
izedlinearmodelestimategiventheinitialized compliancestatusesSubsequentjfhe models
wererun eachfor aninitial burnoutseriesof 5000iterations. We assessedornvergencewith
addhocmethods.Thena main seriesof anadditional5000iterationswasrun for eachmodel,

onwhichtheresultsarebased.
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Appendix B

Table16: Descriptionof Variables

Variable

Description

Baselinevariableqpre-lottery)

Applicationwave

Won a scholarship?
Low/high-scoreschool

Child’s birth location

Gradelevel of child whenapplying
Femaleguardians ethnicity

Femaleguardians education

Child participatedn specialeducationn the last
year?

Child participatedin gifted programsin the last
year

Main languagespolenin home

Family participatesn AFDC

Family participatesn FoodstampgProgram
Femaleguardians work status

Educatiorexpectationdor child

Numberof childrenunder18in household
Femaleguardians birth location
Femaleguardians length of residenceat current
address

Dataon fathers work statusmissing?
Femaleguardians religion

Se

Income

Age of thechild on 4/1/97in years
Pre-testeadingscore(percentile)
Pre-tesmathscore(percentile)
Pre-testeadingscore(normalcurve equivalent)

Indicatorfor eachof five waves
No/Yes

Indicatorfor eachcateyory
U.S./Puertdrico/Other
Kindemartenthrough4th grade
Puerto Rican, Dominican,
panic/Black,AfricanAmerican/Other
Some high school/High school graduate or
GED/Some college/Graduated from a 4 vyear
college/Morethana 4 yeardegree

Nolyes

Other His-

Nolyes

English/Other

Yes/No

Yes/No

Fulltime/Rart-time/Not  working but
working notlooking

Somehigh schoolwill not graduate/Graduatfrom
high school/Someollege/Graduatédrom 4-yearcol-
lege/Morethana 4-yearcollege degree

looking/Not

United States/Other

Morethan2 years/1-2years/3-1Imonths/Lesshan3
months

No/Yes

Other/Catholic

Male/Female
0-$4999/$5000999/.../Morethan$50,000

continuedbn next page
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continuedrom previouspage

Variable

Description

Pre-tesmathscore(normalcurve equivalent)
Attendanceat privateschoolduringpreviousyear
Suney respondenvneof child’s primarycaretak-
erswhatportionof thetime duringthe pastyear?
Time studenhasattendedalaycare/schoobutside
theUS?

Wheresendchild to schoolnext year(if noschol-
arship)?

How mary timesduringthe schoolyearhave you
spolento someondrom this child’s schoolabout
"problemswith this child’s’ behaior atschool™?
How mary timesduringthe schoolyearhave you
spolento someondrom this child’s schoolabout
"this child’s attendance”

How mary timeshave duringtheschoolyearhave
you spolen to someondrom this child’s school
about’placing this child in specialclasse®r pro-
grams”

No/Yes
None/Some/All

None/Some
Public/ReligiousPrivate/SeculaPrivate

None/lor 2/3 or 4/MoreThan4

None/lor 2/3 or 4/Morethan4

None/lor 2/3 or 4/Morethan4

Variablegecordedneyearafterthelottery

Post-testeadingscore(percentile)
Post-testnathscore(percentile)
Post-testeadingscore(hormalcurve equivalent)
Post-testnathscore(normalcurve equivalent)
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Appendix C — Finer Strata.

Themodelof Section10.2canbe usedto estimatehe effect of the programon finer strata
that may be of interest. For example,to estimateeffects stratifiedby ethnicity modelsfor
compliance putcomesandresponsanalogougo thosein Section10.2 were estimatedwith
parametergor recordedethnicity (dichotomizedas African American(AA) or other). As in
Section11, the modelsinducea posteriordistribution for the causaleffect of the programfor
eachchild, andchildrenaresubsequentlgtratifiedby thevariables:grade(1-4),typeof child’s
originatingschools pastscoreghigh/lown), andethnicity Theresultsfor this stratificationare
reportedin Tables17, 18, 19, for the estimand=f ITT, effect of scholarshipand effect of
attendancef privateversuspublic schoolrespectiely.

Theresultsasin thoseof Sectionl1, supportevidencefor effecton mathematicor certain
subgroup®f children.Here,the effectson mathematicsirelargestfor African Americanchil-
dren(with tighterintenvals aroundthe estimatesn the low-scoreschoolswhich constituteon
average85% of this ethnicsub-sample)smallestfor non African Americansoriginatingfrom

high past-scoreschoolsandin themiddlerangefor theremainingstudents.

Gradeat - Low High
Ethnicity
Application Reading Math Reading Math
AA 2.75 6.40 1.84 6.25
1 [-1.65,6.58] | [2.59,10.12] | [-4.93,7.77] | [0.70,12.03]
other 1.43 3.56 0.60 3.30
[-2.36,5.53] | [0.25,7.21] | [-4.95,5.89] | [-1.77,8.10]
AA 0.72 2.28 -0.25 2.22
> [-2.89,4.50] | [-1.20,6.14] | [-6.77,6.20] | [-3.88,8.38]
other -0.21 0.18 -1.09 -0.17
[-3.22,3.23] | [-3.31,3.77] | [-6.16,4.03] | [-5.51,4.99]
AA 0.99 4.43 -0.06 4.29
3 [-2.94,4.90] | [0.03,8.58] | [-6.72,6.46] | [-3.10,11.02]
-0.03 1.73 -0.91 1.33
other
[-3.55,3.78] | [-2.40,5.56] | [-6.13,4.14] | [-4.40,6.49]
AA 3.54 4.03 2.45 3.66
4 [-0.94,8.44] | [-0.54,9.03] | [-4.10,10.06] | [-2.88,10.37]
2.05 1.29 1.12 0.88
other
[-2.09,6.24] | [-3.06,5.83] | [-4.64,6.48] | [-5.07,6.46]

Tablel7: ITT Effect.
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Gradeat Ethnicity Low High

Application Reading Math Reading Math
AA 3.36 7.70 2.27 7.62

1 [-1.98,7.89] | [3.18,12.28] | [-6.14,10.09] | [0.86,14.71]
other 2.06 5.02 0.92 5.04

[-3.34,7.92] | [0.35,10.08] | [-7.53,9.09] | [-2.51,11.88]
AA 0.82 261 -0.32 2.70

> [-3.23,5.06] | [-1.39,7.00] | [-8.27,7.42] | [-4.56,10.35]
other -0.29 0.25 -1.67 -0.24

[-4.33,4.30] | [-4.43,5.06] | [-9.03,6.04] | [-7.73,7.64]
AA 1.20 5.30 -0.07 5.19

3 [-3.69,5.85] | [0.03,10.36] | [-8.25,7.92] | [-3.75,13.12]
other -0.06 251 -1.44 211

[-5.11,5.40] | [-3.34,8.22] | [-9.60,6.32] | [-6.68,10.06]
AA 4.00 4.53 2.90 4.29

4 [-1.08,9.42] | [-0.60,10.15] | [-4.96,11.49] | [-3.45,12.21]
other 2.72 1.71 1.68 1.32

[-2.74,7.98] | [-3.86,7.57] | [-7.12,9.85] | [-7.41,9.22]

Table18: Effect of ScholarshigProgram.
Gradeat Ethnicity Low High

Application Reading Math Reading Math
AA 3.75 8.66 2.44 8.18

1 [-2.15,8.91] | [3.52,13.78] | [-6.83,10.87] | [0.93,15.46]
other 2.34 5.72 1.00 5.51

[-3.71,9.59] | [0.42,11.79] | [-8.37,10.02] | [-2.66,12.70]
AA 0.92 291 -0.35 2.92

> [-3.59,5.68] | [-1.55,7.88] | [-9.03,9.02] | [-4.90,11.17]
other -0.34 0.29 -1.90 -0.23

[-5.10,4.94] | [-5.03,5.70] | [-10.78,6.73] | [-8.25,8.69]
AA 1.34 6.00 -0.07 5.61

3 [-3.96,6.72] | [0.04,11.87] | [-8.76,8.73] | [-3.86,14.67]
other -0.09 291 -1.65 2.39

[-6.47,6.30] | [-3.96,9.73] | [-10.83,7.82] | [-7.32,11.67]
AA 4.44 5.01 3.13 4.55

4 [-1.20,10.91] | [-0.67,11.37] | [-5.43,12.31] | [-3.69,13.03]
other 3.12 1.96 1.88 1.46

[-3.13,9.10] | [-4.46,8.70] | [-7.95,10.78] | [-8.05,10.46]

Table19: Effect of Private SchoolAttendance.
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