Inequality ofOpportunity inEducation Accounting
for the Contributionsof Sibs, Schools andsorting
across East Afca

PaulAnand  JereR.Behrman  Hai-Anh H. Dang SamJones

Octdber 2018

Abstract

Inequalites inthe opportunityto obtain a goodkducation in lowincome countriegre
widely understoodo berelated to household resources and schooling qudty to date,
most researchers have investigated the contributions of tinedactors separatelylhis
paper considetthem jointly, paying special attéon to theircovariation, which indicates
whether schools exacerbate or compensate for existing houdstsald inequalitieg.he
paperdevelog a newvariance decompositicitameworkand appksit to dataon more
thanonemillion children in three lowncome East African countrieEheempirical results
show thatalthoughhousehold factors account for a sfgrant share of total test score
variation, variation in school quality and positive sorting between housedmudidschools
are, together, no less importanthe analysisalso finds evidence of substantial
geographical heterogeneity in schooling qualifie paperconclude that promoting
equity in education ifcast Africarequires policies that go beyond raising average school
quality and should attend to the distribution of school quality as well as assortative
matchingbetween households and schools
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1 Introduction

The inability of some children in loamcome countries to access quality schooliregmatter

of concernboth for economic efficiencgndsocial justice. If able children do not achieve
their educational potential, countries face potentially significant losses against the
counterfactual where all have an equal opportunity to develop their talents and skills.
Likewise, there are good reasons based on social justice to ensure that developsient is
equitable a process as it can be (S2892). In a widely cited overview, Corak (2013) shows
that interactions between family circumstancksa b o r mar kets and publ
structure a cband aclsdesothe sratneed to tpregoslicies that
promotec h i | dhungan Gapital in a way that offers relatively greater benefits to the
relatively disadvantagedhough focused mainly on highgrcome countrieghere is little
reason to thinktheseconclusions might not applto lowerincome countriesIndeed
interndional comparisons a&fducationahchievementighlightlarge gaps between students
from richer and poorer countrieés well assubstantialwithin-country gapsn both grade
attainment and learning outcomiesg.,Dabalen2015; Sandefur, 20)8

Following Roemer (1996), rpmotion of equity in education has typicallgcusedon
tackling inequalities that can be traced to differences in opportunities, defindldeas
circumstanceshat lie beyondthe control of individual children, ratherthanthosedue to
effort or personalkhoice! Existing researctin this domainhas primarily operationalized
inequality of opportunity in educatiqiOE) as the (proportional) contribution of the home
environment to inequalities in eduaatal outcomes. Studies from a rangéigher income
countries suggest thdaOE is surprisingly high, withupwards of 40% of variation in
schooling outcomebeingassociated witlyiven household circumstances (Bjorklund and
Salvanes, 2011A morelimited number of studies for developing countries also indicate
that differences in family circumstances account for a material share of differences in both
grade attainment and achievement (Ferreira et al., 2008; Ferreira and Gignoux, 2014).

An importantimitation of previousstudieds thatthey mostly focus on capturin®E via a
singlefactor,suchashomecircumstanceddowever family circumstancemay beonly one

of several factorthatcanbeconsideregartof thed g i eirrumétancethatchildrenface

Access toquality schoolingis a no less important factor that determinésicl dr en é s
educatioml achievementand yet, in general, this factor is also beyond ¢batrol of

individual childrenand many disadvantagechouseholdsSchools in develoipg countries

1 See Roemer (1996 2002, who notes that equality of opportunity is the most universally supported
conceptiorofjusticeinadvanced oci et i es. Wi thin Senés (1985) framewor k
as not just having a direct efft on educational achievement but also as both helping a child access outside
educational resources as well as conditioning the chi
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are often illequipped and some do not even meet their basic functionalities, with teachers
sometimes notoming to school to teagGlewwe andMuralidharan 2016).In addition,

even in richer countries, other characteristics related thie oftentimes exogenous
organizatiorandfinancingof schoolsystemge.g.,useof ability grouping)havebeenshown

to influence the magnitudeof inequalitiesin final achievement (Rivkinet al., 2005;
HanushelandRivkin, 2006).

In this paper therefore,we seek @ provide a more comprehensiuaderstaniohg of the
magnitude and sources of inequality of opportunity in educafiondo s¢ we develop a
frameworkthatjointly accouns for the contributions of both school and household factors,
as well agheir covariancgto varation in learning outcomes. Tlrameworkis then applied

to a rich micredata set for over 1 million children frotinreeEast African countries (Kenya,
Tanzania and Ugandals such,the paper makes three contributions to litezature on
inequality of opportunity in educatiqiOE). Firstly, taking as a point of departurethe idea
that IOE may not only be attributedto family circumstancesn a developing country
context we addto theliteratureby quantifyingthe distinctcontributionsof both households
andschoolsto variationin learning outcomegd.o our knowledgethis is the first papeo do

so in a developing country contekt.any casethe existing literature offers very few studies
that examine both of these fard particularlyfor several countries at the same time as
attempted herend of the few that dpmost focus on richer countriés.

Secondly we advance the field by investigatitige interactiongcovariancg of school and
household effects. In a purely theoretifaE setting, these two types of effects may exist
independently of each other and are exogenously given to the household. But irereslity,
in alower-incomecountry contextsome (icher) houseblds may be able to select (better)
schools through theifstronger)resources andocial connectionsPut differently, theras
likely to be somesorting(assortativenatching) between households and schadéntifying

the magnitude of thisorting effet canhelp policy makersreduce inequalities, for example,
by settingschool zoning or mobility policies that ensimilar chances oaccess to high
quality school forll households, including the most disadvantaged

Thirdly, we build on the existingyariancedecompositiorframeworkin the establishedOE
literature An unresolvecthallengen the presensetting,wheremorethanoneunobserved
factor is considered,concernshow to specifythe betweerfactor covariancelndeed the
0 t r nataréof this covariancetypically cannotbe identified unambiguouslyfrom the
underlyingdata;and differentempirical approachegffectively adoptcontrastinga priori
assumptionsegardinghowthecovariancés allocatedacrosghefactors® Weproposea new

2We return to a more detailed discussion of the literature in the next section.
3 See, e.g., Gibboretal. (2014)for a related study in the field of urban economics.
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empiricalprocedurehat notonly permitssimultaneoustimationof two unobservedixed
latentfactors(householdandschooleffects) butalsoallowsalternativeassumptionsegarding
their covarianceo be handledn atransparentashion.This provides(strict) boundson the
variancecontributions of interest. Furthermore,in our empirical implementation, we
validate(crosstest) our resultsshowingthatextremeassumptionaboutthe beweenfactor
covariancecanberuledout.

The rest of thigpaper consists of four sectiorection 2 sets out a genefedmeworkto
account forlOE, which alsoprovidesa window on findings of previousstudies.It also
describeste empiricalstrategywe use to identify the household and schiagtors,treating
them both asinobserveckeffects andpropose a simple mechanisrthat offersa unified
variancedecomposition strateggpveringthe full range oalternativeassumptionsegarding
the betweetfactorcovariance

Section 3 applies the proposedoagach to extensive test score data on over 1,000,000
schootlaged childrenfrom three East African countries (Kenya, mainland Tanzania and
Uganda)lt compars variancedecomposition results from three choices of the initialization
parameter, each of which corresponds to an intuitive characterization of the b&tateen
covariancelUsing both unconditional and conditiomabdels we show that household and
school circurstancegointly accounfor nearly half of the variance in test scores (normalized
by age). However, confirming the limitations of past studies, households cannot be
considered the primary or only sourcd ©E.

More gecifically, we findtheupperboundvariance share attributable to schools is generally
aslarge as thaupper boundattributable to householdsvhich in itself is indicative ofa
positive association between the latent factérgl underour preferredmodel specification

we find evidence bsubstantiapositivesortingwherebyhigherdualitydhouseholds tend to

be matched to higher quality schaols Section 4 we validate the main findings using
alternative estimation procedures and investigate heterogeneity in the variance
decompositionWe find systematic patterria the level of inequality and thmagnitudes of

the variance componengsross different sugroups andyeographicalocations including

a larger contribution of sorting in more disadvantaged locat®estion 5concludes aah
reflects onourfindings.

2 Analytical framework

2.1 Accounting model

A generalframeworkfor the analysisof inequalityin educatiorsplitsthe proposedrocess



generatingdifferencesn) testscoresnto the effectof given circumstancegopportunities)
andtheeffectof otherfactors(idiosyncraticeffects effort, preferencesgtc.). Thissuggestan
educationaproductionfunctionof thefollowing form:

0 "QOH Q (1)

Wheret is ameasuref educational achievement (e.g., test scores), and index€k,

2, é,j=N)( 1, adkée, (H) i2fer toédndividB3| children, families and
schools respectively. Thui;) captures the contribution of given household and school
circumstancesande captures remaining individual variation that is treated as orthogonal
to the former; i.e.,0Q d HQ m* Following our concern to parse out the
respective contributions of households and schooldOg, Q is defined as a
comprelensive metric of the contribution of all factors shared by children in the same
household (hereafter sibs); and is defined as a comprehensiveetric of the
contribution of the given school (and grade) to their learning® Note that under the
assumptionthatnotall sibsattendhesameschooland/orgradethehouseholdactordoesnot
nesttheschoolfactor;thatis, theyarecrossed.

Equation (1) defines test score levels, from which various metrics of inequality have been
proposed. Within the domain of education, the simple variance of outcomes is widely used.
As Ferreira and Gignoux (2014) note, the variance is ordinally invariatamolardization
procedures often used to express test scores on a comparable scale. Also, the linear additive
property of the variance makes it straightforward to isolate the contributions of individual
components to the overall variance. However, evereibssume a linear form forthe test

score variance can be defined in various ways, depending on what assumptions are made
about the relations between its constitutive elements. Table 1 describes four main cases of
the relationship betwednands.” Each row set®ut an assumed underlying da@@nerating

process (model), which incorporates specific assumptions about the level and vartance of
The model in the first row assumes the household and school factors make independent,

4 This last assumptionmay seem strong, but facilitates our primary interest in identifying the relevant
contributionsof latent householdand school factors. Without additional individuatlevel controls (see below)
individual characteristicée.g.,ability) thatarecorrelatedvith handswill beabsorbedy the latterfactors.Even

so, thereareindividual factorsthatare expectedo be orthogonato the estimatedterms. For example, Behrman

et al. (1994) use monozygotic (identical) and dizygotic (fraternal) twins in the United States to identify individual
specific factors (orthamnal to the household factors) and find these account for about a quarter of the variance in
adult earnings.

5 Throughout, the dimension of the observed school and household effect vectors is takernxtd, lehereN is

the number of children (observat®). However, the number ahiquehousehold and school effects is strictly

less tharN. Indeed, assuming no singletons, at nhbst ST 1 < N fixed effects can be estimated.

8 This design stands in contrast to the conventional estimation of neighboiffexid g.g., Solon, 2000), where
neighborhoods nest households, meaning the variance contribution of the former cannot be larger than that of the
latter (when treated as unobserved effects).

”While a number of studies report conditional variances, Thlidmores any conditioning variables. However,

in our empirical application these are included (see Section 3.2).
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additive contributionsat outcomes (test scores). In terms of the associated outcome variance,
this imposes the assumptidnai Q 1, which rules out the possibility of any correlation
between the household and school effects.

Thezerocovariancassumptiommbeddeih Row 1 appearsestrictive.Sortingor clusteing
of household&iasbeendentifiedin awide rangeof domaingDavidoff,2005;Combesetal.,
2008). Indeed,evenif schoolquality wereallocatedrandomlyat time zeroandheld fixed
thereafterhn o u s e lkembndfar Betterschoolsmaybid-up local housepricesover time,
stimulatingresidentiasortingandgeneratingpositivecorrelatiorbetweerhouseholdncome
andschoolquality (e.g.,HanushelandYilmaz,2007).Otherbehavioraresponse®f families
toward schoolquality supportthe possibility of sortinginto schoolsand evidence from a
numberof countriessuggestghat certainteachergreferto teachcertainkinds of children
or to residein specific kinds of neighborhoodgJackson,2009, 2013; PopElechesand
Urquiola, 2013). Thus, pre-existing clusteringof householdsy incomeor ethnicity may
stimulateacrosslocationsortingof teachemuality. In eithercase the assumptiorof a zero
covariancebetweenhouseholdand school factorsin Row 1 becomesuntenable,and an
unrestrictedinearmodelwould apply(Row 2).

One interpretation of the unrestricted linear (sorting) model is that the household and school
factors have no direct mutual effe¢ts.e., while they are separately preeterminedhey
become correlated througx postprocesses of sorting. But this is not the only mechanism
thatcould generate a correlation between household and school effects. Some part of the
school effect may reflect the (mean) contribution of constituent holdselsuch as when
households make direct financial or time commitments to school functioning. This kind of
mechanism also is suggested by certain versions of eskimnming models, where average

peer quality in a school (or class) is driven by househbltacteristics, which in turn
directly influences individual achievement (Walsh, 2009). A strong version of this is
captured in the third row of Table 1, which assumes shean be partitioned into a
component that is oblique or parallehtand an orthogonal componexnwith own variance

. Q (2)
0]
%Q ’ Tt

Applying this expressionthe secondcolumn of Row 3 gives a strict upper boundn the
variancecontributiondueto household$. The corollaryis givenin Row4, wherehousehold

8 Togofrom equation(2) to themodelin Row 3 we havemadethesimplifying assumptionhath; is constantwithin
eachschool/gradé&. Wherethisis notthe casejt canbe shownthatthe variancecontributiondueto households
will beof asomewhasmallermagnitudeébutremainsanupperbound.
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effects are assumedto be (partia) reflections of pre-given school effects, plus an
orthogonalcomponentNote that in both thesecases,the observedcovariancebetween
householdandschooleffectsis attributedwholly to eitheroneof thefactors.In otherwords,
the contributionof sortingto the varianceof test scoresis mootunderthe assumptiorof
a direct (oneway) causalrelationshipbetweerthe two factors.In this sense, alternativex
ante assumptions about the structure of the covariame&sed topin-down the variance
contributions of the two factors.

ReflectingonTablel, previouditeraturehasfrequentlyestimatedOE via somevariantof the
householdupperboundmodel(Row 3). Concretelya numberof studiestreatfamily effects
asa singlefixed unobservedactorandomit any consideratiorof schooleffects.Bjérklund

and Salvaneq2011) describethis approachand show how, underthis setup, the relative
variancecontributionof householdss equalto thecorrelationin outcomedetweersiblings.
Thesameauthorssummarizesstimate®f siblingcorrelationsn variousdevelopectountries.
Excludingestimatedor twins, theserangefrom 0.24in former East Germanyto over 0.60
in the USA. While many of theseestimatesare basedon gradesof completedschooling,
Mazumder(2011)givesestimatef sibling correlationsn various learningdomainsased
ondirecttestsof childrenin theUSA. His estimatesreof thesamebroadmagitude ranging
fromapproximately.35to 0.50.FortheUK, NicolettiandRabe(2013)analyzeresultsfrom

compulsorynationaltestsandfind somewhatarger sibling correlations(>0.50).

Edimatesof sibling correlationsin developingcountriesare scarce mainly reflectingdata
constraints An exceptionis Behrmanetal. (2001),who find the sib correlationin termsof

completedgradesof schoolinglies betweenaround0.30 and 0.60 acrossLatin American
countries.To getarounddataconstraintsan alternativeapproachs to identify a numberof

observegbroxiesfor family effects estimateheirrelationshipo the outcomevariable(using
regressiontechniques),and then derive the varianceof their fitted contribution(s).For

example,Ferreiraand Gignoux (2014) do so usingten variablesas proxies for family

backgroundncluding parentakducationf a t loecupétisnaccesso booksathome,and
migrationstatus.Similarly, Schitzet al. (2008) usethe numberof booksat homeastheir

main proxy for the effect of backgroundvariables.However,sincethis approachamounts
to a partition of the householdeffectinto an observedand unobservedomponentthe

varianceattributableto the observeccomponenbnly canbe expectedo represena partial

upper boundThisis verifiedempiricallyi i.e.,thevariancecontributionof family background
estimatedvia sibling correlations is typically much higher than found in studissg
observedroxies This suggests th#teseobservedfactors, such as the level of parental
education,arerarely comprehensivéseealsoBehrmarandRosenzweig?004;Freemarand
Viarengo2014)

School (or teacher)effectsare of interestas they point to possibledifferencesin school

6



quality. A large numberof studiesseekto assesghe magnitudeof such effects (e.g.,
PritchettandViarengo,2015;Sasset al., 2012;HanushelkandRivkin, 2006),in somecases
adjustingfor family background.However, studiesof this sort are rare for low-income
contexts’ and even fewerattempt provide a muktountry analysis,as we do hete
Furthermore,just a handful explicitly estimatethe variance contributionsf both schools
and householdge.g., Carneiro,2008) andsince mostsuchstudiesare schootbasedhey
generallyrely on arelatively limited set obbservedoroxies for family background® For
instance, Freemanand Viarengo (2014) use PISA data to investigatethe (sourcesof)

variancein schooleffects. Theyreportthata regressiorof test scoreson schooldummies
(only) explainsaroundtwo-thirdsof thevariationin thedata,while a limited setof observed
family backgroundvariablesaccountdor just onethird, aftercontrollingfor schooleffects
(alsoviadummies).

The generalpoint emergingfrom the above(albeitbrief) reviewis that existingstudieshave
generallyfocused on estimationof eitherthe contributionof householdsr of schoolsto
variationin educationaloutcomes. Theseare of substantiveinterest,but such estimates
correspondto special caseswhere the contribution of any covariance(sorting) between
theseeffectsis effectively absorbednto the mainfactorunderconsiderationFurthermore,
evenin casesn which suchupperboundestimatesaretightenedby introducingadditional
controls,suchasproxiesfor oneof the setsof effects,paststudieshavenot reportedhe full
variance decompositionincorporatingthe implied covariancebetweenhousehold and
schools.However,it is preciselythis covariancethat canbe of critical interest:it tells us
aboutthe extentto which schoolsi or educatioml policiesmoregenerallyi exacerbat®r
compensatéor differencesderivingfrom givenfamily background. Iright of this gap,the
nextsectionoutlineshowamorecompletedecompositiortanbeelaborated.

2.2 Decompositionmethods

Assumingthat the householdand schoolfactorsare not fully observeddecomposingheir
variancecontributionsis nonttrivial. However as hinted abovegstimationof the upper
bound for eachfactoris straightforwardandcanbe derivedsimply by treatingeachfactor
(separately)kither as a fixed or as a randomeffect. Variantsof this appro@h have been
appliedextensively(e.g., Raaumet al., 2006; Lindahl, 2011; Gibbons et al., 2014) and,
underadditionalassumptionsalsocanbe usedto identify approximatdower boung onthe
variance contribution of the secondfactor. Similarly, random effects (mixedlinear

9 See Behrmarand Birdsall (1983) and Dang and Gleww2018) for two studies that respectively investigate
school quality in Brazil and Vietnam.

10 schootbased studies are frequently limited to one or two grades and therefore do not contain data on multiple
siblings. However, such studies do tend to provide data on schoapecific characteristics.
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approachesnay be used,but thesealso placespecificrestrictionson the covarianceof the
unobservedactors.

In Section3.3 belowwe implementsuchupperboundandmixed-effectsapproachestHow-
ever,for now, our interestis in a procedureconsistentwith an unrestrictedinear model.
Thisrequiresvetreatbothlatentfactorsasfixed effectswith a(possiblehonzerocovariance
i i.e.,we arein atwo-way fixed-effectssetting. Simultaneougstimationof crossedactors
raisesdistincttechnicalchallengesin mostapplicationsjncluding here the dimensionsof
the effects are extremelyhigh, and their designis unbalanced.Consequentlystandard
approachessuchasinclusionof a full setof dummyvariables,are not computationally
feasible.Also, somekind of normalizatiorrestrictionsarerequiredin orderfor the modelto
be identifiable due to model overparameterization(Mittag, 2012). Following the
contributionsof Abowdetal. (2002),amongothersyarioussolutiongo thesechallengeshave
beenproposed.Guimardesand Portugal(2010) showhow a partitionediterativealgorithm
canbeoptimizedto solvethenormalequation®f aleastsquareprodemincludingmultiple
high-dimensionafixed-effects Thealgorithmavoidstheproblemof invertinga largesparse
matrix andcanprovidedirectestimate®f thefixed-effects!?

Two more specific challengesariseif the propertiesof the fixed effectsare of standalone
interest, as here. First, as the fixed effects are estimatedwith error, estimatesof their
varianceswill be biasedupwards.Thus,variancesharescalculateddirectly from the fixed-
effectsestimateswill tendto overstatetheirimportancerelativeto the residualcomponent
(Koedeletal., 2015). Second Andrewset al. (2008)demonstrat¢hatthe covarianceof the
estimatedfixed-effectsvectorstendsto be biaseddownwards.This is driven by a quast
mechanicatelation,wherebyif onefactor(e.g.,householkffects)is overestimatedthenon
averagdhe otherfactor (e.g.,schools)will be underestimatedalsoAndrewsetal., 2012).
Intuitively, this reflects the general problem of model overparameterizationand the
magnitudeof biastendsto belargerwherefewerobservationsreavailableto estimateeach
effect.

Addressinghesechallengesemainsanactiveareaof researchNonethelessn Appendix A
we setout thedetailsof our proposedsolutions.To correctfor measuremergrror,we apply
a conventionalprocedurethat shrinks the variance contributiorof estimatedfactors in
accordancewith the numberof observationsavailableto estimateeach effect (see also
Staneketal.,1999;Koedeletal.,2015).

To dealwith downwardbiasin the betweerfactor covariancewe proposea novelapproach.
Looking6 u n tthehro oofitiBeiterativealgorithmrevealghata part ofthebiasis drivenby
how startingvaluesfor the fixed-effectsare calculated.In previousapplicationsextreme

1 Their procedurds implementedn Stataundertheuserwritten reghdfecommandCorreig 2017).
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initializationshavebeenemployedhatapportionthe (residual)variationin theoutcometo a
single (presumedaiominanj factor, effectively treatingthe secondfactor asorthogonal.Our
insightis thatthesestartingassumptiongboutthe fixed effectsareimportantbecausehey
become effectively lockedin from oneiterationto the next. That is, the starting values
represent a crucial identifying assumptiontfoe variance decomposition. Furthermoxe
show that theassumedform of the initial betweerfactor covariance can bexplicitly
controlled via introduction ofa singleinitialization parameterDenoted* N Ttp , this
parametercontrolshowthe(residuallariationin theoutcomes apportionedacrossthe two
factorsto start the iteration procedureln keeping with earlier discussion (Table 1) w

hypothesizethat corner values “ T p will correspondo upperbound factor
models suchasdescribedn rows3 and4 of Tablel, which rule out betweerfactorsorting.
Howeveranagnosticor midpoint choice “ T@® initially apportionghevariationroughly

equallyacrosdothfactors.So,acorollaryhypothesigs thatthis choiceis likely to yield an
upperboundon the magnitudeof the betweerfactor covariancgsorting). As such,we do
not proposea single correctionfor the potentialbiasin the estimatesf the betweerfactor
covariancelnstead, werovidea unifiedapproacho theestimatiorof two-wayfixed effects
thatmakes it possibleotimposei in atransparenwvayi alternative(starting)assumptions
aboutthe relationshipbetweenthe two factors,including their covarianceé? As we show,
this servedo boundtheestimate®f interest.

3 Application to East Africa

The previoussectionsetout a generalfactor modelfor thinking aboutlOE anda unified

empirical approachto decomposeéhe variancewithin a two-way fixed-effectscontext. In

the remainderof the paperwe implementand compareresultsfrom threemain choicesfor

the fixed-effectsinitialization parameter;’ , and validate our resultsby consideringboth
alternativeempiricalmethodsand a wider rangeof choicesfor “ . Basedon our preferred
resultswe alsogo onto investigateheterogeneityn thevariancecontributions.

3.1 Data

Our applicationof thesemethodsusestest scoredatafrom EastAfrica. Since2010,the
Uwezoinitiative hasundertakenarge scalehouseholdsurveysn Kenya,mainlandTanzania
and Uganda(for further detailsand comparisorto otherregionalassessmentseeUwezo,

12 Note that extensions to more than two variables are possible in theory but add substantially to the number of
covariance terms to be estimated, as well as the dimensionality of the choice space for the initialization process.
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2012;Joneset al., 2014). The approachadoptedby Uwezohasbeeninspiredby exercises
carriedoutin India by the AssessmenBurveyEvaluationResearctCentre(ASER), which
has surveyedthe literacy and numeracyabilities of over 500,000children eachyear since
2005.Aswith ASER thetargetpopulatioroftheUwezosurveydasbeerchildren(residingin
householdspgedbetweenthe official startingschoolageand16. The surveyshavebeen
designedo berepresentativat bothnationalanddistrict levels,basedon the administrative

13
classificationsin the most recently available population census. Excluding the initial
surveys five roundsof the Uwezosurveyshavebeencompleted2011-2015)andareused
here.

In each assessmentthe surveyscollected information at the householdevel covering
householdcharacteristicsand the demographicand educationaldetails of all resident
children(e.g.,age,genderwhetheror notattendingschool etc.). Within eachhouseholdthe
children of school age were individually administereda set of basic oral literacy and
numeracyests.Thesdestshavebeenbasednacommontemplate puthavebeentailored to
eachcountry and varied by surveyround. Specifically, in eachround and country, local
experts have taken the template and developeditem contentto reflects competencies
stipulatedin the nationalcurriculumat the grade2 level. Thatis, the testsareanchoredo
skills that should be achievedby the majority of pupils after two yearsof completed
schooling.

Theliteracyand numeracy tests (the Uweests) are described in detail in Jones et al. (2014).
The literacy tests refer to national languages of instruction in which pupils are tested at the end
of primary school i.e., English and Kiswahili in Tanzania akénya;and just English in
Ugandalmportantly the Uwezotestsarenotadaptedothec h i | dge®rthéirsompleted
levelof schooling.Giventhattheyfocuson basiccompetenciest is thusunsurprisinghere
arestrongage relateddifferencesyhichaffectboththelevelandvarianceof scoredbetween
agecohorts. Fromthe presenperspectivethis betweercohort variatiorcanbe considered
unwantechoise(seeMazumder2008)* As a result,so asto constructan overall metric of
achievementye transformraw integer scoreson the individual testsin threesteps.First,
eachscores standardizethy age,suchthattheindividualtestscoreshavemeansf zeroand
standarddeviationsof 100 for eachagegroup Seconde calculateweightedmeansof the
agestandardizedcoreson eachtest, placing equal weight on the literacy and numeracy
componentsThis givesa syntheticor overall testscore,the primary outcomeof interest
hereafter.Third, to facilitate interpretationandto addresspotential differencesin the test
difficulty betweencountriesand rounds we normalizethis measurdor eachcountryand

13 In somesurveyrounds however administrativedifficulties meantthatcertaindistrictscould notbe surveyed.
Throughout{adjusted}urveyweightsareusedthattakeinto accountheseémplementatiorissues.
M We recognize the contribution of different variance components may vary across age cohorts and we investigate
this in our empirical analysis.
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round such that the final standardizedscore hasan overallmeanof zero and standard
deviationof one!® Table2 reportsregionalmeansandstandardieviationsof thetestscores,
calculatedat eachstep. Thefirst (columnl) aretheweightedmeanf therawcompetency
tests(beforeany standardization);column Il reportsthe agestandardizedversions;and
columnlll reportsthefinal measuresAs canbeseenmovemenfromthesecondo thethird
metricconstitutegsimplemonotonetransformation.

Thetestscoregeportedin Table2 referto thefinal sampleusedin the subsequerdinalysis,
which poolsall surveyrounds.This is aslightly reducedsampleof theoriginal Uwezodata.
Specifically, observationhave beendroppedthat can be perfectly predictedusing either
householdor schoolfixed effectsi i.e., all singletonswereremoved.The objective of
restricting the datain this way is to mitigate upward bias of the variancecontribution
estimatesAs perthemethodologicatliscussiorof Section2.2,theanalyticalfocusis on the
variancecomponentf the testscore;andthereis no evidenceto suggesthesedropped
observationsredistributedin a systematigatternover regionsor districts!® The (sample)
standarddeviationsof the test scores which can be directlyinterpretedas normalized
measuref educationalinequality (Van de Werfhorst and Mijs, 2010; Hanushekand
Wo6Rmann,2006) arereportedin parentheses the table It merits noting that the rank
position of eachregionaccordingto its testscorevarianceis largely preservedregardless
of the transformationapplied.

To implementthe variancedecomposition,the householdand school indexesmust be
defined.Theformeristrivial i uniqueindexesareascribedo all sibsin thesamehouseholdn
each year!’ The school effects are less straightforward.In the presentdata, detailed
informationaboutthe particularschooleachchild attendds not provided. Nonethelessje
canidentify the gradeof attendancend the location of the household.Consequentlyfor
eachenumeratiorarea(containingapproximately20 surveyedhouseholds)we categorize
childreninto oneof threeschootgradecategoriebasemntheirhighesigradeof completedor
currentschoolingi namely:thoseattendinggradesl-2; grades3-4; andgradesb or higher.
For childrenwho haveneverattendedschool, wehypothesize that the quality ethools
(teachers)vailablein their localemay have an effect otheir ability in numeracy and
literacy. Thismaywork directly, through the choice not to attend schaslwell as indirectly
throughboth sibling angeer effect§ e.g., whabtherchildren learrcanspill-over to non
attenders. In order to allow for these effdatshe datawe allocate neveattenders to the

15 Due to the absence of equating or anchor items in the Uwezo tests, we cannot distinguish between changes in
test difficulty over time and changes in (average) learning outcomes. However, from the perspective of a
variance decomposition, standardization by year ensures that the variance contributions retain a consistent
meaning in relation to the overall distribani of outcomes in each age cohort and year.

16 Details available on request from the authors.

" The Uwezo surveys are cressactional in nature and no explicit attempt is made to track the same children over

time.
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median grade category (indkxof children with thesameageand location® Additionally,
individuatlevel controlscan beincludedin the variancedecompositior{seeSection 3.3to
accountfor ¢ h i | dspeeifitc @acationalstatus.Overall, thisclassificationensureghat
childrenwithin eachhouseholdareunlikely to sharethe sameschootgradeindexi i.e.,the
schoolgradeandhouseholdeffectsarecrossedas opposed to nestedl downsideis thatif

therearemultiple schoolsof the sametypein agivenenumeratiorarea,or children travel to

anotherlocation to attendschool, then children may be incorrectly treatedas attending
thesameschool.Consequenthgschootgradefixed effectscaptureaverageschoolquality of a
given type in a given location for eachschoolinglevel, but children may be subjectto

classificatiorerror®

Descriptivestatisticsfor the dataset are reportedin Table 3. This showsthe numberof

unique children (i), householdqj) and schoolgrade effects (k) coveredin the dataset.
Additionally, the table reportssummarystatisticsof child characteristic§age, gender),
schoolingstatusndicatorsandanormalizedneasurefsociceconomistatugSESasedn

observedhouseholdassets. Overall, these indicate the sampleis comprehensiveand
balancedby ageandgendery? It alsorevealghat,althoughthevastmajority of childrenare
attendingchooltherearesystematiclifferencesn (mean)chooktatusamongegionswithin

eachcountry,andtheseseento relatecloselyto differencesn meansociceconomicstatus.
Forinstancein Kenya,thereis anaveragealifferenceof 1.5 gradesbetweerthe (wealthier)
Centraland(poorer)NorthEastermregions.Thesealsoappeato mapinto large differencesn

themagnitudeof inequalityin testscores.

3.2 Unconditional decomposition

Thefirst empiricalmodelwe implementcloselyfollows the framework outlined iGection
2, incorporating only the two fixed effects of interéss$ alsodescribedearlier, we focuson
threeinitializations of our implementation athe partitionediterativealgorithm. Theseare:
(1) © = 0, which first allocatesvariationin the outcometo the householdeffect and the
residualto the schooleffect; (2) © = 0.5, which is agnosticabouthow the variationshould
beinitially allocated;and(3) * =1 whichfirst allocatessariationin theoutcomeo theschool
effectandtheresiduato thehouseholaffect. Sinceweareprimarily interestedn converging
on (stable)estimatesof the estimatedixed-effects we stopeachrun of the algorithmwhen
the estimatedscalars on the pluggedin fixed effects (see Appendix A) are both not
significantlydifferent from one,andthe absolutechangen root meansquareerror between

18 We examinetherobustnessf thissetupin our empirical analysis.

19 Wherethed t rscheofingeffectsaremutuallyindependenthenmisclassificatiorerrorin thedefinitionof the
fixed-effectswould attenuateheir estimateshiasingthevariancecontributiondownward.

20 Average ages afdgher in Tanzania as the starting school age is seven, compared to six in the other countries.
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iterationsfalls below0.01.Convergences typically achievedn less thar0 iterations.

A summaryof themainresultsis setoutin Table 4, which repors the absoluteand relative
variance contributions respectivelyFour main insights stand out. First, the different
initializations have thehypothesizecdeffects with the varimce componentsarying in the
directiors expectedLooking more specificallyat how tlese contributioncchangewe note
that the household and school variance contributions, but not their covanamge,

monotonically wiheeéixtcheamgewal mes ,fowith d¢orres
bounds(as hypothesized) Concr et el y, wh sharéslargest(adarotnde hous
35% in relative termsthehouseholeschoolsortingcomponenshareis closeto 0%, andthe
schoolshareis moderate(around¥z of the householdshare or %). When = = 1, the

magnitudesof the householdand school sharesare roughly reversed,although the
household component remains somewhat larger, at around bB%ihe sorting
componentontinuescloseto zero. This switchdirectly reflectsthe oppositewaysin which

thebetweerfactorcovariances allocated i.e.,undertheextremechoicesveassumeitherall

covarianceemanate$rom the causaleffect of household®n schools(" =0), or it goesvice
versa(® =1).

In contrastto these twoextremechoices,the agnosticinitialization doesnot assume one
effect isuniquely driverby the other (see Table;Tather it retainsthe covariancgsorting)
termasa separatandsubstantiatontribution. In turnthe results show thisstimatordoes
notyield sucha suwstantial mechanicalegative covarianckiasas is alsassociatedvith
more conventional tweway fixed-effects estimators (Andrevwet al., 2012; Gaure,2014).
Indeed,in our case,this initialization indicatessorting betweenhouseholdsand schools
accountsfor upto around8% of thevariationin testscoreoutcomes (or an effect size of 8.2
standard deviation unitsf.omparablestimatesor thesortingcontributionin othercontexts
arerare; but the magnitudesound herearebroadlyin line with the un-shrunkenestimates
for Carneiro(2008)for Portugal.Theimmediateémplicationis thattheallocationof children
and/orteachergo schoolstendsto aggravate rathehancompensatéor existing (familial)
inequalities.In turn, this suggestghereis ample scopefor policiesto enhanceaccesgo
schoolsof thesamequality.

Secondthe resultssuggesthat householdsre not necessarilythe primary sourceof IOE.
Of course such aconclusionnaturallyholds underthe householdupper boundnodel(” =
0), but we have highlightedthat this pertains to specific assumptions that rule out the
contribution of sorting. When sorting haifay between the extreme cases is explicitly
allowed(” =0.5), we find householdsndschoolsmakeapproximatelyequalcontibutions
to outcomeinequality, accountingfor around15% of the total varianceeach.That is by
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excludingthe contributionof sorting,previousstudiesusinghouseholdipper bounanodels
maywell have overstatedtherelativeimportanceof household$o outcomenequalitiesIn
turn, andcontraryto the propositionthatschoolscontributelittle to testscoreoutcomesye
find differencesamong schools are a materialsource of inequalities in educational
achievement. Moreovethe magnitudeof thevariarce attributabléo schoolggrades)s not
anorderof magnituddower thanthatfound elsewhere (HanushelndRivkin, 2012;Azam
and Kingdon, 2015), including studiesthat reportupper boundschoolvarianceestimates
(e.g.,PritchettandViarengo,2015).

Third, summing together the estimatedvariance contributionswe note that IOE is
substantialacrossall countries.The residualor unexplainedcomponentwhich roughly
captureseffort and preferencegor education,accountsfor a little overhalf of the total
outcome variance. This indicates that equalizing educationalopportunitieswould be
expectedo reducethevarianceof testscoreoutcomedy at least 40%dn relationto existing
literatureon IOE, thesemagnitudesare substantial And it is clearthat a part of this may
relateto themorecomprehensivapproactwe haveadopedi i.e.,wecovermultiple sources
of IOE anddo not exclusivelyrely on (partial) observed proxiesAgain, animplicationis
thatpreviousstudiesmaywell be underestimatindgOE.

Fourth,while the broadpatternof resultsdescribedaboveholdsacrosshethreecountries,
there are also somedifferences.Figure 1 showsthat the relative variancesstimatesfor
Tanzaniaaremoredistincive, suggestinga generallylarger contributiorof householdand
sortingeffects,anda smallercontributionfrom schools A completeinterpretatiorof these
differences falloutsidethe scopeof the currentanalysisHowever,it hintsat heterogeneity
thatmayextend belovthenational levelto which we turn latein Section3.5.

3.3 Conditional decomposition

The specification considered above abstracts from a range of (observed) child characteristics
suchasgender and school enhmientstatus Where these are correlated wdtither the school

or household fixed effects, the previous estimates may be contaminated by omitted variables
bias. To address this, we extendghmeple unconditionainodel in two directions. First, we add

an individuaispecific componentVithoutlongitudinal data,we cannottreatthis asa latent
variable. Instead we partition this componentinto observedand unobservedartsjgo

g @ ol o¥; wherethevectorx containgive dummyvariables that take a value of

one if: children are femaléhey are the first born (oldest observed child), they are currently
enrolled in school, they have never enrolled, and they are attending @movetel The
unobservedhdividual component remains in the error term.

Secondthe precedinglefinition of school fixed effects is somewhat crude. Specifically,
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children who have never attended school are allocated sathe unitgchootgradeeffecy
astheir localpeers; and we do not distinguish betwsehool types (private veus public)
Increasingthe number of school fixed effedtsproblematic due to the limited number of
available observation®Nonethelesswe canextend the specificatioto allow eachof the
existingschootgrade effectto vary by amultiple(i.e., to e scaled upwards or downwayds
acrosschildren attending public schools, children attending private schools, and never
attendersPutting these extensions togetlmidsthefollowing empirical specification

0 wl Qi p _£ In W - (3)
where¢ andr arebothelements ok, being the dummy variables for never attenders and
private school pupils respectiveNote this specification nests a test for whether there is any
spillover of school quality from local peerdeaiding school to neattenders i.e., positive
spillovers obtain as longas  p; and we can also test for the extent to which variation in

school quality between public and private schools is correbtenss locations i.e., we
cannot rejecthatthey are correlated IfHU Tt

Under our proposed partitioned iterative algorithm (see Section 2; Appendix A), inclusion
of these interaction terms is straightforward. For the purposes of the variance decomposition,
however, the additional terms demand consideration of multiple extesiance terms. To
simplify mattersfor each individualve calculatethe individualspecific aggregater final

value for the school fixed effect (), which absorbsthe estimated contributi¢s) of the
interaction termsFor instance, in the case ofvee attenders, the final estimated school
effect iscalculated asiHup _ . Using these final school effect estimatd® remaining
covarianceerms aresubsequentlgstimatedThus, the variance decompositiore report

now containseven elements:

6 A0 k., .., ct ct ct . (4)

” ” ” c+ c+ q+ ” (5)

Turning to the resultst is informativeto begin withthe regressioroutputfrom the three
estimators. These aseammarizedn Tables B1B3 in Appendix B, treating each of the three
countries separatelfzor purposes of comparisorglemn (1) is a naive estimator, which is
just an OLS regression of the baseline model ignorindited effects column (2) reports
results from a conventional implementation of the partitioned iterative algorithm
incorporating thewo fixed effectsof interest (based on theserwritten reghdfecommandn
Stata, due to Correia, 2017), where the hooigeifect is initially swept out of theegression

(for speed) Columns (3) to (5) report theregressionresults associatedwith the three
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alternativenitializations now including the interaction terms

Threemainpoints meritattention First, the estimatekgressiorcoefficientsandthe overall
coefficientsof determination (Rsquared) change materially wherovingfrom columns (1)

to (2), indicating the laterfixed effectsare both relevant and correlated with tdieserved
covariats i e.g., in Kenya, introduction of thiéxed-effects leads to a more than 50
percentage point increase in thedelR-squared. Second, comparing results across columns
(2)-(5), thereported regressiotoefficients are not statistically indistinguishalienfi each
otherand the Rsquaredstatistic do not changé' Togetherthis indicates that when tfized
effectsare na of inherent interest (e.g., are to be treated as nuisance parameters), then the
choice of initialization is unimportant. That is, tmiial allocation of thecovarianceacross

the fixed-effectsis materialfor the variancedecompositior(as established in Section 3.2)
but not for the levels regressionestimates Additionally, the similarity of the coefficient
estimatesupports thepecificimplementation of the iterative algoritrwe haveemployed

here 1 i.e., regardless of the initializatioparameter the procedure yields regression
coefficients that are consistent with establishedway fixed effects approaches

Third, the coéficients on the interaction terms are generally negative and statistically
significant. In particularandas might be expectethe school effects arsubstantially scaled
downwards(shrunk toward zerdpr children who have neveattendedschooli e.g.,under

the midpoint initialization, the school effect is halviedUgandafor those without school
experience. However, in no case doeditiad school effect approximate zero, suggesting the
presence of some learning spillovers from attenders teatiemers. It follows that
improvements in school quality may well have a broader effect on achievement beyond
children directly exposed to any improvements. At the same wadind much less of a
systematic difference in th{gevel of thg school effects deveen public and private schools

in the same locati@ This impliesthese effects are correlatédve tend to find relatively
better (worse) private schools alongside relatively better (wpusd schools and thathere

is aroughly similar amount dfieterogeneity in private schaahd public schodjjuality (see
further below). Nonethelessiote there remain markedifferences in theaveragelevel
contributions of private schools. This ggven by the coefficient on the private attendance
variable,which ispositive in all countries and rangem 0.10 to 0.20 standard deviation
units.

Sticking with the estimates from theartitioned iterative algorithrbased orthe extended
specification, Table 5 repors the associatedrariance decompositiongn which the joint
contribution of the individual terms is aggregated (see Appendix Takl€36Bor the

2lEsti mates for the o6never enrolledd term do vary acr
interaction term. When this is dropped there are no remaining differences. (Results available ay request

16



complete disaggregatian)An immediate observation is that th@eviouslyexcluded
contribution of thandividual termsis material,accounting fotbetween 4% and 9% of the

total test scorevariance ¢r 0.19 t00.30 standard deviation unit§urthermorethe extended
specification suggests the contributions of both the household and school factors are
moderatly smaller in comparison to unconditionalukts. For example, in Uganda the upper
bound estimate' () for the household effect contributidropsfrom 32% (0.57 s.d. units)

to 28% (0.53 s.d. units) when we condition on the individual characteristics. Similarly, the
sorting contribution at the migoint initialization also marginally declines under the
conditional model to around 6% (0.13 s.d. units). At the same time, it is cleanth#te
household and school variance contributions, plus the corresponding sorting term, are
sensitive to the choice of initializatiomhus, onsistent withthe regression outputs (Tables
B4-B6), the contributions of the individual component and the rekiduaainstableacross

the valueof = .

In sum, these resulsuggest that there is substantial continuity between the unconditional
and conditional (extended) models, but the latter provides a more nuanced picture of the
variance components in which sonsiation due to individual characteristics is permitted.
Moreover, the main substantive insights from the unconditional model are retained here.
Namely, we find thatOE is substantive and is unlikely to be only due to the household
component.

4  Validation and Further Analysis

Theprevioussubsectioareportedresultsfrom our proposedyenerakstimatorof atwo-way
fixed-effectsmodel,whichprovidesapracticalandunified frameworkfor thedecomposition
of variance under alternative covariance assumptions.As hypothesized,the results
effectivelyboundthe main estimate®f interest ° = 0 givesupper boundestimatedor the
householdontribution;” =0.5givesupper boun@stimate®nthesortingcomponent;and”
= 1givesupper bounestimategor theschoolcontribution.To validatetheseresults we now
pursuewo strategiesFirst, we consideabroadrangeof valuesfor * (increasingatintervals
of 0.1)andplot thecorrespondingelativevariance contributionsl heseresultsareshownin
Figure 2 and confirm that the chosenvaluesdo yield upperlower bound on the main
componentsFurthermorethe figuresindicatethat the lower boundhouseholdsharein all
countriesis moderatelygreaterthan the lower boundschool share;and that the sorting
componentollows ashallowinvertedU shapelndeed, we note that=0.5only correspond
to an approximateupper boundon the betweerfactor variance Marginally largerpoint
estimatesare obtainedwhen” = 0.4 in two countries(Kenyaand Uganda),howeversuch
differencesare within sampling variation. In fact broadly similar estimates for the
contributionof sortingarefoundacrossgherange” N [0.33,0.66]. This supports the notion
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thata positiveandnonttrivial contributionof sortingobtainsovera materialdomainof the
choicespace.

Second,we compareour resultsto thoseobtainedfrom three alternativeapproache$
Firstly, we considerastandarchouseholdipper bounanodel(denotedJBH), estimatedria
a high-dimensionalfixed-effectsestimator(alsoa partitionedalgorithm), but whereonly a
single fix ed effect for householdss included. In doing so, the contributionof schoolsis
initially ignored. However,consistenwith the datageneratingorocesssetoutin Row 3 of
Table 1, the remainingorthogonalcontributionassociatedvith schoolscan bederivedby
taking schootwiseaveragesftheestimatedesiduald§romthepreviousstepregressionThis
amounts to a twatep estimation process.

For the second approach, an uppeund on the school effects (model UBSh beestimated
in similar fashion. Given the available data, a distinctive feature here is we are able to include
observedhousehold covariates (for a similar approach see Solorg); Z8aum, 2006).
Splitting out the latent household effect into observed and unobserved compdents:
Q Q af Q, afirst-step model corresponds to the following specification (see also
Carneiro, 2008):

o o af i B (6)

xEA®A Q Q

Explicit inclusion of the observed household effects in equation (6) means the school effects
can be considereas beingonditional on these proxies; thus, their estimated variance should
yield a tight(erJuppe bound Deriving the unobserved household componemhfthe first

stage residuals as befdree.,Q pf0 B¢ (B, this approach implies an estimate for
thelower boundvariance contribution of household factordabows: 6 AQ | |

. . As with the first model, with estimates of each component in hand, the corresponding
covariance terms also can be derived.

The third procedure adopts a different strategy. Recognizing that the unobserved household
component omitted from equati (6) (later derived from the residual) can be considered a
random effect, simultaneous estimation usingigedlinearmodel is viable, treating both
unobserved component®(i ) as random effects. In this case, the empirical model to be
estimateds:

o @ af Q i Q (7)

22 As indicated below (see equatioly 6ur implementations of the alternative approaches omit the interactions
with the school effect. However, this does not materially affect the broad direction of results.
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and where the square bracketsindicate effects treated as random latent variables. A
potential drawback of this strategy is that some parametric structure on the random effects
and theircovariances must be imposed. In principle, the two random effects can each be
treated as correlated with the elements includ€diked effects(e.g., vector). However,

in practice, such unrestricted covariance structures are not only computatioteaigive

but also show poor convergence properties in large datasets (Gurka, 2011; Chirwa, 2014).
Thus, typically at least some covariance restrictions do need to be applied in the estimation
procedure; and the random effects must be treated as mutihtbga@nal. Together, these
assumptions mean that the population variance components estimatethixiaddinear

model may not adequately approximate thoisthe true dataenerating process under the
linear unrestricted model.

Offsettingthis concern,we notethat the propertiesof the predictedeffectsfrom a mixed
linearmodeldo not necessarilyeflecttherestrictionamposedon the populationmodel.As
discussedn Bates(2010) (also Staneket al., 1999), the bestlinear unbiasedpredictors
(BLUPs)of randomeffectsin theseestimatorsarederivedfrom theresidualf theestimated
modelandcanbeunderstoodsconditionaimeangi.e.,beingconditionalbntheobservediata

and model parameter estimates).Consequently, since they representan (optimal)
approximationto the unit-specific valuesof the latent variablesin the observedsample,
they do not necessarilyconform tothe propertiesassumedo hold in the population. For
example as shrinkagemethodsareappliedin derivationof the BLUPSs, the varianceof the
predictedconditionalmeanof the random effects tend to be lower than the corresponding
population variance estimate&imilarly, andas wefind here, in order to provide an optimal

fit to the actual data, the same BLUPs matybemutually orthogonal. This suggests that in
the present case, whereiasposing azero covarianceestriction may be too strong, a
variance decomposition based on the properties of the random effects BLUPs and estimated
fixed-effects from a mixedlinear model cannonethelesgemain informative(and less
restrictive)for the specific samplie hand

AppendixTablesB4-B6 compareesultsrom ourmodifiedpartitionedterativealgorithm(as
earlier) and the three alternativeestimatorsdescribedn this subsection.In all casesthe
householdandschoolupper boundariancecomponentsgerivedfrom the (two-stage)UBH
and UBS modelsrespectivelyare highly comparablan magnitudeto the sameestimates
from the correspondingnodified partitionediterative algorithm. For instancein Tanzania,
the absolutevariancecontributiondueto householdsvhen” = 0is equalto 0.59 standard
deviationunits, and 0.58 underthe UBH model. Similarly, in Kenya,the schoolvariance
contributionis 0.53 unitswhen” =1, and0.51unitsunderthe UBS estimatesin otherwords,
theseresults confirm thaéxtremechoices for’ map to corner assumptions abbotv the
betweerfactorcovariances allocated.
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Despite the similarity of thepperboundestimates, the correspondilegver bounds in each
model arenotso similar Again, taking the example of Tanzania, the estimate for the school
variance component &12 standard deviation uniteder thgtwo-step)UBH model but is
0.25f or ~ = 0. Effectively, since the individ
similar under these two models, the difference is found in the covariance term, which is
systematicallypositiveunder the twestep estimatelsut is always much closér zero under

the extreme initializations of theodified partitioned iterativalgorithm This supports the
contention thathe latter approacproduce systematicallysmallerestimatesf the sorting
componentFurthermoregestimategrom these extremehoicesdo notappeawery credible.
Recallthe UBSmodel includesproxiesfor the household termsand thismodel yields
estimatesfor the magnitudeof sorting that are always positive and significantly greater
thanthosebasedon the extremeinitializations.For instance the betweenrfactor correlation

(1) in TableB4 (Kenya)is 1% when” = 0 butis 9% underthe two-stepprocedurédmodel

UBH). That is, as the twstep uppebound model points to the presence of positive sorting,
the absence of this finding under the extreme initializations ofp#mgtioned iterative
algorithmsupport the contentiosuchinitializationssuffer from a mechanical negative bias

on the sortinggovariance) term.

Finally, estimates based on the BLUPs frtime mixedlinear model closely resemblethe
results from theagnosticinitializationacrosghe variouscomponentsThisis perhapsnost
starkfor thesortingcomponentwhich is alsolargerin magnitudeunderthis approachthan
found undereitherthe UBH or UBS methodg(aswell asfor the extremeinitializations).
Admittedly, the contribution of the school effe@somewhat larger under thaxedlinear
modelcompared to the agnostic initialization, but this in part reflects the influence of the
interaction terms. Thusyhile we arenot in a positionto claim the agnosticinitialization
correspondso the 6 t rdatagéneratingprocessit appeargo providethe mostreasonable
andwell-supportedconditional) variancedecompositionn the presentase.

4.1 Sub-group heterogeneity

Having validated our proposed methodolpgye now investigatethe presence of
heterogeneity in the variance componefidsusng on the preferred agnostic initializa
(upper boundsorting model)with the extended specificatioo do sq we re-run the
variance decompositiobased on the earlier regression estimates but mstead of
reporting whole-sampleresults, westratify individuals according to various individual
characteristics (gender, age group, schooling lestendance of public/private schoSES
status, and maternal schoolirfd).Appendix Tables Bi7B9 report these findings

23 This is basedon the sameaggregate (regressiorgsultsreportedpreviously,the differencebeingthat the
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Notwithstanding differencesamong the tree countriesthere generallyappear to be
systematic differences in the magnitude and (relative) contributions of the components to
learning inequality. In particulawye observegreater inequality across boys (versus girls)
among childrenin lower grales (or out of school) andmong children from poorer
households. There @soevidence thalOE is (relatively) more significant among younger
childreni e.g., in Kenya the residual accounts f6%bof the variance for children aged 6

8, but over66% forthose aged 12 and abovdso, with the exception of UgandéDE due

to schoolingends tdbelarger in both absolute and relative terms among children attending
public as opposed to private schooks.g., in Kenya, the variance contribution of schosls i
0.38standard deviation uni{d7%)for children attendingublic schoolsbut 0.30 (13.5%)

for children attendingprivate schools, implyindess heterogeneity in learning outcomes
across schools the private sectott

Looking more closely at children who have not attended school (indicated in the tables by
the level zero of the grade category), two features are of interest. Consisterthevith
regression coefficient interaction terms reported in Table®®1the (relave) variance
contribution of schools among nattenders is considerably lower than for attenders. Even
so, we note the sorting term remapwsitive andsignificant for the norattenders, being in

fact larger in magnitude (absolutely and relatively) anifa than for school attenders. This
indicates a direct effect of school quality on the decision to (ever) enroll in school, which
seems to disadvantage children from less privileged backgrdeigdse B2 and Appendix
Tables B16B13 confirm the smaller cuaribution of schools as well as a larger (relative)
contributiondue to households among Rattenders versus attendersdiernative choices

of theinitialization parametenowusing only subsamples of children for which all children

in the same fany share the same schooling statoreover, sincehe magnitude of
learning inequalities is considerably lower among children who attend school than among
those who do notwe conclude thagven in lowincome contextssuch as found in East
Africa, acces to schooling does go some way to addingdearning inequalities.

4.2 Spatial heterogeneity

A further form of heterogeneityis among geographical locationsArguably this is
particularly relevantfrom the perspectiveof policy as it speaks to the possibility for
targeted interventions. This alsomotivatedby the educatioml differentialswithin each
country, shownin Table2, which indicatdargedifferencesn themeanlevelsandvariances

variancecomponentgaresimply calculatedseparatelyor eachsub-group.Otherstratifyingvariablesvere also
examinedsuchasthesurveyyear butwerenotfoundto beof substantivénterest(resultsavailableon request).
24\What may accountfor this findinglies beyond the scope of the present paper. However, private
schools are moreommonin urban areaswhere there is greater competition (choiae)school
provision.
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of test scoresacrossregions andwhich in cases are larger than those due to low socio
economic status alone

In this spirit, Tables6 and7 reportthevariancedecompositiomttheregionallevel,usingthe
preferredchoice” = 0.5, and where we also report the upper boundestimatesfor the
household and school effects (first two columns). @&sove we find substantial
heterogeneity in the size and relative importance of the different factors. This is most stark
in Kenya where the absolute variance contribution of different factors can vary by a factor
of around four. For instance, under the prefsir agnostic initialization, the absolute
contributionof householdactorsin theCentralregionis 0.30 standardieviationunits,which

is smaller thanhe absolutecontributionof sortingin the North Easterrregionat 0.36 units.
Similarly, we see very large differences in the variance contribution of schools, ranging from
0.26 (Central) t00.47 units(North Eastern). When considered in relatigams (Table 7),
these differences are lga®nounced; bt, even here theremain material differences in the
contributions of schools and sorting between reg(ets, the sorting component accounts
for a minimum of 2% and maximum of 7% across Kenyan regidlig) also note that the
regions containing the capital city of each doyrfdefined here as Central in Kenya and
Uganda, Dar Es Salaam in Tanzania) tend to display compardtvelgverall test score
inequalities as well adarger contributions from the household effects and smaller
contributions from both school and sortieffects (in relative terms). This consistent with

the notion the capital cities providere equal access to schoolasimilar quality

Finally, we proceedto an analysisat the district level. Figure 3 illustratesthe cumulative
distributionsof therelativevariancesharegor variouscomponentsakenfrom the preferred
estimatesTheseconfirm substantiaivariationswithin eachcountry, buttheyalsosuggest
countryspecific differencescontinueto be evident,especiallyin the contributionsof the
householdand school effectsi i.e., the distribution functions display (near) first-order
dominance.To investigatewhetherthesegeographidifferencesaresystematicyve regress
the absoluteand relative variancesharesof the samecomponentsagainsta number of
district-level characteristicg¢essentiallymeangakenfrom the samedataset)Thisanalysis,
which s intendedonly to indicateconditionalcorrelationsjs found in Table8, treatingall
countriegogether.

Three points should be highlighted. First, a part of the heterogeneityin the variance
decompositioseemsystematicAsidefrom thecountryfixed effects whethethemotherhas
anyschoolingand whetherthe child attendsprivate school show significant correlations
acrosghedifferent variancecomponentsln absoluteerms(supercolumnl), lowermaternal
schoolingis associatedwith larger contributionsfrom all componentsi i.e., a higher
prevalenceof maternal schooling mapsto lower educationalinequalities which is also
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consistent with the same children being out of scHaistricts with a higher prevalenceof
childrenattendingprivateschoolshowhigherinequalitiesassociateavith householdactors,

but lower relativeinequalitiesassociatedvith schools.The latter providesfurtherindicative
evidencethat (greater)competition acrossschoolsmay help narrow the distribution of
schooling effects.Furthermore, and as indicated by the interaction term, this effect seems
most acute at lower grade @si i.e., there is substantial homogeneity in the contribution of
private primary schools to learning outcomes in early grades.

Secondandrelatedly sortingeffectsappeabelarger, in bothabsoluteandrelativeterms in
districts with a higher prevalenceof disadvantagedcouseholds(i.e., those with lower
averageSESvaluesanda higherproportionof motherswith no education).Thedatado not
indicate what lies behindthis i e.g, it may be due to greaterclusteringor residential
segregationn thesedistricts, or a lessequaldistribution of schoolquality. However this
resultreinforcesthe ideathat a deeperinvestigationof sorting processesnay be helpful.
Equally,and third country differences remapersistenaftercontrollingfor othercovariates
Oneinterpretation is that such persisteruam be explained by differencesthe overall
organizationof schoolingsystemgmacrapolicies) and that these differences are material
for educationalinequalities.This would be in line with gviousstudiesthat find policy
differences such as ability-tracking and the allocation of teachersamongschools can
contributeto national differencesin educationalinequalities(Hanushekand Wé6Rmann,
2006 Van de Werfhorsand Mijs,2010. And this agendamerits further attentionin the
contextof EastAfrica.

5 Conclusion

The purposeof this paperis to shedlight on the sourcesof educationalnequalitiesin East
Africa. Startingfrom the proposition that household circumstances, schdattors and
assorative matching(sorting)areall potentially importantomponents ofOE, we seekto
parseoutther respectivecontributionsto theobserved variatiom testscoresTo do so,we
review various variancelecompositionproceduregndsuggeshow a partitionediterative
algorithmcanbeusedto estimatethe relevantvariancecomponentstreatingthe two effects
of interestasfixed latentvariables.In orderto addresdechnicalchallengesof estimation,
namely the problemof a mechanicalnegativebias in the correlationbetweenthe fixed-
effects we elaboratea unified procedurethat controlshow the fixed effectsare estimated
(initialized) andthat mapsto alternativeassumptionaboutthe betweerfactorcovariance.

We apply the approachto rich test scoredatafrom East Africa from which three main
findings standout. First, we confirm that how the fixed effectsare initialized undera
partitionediterativealgorithmmattersor subsequergstimate®f thevariancecomponents.
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At the sametime, the choice of initialization does not affect the regressionestimates
(coefficients)for the includedobserved covariate$his impliesthe choiceof initialization

is not materialwhenthe fixed effectsare considerechuisanceparametersbut, if scholars
wishto extractandinterpretthe latentfixed effects theinitialization choiceis fundamental.

Second, our proposed unified approsaxlestimation, in which different initializations of the
latentfixed effectsare examinedyrovidesbounds on therespectiverariancecontributions.
That is extreme choicesof the initialization parameteyield upperandiower boundsonthe
househol@ndschoolarianceontributions; and enidpoint(agnostic) initializatiorprovides
an (approximatedipperboundon the between factaovariancewhich isinterpretedasthe
contribution of sorting. Methodologically, theseinsights are validated using both
conventional(single) fixed effectsand mixedlinear models. Consistent witthe existing
literature,we confirm that the extremécorner)initializations of the fixed effects bias the
covariancetermtoward zero However, we show the agnostic (midpoint) initialization
substantivelymitigatesthis problemand providesestimatesof sorting that are material,
positive,andcomparableén magnitudeo thosefrom amixed-linearmodel.

Third, taking the agnosticinitialization as our preferredapproachwe find thathousehold
factorsareanimportanisourceofinequalityin educationabpportunity However,whenschool
effectsandsortingarealsoaccountedor, family effectsarenotdecisiveand contributeonly
around 15% to thevariancein outcomes. Indeedinlike the findings of the neighborhood
effects literature (e.g., Solon, 200@)e find the combination of school and sorting
componentss generallylarger than the standalone contribution of householdsis means
that conventionalpperbound estimates of the contribution of household factors (e.g., as
captured by simplsibling correlations) may well overstate the unique contribution of family
circumstance®Despite low average learning outconiealsoindicates that variation in school
qudity is substantial and thaiositive sorting (matching) between households and schools
aggravate extant learning inequalities. This conclusionis supportedby evidence of
substantiakpatialheterogeneityn the variancecomponentsin whichregionaldifferences

in povertyand parentaleducationplay a role. Pulling thesefindings together,we find that
inequality in educationalopportunity is substantial,accountingfor almost half of all
variationin testscores.However,given the importanceof schoolsand sorting within this
total, it follows thateducationa(school)reformsthatalterthedistributionof schoolquality,

such as via the allocation of teachers across scleavienhancepportunitiedor themost
disadvantaged.
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Figure 1: Relativevariance shares by estimator
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Note: bars indicate relative sharesreportedin Table 4 for different models/estimators;
component6 i ndi ¢ & Hadggrdpatesthe three componentsincluding the observed
individual characteristicsp s o r is thehoysieholeschoolcovariancaerm; KE is Kenya;TZ
is Tanzanigmainland);andUG is Uganda.

Sourceiowncalculations.
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Figure 2: Relativevariance shares by valuesof ’
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Source:owncalculations.

30



Figure 3: Cumulative distribution functions of relative variance shares, by
country
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Table 1: Alternative test score datagenerating processes

Model Score level Score variance Description
1 Restricted Q i Q i ) i Independent
linear households & school:
2 Unrestricted Qi Q i ) ct i Correlated householc
linear & school factors
3 Household p I Q Q Householdslominate
p r ” ” ”
upper bound school effects
4 Schoolupper ] p —i Q ) P —, i Schoolsdominate
bound household effects
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Table 2: Description of synthetic test scores, by country & region

(1) Raw means

(2) Age std.ized

(3) Normalized

Country & Region Mean St.dev. Mean St.dev. Mean St. dev.
KE Central 4.99 (1.52) 0.30 (0.67) 0.37 (0.73)
Coast 4.25 (2.98) -0.13 (0.93) -0.10 (1.02
Eastern 451 (1.84) -0.00 (0.87) 0.04  (0.95)
NorthEastern  3.67 (2.12) -047 (1.23) -0.48 (1.35)
Nyanza 4.39 (2.90) -0.05 (0.83) -0.02 (0.91)
Rift Valley 4.36 (2.95) -0.06 (0.97) -0.03 (1.06)
Western 4.23 (1.98) -0.16 (0.89) -0.13 (0.98)
All 4.42 (2.91) -0.04 (0.91) -0.00 (1.00)
TZ Arusha 3.69 (1.78) 0.15 (0.84) 0.20 (0.97)
DarEsSalaam 3.98 (1.64) 0.29 (0.76) 0.36 (0.88)
Iringa 3.41 (1.83) -0.00 (0.85) 0.03 (0.99)
Kagera 3.24 (1.86) -0.10 (0.87) -0.09 (1.00)
Kigoma 2.92 (2.90) -0.25 (0.88) -0.26 (1.02)
Ruvuma 3.36 (2.79) -0.03 (0.81) -0.01 (0.94)
Singida 3.47 (1.83) 0.03  (0.83) 0.07  (0.96)
Tabora 2.94 (.95 -0.25 (0.91) -0.26 (1.06)
Tanga 3.43 (1.83) 0.01  (0.83) 0.04  (0.96)
All 3.37 (1.86) -0.03 (0.86) -0.00 (1.00)
UG Central 3.43 (1.87) 0.27  (0.89) 0.31 (1.00)
Eastern 2.78 (1.89) -0.15 (0.84) -0.16 (0.94)
Northern 2.57 (1.90) -0.28 (0.88) -0.30 (0.98)
Western 3.13 (1.91) 0.06  (0.88) 0.08 (0.98)
All 3.00 (2.92) -0.01 (0.90) -0.00 (1.00)

Note: synthetictestscorescombineachievementin literacy and numeracyasdescribedn
thetext; 6 a g & dcorésarestandardizedavithin eachagegroup(for eachsurveyroundand
country) for the referencegroup definedasall childrenwho are currently enrolledor have
completedprimary school; 6 n o r macénteztee dg@standardizedcoreso havea mean
of zeroandstandarddeviationof one for thereferencagroupin eachcountry;removesnean

level differencesbetweendistricts; surveyrounds are pooled;KE is Kenya; TZ is Tanzania

(mainland); UG is Uganda;regionsin Tanzaniaand Kenya are aggregatedor clarity of
presentatiorifor detailsseeAppendix Q.
Source:owncalculations.
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Table 3: Descriptivesamplestatistics, bycountry & region

Index count
Country& Region [ ] k Age Female SES  Attend Grade
KE Central 37,870 15,194 6,353 11.2 506 625 955 51
Coast 49921 17,013 5,084 11.1 499 -17.8 87.6 4.0
Eastern 84,133 30,596 10,160 11.2 50.0 -23.6 935 4.6
NorthEastern 54,132 16,605 3,501 11.0 434 -61.7 80.7 3.6
Nyanza 76,471 27,014 8,410 11.2 495 -184 923 4.5
Rift Valley 169,672 58,737 17,095 11.1 49.0 -13.3 90.3 4.3
Western 83,720 28,392 8,296 11.2 50.0 -10.8 929 4.4
All 555,919 193,551 58,899 11.1 494 -6.6 91.5 4.5
TZ Arusha 52,883 19,979 6,592 11.6 488 10.8 885 4.4
DarEsSalaam 23,025 8,948 3,392 11.7 51.1 68.2 91.0 4.4
Iringa 48,617 19,414 6,981 116 499 -7.8 85.8 4.0
Kagera 50,476 17,815 5,921 11.6 496 -14.1 82.6 3.7
Kigoma 32,462 11,801 3,728 11.6 49.2 -28.6 80.8 3.6
Ruvuma 29,867 12,233 4,920 11.7 495 -16.0 86.6 4.1
Singida 32,269 12,379 4,168 11.6 49.7 -7.7 85.8 4.2
Tabora 49936 17,289 5,311 115 491 -19.6 785 3.5
Tanga 39,928 15,071 5,010 11.6 486 -89 86.3 3.9
All 359,463 134,929 46,023 11.6 495 -3.1 84.8 4.0
UG Central 64,077 20,650 6,796 11.0 498 519 925 3.8
Eastern 120,142 36,183 9,762 11.1 49.2 -21.9 947 3.7
Northern 102,723 32,629 8,588 11.2 479 -385 86.3 3.2
Western 75,186 24,955 7,593 11.1 50.0 -12.8 091.7 3.5
All 362,128 114,417 32,739 11.1 493 -24 91.6 3.6

Note: regionsin TanzanisandKenyaareaggregatedor clarity of presentatioriseeAppendixC); KE is
Kenya;TZ is Tanzanigmainland);UG is Ugandaj, |, kreferto the numberof uniqueobservation$or the
individual, householdandschootgradeeffectsrespectivelyremainingcolumnsareregionalmeangage,
highestgrade)or proportions;surveyroundsarepooled.

Sourceowncalculations.
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Table 4: Unconditional absoluteand relative variance contributions,
alternative choices ofZ

Absolute Relative
Kenya Tanzanie Uganda Kenya Tanzanieé Uganda
Household 0 0.57 0.64 0.57 3242 40.61 32.14

0.5 0.41 0.45 0.42 17.11 20.7 17.63
1 0.36 0.39 0.37 1299 15.04 13.53
School 0 0.28 0.24 0.27 8.11 5.92 7.43
0.5 0.38 0.36 0.36 1437 13.24 13.25

1 0.57 0.59 0.54 32.08 34.38 29.64
Sorting 0 -0.03 -0.11 0.04 -0.09 -1.14 0.18

0.5 0.27 0.29 0.27 7.46 8.38 7.3

1 -0.03  -0.08 0.05 -0.11 -0.71 0.25
Residual : 0.77 0.74 0.77 58.55 5453 59.56
Total : 1.00 1.00 1.00 10000 10000 10000

Note: following the logicof equatioms (4) and (5) but excluding the individual controlhe table

setsout the absoluteand relativevariancecontributiors attributableto eachcomponenof the

testscore reported in standard deviation units and percent respectilifigrent initializationsof

the partitionediterative algorithmare indicatedby column”; standarderrors not shown, but
available on request

Source: own calculations.
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Table 5: Conditional absolute and relative variance contributions, alternative

choices ofZ
Absolute Relative
Kenya Tanzanisa Uganda Kenya Tanzanic Uganda
Individual 0 0.29 0.29 0.19 8.14 8.59 3.58

0.5 0.28 0.29 0.19 7.91 8.65 3.51
1 0.28 0.30 0.19 8.09 8.90 3.62
Household 0 0.52 0.59 0.53 26.63 3431 28.03
0.5 0.38 0.42 0.39 1458 17.61 15.57
1 0.34 0.36 0.35 11.26 1280 12.22
School 0 0.29 0.25 0.31 8.44 6.23 9.49
0.5 0.38 0.36 0.40 1414 1291 15.77
1 0.53 0.55 0.55 28.45 30.74 30.39

Sorting 0 0.04 -0.08 0.10 0.18 -0.72 0.96
0.5 0.24 0.26 0.25 5.62 6.78 6.38
1 -0.06  -0.09 -0.04 -0.31 -0.84  -0.13

Residual : 0.75 0.72 0.75 55.62 51.34 56.87

Total : 1.00 1.00 1.00 100.00 100.00 100.00

Note: following equations (4) and (5), thtable sets out the absoluteand relative variance
contributiors attributableto eachcomponenbf thetestscore reported in standard deviation units
and percent respectivelgifferent initializationsof thepartitionedterativealgorithmareindicated
by column™;é ndi vi du alafggregateallpobsereed individual effeaomponentsfull
details found in Appendix Tables Hb.

Source: own calculations.

36



Table 6: Absolute variance contributions (in s.dunits), by country & region

UBH UBS “T®

House. School Indiv. House. School Sorting Resid. Score | Correl.

KE Central 0.38 0.34 0.15 030 026 011 059 0.73 | 0.08
Coast 0.54 0.50 031 039 038 024 077 102 | 0.19
Eastern 0.50 0.49 023 037 037 021 073 0.95 | 0.17
North Eastern 0.72 0.71 044 049 046 035 103 135 | 0.27
Nyanza 0.46 0.46 022 035 037 016 0.70 0.91 | 0.10
Rift Valley 0.57 0.54 033 040 039 027 080 106 | 0.23
Western 0.51 0.49 020 040 039 018 0.76 098 | 0.11

All 0.53 0.51 028 038 038 024 076 1.00 | 0.20

TZ Arusha 0.59 0.54 022 042 035 027 0.72 097 | 0.25
Dar Es Salaam 0.51 0.44 0.24 0.37 0.31 0.20 0.67 0.88 0.19
Iringa 0.58 0.54 029 041 036 026 0.73 099 | 0.23
Kagera 0.58 0.50 031 044 035 024 074 1.00 | 0.19
Kigoma 0.60 0.53 032 045 037 025 074 102 | 0.19
Ruvuma 0.54 0.50 023 040 035 022 071 094 | 0.17
Singida 0.54 0.50 027 040 035 023 0.73 096 | 0.19
Tabora 0.61 0.54 034 044 037 026 077 1.06 | 0.21
Tanga 0.55 0.52 026 040 036 024 071 096 | 0.19

All 0.58 0.53 029 042 036 026 074 1.00 | 0.22
UG Central 0.55 0.50 019 039 038 024 077 1.00 | 0.18
Eastern 0.51 0.49 0.12 038 037 022 073 094 | 0.17
Northern 0.51 0.53 0.17 037 040 022 0.76 0.98 | 0.16
Western 0.56 0.53 0.15 041 040 023 0.75 098 | 0.17

All 0.56 0.53 019 039 040 025 0.77 100 | 0.20

Note: top-level columnindicatesthe model,whereUBH is the upper boundouseholdnodel,UBS is the
upper boundschoolmodeland®~ = 0.5 is the (preferred)PIA estimator;, is the aggregateof all
observedndividual effect componentsall othercomponentsareasbefore;valuesarereportedn standard
deviationunits; regionsin TanzaniaandKenyaareaggregateébr clarity of presentatiofiseeAppendixC);
KE isKenya;TZis Tanzanidmainland); UG is Uganda.

Sourceowncalculations.
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Table 7: Relative variance shares, by country & region

UBH  UBS )
House Schoo Indiv. House. School Sorting Resid. Score
” ” ” ” ” c+ ” ”
KE Central 266 21.9 45 164 125 2.3 64.4 100.0
Coast 27.9  24.4 9.1 148 139 54 56.7 100.0
Eastern 282  26.6 6.1 150 149 5.0 58.9 100.0
NorthEastern 288 275 105 134 114 6.7 58.0 100.0
Nyanza 25,7 25.8 57 150 167 3.3 59.4 100.0
Rift Valley 287  26.2 97 141 134 6.4 56.4 100.0
Western 274 251 42 164 156 3.6 60.2 100.0
All 28.2 2558 79 146 141 56 57.7 100.0
TZ Arusha 37.4 308 51 188 132 8.0 55.0 100.0
DarEsSalaam 329 25.3 71 172 121 54 58.1 100.0
Iringa 344 295 88 172 134 6.9 53.8 100.0
Kagera 335 250 95 189 119 58 54.0 100.0
Kigoma 341 271 99 192 129 59 52.0 100.0
Ruvuma 335 287 59 179 140 5.4 56.9 100.0
Singida 31.8 26.8 79 169 129 56 56.7 100.0
Tabora 328 262 104 175 121 6.2 53.8 100.0
Tanga 33.4 295 76 177 145 6.2 54.1 100.0
All 341 279 87 176 129 6.8 54.0 100.0
UG Central 305 25.4 38 157 149 56 60.0 100.0
Eastern 30.1 271 1.6 164 155 54 61.2 100.0
Northern 276  28.9 31 146 164 5.0 60.9 100.0
Western 324 297 25 173 164 5.7 58.0 100.0
All 31.0 281 35 156 158 6.4 58.8 100.0

Note: top-level columnindicatesthe model,where UBH is the upper bounchouseholdnodel,UBS is
the upper boundschoolmodeland” = 0.5is the (preferred)PIA estimator;, is theaggregatef all

observedndividual effectcomponentsall othercomponentsreasbefore;regionsn TanzaniaandKenya
areaggregatetbr clarity of presentatioriseeAppendixC); KE is Kenya;TZ is Tanzanigmainland);UG

is Uganda.

Sourceowncalculations.
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Table 8: Analysis of systematicpatterns in variance components by district

(0

Absolute shares

(I

Relative shares

Indiv. House. School Sorting Resid. Indiv. House. School  Sorting Resid.
" n Gt n gt
Female -0.00 -0.13 -0.33° -0.32° -0.49° 1.31 10.29 -945 -6.11 3.96
(0.21) (0.16) (0.14) (0.14) (0.22) (5.63) (8.95) (8.97) (4.70) (13.16)
Neverenrolled 0.12 0.19 -0.30 -0.20 0.36 -4.84 1415 -26.92 ° -10.00 27.61
(0.28) (0.19) (0.19) (0.18) (0.25) (10.75) (9.16) (9.97) (6.01) (17.09)
Currentattending -0.78 -0.06 0.07 -0.12 -0.08 -33.32 8.35 1296 -2.18 14.19
(0.20) (0.14) (0.15) (0.16) (0.17) (8.29) (8.01) (8.64) (5.85) (14.73)
Highestgrade -0.01 -0.00 -0.06 © -0.02 0.01 -0.77 091 -421  -049 457
(0.02) (0.01) (0.01) (0.01) (0.02) (0.48) (0.68) (0.70) (0.37) (0.99)
Attendsprivatesch. 0.30 © 0.16 0.02 0.07° 0.18 691 458 -7.15" 0.33 -4.68
(0.05) (0.04) (0.04) (0.03) (0.06) (12.44) (2.24) (2.30) (1.04) (2.66)
Privatex grade -0.20¢ -0.04 0.10 -0.04 0.06 -9.69 - -394 850 -1.09 6.22
(0.08) (0.07) (0.06) (0.05) (0.11) (2.36) (4.09) (2.71) (1.63) (4.43)
SESindex -0.00 -0.01 -0.02 -0.01 -0.01 0.86 -0.21 -0.96 -0.52 0.83
(0.01) (0.01) (0.01) (0.01) (0.02) (0.45) (0.75) (0.58) (0.34) (0.95)
Mothernoschooling 0.15°* 0.07°© 0.07"° 0.15 ° 0.25" 257 -337  -341 299 1.22
(0.02) (0.02) (0.02) (0.02) (0.03) (0.91) (1.08) (2.31) (0.72) (1.78)
Testscore(percentile) 0.07 -0.24 -0.04 -0.02 -0.31 3.29 -7.88 8.42" 2.49 -6.32
(0.11) (0.07) (0.07) (0.07) (0.11) (3.73) (4.60) (3.98) (2.43) (6.91)
Tanzania 0.02 - 004 -001° 0.03 ° -0.02¢ 148+ 291 -152 128 -415"
(0.01) (0.00) (0.00) (0.01) (0.01) (0.24) (0.28) (0.31) (0.20) (0.45)
Uganda -0.09 - 0.02° 0.02  0.02 0.01 -3.38 ° 091~ 1.13  0.84 0.51
(0.01) (0.01) (0.01) (0.00) (0.01) (0.18) (0.32) (0.34) (0.17) (0.42)
Constant 023 037 035 018 0.72 6.03 * 15.67 ° 1425 3.65 ° 60.40
(0.00) (0.00) (0.00) (0.00) (0.01) (0.12) (0.19) (0.23) (0.12) (0.27)
Obs. 434 434 434 434 434 434 434 434 434 434
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0] Absolute shares (1 Relative shares

Indiv. House. School Sorting Resid. Indiv. House. School Sorting Resid.
. . . Gt . . . . Gt .
R? (adj.) 0.79 0.52 0.50 0.53 0.69 0.79 0.31 0.46 0.33 0.41
RMSE 0.05 0.04 0.04 0.04 0.05 1.56 2.10 2.22 1.35 3.05

Note: the table setsout OLS regressiomresultsfor the conditionalcorrelatesof the districtlevel variancecomponengestimatespbasedon the
preferrecestimator” =0.5; dependentariableisindicatedn thecolumnswheretheabsolutesharés in standardieviationunits;robuststandard
errorsarereportedn parenthesesSource:own calculations.
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SUPPLEMENTARY MATERIAL

A Technical details on empirical methods

As noted in the main text, two primary challenges arise when estimatingdimgmsional twewvay

fixed effects. First, to deal with bias from measurement error, empirical Bayes shrinkage approaches
are often employed. This involves adjusting each estineftedt toward a common prior, where

the adjustment factor is proportional to the estimatideto-signal ratioin the original estimates.
Following Stanek et al. (1999), and to ensure consistency across the various methods deployed, we
apply the approdctypically used to adjustredictions of theandom effects. Concretely, for a given

estimated fixed effect (e.g®) we shrink it toward a global mean as follows:

C

& oy (A1)

iy v ¥ 0P
wherel  pis the effective degrees of freedom available to estimate each ‘Getfezts;, is

the variance of the estimated effect;is the estimated residual variance; &ds the population
mean, typically zero under conventional normalization restrictions.

The second challenge is the (mechanical) negative covariance bias of the two estimated fixed
effects. While this may be partially mitigated by the aforementioned empBeyes shrinkage,

since this procedure simply modifies both sets of effects by a (varying) scalar bound between zero
and one, it should have little effect on their correlation. A closer look at the nature of this bias
indicates it may be driven (at le@stpart) by how the fixed effects are initialized under the iterative
algorithm. While the latent fixed effects are adjusted iteratively based on model residuals, the
assumed starting values for the two effects fundamentally determine their final ebtawate and
variance shares. Referring to the unrestricted linear model (without additional controls), the
regression specification (estimated via simple OLS) used in the first step of the iterative algorithm
is just:

0ol op @ Tiplan oo (A2)

where] dﬁ { are parameters to be estimaté&®i; are initial estimates for the fixed effects (see
below); and the numeric indexes in the subscripts represent the iteration number. In the second step,
the model to be estimated is upsthusing the residual from equation (A2), as:

6 1 1 @ —Bg X 1 1 iKW —Bg AW Q (A3

from where the algorithm iterates until some convergence criterion is reached, subkras
sB Hu B'QU s 0 - From this, the proposed starting values for the two fixed effects

that enter equation (A2) appear fundamental. Typically, these are approximated using the group
specific means of the residuals taken from ao(ztep) naive model. Continuing with our simple
case, without additional covariates, the general expression for these is:

" P B . “ .
—_ PO Onr —B..- ‘~OO
@y b @ @ %20 P 20w

, P . p * .
lon  §7Be @ 00y G- Be wdas

where* N Tip serves as an initialization scalar that apportions the variatidadross the school
and household effects. For instancé, if mthen the observed variationdns allocated primarily
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to the initial estimate for the household fixed effég;, PTG g B-gaOgrdn turn, the initial
estimate for the school fixed effect captures only any residual variatipraueraged by index

The same initialization is also implicit when one of the fixed effects is initially 'swept out' of the
regresn, leaving the iterative adjustment to focus on the remaining dffadgmaraes and
Portugal 2010). This clarifies the aforementioned concern that amestiaration (upward bias)

of the initial values for one factor will be mechanically reflected byraderestimation in the other
(andvice versa Indeed, since the assumed starting values are derived directly from the dependent
variable (or residuals thereof), they always contain relevant information and effectively become
lockedin as the algorithm jpceeds i.e., regression estimatesfag, B o derived from equation

(A3) should always be close to one.

These mechanics demonstrate that the initialization of the fixed effects embeds specific
presumptions about how variation in the outcome iset@llocated across the fixed effects. Our
working hypothesis is that this translates into specific assumptions about the form of the between
factor covariance. Specifically, as extreme choices for the initial values“(e.gnff  p) treat

the second effd as a residual term, the implicit assumption is that the two factors are orthogonal.
Thus, these corner choices are expected to correspanbén bounanodels in which one factor

is dominant (Rows 3 and 4 of Table 1). A midpoint or agnostic chbice1@®), however, is likely

to behave conversely to the extreme choices. By giving equal weight to both effects in the
initialization they are no longer assumegbriori to be orthogonal, which would correspond to a
case where sorting (betwetattor covariane) is not ruled out from the outset.
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B Additional figures and tables

FigureB1: Relativeunconditionalvariancesharesby estimator

KE

TZ

UG

B Houschold I school R Sorting

Note: barsindicaterelative variancecontributionsbasedon the samevariancedecomposition
reportedin TablesB4-B6 but without individualspecificcontrols;6 s o r is thetaugehole
schoolcovarianceerm; KE is Kenya; TZ is Tanzanigmainland);andUG is Uganda.

Sourceiowncalculations.
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FigureB2: Relativevariancesharesby estimatormndschoolingstatus
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Note: barsindicaterelative variancecontributionsbasedon the samevariancedecomposition
reportedin TablesB4-B6 for all schootagechildrenin the householdeither out of school
( 6 n earatendingschool ( 6 n oowsd0) r;is thehayeholeschoolcovariancdaerm; KE is

Kenya;TZ is Tanzanigmainland);and UG is Uganda.

Sourceiowncalculations
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TableB1: Regressiomesultsfor alternativemodels/estimatoréenya

Naive  reghdfe "=0 " =05 =1 UBH UBS
(1) (2) 3 (4) (5) (6) ()
Childis female 0.10 0.06 0.06 0.06 0.06 0.08 0.07
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Oldestsib 0.06 -0.15 -0.15 -0.15 -0.15 0.04 -0.17
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Neverenrolled -0.52 -0.15 -0.24 -0.22 -0.20 -0.24 -0.19
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Currentlyenrolled 0.69 0.48 0.47 0.47 0.48 0.49 0.59
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Attendsprivate 0.35 0.13 0.14 0.15 0.16 0.09 0.22
(0.01) (0.01) (0.00) (0.00) (0.00) (0.01) (0.01)
Never xi -0.37 -0.21 -0.10
(0.02) (0.02) (0.01)
Private x i -0.19 -0.16 -0.11
(0.01) (0.01) (0.01)
Obs. 555,919 555,919 555,919 555,919 555919 555,919 555,919
R2 0.13 0.72 0.72 0.72 0.72 0.64 0.48
Noteccol umns refer to different estimators/ models; UBH

is simple OLS excluding fixed effects; reghdéports results based on the (improved, accelerated) partitioned iterative
algorithm due to Correia (2017) in which household effects enter first (using the Stata command of the same nar
columns °~ = (0, 0.5, 1) a ralgorithmaskteut in the textmUBH lise¢he poasehold tippeo t
bound model and UBS is the school upper bound models, in which household effects are proxied by obser
characteristics (not shownall reported coefficients are significantly different from zesloister robust standard errors
reported in parentheses

Sourceiowncalculations.
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TableB2: Regressiomesultsfor alternativemodels/estimatorg,anzania

Naive  reghdfe " =0 " =05 =1 UBH UBS
1) (2) 3 (4) () (6) ()
Childis female 0.08 0.04 0.05 0.04 0.05 0.06 0.05
(0.00) (0.01) (0.00) (0.00) (0.00) (0.00) (0.00)
Oldestsib 0.05 -0.13 -0.12 -0.13 -0.12 0.01 -0.14
(0.01) (0.01) (0.00) (0.00) (0.00) (0.00) (0.00)
Neverenrolled -0.29 0.02 -0.02 -0.06 -0.07 -0.06 -0.07
(0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.02)
Currentlyenrolled 0.74 0.58 0.58 0.58 0.58 0.56 0.67
(0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01)
Attendsprivate 0.28 0.10 0.10 0.10 0.11 0.11 0.09
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Never xi -0.31 -0.35 -0.25
(0.02) (0.02) (0.01)
Private x i 0.02 -0.02 -0.02
(0.02) (0.02) (0.01)
Obs. 359,463 359,463 359,463 359,463 359,463 359,463 359,463
R? 0.12 0.77 0.77 0.77 0.77 0.69 0.51
Noteecol umns refer to different estimators/ models; UBH

is simple OLS excluding fixed effects; reghdfe reports results based on the (improved, accelerated) partitioned iterat
algorithm due to Caoeia (2017) in which household effects enter first (using the Stata command of the same name

columns ° =

(0,

0.

5 ’

1)

ar e

taken

from

t he

partiti on

bound model and UBS is the school upm®und models, in which household effects are proxied by observed
characteristics (not showrgll reported coefficients are significantly different from zegloister robust standard errors

reported in parentheses
Sourceiowncalculations.
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TableB3: Regressiomesultsfor alternativemodels/estimatorg)ganda

Naive  reghdfe =0 " =05 =1 UBH UBS
1) (2) (3) (4) (5) (6) ()
Childis female 0.06 0.02 0.03 0.02 0.02 0.04 0.04
(0.01) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Oldestsib 0.09 -0.22 -0.21 -0.21 -0.21 0.05 -0.23
(0.01) (0.01) (0.00) (0.00) (0.00) (0.01) (0.01)
Neverenrolled -0.16 0.07 -0.02 -0.06 -0.04 -0.01 0.06
(0.02) (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)
Currentlyenrolled 0.48 0.35 0.34 0.34 0.35 0.39 0.43
(0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01)
Attendsprivate 0.43 0.18 0.19 0.19 0.20 0.12 0.25
(0.01) (0.01) (0.00) (0.00) (0.00) (0.01) (0.01)
Never xi -0.48 -0.55 -0.43
(0.04) (0.03) (0.02)
Private x i -0.03 -0.02 -0.01
(0.01) (0.01) (0.01)
Obs. 362,128 362,128 362,128 362,128 362,128 362,128 362,128
R? 0.08 0.71 0.71 0.71 0.71 0.62 0.45
Noteecol umns refer to different estimators/ models; UBH

is simple OLS excluding fixed effects; reghdfe reports results based on the (improved, accelerated) partitioned iterat
algorithm due to Caoeia (2017) in which household effects enter first (using the Stata command of the same name

col umns ° =

(0,

0.

5 ’

1)

ar e

taken

from

t he

partiti on

bound model and UBS is the school upm®und models, in which household effects are proxied by observed
characteristics (not showrgll reported coefficients are significantly different from zegloister robust standard errors

reported in parentheses
Sourceiowncalculations.
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TableB4: Full variancedecompositiorfior KE

Absolute contributions (in s.d. units)

Relative shares (in %)

(a) (b) (©) (d) (e) Q) (a) (b) (©) (d) (e) ()
= © = © = UBH UBS MLM = © = = UBH UBS MLM
) 021 021 020 021 024 019 439 427 416 438 573  3.63
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.06) (0.06) (0.05) (0.06) (0.06) (0.05)
052 038 034 053 029 037 26.63 1458 11.26 2822 854  13.79
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.19) (0.14) (0.13) (0.20) (0.11) (0.14)
) 029 038 053 014 051 042 8.44 1414 2845 200 2575 17.81
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.18) (0.23) (0.33) (0.09) (0.31) (0.26)
4 004 024 -006 012 016  0.25 018 562 -031  1.39 248  6.41
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.02) (0.11) (0.03) (0.06) (0.07) (0.12)
4 019 015 012 021 011  0.12 3.44 228 146 452 119 148
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.06) (0.05) (0.04) (0.07) (0.03) (0.04)
4 006 012 016 007 017 0.14 031 136 247 050 290 202
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.02) (0.04) (0.06) (0.03) (0.07) (0.05)
) 075 076 072 077 073 074 56.61 57.75 5251 5898 5340 54.86
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.20) (0.20) (0.19) (0.21) (0.20)  (0.20)
1.00  1.00  1.00  1.00  1.00  1.00  100.00 100.00 100.00 100.00 100.00 100.00
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
. 001 020 -00L 009 008 020
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Note: following equationg3b) and (3c), the table setsout the absoluteandrelative variancesharesattributableto eachcomponenbf the test score;absolute
sharesrein standardieviationunits; differentmodels/estimatorareindicatedin thecolumnsi (a) to (c)referto resultsfrom a partitionediterativealgorithmfor
differentchoicesof initialization scalar’, (d) is the householdupper bound,(e) is the schoolupperbound,and(f) is a mixedlinear model } ns is the estimated
correlationcoeficientbetweerhouseholdandschooleffects;standarcerrorsare reportedin parentheseg;alculatedusingthe asymptoticapproximationdueto
Ahn and Fesslen2003)

Source:owncalculations.
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TableB5: Full variancedecompositiotior TZ

Absolute contributions (in s.d. units)

Relative shares (in %)

(a) (b) (©) (d) (e) Q) (a) (b) () (d) (e) Q)]
= ° = ° = UBH UBS MLM = ° = = UBH UBS MLM
] 023 023 023 022 027 019 506 538 551 484 711 363
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.08) (0.08) (0.08) (0.07) (0.09)  (0.06)
) 059 042 036 058 030 043 3431 1761 1280 3411 925 1855
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.26) (0.19) (0.16) (0.26) (0.14)  (0.19)
) 025 036 055 012 053 042 6.23 1291 3074 153 27.90 17.24
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.17) (0.25) (0.39) (0.09) (0.37) (0.29)
C 008 026 009 010 016  0.28 072 678 084 092 263 7.74
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.05) (0.14) (0.05) (0.05) (0.09) (0.15)
C 018 016 013 021 010 011 316 241 171 429 103 115
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.07) (0.06) (0.05) (0.08) (0.04) (0.04)
C 4 006 009 013 004 015 0.16 037 087 167 016 222 253
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.03) (0.04) (0.06) (0.02) (0.07) (0.07)
) 072 074 070 074 071 070 51.59 54.04 4839 5415 49.85  49.17
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.24) (0.25) (0.23) (0.25) (0.24) (0.23)
) 1.00 1.00 1.00 100  1.00  1.00  100.00 100.00 100.00 100.00 100.00 100.00
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)
. 002 022 002 006 008 022
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)

Note: following equatons (3b) and (3c), the table setsout the absoluteandrelative variancesharesattributableto eachcomponenbf the test score;absolute
sharesrein standardieviationunits; differentmodels/estimatorareindicatedin thecolumnsi (a) to (c)referto resultsfrom a partitionediterativealgorithmfor
differentchoicesof initialization scalar’, (d) is the householdupper bound,(e) is the schoolupperbound,and(f) is a mixedlinear model } ns is the estimated
correlationcoeficientbetweerhouseholdandschooleffects;standarcerrorsare reportedin parenthesegalculatedusingthe asymptoticapproximationdueto
Ahn and Fesslen(2003)

Sourceiowncalculations.
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TableB6: Full variancedecompositiorior UG

Absolute contributions (in s.d. units)

Relative shares (in %)

(a) (b) (©) (d) (e) Q) (a) (b) () (d) (e) Q)]
= ° = ° = UBH UBS MLM = ° = = UBH UBS MLM
] 017 0.8 018 0.13 020 019 294 312 313 175 405 359
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.06) (0.06) (0.06) (0.04) (0.07) (0.06)
) 053 039 035 056 031 038 28.03 1557 1222 31.03 935 1472
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.25) (0.19) (0.17) (0.27) (0.15) (0.18)
) 031 040 055 014 053 044 949 1577 3039 203 2811 19.44
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.25) (0.32) (0.45) (0.12) (0.43) (0.36)
C 010 025 -004 013 0.18 022 096 638 -0.13 173 315 478
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.06) (0.16) (0.02) (0.08) (0.11) (0.14)
C 014 011 009 016  0.09 011 1.80 131 086 247 074 131
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.05) (0.04) (0.04) (0.06) (0.03) (0.04)
C 4 011 -0.10 -006 004 -0.08  0.18 125 092 037 019 -059  3.34
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.05) (0.05) (0.03) (0.02) (0.04) (0.09)
) 076 077 073 078 074 073 57.94 5877 5390 60.79 5520 52.82
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00) (0.25) (0.25) (0.24) (0.26) (0.25)  (0.24)
) 1.00 1.00 1.00 100  1.00  1.00  100.00 100.00 100.00 100.00 100.00 100.00
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)
. 003 020 -000 011 010 o0.14
(0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)

Note: following equationg3b) and (3c), the table setsout the absoluteand relative variancesharesattributableto eachcomponenbf the test score;absolute
sharesrein standardieviationunits; differentmodels/estimatorareindicatedin thecolumnsi (a) to (c)referto resultsfrom a partitionediterativealgorithmfor
differentchoicesof initialization scalar’, (d) is the householdupper bound,(e) is the schoolupperbound,and(f) is a mixedlinear model } ns is the estimated
correlationcoeficientbetweerhouseholdandschooleffects;standarcerrorsare reportedin parenthesegalculatedusingthe asymptoticapproximationdueto
Ahn and Fesslen(2003)

Sourceiowncalculations.
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TableB7: Variancecontributionsfor Kenya by subgroup

Absolute (s.d. units)

Relative (in %)

Strata LeVeI ” ” ” ” c+ ” ” ” c+ ”
Female 0 1.02 021 039 038 0.25| 4.21 14.49 13.92 579 61.59
1 098 0.20 0.38 0.37 0.23| 4.28 14.76 14.46 5.43 61.06
Age 6 098 029 038 039 0.21| 9.08 15.38 15.66 4.83 55.05
9 101 0.16 038 0.39 0.28| 258 14.24 15.12 7.47 60.59
12 101 0.15 038 0.33 0.26| 2.36 14.15 10.80 6.68 66.01
15 101 0.18 038 030 0.24| 3.08 14.38 896 5.63 67.95
Gradéeevel 0 134 015 054 038 037| 1.25 16.38 8.14 7.62 66.61
1 1.07 0.10 041 039 0.23| 0.87 14.76 13.29 4.47 66.61
3 107 0.11 039 040 0.25] 1.01 1358 13.83 5.26 66.32
5 065 011 032 0.24 0.08| 3.01 23.93 13.55 1.42 58.09
SEStercile 1 091 010 036 0.38 0.21| 1.25 1597 17.34 535 60.08
2 0.82 0.08 033 030 0.14| 092 16.67 13.50 290 66.01
3 117 025 044 043 0.29| 4.47 1417 13.11 6.16 62.09
Motherprimary 0 097 020 037 0.38 0.21| 422 1498 15.46 4.75 60.58
1 0.85 0.18 033 0.33 0.16| 4.74 15.15 1490 3.62 61.60
All 119 025 044 042 031] 454 13.61 12.39 6.54 62.92

Note: for eachstratifying variable,indicatedin the first column, sub-groups(secondcolumn) are mutually exclusive
and spanthe entire datasetfemaleis a dummyvariable(i.e., 0 = male, 1 = female);ageand gradelevelsare grouped
(e.g.,agelevel 6 indicateschildrenaged6-8; agelevel 15 is children15 andabove;gradelevel 0 containsneverenrolled
children;gradelevel 5 is all thosewith highestgrade5 andabove);for SEStercile,level 1 is the poorestgroup; mother
edu.takesavalueof 1if themotherhasattendegrimaryschoolyvariancecomponentareasperequationg3b)-(3c)and the
individual effectsareaggregatedbr simplicity (dended,, ¢, ); absoluteandrelativecontributionsareasperearlier tables,
reportedn standardleviationunitsandpercentagesespectively.

Source:owncalculations.
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TableB8: Variancecontributionsfor Tanzaniaby sulgroup

Absolute (s.d. units)

Relative (in %)

Strata Level ” ” ” ” c+ ” ” ” c+ ”
Female 0 101 024 042 036 0.26| 553 17.34 12.63 6.76 57.72
1 098 0.22 042 036 0.26| 517 1799 13.27 6.82 56.76
Age 6 098 0.28 042 0.36 0.23| 8.03 1857 13.54 5.74 54.12
9 1.00 0.20 042 037 0.27| 406 17.72 13.93 7.32 56.97
12 101 0.21 042 0.34 0.27| 447 17.48 1156 7.37 59.12
15 102 025 042 032 0.27| 595 16.76 10.04 7.15 60.10
Gradéeevel 0 103 0.15 051 026 0.28| 2.13 2489 6.26 7.59 59.13
1 1.02 0.15 043 037 0.23] 213 17.68 13.51 5.19 61.50
3 1.07 0.17 043 038 0.28| 241 16.00 12.74 6.88 61.95
5 0.77 017 037 0.29 0.18| 4.81 2293 13.78 5.49 52.98
SEStercile 1 095 0.17 041 037 0.25| 3.04 18.16 15.04 6.77 56.98
2 0.89 007 038 032 025| 056 18.52 13.04 7.72 60.16
3 1.03 025 044 036 0.25| 6.07 18.34 12.46 5.68 57.44
Motherprimary 0 099 024 042 036 0.24| 580 1791 13.09 599 57.22
1 091 0.20 038 0.34 0.23| 5.03 17.25 13.87 6.34 57.51
All 106 025 045 037 0.28| 564 17.81 12.05 6.70 57.80

Note: for eachstratifying variable,indicatedin the first column, sub-groups(secondcolumn) are mutually exclusive
and spanthe entire datasetfemaleis a dummyvariable(i.e., 0 = male, 1 = female);ageand gradelevelsare grouped
(e.g.,agelevel 6 indicateschildrenaged6-8; agelevel 15 is children15 andabove;gradelevel 0 containsneverenrolled
children;gradelevel 5 is all thosewith highestgrade5 andabove);for SEStercile,level 1 is the poorestgroup; mother
edu.takesavalueof 1if themotherhasattendegrimaryschoolyvariancecomponentareasperequationg3b)-(3c)and the
individual effectsareaggregatedbr simplicity (dended,, ¢, ); absoluteandrelativecontributionsareasperealier tables,
reportedn standardleviationunitsandpercentagegespectively.

Sourceowncalculations.
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TableB9: Variancecontributionsfor Ugandaby sub-group

Absolute (s.d. units)

Relative (in %)

Strata Level ” ” ” ” c+ ” ” ” c+ ”
Female 0 099 0.18 039 040 0.25| 3.15 15.66 15.84 6.28 59.08
1 1.00 0.18 0.40 0.40 0.26| 3.07 1550 15.73 6.47 59.23
Age 6 099 0.18 040 0.35 0.25| 3.44 16.43 1259 6.29 61.26
9 1.00 014 039 039 0.29| 2.06 15.33 1540 8.63 58.58
12 100 0.16 039 038 0.28| 253 15.16 14.63 7.89 59.80
15 101 0.8 039 0.35 0.23| 3.37 1491 11.99 5.26 64.47
Gradelevel 0 096 0.21 042 0.18 0.19| 478 19.44 350 3.75 68.53
1 093 0.13 040 0.33 0.21| 197 17.98 12.53 4.82 62.70
3 1.08 0.15 040 038 0.27| 204 14.14 1228 6.41 65.14
5 082 0.16 037 029 0.14| 3.80 1992 1271 2.82 60.75
SEStercile 1 097 0.13 038 041 0.25| 1.75 15.87 18.01 6.50 57.87
2 097 0.10 040 040 0.25| 098 16.77 16.52 6.60 59.15
3 097 0.18 039 0.39 0.22| 3.35 15.79 1595 499 59.91
Motherprimary 0 096 0.17 039 039 0.23| 3.17 16.22 16.73 5.76 58.12
1 099 0.17 039 039 0.24| 3.09 1555 15.86 6.10 59.40
All 101 019 040 039 0.24| 358 1544 15.12 5.77 60.09

Note: for eachstratifying variable,indicatedin the first column, subgroups(secondcolumn)are mutually exclusive
andspanthe entiredatasetfemaleis a dummyvariable(i.e., 0 = male,1 = female);ageandgradelevelsaregrouped
(e.g.,agelevel6 indicateschildrenaged6-8; agelevel 15is childrenl5 andabove;gradelevel 0 containsneverenrolled
children;gradelevel5 is all thosewith highestgradeb andabove);for SEStercile,level 1 is the poorestgroug mother
edu.takesavalueof 1 if themotherhasattendegrimaryschool,variancecomponentareasperequationg3b)-(3c) and
theindividual effectsareaggregatedor simplicity (dended, , ¢, ); absoluteandrelativecontributionsareasper earlier
tables reportedn standardleviationunitsandpercentagesespectively.
Source:owncalculations.
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TableB10: Summaryof absolutevariancecontributions alternativechoicesof *, never enrolled
childrenonly

Kenya Tanzania Uganda

“ .g (S.e.) 8 (s.e) .g  (S.€)

Individual O 0.10 (0.001) 0.06 (0.002) 0.17 (0.002
0.5 0.10 (0.001) 0.06 (0.002) 0.17 (0.002

1 0.10 (0.001) 0.05 (0.002) 0.17 (0.002

Householc 0 0.92 (0.012) 0.76 (0.012) 0.59 (0.011
0.5 0.64 (0.008) 0.57 (0.009) 0.47 (0.009

1 0.51 (0.007) 0.46 (0.007) 0.40 (0.008

School O 0.20 (0.003) 0.16 (0.003) 0.15 (0.003

0.5 0.44 (0.007) 0.27 (0.005) 0.20 (0.004

1 0.80 (0.012) 0.51 (0.009) 0.36 (0.008

Sorting O 0.11 (0.001) -0.15 (0.003) 0.03 (0.001

0.5 0.49 (0.007) 0.35 (0.006) 0.25 (0.005

1 0.32 (0.004) 0.30 (0.005) 0.23 (0.005

Residual -  1.21 (0.017) 0.82 (0.014) 0.83 (0.017
Total . 155 (0.013) 1.11 (0.011) 1.03 (0.012

Note: the table setsout the absolutevariancecontribution (in standarddeviation units)
attributableto eachcomponenbf the testscore,whered s o r is thercantiibution of the
betweenrfactor covariance; differemitializationsof the partitionediterative algorithmare
indicatedby column “; standarderrorsare reportedin parentheses;alculatedusingthe
asymptoticapproximatiordueto Ahn and Fessler (2003)

Sourceiowncalculations.
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TableB1 1 :
children only

variance

Summary of relative
Kenya Tanzania Uganda

ng (s.e. &7, (s.e. g7, (s.e.

Individual 0 0.44 (0.10) 0.26 (0.22) 2.66 (0.31)
0.5 0.43 (0.11) 0.30 (0.21) 2.75 (0.30)

1 0.41 (0.11) 0.24 (0.22) 2.77 (0.30)

Household 0 35.23 (0.90) 46.59 (1.29) 32.30 (1.28)
0.5 17.31 (0.63) 26.17 (0.97) 20.52 (1.02)

1 10.80 (0.50) 17.18 (0.78) 14.72 (0.87)

School 0 1.68 (0.23) 2.19 (0.30) 2.06 (0.37)
0.5 8.10 (0.50) 5.96 (0.49) 3.62 (0.49)

1 26.80 (0.90) 21.22 (0.92) 12.01 (0.89)

Sorting 0 0.47 (0.11) -1.95 (0.27) 0.10 (0.08)
0.5 10.01 (0.51) 9.73 (0.61) 5.84 (0.58)

1 4.18 (0.33) 7.33 (0.53) 4.83 (0.53)

Residual 61.38 (1.56) 54.93 (1.85) 65.28 (2.39)
Total 100.00 (1.15) 100.00 (1.44) 100.00 (1.71)

Note: thetablesetsout therelativevariancecontribution(in percentlattributableto each
componenbf the testscore,whereé s o r is thexgn&ibutionof the betweerfactor
covariancegifferentinitializationsof the partitionediterativealgorithmareindicatedby
column’; standarcerrorsare reportedin parenthesesalculatedusingthe asymptotic
approximatiordueto Ahn and Fessler (2003)

Sourceowncalculations.
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TableB12: Summaryof absolutevariancecontributions alternativechoicesof , children
attending schoanly

Kenya Tanzania Uganda

“ .g (S.e.) 8 (s.e) .g  (S.€)

Individual O 0.05 (0.000) -0.04 (0.000) 0.10 (0.001
0.5 0.04 (0.000) -0.05 (0.000) 0.09 (0.001

1 0.04 (0.000) -0.05 (0.000) 0.09 (0.001

Householc 0 0.48 (0.002) 0.56 (0.002) 0.52 (0.002
0.5 0.36 (0.001) 0.39 (0.002) 0.39 (0.002

1 0.32 (0.001) 0.34 (0.001) 0.35 (0.002

School O 0.29 (0.002) 0.25 (0.002) 0.31 (0.002

0.5 0.37 (0.002) 0.36 (0.002) 0.40 (0.003

1 0.51 (0.003) 0.55 (0.004) 0.56 (0.004

Sorting O  -0.07 (0.000) -0.11 (0.001) 0.10 (0.001

0.5 0.20 (0.001) 0.24 (0.001) 0.25 (0.001

1 -0.12 (0.001) -0.16 (0.001) -0.07 (0.000

Residual -  0.68 (0.002) 0.67 (0.003) 0.73 (0.003
Total . 0.88 (0.002) 0.90 (0.002) 0.97 (0.002

Note: the table setsout the absolutevariancecontribution (in standarddeviation units)
attributableto eachcomponenbf the testscore,whered s o r is thercantiibution of the
betweenrfactor covariance; differemitializationsof the partitionediterative algorithmare
indicatedby column “; standarderrorsare reportedin parentheses;alculatedusingthe
asymptoticapproximatiordueto Ahn and Fessler (2003)

Sourceiowncalculations.
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TableB13:
attending schoabnly

Summary of

relati ve

variance

Kenya Tanzania Uganda

ng (s.e. &7, (s.e. g7, (s.e.

Individual 0 0.29 (0.06) -0.24 (0.05) 1.01 (0.09)
0.5 0.18 (0.06) -0.28 (0.05) 0.84 (0.08)

1 0.17 (0.06) -0.28 (0.05) 0.91 (0.08)

Household 0 29.08 (0.21) 38.26 (0.31) 29.16 (0.27)
0.5 16.21 (0.16) 19.14 (0.22) 16.04 (0.20)

1 13.04 (0.14) 14.20 (0.19) 12.68 (0.18)

School 0 11.02 (0.21) 7.93 (0.20) 10.44 (0.27)
0.5 17.22 (0.26) 16.22 (0.29) 17.30 (0.34)

1 32.87 (0.36) 37.85 (0.44) 33.03 (0.47)

Sorting 0 -0.62 (0.04) -1.47 (0.07) 0.96 (0.06)
0.5 5.11 (0.11) 7.02 (0.16) 6.72 (0.16)

1 -2.01 (0.07) -2.99 (0.10) -0.50 (0.05)

Residual 59.14 (0.38) 54.88 (0.47) 57.14 (0.46)
Total 100.00 (0.29) 100.00 (0.37) 100.00 (0.35)

Note: thetablesetsout therelativevariancecontribution(in percentlattributableto each
componenbf the testscore,whereé s o r is thexgn&ibutionof the betweerfactor
covariancegifferentinitializationsof the partitionediterativealgorithmareindicatedby
column’; standarcerrorsare reportedin parenthesesalculatedusingthe asymptotic

approximatiordueto Ahn and Fessler (2003)
Sourceiowncalculations.
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C List of aggregated regions

Country Aggregated region Actual region Obs.
KE Central Central 33,306
KE Central Nairobi 4,564
KE Coast Coast 49,921
KE Eastern Eastern 84,133
KE North Eastern North Eastern 54,132
KE Nyanza Nyanza 76,471
KE Rift Valley Rift Valley 169,672
KE Western Western 83,720
TZ Arusha Arusha 18,609
TZ Arusha Kilimanjaro 16,102
TZ Arusha Mara 18,172
TZ Dar Es Salaam Dar Es Salaam 5,889
TZ Dar Es Salaam Pwani 17,136
TZ Iringa Dodoma 16,991
TZ Iringa Iringa 15,594
TZ Iringa Morogoro 13,500
TZ Iringa Njombe 2,532
TZ Kagera Geita 4,600
TZ Kagera Kagera 20,595
TZ Kagera Mwanza 25,281
TZ Kigoma Katavi 1,994
TZ Kigoma Kigoma 14,228
TZ Kigoma Rukwa 16,240
TZ Ruvuma Lindi 10,611
TZ Ruvuma Mtwara 6,594
TZ Ruvuma Ruvuma 12,662
TZ Singida Mbeya 18,232
TZ Singida Singida 14,037
TZ Tabora Shinyanga 25,162
TZ Tabora Simiyu 4,576
TZ Tabora Tabora 20,198
TZ Tanga Manyara 16,836
TZ Tanga Tanga 23,092
UG Central Central 64,077
UG Eastern Eastern 120,142
UG Northern Northern 102,723
UG Western Western 75,186
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