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Abstra
tWe 
ompare the e�e
ts of sele
tive and non sele
tive se
ondary edu
ation on 
hildren'stest s
ores, using British data from the National Child Development Study. Test s
oresare modelled as the output of an additive produ
tion fun
tion. An important input isthe 
hild's unobserved initial endowment, whi
h may be 
orrelated with the edu
ationsystem attended. In this model, we generalize the Di�eren
e-in-Di�eren
es approa
h andidentify the entire 
ounterfa
tual distribution of potential out
omes. Our results suggestthat the better performan
e of sele
tive s
hools relative to non sele
tive ones is essentiallydue to di�eren
es in pupils' 
omposition.JEL 
odes: C33, I21.Keywords: sele
tive edu
ation, ability bias, treatment e�e
ts, quantiles.



1 Introdu
tionShould pupils be segregated a

ording to their performan
e, or should all pupils begrouped together? Given the diversity of edu
ation systems around the world and theabsen
e of a 
lear theoreti
al answer to this question, empiri
al measures of the e�e
t ofsele
tive edu
ation on 
hildren's out
omes are needed.1For this purpose, the UK experien
e in the 1970s is of spe
ial value as two systemsof se
ondary edu
ation 
oexisted for some time. In the sele
tive system 
hildren wereassigned to two di�erent types of se
ondary s
hools depending on their results to a tests
ore at age 11, su

essful 
hildren going to \grammar" s
hools while the others attendedless demanding \se
ondary modern" s
hools. In 
ontrast, in the 
omprehensive system
hildren of di�erent ability levels were pooled together.Several resear
hers have tried to 
ompare the 
omprehensive and sele
tive systemsin the UK, 
ontrolling for di�eren
es in parental ba
kground or 
hara
teristi
s of theprimary s
hool.2 Most studies use data from the National Child Development Study(NCDS) and a \value-added" strategy that 
onsists in 
ontrolling for lagged test s
oresin test s
ores equations. In a re
ent paper, Manning and Pis
hke (2006) 
riti
ize thisapproa
h. Using similar data and methods, they �nd a strong positive e�e
t of attendinga sele
tive s
hool on test s
ores administered at age 11, that is before starting se
ondarys
hool. They interpret this exer
ise as a falsi�
ation test, whi
h suggests that attendinga sele
tive s
hool is likely to be 
orrelated with unobservables that a�e
t later out
omes.In this paper, we propose a method that addresses the 
on
ern that 
hildren attending
omprehensive or sele
tive s
hools may have di�erent observed and unobserved 
hara
-teristi
s. Of spe
ial 
on
ern is that the 
hild's initial endowment, part of whi
h re
e
tsher 
ognitive ability, may be 
orrelated with the edu
ation system attended. Be
ausewe think that our approa
h is original and 
ould be applied to other settings, we devotea large part of the paper to the exposition of the methodology. Then, in a se
ond partof the paper, we provide a substantive empiri
al appli
ation to the 
omparison of the
omprehensive and sele
tive s
hooling systems in the UK using the NCDS data.In the model, attending a sele
tive se
ondary s
hool is understood as a \treatment",the e�e
t of whi
h we intend to measure. Test s
ore out
omes are measured in twoperiods. In period 1 (age 11 in the data) the treatment is not yet realized. In period2 (age 16 in the data) the treatment has been realized and out
omes are 
onditionalon the edu
ation system attended. The diÆ
ulty of the exer
ise, in 
ommon with most1



of the treatment e�e
ts literature, is that we do not observe the test s
ores of 
hildrenwho attended a sele
tive s
hool, in the 
ounterfa
tual event that they instead attendeda 
omprehensive one. In the �rst part of the paper, we provide 
onditions under whi
hthe entire 
ounterfa
tual distribution of these potential out
omes is identi�ed.We assume that test s
ores in both periods are the output of a produ
tion fun
tion(as in Todd and Wolpin, 2003, 2004). There are three types of inputs: family ands
hool 
hara
teristi
s, all measured before age 11, on whi
h we have data; the 
hild'sinitial endowment (ability), whi
h is unobserved to the e
onometri
ian; and sho
ks toedu
ational attainment, also unobserved and possibly serially 
orrelated. The produ
tionte
hnology that maps these three fa
tors into test s
ores is additive.Attending a sele
tive or 
omprehensive se
ondary s
hool is assumed not to dependon the sho
ks to future edu
ational attainment (between ages 11 and 16). However,the distributions of initial endowments of 
hildren in the two edu
ation systems areallowed to be di�erent. For this reason, the hypothesis of sele
tion on observables (e.g.,Rosenbaum and Rubin, 1983) does not hold in the model: if 
hildren about to attend asele
tive s
hool are better endowed before starting, di�eren
es at age 16 between the twoedu
ation systems will not re
e
t the true e�e
t of sele
tive edu
ation on a
hievement,even 
ontrolling for observed 
ovariates.The presen
e of the unobserved endowment 
reates a 
hallenging identi�
ation andestimation problem. We start by studying the simple setup where there are no 
ovari-ates, and the returns to the endowment in period 1 (age 11) and period 2 (age 16) areequal. In this model, the average treatment e�e
t 
an be 
onsistently estimated using aDi�eren
e-in-Di�eren
es (DID) estimator. We show that the DID logi
 
an be extended,and that the entire distribution of potential out
omes is nonparametri
ally identi�ed. Inparti
ular, all quantile treatment e�e
ts are also identi�ed. The generalization of the DIDapproa
h to the entire distribution of out
omes is based on a simple use of 
hara
teristi
fun
tions, and seems to be a new result in the literature.Athey and Imbens (2006, AI hereafter) also provide identi�
ation results for distrib-utions of potential out
omes in a DID framework. However, the assumptions needed intheir approa
h may be too strong in models with a linear fa
tor stru
ture, su
h as themodels usually 
onsidered in the edu
ation produ
tion fun
tion literature. In our model,Athey and Imbens's approa
h fails at re
overing the true distribution in general. As anexample, we show that when distributions are normal AI's approa
h will be in
onsistentunless the distribution of period 2 out
omes is a mean shift of the distribution of out-2




omes in period 1, or the endowment is independent of the treatment.3 In 
ontrast, ourapproa
h allows the distributions of pre- and post-treatment out
omes to have di�erentshapes.We 
onsider three extensions of this basi
 setup. First, we show how to deal withobserved 
ovariates, allowing the unobserved initial endowment to be 
orrelated with
ovariates in an unrestri
ted way. So, the endowment is analogous to a \�xed" e�e
t ina panel data model.4 Next, we relax the assumption of equal returns to the endowmentin the two periods. In this 
ase, mean and distributional e�e
ts depend on the ratio ofthe returns in the two periods, whi
h we identify using lagged out
omes as instruments.Lastly, we dis
uss how to estimate mean and distributional e�e
ts if some transforma-tions of test s
ores (instead of the test s
ores themselves) are linear in the unobservedendowment. This last extension is important, as our method is not invariant to monotonetransformations of out
omes.Estimation of mean and distributional e�e
ts is dis
ussed next. When 
ontinuous
ovariates are present, we propose to use the inverse probability weighting method ofHirano, Imbens and Ridder (2003) and Abadie (2005) for estimating average e�e
ts. Toestimate the entire distribution of out
omes nonparametri
ally, we use a standard ker-nel de
onvolution estimator with trimming. The theoreti
al literature on nonparametri
de
onvolution shows that the rate of 
onvergen
e of de
onvolution estimators may bevery slow (e.g., Carroll and Hall, 1988). However, in our appli
ation we obtained reason-ably pre
ise estimates, suggesting that the nonparametri
 approa
h that we propose is apra
ti
al possibility. We also propose a simple strategy to allow for 
ovariates.We then apply the methodology to the NCDS sample. Des
riptive statisti
s show that
hildren perform better in sele
tive than in 
omprehensive s
hools. Our results show thatthese di�eren
es are essentially due to di�eren
es in pupils' 
omposition. When a

ount-ing for di�eren
es in observables and unobservables, the mean e�e
t be
omes small andinsigni�
ant. Quantile e�e
ts are also small, at most 15% of a standard deviation at per-
entile 80 where the e�e
t is maximum. Various robustness 
he
ks 
on�rm the results.The outline of the paper is as follows. In Se
tion 2 we present the model and studythe identi�
ation of distributions. Se
tion 3 dis
usses estimation and inferen
e. We thenpresent the empiri
al appli
ation in Se
tion 4, and 
on
lude in Se
tion 5.
3



2 Identi�
ation analysisIn this se
tion we present the model that we will use to quantify the e�e
ts of sele
tiveedu
ation, and study the identi�
ation of the distribution of potential out
omes.2.1 A model of test s
oresThere are two periods: before se
ondary edu
ation (period 1, age 11 in our empiri
alappli
ation), and after (period 2, age 16). Let Yi1 be a test s
ore in period 1, and Yi2be a test s
ore measured in period 2, where i indexes individual units. Let also Di = 1(respe
tively Di = 0) denote attending a sele
tive (resp. 
omprehensive) se
ondarys
hool. We will refer to Di as the \treatment" of interest, and try to identify andestimate its e�e
t on 
hildren's out
omes.We want to 
ompare the out
omes of the 
hildren who attended a sele
tive se
ondarys
hool with their out
omes, had they instead attended a 
omprehensive s
hool. FollowingRubin (1974) and He
kman (1990) we adopt the potential out
ome framework and denoteas Y 0i2 the se
ond period out
ome that individual i would have had in the absen
e of thetreatment. Y 0i2 is thus the test s
ore of individual i, had he attended a 
omprehensives
hool. Similarly, we denote as Y 1i2 the potential se
ond-period out
ome of i, had heattended a sele
tive s
hool. The observed out
ome is Yi2 = DiY 1i2 + (1 � Di)Y 0i2. In
ontrast, the out
ome in period 1, before attending a se
ondary s
hool, is not 
onditionalon the edu
ation system attended between ages 11 and 16. Yi1 is thus a realized|asopposed to a potential|out
ome.We suppose the following model test s
ores:Y 0i2 = g02 (Xi; �i; v0i2)Yi1 = g1 (Xi; �i; vi1) : (1)In (1), test s
ores are the output of an edu
ation produ
tion fun
tion, with threetypes of inputs (Todd and Wolpin, 2003, 2004). First, test s
ores depend on observed
hara
teristi
s Xi, that in
lude parental, s
hool and lo
al 
hara
teristi
s measured at age11 or earlier. Importantly, Xi do not in
lude the 
hara
teristi
s of the se
ondary s
hoolattended between ages 11 and 16.5 So, our 
omparison of the edu
ation systems will
apture di�eren
es in s
hool 
hara
teristi
s (su
h as tea
her's quality, or 
lass size) aswell as other fa
tors (su
h as the fa
t of grouping 
hildren by ability levels).The se
ond input to test s
ores is the 
hild's initial endowment �i, whi
h 
ontains the
hild's 
ognitive ability. We allow �i to be 
orrelated with Xi and Di, as parental inputs4



and s
hool 
hoi
e may be based on the 
hild's ability. The third input to test s
ores aresho
ks to edu
ational attainment vi1 and v0i2, possibly 
orrelated with ea
h other. Partof these sho
ks 
ould re
e
t lu
k on the parti
ular day of the exam, or an improvementor a worsening of a
ademi
 a
hievement in a parti
ular year, relative to the long-runa
ademi
 performan
e of the 
hild.To 
ondu
t the analysis, we restri
t the produ
tion fun
tion to be additive in thefollowing sense: Y 0i2 = f 02 (Xi) + �02�i + v0i2Yi1 = f1 (Xi) + �1�i + vi1; (2)where �1 and �02 are the s
alar returns to the unobserved endowment, whi
h may di�erbetween the two periods. Although it is assumed in most of the literature on the edu
ationprodu
tion fun
tion, additivity may be restri
tive, mostly be
ause test s
ores are ratherarbitrary measures of edu
ational a
hievement.6 At the end of this se
tion we dis
usshow to deal with transformations of the test s
ore variables. Allowing for more generalnonlinearities, and in parti
ular relaxing the additive index stru
ture of the model, would
ompli
ate the analysis signi�
antly.7Allowing for the presen
e of �i when 
omparing the 
omprehensive and sele
tives
hooling systems is motivated by the analysis in Manning and Pis
hke (2006), whi
hsuggests that the distributions of unobservables in the two systems are di�erent. However,�i, whi
h is not observed by the e
onometri
ian, a
ts as a \
onfounder" and 
ompli
atesthe estimation. As the methods previously proposed in the treatment e�e
ts literature donot apply, we need to develop new strategies for identifying and estimating these e�e
ts.We now dis
uss the identi�
ation of the distribution of Y 0i2 given Di = 1 (on the treated),starting with a spe
ial 
ase.2.2 Identi�
ation in a spe
ial 
aseIn the parti
ular 
ase without 
ovariates and with equal returns to the endowment, themodel is written as follows: Y 0i2 = �02 + �i + v0i2;Yi1 = �1 + �i + vi1; (3)where �1 and �02 are s
alar parameters.We are interested in the distribution of Y 0i2 given Di = 1, that is: the e�e
t on thetreated. In the empiri
al appli
ation, this is the distribution of age 16 out
omes of 
hildren5



who attended a sele
tive s
hool, in the 
ounterfa
tual event that they instead attendeda 
omprehensive s
hool. We assume that we have data on (Yi2; Yi1; Di) and study theidenti�
ation of the entire 
ounterfa
tual distribution of potential out
omes.8We make three assumptions on model (3). The �rst one amounts to assuming thatthe treatment is not related to the sho
ks.Assumption 1 vi1 and v0i2 are independent of Di.Assumption 1 is 
riti
al for identifying and estimating the e�e
t of attending a se-le
tive s
hool. Under Assumption 1, di�eren
es in pre-treatment out
omes re
e
t onlydi�eren
es in individual-spe
i�
 
hara
teristi
s �i. In our appli
ation, this means thattest s
ores at age 11 may di�er on average between 
hildren who will attend a sele
tiveor a 
omprehensive s
hool, but only to the extent that the average initial endowments�i in the two groups are di�erent. Likewise, the potential and realized se
ond-periodout
omes (Y 0i2 and Yi2, respe
tively) may di�er on average if the mean of �i is not thesame among treated and 
ontrols, i.e. if the initial endowments of 
hildren in the twoedu
ation systems are di�erent.Assumption 1 implies that one 
an re
over the mean potential out
ome among thetreated individuals as:E �Y 0i2jDi = 1� = E (Yi2jDi = 0) + E (Yi1jDi = 1)� E (Yi1jDi = 0) : (4)The average treatment e�e
t on the treated (ATT) is then given by:� � E (Yi2jDi = 1)� E �Y 0i2jDi = 1� = [E (Yi2jDi = 1)� E (Yi2jDi = 0)℄� [E (Yi1jDi = 1)� E (Yi1jDi = 0)℄ : (5)The right-hand side in (5) is the usual Di�eren
e-in-Di�eren
es (DID) estimand, wherethe additive e�e
ts of time and individual heterogeneity have been di�eren
ed out. So,DID will yield 
onsistent estimates of the ATT under Assumption 1.To re
over the distribution of Y 0i2 given Di = 1, we make another assumption thatrestri
ts the stru
ture of unobservables in the model.Assumption 2 vi1 and v0i2 are independent of �i given Di.Assumption 2 requires the sho
ks to the out
omes to be independent of the individual-spe
i�
 endowment �i. This for example rules out the possibility that the sho
ks haveindividual-spe
i�
 varian
es. Note that �i is allowed to be 
orrelated with the treatment6



Di, so �i is analogous to a \�xed e�e
t" in a panel data model as it is independent oftime-varying innovations but may be 
orrelated with Di. Moreover, the sho
ks to tests
ores vi1 and v0i2 are allowed to be 
orrelated in an unrestri
ted way.Finally, we need a third, more te
hni
al assumption. Given the additivity and inde-penden
e assumptions made in the model, it will be very 
onvenient to work with 
hara
-teristi
 fun
tions. The 
hara
teristi
 fun
tion of a random variableW is a 
omplex-valuedfun
tion, that asso
iates to ea
h real number t: 	W (t) = E (exp (jtW )), where j = p�1is a 
omplex square root of �1.9 A one-to-one mapping with the density fun
tion10 ofW , say fW , is given by the inverse Fourier transformation:fW (w) = 12� Z exp (�jtw)	W (t)dt: (6)Assumption 3 The 
hara
teristi
 fun
tion of Yi1 given Di = 0 is non-vanishing on R.It is very 
ommon in the nonparametri
 de
onvolution literature to assume that some
hara
teristi
 fun
tions have no real zeros (see S
henna
h, 2004, for referen
es). Manyusual parametri
 distributions (normal, Gamma...) satisfy this 
ondition. Examplesof distributions with 
hara
teristi
 fun
tions having real zeros are the uniform and thesymmetri
ally trun
ated normal.11The following theorem shows that the 
hara
teristi
 fun
tion of Y 0i2 given Di = 1 isidenti�ed. The proof is in Appendix A.Theorem 1 Let Assumptions 1, 2 and 3 hold. Then:	Y 0i2jDi=1(t) = 	Yi1jDi=1(t)	Yi1jDi=0(t)	Yi2jDi=0(t): (7)Theorem 1 expresses the 
hara
teristi
 fun
tion of the potential out
ome as a fun
tionof three 
hara
teristi
 fun
tions that 
an be 
onsistently estimated pointwise, given arandom sample on (Yi2; Yi1; Di). Moreover, the theorem has an intuitive interpretation.Taking logarithms in (7) (provided they exist) we obtain:log	Y 0i2jDi=1(t) = log	Yi2jDi=0(t) + log	Yi1jDi=1(t)� log	Yi1jDi=0(t): (8)Equation (8) is a generalization of (4) to the entire distribution. Indeed, taking �rstderivatives in (8) and evaluating at zero yields equation (4) for the mean e�e
t.In equations (4) and (8) the same logi
 applies: to obtain the distribution of potentialout
omes, the distribution of realized out
omes in the population of treated individuals7



is 
orre
ted for the fa
t that treated and 
ontrols do not have the same distributionof unobservables �i. Moreover, 
orre
ting for di�eren
es in �i is done by adding andsubtra
ting the distributional 
hara
teristi
s of pre-treatment out
omes for treated and
ontrols, respe
tively. This is the logi
 of Di�eren
e-in-Di�eren
es, that Theorem 1extends to the entire distribution of out
omes. In the example of s
hooling, the age 16test s
ores of 
hildren attending a sele
tive s
hool are thus 
orre
ted for di�eren
es in age11 test s
ores between the two edu
ation systems, as 
hildren attending a 
omprehensiveor a sele
tive se
ondary s
hool may have di�erent initial endowments.12Having obtained the identi�
ation of the 
hara
teristi
 fun
tion of potential out
omes,the identi�
ation of their density immediately follows by taking the inverse Fourier trans-formation.Corollary 1 Let Assumptions 1, 2 and 3 hold. Then:fY 0i2jDi=1(y) = 12� Z exp (�jty) �	Yi1jDi=1(t)	Yi1jDi=0(t)	Yi2jDi=0(t)� dt: (9)Corollary 1 thus shows that the entire distribution of potential out
omes is identi�ed.So, in addition to the ATT, the quantile treatment e�e
ts de�ned as follows are alsoidenti�ed: �(� ) � F�1Yi2jDi=1(�)� F�1Y 0i2jDi=1(� ); � 2 [0; 1℄;where F is a generi
 notation for a 
umulative distribution fun
tion (
.d.f.). Di�eren
esin quantiles are likely to be very informative in the 
ontext of sele
tive/
omprehensiveedu
ation. Indeed, be
ause of the dual nature of the sele
tive system (separated intogrammar and se
ondary modern s
hools), 
hildren at di�erent points of the distribution
ould bene�t di�erently from attending a sele
tive s
hool.13Relationship with Athey and Imbens (2006). Our approa
h is related to Atheyand Imbens' (2006, AI hereafter) \Changes-in-Changes" (CIC) model. The approa
h inAI relies on the following identity for the 
.d.f. of potential out
omes:FY 0i2jDi=1(y) = FYi1jDi=1 �F�1Yi1jDi=0 �FYi2jDi=0(y)�� : (10)An important remark for our purpose is that (10) is generally not satis�ed in model (3)under our assumptions.To illustrate this point, let us 
onsider the spe
ial 
ase where the unobservables follownormal distributions. Then (10) is not satis�ed, unless the distributions of vi1 and v0i28



are identi
al, or �i is independent of Di. To see why, let �i be normally distributed givenDi = k, with mean and varian
e �k and �2k (k = 0; 1), and let vi1 and v0i2 be normal withzero mean and varian
e �21 and �22, respe
tively. Then, simple algebra14 shows that theright-hand side of (10) is the 
.d.f. of a normal distribution with mean �02+��1+(1��)�0and varian
e �2 (�21 + �21), where � =q�20+�22�20+�21 . Those 
oin
ide with the mean and varian
eof Y 0i2jDi = 1 (�02 + �1 and �21 + �22, respe
tively) only if �21 = �22 or (�0; �20) = (�1; �21),i.e. if the distributions of vi1 and v0i2 are identi
al, or if �i is independent of Di.The reason why AI may fail to re
over the distribution of potential out
omes in model(3) is that their approa
h requires the unobservables to have the same distribution in thetwo periods, for treated and 
ontrols (see AI's Assumption 3.3, p.439). In the 
ontextof our appli
ation this restri
tion is unappealing,15 as it implies that out
omes at age11, and (potential) out
omes at age 16 in the 
omprehensive system, have the samedispersion and the same shape. In 
ontrast, in our approa
h the distribution of (vi1; v0i2)is not restri
ted, allowing for example 
omprehensive s
hools to have an equalizing e�e
ton 
hildren's out
omes.It is important to emphasize that the generality of our approa
h is obtained at the 
ostof imposing additivity on the out
ome variables. Although not unnatural in produ
tionfun
tion appli
ations, additivity is often diÆ
ult to justify from e
onomi
 theory. Inaddition, unlike AI our method is not invariant to monotone transformations of thetest s
ore variables. For this reason, in the empiri
al part we will work with varioustransformations of test s
ores.162.3 Identi�
ation in the general 
aseWe now dis
uss the identi�
ation of mean and distributional e�e
ts in the general 
ase,where 
ovariates are present and returns to the endowment may vary between periods.In many 
ontexts one may want to allow for e�e
ts of 
ovariates that are asso
i-ated with the 
hange in out
omes, and are not similarly distributed between treated and
ontrols. This is the 
ase in our appli
ation as, for example, 
hildren attending 
om-prehensive s
hools 
ome on average from a lower parental ba
kground, and live in lesswealthy areas. We now show how to extend the analysis of model (3) to allow for thepresen
e of 
ovariates.Let Xi be a set of pre-treatment 
hara
teristi
s. Assumptions 1, 2 and 3 are assumedvalid 
onditional on Xi. This 
overs 
ases where potential out
omes are additive in Xi,9



as in equations (2). In addition, as we are interested in estimating e�e
ts on the treated,we need the following assumption that restri
ts the support of the propensity s
ore. Forthis we denote pD = P (Di = 1), and pD(x) = P (Di = 1jXi = x).Assumption 4 pD > 0, and pD(Xi) < 1 with probability one.Note that the assumptions restri
t the 
orrelation between time-varying sho
ks andthe treatment, yet they leave the 
orrelation between �i (and also vi1, v0i2) and Xi unre-stri
ted. In an edu
ation produ
tion fun
tion approa
h, it is important not to restri
tthis 
orrelation as, for example, parents may take their 
hild's ability �i into a

ountwhen de
iding what primary s
hool to 
hoose (the 
hara
teristi
s of the primary s
hoolare part of the 
ovariates Xi).Let 	W jZ(tjz) = E (exp (jtW ) jZ = z) denote the 
onditional 
hara
teristi
 fun
tionof a random variable W given Z. We then have the following result, that gives theidenti�
ation of the 
onditional and un
onditional 
hara
teristi
 fun
tions of Y 0i2 givenDi = 1. As in the 
ase without 
ovariates, knowledge of the 
hara
teristi
 fun
tionimplies knowledge of the density, using the inverse Fourier transformation.Theorem 2 Let Assumptions 1, 2, 3 hold given Xi (almost everywhere), and let As-sumption 4 hold. Then:	Y 0i2jDi=1;Xi(tjx) = 	Yi1jDi=1;Xi(tjx)	Yi1jDi=0;Xi(tjx)	Yi2jDi=0;Xi(tjx); (11)and 	Y 0i2jDi=1(t) = 1pD E [!(tjXi) (1�Di) exp (jtYi2)℄ ; (12)where we have denoted as!(tjXi) � pD(Xi)(1� pD(Xi)) 	Yi1jDi=1;Xi(tjXi)	Yi1jDi=0;Xi(tjXi)= E [Di exp (jtYi1) jXi℄E [(1�Di) exp (jtYi1) jXi℄ : (13)It is interesting to remark that in model (3) potential out
omes are not independentof the treatment given observables, i.e. sele
tion on observables (Rosenbaum and Rubin,1983) does not hold. Instead, the model satis�es an assumption of sele
tion on observablesand unobservables, as Y 0i2 is independent of Di given Xi and �i. As the distribution of �imay di�er between treated and 
ontrols, estimators based on the sele
tion-on-observablesassumptions will be biased in general. The empiri
al part will illustrate that taking intoa

ount di�eren
es in unobservables may be very important in s
hooling appli
ations.10



Allowing for di�erent returns to unobservables. The ben
hmark model (3) im-poses that the 
oeÆ
ients of �i in the equations of pre- and post-treatment out
omes arethe same. In some instan
es, one may want to allow for di�erent 
oeÆ
ients, for exampleto allow ability to be di�erently rewarded at age 11 and 16, and to have a spe
i�
 returnin the 
omprehensive edu
ation system. Here we show how to extend our framework toallow for di�erent 
oeÆ
ients in both periods.We start with the following model, without observed 
ovariates:Y 0i2 = �02 + �02�i + v0i2;Yi1 = �1 + �1�i + vi1; (14)where �1, �1, �02 and �02 are s
alar parameters. Note that (14) implies thatY 0i2 = �02 � ��1 + �Yi1 + v0i2 � �vi1; (15)where � = �02=�1 is the ratio of returns to �i.Yi1 is endogenous in equation (15), if only be
ause of the presen
e of the 
ontempo-raneous sho
k vi1. In similar 
ontexts, solutions often involve the use of instrumentalvariables. The next identifying assumption requires that su
h an instrument is available.Assumption 5 There exists a variable eYi0 su
h that:( vi1 and v0i2 are un
orrelated with eYi0 given Di = 0;Yi1 and eYi0 are 
orrelated given Di = 0: (16)Importantly, eYi0 is not assumed independent of �i or of potential out
omes.17 ThuseYi0 is an \instrument" in the sense of the literature on linear panel data models, beingorthogonal to the time-varying innovations though not to the �xed e�e
t. In the appli-
ation to s
hooling, we will use lagged test s
ores to instrument Yi1 in (15), in a similarway as in previous work on panel data (e.g., Holtz-Eakin et al., 1988).Under Assumption 5, eYi0 is a valid instrument for Yi1 in (15) when 
onditioning onDi = 0. So � is identi�ed as: � = Cov �eYi0; Yi2jDi = 0�Cov �eYi0; Yi1jDi = 0� : (17)Provided that � is identi�ed, the above analysis may be repli
ated, yielding:fY 0i2jDi=1(y) = 12� Z exp (�jty) �	Yi1jDi=1(�t)	Yi1jDi=0(�t)	Yi2jDi=0(t)� dt: (18)11



Hen
e the identi�
ation of the entire distribution of potential out
omes.This framework 
an easily be generalized to allow for a ve
tor of endowments, providedthat one has data on various pre-treatment out
omes (e.g., several tests administered atage 11) and various instruments. We 
an similarly prove the identi�
ation in the modelwith observables Xi, when Assumption 5 holds given Xi, letting eYi0 be 
orrelated withXi. Also, note that � may depend on Xi. In pra
ti
e, we found that imposing that � is
onstant improved the pre
ision of the density estimates. We shall make this assumptionin the appli
ation.Lastly, remark that our approa
h is not equivalent to 
onditioning on the �rst period'sout
ome, whi
h is sometimes referred to as the \value-added" methodology. Indeed, the\value-added" estimand of the mean is:E (E (Yi2jYi1; Di = 0) jDi = 1) = �02 � ��1 + �E (Yi1jDi = 1)+E �E �v0i2 � �vi1jYi1; Di = 0� jDi = 1� :This is di�erent from the mean potential out
ome in model (14):E �Y 0i2jDi = 1� = �02 � ��1 + �E (Yi1jDi = 1) :Nonlinearities in the produ
tion fun
tion. The assumption that the edu
ationprodu
tion fun
tion is linear in the endowment may be too strong. In parti
ular, unlikethe approa
h in Athey and Imbens (2006), ours is not invariant to monotone transfor-mations of the test s
ores. So it is important to 
he
k the robustness of our results toother normalizations of the s
ores.To simplify the presentation, 
onsider a model without 
ovariates, where the depen-dent variables are now some transformations of the original test s
ores:h �Y 0i2;�02� = �02 + �02�i + v0i2;h (Yi1;�1) = �1 + �1�i + vi1; (19)where �1, �1, �02 and �02 are s
alar parameters, �1 and �02 are ve
tors of parameters, andh is a known fun
tion that we suppose in
reasing in y.We assume that �1 and �02 are known.18 Then the methods exposed in the previousse
tions imply, under the aforementioned assumptions, that the distribution of h �Y 0i2;�02�given Di = 1 is identi�ed. It follows from basi
 statisti
al theory that the distributionof Y 0i2 given Di = 1 is also identi�ed. For example, the 
orresponden
e between thequantiles of the two distributions is given by:F�1Y 0i2jDi=1 (�) = h�1 �F�1h(Y 0i2;�02)jDi=1 (� ) ;�02� ;12



where h�1 (h(y;�);�) = y.Moreover, knowledge of the distribution of potential out
omes implies that one 
anre
over the mean of Y 0i2 given Di = 1, as:E �Y 0i2jDi = 1� = Z yfY 0i2jDi=1(y)dy:This would not be possible if only the mean of the transformed out
ome was identi�able,as opposed to its full distribution. See Abrevaya (2002) for a related point in the 
ontextof a Box-Cox transformation model.3 Estimation and inferen
eIn this se
tion we dis
uss estimation of mean and distributional e�e
ts. A STATA pro-gram is available online.193.1 No 
ovariatesWe start with the simple model (3) without 
ovariates, where the 
oeÆ
ients of �i arethe same in both periods. Throughout, we will assume that we have a random sample(Yi2; Yi1; Di), i = 1; :::; N .Estimating the mean in (4) is straightforward, so we 
on
entrate on the estimationof the density of potential out
omes in (9). Our pointwise estimate is:bfY 0i2jDi=1(y) = 12� Z TN�TN exp (�jty)" b	Yi1jDi=1(t)b	Yi1jDi=0(t) b	Yi2jDi=0(t)# dt: (20)In this equation, b	W denotes the empiri
al 
hara
teristi
 fun
tion of W . For example,if N0 denotes the number of individuals in the 
ontrol group (
omprehensive):b	Yi2jDi=0(t) = 1N0 Xi;Di=0 exp (jtYi2) :TN is a trimming parameter that ensures that the integral in (20) is �nite. To guaranteethe 
onsisten
y of the estimator, TN needs to tend to in�nity with the sample size N .To interpret the estimator given by (20), it is useful to reformulate the problem ofestimating the density of potential out
omes as a nonparametri
 de
onvolution problem.To do so, denote as Yi2 (0) a random variable distributed as (Yi2jDi = 0), and de�nesimilarly Y 0i2 (1), Yi1 (0), and Yi1 (1). Let also Y1 � Y2 denote the independent sum of Y113



and Y2, distributed as the sum of independent draws from Y1 and Y2. Remark that model(3) implies the following equality in distributions (see Theorem 1):Yi2 (0)� Yi1 (1) d= Y 0i2 (1)� Yi1 (0) : (21)The distributional identity (21) may be interpreted as a nonparametri
 de
onvolutionproblem, as its left-hand side is the sum of observed random variables, while its right-hand side is the independent sum of the latent fa
tor Y 0i2 (1), and the \error" Yi1 (0). Thedistribution of the latter is not known a priori, yet a random sample is available fromit. Hen
e, the problem of re
overing the distribution of Y 0i2 (1) in (21) is a de
onvolutionproblem with unknown error distribution.This observation allows us to derive the asymptoti
 properties of the density estimatorgiven by (20). Convergen
e rates of de
onvolution estimators in the 
ase where theerror distribution is known have been studied in several important papers (e.g., Carrolland Hall, 1988, and Fan, 1991a). In a re
ent paper, Johannes (2009) extends thoseresults to the 
ase where the error distribution is unknown and must be estimated.The kernel de
onvolution estimator he 
onsiders 
oin
ides with (20), taking the produ
tb	Yi2jDi=0(t)b	Yi1jDi=1(t) as an estimator of the 
hara
teristi
 fun
tion of the independentsum Yi2 (0)� Yi1 (1).20 As a 
onsequen
e, his results may be applied to our setting.Johannes (2009) �nds that, as in the 
ase of a known error distribution, the densityestimator is 
onsistent and its rate of 
onvergen
e depends on the tails of the 
hara
teristi
fun
tions that appear in (20). Moreover, those rates may be very slow, even logarithmi
when the tails of the 
hara
teristi
 fun
tion of errors are very thin and thus a low TNis needed to ensure 
onsisten
y. Slow rates of 
onvergen
e are the pri
e to pay in ournonparametri
 approa
h, where the dependen
e of Di on �i is left unrestri
ted.The link between our approa
h and nonparametri
 de
onvolution allows us to dis-
uss inferen
e. In the 
ase where the error distribution is known, the kernel de
onvo-lution estimator is asymptoti
ally normal under suitable 
onditions (e.g., Fan, 1991b).Asymptoti
 normality has also been shown in 
ases where the error distribution is es-timated (Horowitz and Markatou, 1996). In our empiri
al appli
ation, we will use thenonparametri
 bootstrap in order to 
ompute pointwise 
on�den
e bands. Proving the
onsisten
y of the bootstrap is diÆ
ult in this 
ontext. In a re
ent paper, Bissantz et al.(2007) provide 
onditions under whi
h the nonparametri
 bootstrap is 
onsistent in themodel with known error distribution. We 
onje
ture that the bootstrap remains 
onsis-tent when the error distribution needs to be estimated, although we are not aware of a14



formal proof of this result.Lastly, it is easy to extend the estimator in (20) to 
ases where the returns to �i aredi�erent in the two periods. We propose to pro
eed in two steps. First, we estimate �by an IV regression of Yi2 on Yi1 on the subsample of observations with Di = 0, using eYi0as an instrument. This yields b�. In a se
ond step, the density is estimated as:bfY 0i2jDi=1(y) = 12� Z TN�TN exp (�jty)" b	Yi1jDi=1(b�t)b	Yi1jDi=0(b�t) b	Yi2jDi=0(t)# dt: (22)Inferen
e is performed by bootstrapping b� and the density estimator simultaneously.3.2 Estimation in the presen
e of 
ovariatesThe previous analysis 
an be easily extended to allow for 
ovariates Xi, in 
ases wherethere are only few dis
rete 
ovariates. In our appli
ation, we want to 
ondition on many
ovariates, dis
rete and 
ontinuous, su
h as parental and s
hool 
hara
teristi
s. Wepro
eed as follows.In order to estimate �, we regress Yi2 on Yi1 and Xi by 2-Stage Least Squares (2SLS)on the subsample of observations su
h that Di = 0, using Xi and eYi0 as instruments.Following Hirano et al. (2003) and Abadie (2005), the ATT 
an be shown to be equal toE (Yi2jDi = 1)� E �Y 0i2jDi = 1� = 1pD E � pD(Xi)1� pD(Xi) (Di � pD(Xi)) (Yi2 � �Yi1)� :(23)We estimate the un
onditional ATT as an empiri
al analog of (23). Namely, weestimate the propensity s
ore pD(Xi) by logit, whi
h may be viewed as a �rst (parametri
)approximation to the series logit estimator used in Hirano et al. (2003). We also repla
e� in (23) by b�.21 Note also that, for (23) to be well-de�ned, we need the propensitys
ore to be stri
tly lower than 1. In the empiri
al appli
ation of Se
tion 4, we sele
t theobservations for whi
h the propensity s
ore is between its 5th and 95th per
entiles.The 
ounterfa
tual density of out
omes is estimated as:bfY 0i2jDi=1(y) = 12� Z TN�TN exp (�jty) 1bpD  1N NXi=1 b! (b�tjXi) (1�Di) exp (jtYi2)! dt;(24)where b! (tjXi) is an estimate of ! (tjXi) given by (13). To 
ompute b! (tjXi) we repla
e the
onditional expe
tations that appear at the numerator and denominator in the last line15



of equation (13) by linear proje
tions.22 We use a numeri
al approximation to 
omputethe integral in (24).23 Finally, to 
hoose the trimming parameter TN , we use a simplemethod due to Diggle and Hall (1993). See Appendix B for more details. Then, on
ethe density is estimated, the 
.d.f. is dire
tly obtained by numeri
al integration, andquantiles are 
omputed by inversion of the estimated 
.d.f. Lastly, pointwise 
on�den
ebands are 
omputed using the nonparametri
 bootstrap.24Our density estimator thus relies on linearizing the 
onditional expe
tations. Thisimposes more stru
ture, in order to deal with the 
urse of dimensionality 
reated bythe presen
e of many regressors. However, our experiments whi
h 
onsisted in addingsquares and intera
tions as extra regressors in Xi yielded very similar estimation results,suggesting that the linearization is a reasonable approa
h in this 
ase.4 Comprehensive and sele
tive s
hooling in the UKIn this se
tion, we apply the approa
h to 
ompare 
omprehensive and sele
tive s
hoolingin the UK in the 1970s, using the NCDS sample. More details on the data and additionalresults are available in the working paper version (Bonhomme and Sauder, 2009, BShereafter).4.1 Data des
riptionThe NCDS is an ongoing longitudinal survey of a British birth 
ohort born between Mar
h3 and 9 of 1958. We are interested in the e�e
ts of sele
tive and 
omprehensive s
hoolingon out
omes. For this reason, we ex
lude from our sample other types of s
hools, su
has te
hni
al or private s
hools (6.7% of the observations in the original NCDS data). Inaddition, we only keep 
hildren who attended the same s
hool during their �ve years ofse
ondary s
hooling. We 
he
ked, using the full NCDS data, that the way we restri
tedthe sample is unlikely to bias the results (see BS for details).We obtain a sample of 6870 observations, 56% of the 
hildren attending a 
ompre-hensive s
hool. Our measure of 
hildren's out
omes is the test s
ore in mathemati
sadministered at age 16. As other test s
ores, it was given during the survey interview.We also use test s
ore variables measured before starting se
ondary s
hool: mathemati
sand reading at ages 7 and 11, verbal at age 11, and two additional tests administered atage 7: \draw-a-man" and \
opying designs".The 
ontrol variables that we use 
an be divided into three 
ategories. Family 
har-16



a
teristi
s in
lude the gender of the 
hild, father's and mother's edu
ation, the father'sso
ial 
lass, father's and mother's in
ome (both reported in bra
kets), and the labormarket status of the mother. S
hool attributes in
lude pupil-tea
her ratios at ages 7 and11, the nature of the primary s
hool and the existen
e of ability tra
king. We do notin
lude 1974 (i.e., age 16) s
hool 
hara
teristi
s as 
ontrols. Lo
al 
hara
teristi
s 
ontainper
entages of unemployed workers in the ward where the 
hild lives and other per
ent-ages that we 
onstru
ted by merging the NCDS with 
ensus data for 1971. Lastly, insome spe
i�
ations we in
luded the share of 
omprehensive s
hools in the lo
al edu
ationauthority (LEA) as an additional 
ontrol, as well as additional LEA 
hara
teristi
s.25Referen
es about the data sour
es and the variables used are given in BS.Table 1 shows some des
riptive statisti
s for the two groups of 
hildren in the sample,attending the 
omprehensive or the sele
tive edu
ation system. Children aged 16 at-tending sele
tive s
hools s
ore on average 1.9 points higher in mathemati
s than 
hildrenattending 
omprehensive s
hools, roughly 30% of a standard deviation. The table showsthat the two systems are also very di�erent in terms of intake, as 
hildren attendingsele
tive s
hools perform better at all tests at ages 7 and 11. For example, they s
ore 3points higher in mathemati
s at age 11, that is 30% of a standard deviation.The sele
tive system is by 
onstru
tion very heterogeneous. The se
ond part of Table1 illustrates this feature, showing des
riptive statisti
s by s
hool type: grammar andse
ondary modern. The table shows huge di�eren
es, 
hildren in grammar s
hools s
oring10 points more than the ones in se
ondary modern s
hools. Moreover, there are alsomarked di�eren
es in terms of intake. For example, 
hildren at grammar s
hools s
ore onaverage 15 points higher in mathemati
s at age 11, and their parents are more edu
ated.The strong 
orrelations between age 11 test s
ores and the type of se
ondary s
hoolattended suggests that the pupils' 
omposition of 
omprehensive and sele
tive (grammaror se
ondary modern) s
hools is very di�erent. In the next se
tion, we apply our method-ology to 
ompare the two s
hooling systems, allowing for di�eren
es in observable andunobservable 
hara
teristi
s between pupils.4.2 Estimation resultsMean e�e
ts. We start by do
umenting the mean e�e
t of attending a sele
tive s
hool,on the treated, i.e. for 
hildren who a
tually attended a sele
tive s
hool. The �rst step inthe estimation of the mean e�e
t is to estimate the ratio of the returns to the unobserved17



endowment �i between age 11 and age 16, � = �02=�1. We estimate � by a 2-StageLeast Squares (2SLS) regression of the s
ore in mathemati
s at age 16 on the s
ore inmathemati
s at age 11 and exogenous 
ovariates, on the subsample of 
hildren attendinga 
omprehensive s
hool (Di = 0). We 
ontrast various sets of instruments.We start by using lagged s
ores (administered at age 7) in mathemati
s and readingas instruments. Lagged dependent variables are often used as instruments in linearpanel data models. However, if the sho
ks to test s
ores at age 7 and 11 are 
orrelated,those instruments will be invalid in general. For this reason, we also present resultsusing as instruments test s
ores administered at age 7 in other subje
ts: draw-a-manand 
opying designs (see Subse
tion 4.1), whi
h are less 
orrelated with the s
ores inmathemati
s. Lastly, we also show results using father's and mother's edu
ation asinstruments. Parental edu
ation will be a valid instrument for Yi1 if it is a determinantof the 
hild's endowment, un
orrelated with future sho
ks to edu
ational attainment.26Table 2 presents the results, for various spe
i�
ations of 
ovariates.The � estimates vary little with the set of 
ovariates. However, they depend ratherstrongly on the set of instruments used. The ratio of returns in
reases from 0.52 to 0.56when draw-a-man and 
opying designs s
ores are used as instruments instead of mathe-mati
s and reading, and in
reases to 0.68 when parental edu
ation is used instead. Notethat in this latter 
ase, the instruments are weaker (low partial R2) and the pre
ision ofthe estimates is lower. Be
ause of the variation in the � estimates a
ross spe
i�
ations, inthe rest of this se
tion we will present the results for ea
h of the three sets of instruments.We then turn to the estimates of the average treatment e�e
ts on the treated (ATT)�. The �rst two rows in Table 3 show the e�e
ts obtained when a

ounting for sele
tionon observables only (
omputed using the inverse probability weighting method of Hiranoet al., 2003), while the next three rows show the e�e
t ATT estimates, when a

ount-ing for di�eren
es in observables and unobservables between the two edu
ation systems(
omputed using the approa
h outlined above).In our favorite 
ovariates spe
i�
ation (3), whi
h in
ludes family, s
hool and lo
al
ontrols, the estimates that do not 
orre
t for sele
tion on unobservables (�rst row) areabout 1.5 points in mathemati
s. When 
orre
ting also for sele
tion on unobservables,the mean e�e
t drops to 0.35 points when the maths and reading test s
ores administeredat age 7 are used as instruments to estimate �, and the e�e
t is insigni�
ant from zero(third row).27 The signi�
an
e of the ATT estimate drops further when draw-a-man and
opying designs are used instead, and the point estimate be
omes zero when parental18



edu
ation is used as instrument. Similar results are obtained in the spe
i�
ations thatin
lude additional LEA 
ontrols (
olumn 4) or squares and intera
tions of 
ovariates(
olumn 5).Hen
e the mean e�e
t of sele
tive s
hooling is estimated to be insigni�
ant from zerowhen a

ounting for observables and unobservables. This 
ontrasts with the methodsthat a

ount for observables only and shows that the raw mean di�eren
es between 
om-prehensive and sele
tive s
hools are almost entirely driven by di�eren
es in 
omposition,whi
h are only partially 
orre
ted for when a

ounting for di�eren
es in observables.Distributional e�e
ts. We now turn to distributional e�e
ts. Panel b1) in Figure 1shows the density of the s
ore in mathemati
s in the sele
tive system (solid line) and the
omprehensive one (dashed), dire
tly estimated on the raw data.28 The density in thesele
tive system is 
learly bimodal, while the one in the 
omprehensive system presents asingle mode. Moreover, as shown by panel a1), whi
h plots the 
.d.f.'s in the two systems,the distribution of out
omes in the 
omprehensive system is sto
hasti
ally dominated bythe one in the sele
tive system. This means that 
hildren in the sele
tive system dobetter at every quantile of the distribution.The graphs on the se
ond 
olumn of Figure 1 show the results when a

ountingfor sele
tion on observables and unobservables. The solid lines still represent the 
.d.f.(top) and the density (bottom) of the realized out
ome in the sele
tive system, while thedashed lines now show the distribution of potential out
omes of the 
hildren attendinga sele
tive s
hool, had they instead attended a 
omprehensive s
hool. To estimate thelatter, we use the nonparametri
 de
onvolution approa
h that we introdu
ed in Se
tion3. In Appendix B, we show how we 
hoose the trimming parameter TN in (24). The
.d.f. is then estimated by numeri
al integration of the density. In the graphs, we usethe 
ovariates spe
i�
ation whi
h in
ludes family, s
hool and lo
al 
hara
teristi
s, andwe use draw-a-man and 
opying designs as instruments to estimate the ratio of returnsto the endowment �.Panel a2) in Figure 1 shows that the di�eren
e between the 
.d.f.'s of potential out-
omes in the two systems, for 
hildren who a
tually attended a sele
tive s
hool, is mu
hredu
ed 
ompared to the di�eren
e between the 
.d.f's of realized out
omes. The redu
-tion operates at every quantile, and visually suggests that the large di�eren
es observedin the raw data are largely due to 
omposition e�e
ts. On
e di�eren
es in 
ompositionare 
orre
ted for, the e�e
t is zero below the per
entile 60, and looks quantitatively small19



above that per
entile.To assess the order of magnitude of the di�eren
es between the two edu
ation systemsat various points of the distribution, we plot in Figure 2 the quantile treatment e�e
ts�(� ) against the values of � 2 [0; 1℄. We present the results for two 
ovariates spe
i-�
ations: family 
hara
teristi
s (
olumn 1), and family, s
hool and lo
al 
hara
teristi
s(
olumn 2). We also report the estimates obtained using either of the three 
hoi
es ofinstruments to estimate �.In all spe
i�
ations, the quantile treatment e�e
ts are 
lose to zero below the median.However, the various 
hoi
es of instruments yield di�erent e�e
ts above the median. Inour preferred 
ovariates spe
i�
ation (
olumn 2), the e�e
t is positive and signi�
antlydi�erent from zero between the per
entiles 70 and 90 when using lagged s
ores as instru-ments (maths and reading, or draw-a-man and 
opying designs). Yet, the e�e
ts remainsmall, and rea
h a peak at the per
entile 80, where the quantile treatment e�e
t is equalto 1 point in mathemati
s when using draw-a-man and 
opying designs as instruments.This is 15% of a standard deviation, and only one fourth of the di�eren
e in quantiles
al
ulated on the raw data.This suggests that there may be a positive but small e�e
t of attending a sele
tives
hool above the median out
ome. However, this e�e
t is not robust to other spe
i�
a-tions. Indeed, panels 
1) and 
2) in Figure 2 show that, when using father's and mother'sedu
ation as instruments, we obtain zero e�e
t above the median also. Hen
e, a

ordingto these results, the e�e
ts of sele
tive s
hooling on maths out
omes are at best smalland mostly insigni�
ant, and we 
annot reje
t that the e�e
ts are zero throughout thedistribution.Grammar and se
ondary modern s
hools. To interpret these distributional re-sults, it is interesting to relate the estimated quantile treatment e�e
ts to the two typesof sele
tive se
ondary s
hools: grammar and se
ondary modern. In this paragraph wefo
us on the estimation of the following mean di�eren
e:�G = E (Yi2jGi = 1)� E �Y 0i2jGi = 1� ;where Gi is the indi
ator of attending a se
ondary s
hool of the grammar (i.e., a
ad-emi
ally demanding) type. �G measures the gain of attending a grammar s
hool ratherthan a 
omprehensive s
hool, for the 
hildren who a
tually attended a grammar s
hool.We similarly de�ne �S, the gain of attending a se
ondary modern s
hool instead of a20




omprehensive one, for the 
hildren who a
tually attended a se
ondary modern s
hool.We estimate �G asb�G = 1NG XGi=1Yi2 � 1NG XGi=1 bF�1Y 0i2jDi=1 h bFYi2jDi=1(Yi2)i ;where bFY 0i2jDi=1 is the estimated 
.d.f. of 
ounterfa
tual out
omes Y 0i2 given Di = 1,bFYi2jDi=1 is the estimated 
.d.f. of realized out
omes in the sele
tive system, and NGdenotes the number of 
hildren attending a grammar s
hool.29 We pro
eed similarly toestimate �S.For b�G to provide a 
onsistent estimate of �G, a 
ondition of rank invarian
e isneeded. Rank invarian
e requires that the relative position of a 
hild attending a sele
tives
hool, among all 
hildren attending sele
tive s
hools, would be the same if all 
hildrenattending sele
tive s
hools attended 
omprehensive s
hools instead.30 This is a strongassumption in the 
ontext of heterogeneous treatment e�e
ts. Importantly, we did notneed rank invarian
e to estimate the distribution of Y 0i2 given Di = 1, although weuse it here in order to identify the distributions of potential out
omes in grammar andse
ondary modern s
hools.31Table 4 shows the estimates b�G and b�S, for various 
hoi
es of instruments and
ovariates spe
i�
ations. In our preferred spe
i�
ation (
olumn 3 in the table) we �ndthat the e�e
t of attending a se
ondary modern s
hool rather than a 
omprehensive s
hoolis insigni�
ant from zero. This is 
onsistent with Figure 2, whi
h shows insigni�
antquantile treatment e�e
ts below the median out
ome, where the out
omes of se
ondarymodern students are 
on
entrated.As before, the various 
hoi
es of instruments yield di�erent results above the medianout
ome, hen
e di�erent estimates of the e�e
t of attending a grammar s
hool. The e�e
tis signi�
ant when using the maths and reading s
ores (age 7) as instruments to estimate�, and amounts to 0.8 points (11% of a standard deviation) in our preferred spe
i�
ationof 
ovariates. However, the estimate drops to 0.6 points when using draw-a-man and
opying design test s
ores as instruments, and be
omes insigni�
ant from zero. Lastly,the e�e
t is negative, but insigni�
ant, when using parental edu
ation as instrument.These di�eren
es 
an be 
ompared to the raw di�erentials in test s
ores: 
hildren atgrammar s
hools perform on average 8:6 points better than 
hildren in 
omprehensives,while 
hildren at se
ondary s
hools perform on average 1:5 points worse (see Table 1). Wethus �nd that the raw di�eren
es are almost entirely due to the very large dis
repan
iesin initial endowments between 
hildren in the three types of s
hools.3221



Robustness 
he
ks. The above results suggest that the observed mean and distribu-tional di�eren
es in test s
ores between sele
tive and 
omprehensive s
hools are almostentirely due to di�eren
es in 
omposition. In the working paper version (Bonhomme andSauder, 2009), we 
he
k the validity of this 
on
lusion by performing various exer
ises.First, we verify that allowing for a multidimensional unobserved endowment (two orthree 
omponents) has little e�e
t on the results. Next, we estimate the e�e
t of sele
tiveedu
ation on several transformations of test s
ore variables. As explained in Subse
tion2.3, by estimating the entire distribution of transformed out
omes we 
an also re
overthe distribution of out
omes in the original transformation, i.e., in terms of raw tests
ores. Using a wide range of Box-Cox transformations, we obtained rather similar pointestimates, suggesting that our results are not driven by the assumption that the originaltest s
ores are linear in the endowment.As a last 
he
k, we measure the e�e
ts of attending a sele
tive s
hool on test s
oresadministered before starting se
ondary edu
ation (in mathemati
s, reading, and verbalsubje
ts at age 11). As argued by Manning and Pis
hke (2006), �nding a strong e�e
twould suggest that our approa
h does not fully 
orre
t for the 
orrelation between un-observables and the edu
ation system attended. The results are shown in Table 5. These
ond row in the table shows that the \value-added" strategy that 
ontrols for the tests
ore taken at age 7 fails to fully 
ontrol for di�eren
es in 
omposition between the twoedu
ation systems, as it delivers a positive and signi�
ant e�e
t of sele
tive edu
ationon out
omes measured before entering se
ondary s
hool. In 
ontrast, the results in thethird row, though not very pre
isely estimated, suggest that our approa
h does allow to
ontrol for those di�eren
es, as the estimated e�e
t is insigni�
ant from zero.5 Con
lusionWe have proposed a method to 
ompare the edu
ational performan
e of pupils attendingsele
tive and non sele
tive (or 
omprehensive) s
hools. The model spe
i�es test s
oresas the output of an additive produ
tion fun
tion, of whi
h the 
hild's initial endowmentis an essential, though unobserved, input. We have extended the logi
 of Di�eren
e-in-Di�eren
es (DID) to estimate the entire 
ounterfa
tual distribution of the potentialout
omes of pupils of sele
tive s
hools, had they instead attended a 
omprehensive s
hool.The estimators of the density and quantile treatment e�e
ts that we propose are relatedto nonparametri
 de
onvolution. We have also shown how to allow the returns to the22



endowment before and after se
ondary s
hooling to be di�erent.Applying the methodology to NCDS data, we have found that the average e�e
t ofattending a sele
tive s
hool is at best very small, and mostly insigni�
ant. Moreover,although we �nd some eviden
e of positive e�e
ts at the top of the distribution of out-
omes, these e�e
ts are quantitatively small and are not robust a
ross spe
i�
ations.Hen
e, our analysis suggests that the raw di�eren
es in performan
e between sele
tiveand non sele
tive s
hools are almost entirely due to di�eren
es in pupils' 
omposition.This important 
on
lusion is 
onsistent with the �ndings of Manning and Pis
hke (2006),and 
asts doubt on previous measures of the e�e
t of sele
tive edu
ation on edu
ationalperforman
e.The methodology adopted in this paper 
ould be useful in other 
ontexts. Our resultsapply to models of the form:Yit(Dit) = ft(Xit; Dit) + �i + vit(Dit);where Yit(0) and Yit(1) denote the potential out
omes of a binary treatment Dit 2 f0; 1g.Our approa
h allows to estimate the entire distribution of Yit(0) and Yit(1) (on thetreated), if errors (vit(0); vit(1)) are independent of Dit and �i, while the endowment �i
an be 
orrelated to Xit and Dit in an unrestri
ted way.Our approa
h and the one proposed by Athey and Imbens (2006) are non nested. Onethe one hand, our method is more restri
tive as additivity is assumed, and the estimator isnot invariant to monotone transformations of the out
omes. On the other hand, we leavethe distribution of vit(Dit) unrestri
ted and allow for general distributional e�e
ts. Hen
e,the present paper provides a useful alternative to Athey and Imbens' work in 
ontextswhere additivity is motivated by e
onomi
 assumptions on the te
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APPENDIXA ProofsProof of Theorem 1 By a standard property of 
hara
teristi
 fun
tions, Assumption2 implies that, for t 2 R:	Y 0i2jDi=1(t) = exp �j�02t�	�ijDi=1(t)	v0i2jDi=1(t):So, using Assumption 1:	Y 0i2jDi=1(t) = exp �j�02t�	�ijDi=1(t)	v0i2(t):Likewise, we have:	Yi2jDi=0(t) = exp �j�02t�	�ijDi=0(t)	v0i2(t):Combining both identities yields:	Y 0i2jDi=1(t) = 	�ijDi=1(t)	�ijDi=0(t)	Yi2jDi=0(t);whi
h is well-de�ned by Assumption 3.Lastly, using Assumptions 2, 1 and 3 in turn we get similarly:	Yi1jDi=1(t)	Yi1jDi=0(t) = 	�ijDi=1(t)	�ijDi=0(t) :This ends the proof.Proof of Theorem 2. The proof of (11) is very similar to that of Theorem 1. Indeed:	Y 0i2jDi=1(t) = E h	Y 0i2jDi=1;Xi(tjXi)jDi = 1i= Z 	Y 0i2jDi=1;Xi(tjXi)dP (XijDi = 1)= E � pD(Xi)pD 	Y 0i2jDi=1;Xi(tjXi)�= E � pD(Xi)pD 	Yi1jDi=1;Xi(tjXi)	Yi1jDi=0;Xi(tjXi)	Yi2jDi=0;Xi(tjXi)�= 1pD E �!(tjXi) (1� pD(Xi))	Yi2jDi=0;Xi(tjXi)�= 1pD E [!(tjXi) (1�Di) exp (jtYi2)℄ ;where going from the se
ond to the third line requires use of Bayes' rule, and the lastequality 
omes from applying the law of iterated expe
tations.27



B Choi
e of the trimming parameterThe parameter TN ensures that the integrals 
onverge in (20). In order to 
hoose TNin pra
ti
e, we use a rule of thumb along the lines of Diggle and Hall (1993). In asimple de
onvolution problem, Diggle and Hall show that an optimal TN must satisfy	X(TN ) = N�1=2, where 	X is the 
hara
teristi
 fun
tion of the random variable X, thedistribution of whi
h is unknown and is to be estimated. We 
he
ked that log jb	Y 0i2jDi=1(t)jis almost linear in t2 over a wide range. We extrapolate the estimated 
hara
teristi
fun
tion outside of this range and solve for���b	Y 0i2jDi=1(TN )��� = N�1=2on the basis of this extrapolation. Doing so provided reasonable guesses for the band-width. In our experiments we found that although the 
hoi
e of TN may a�e
t the shapeof the estimated density, the estimates of quantile treatment e�e
ts are not mu
h a�e
tedin general. See Bonhomme and Sauder (2009) for more details.
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Notes1Re
ent examples of studies aiming at measuring the e�e
t of sele
tive edu
ation onedu
ational performan
e are Meghir and Palme (2005), Maurin and M
Nally (2006), andHanushek and Woessman (2006).2Examples are Ker
kho� (1986), Dearden et al. (2002), and Galindo-Rueda andVignoles (2005).3In a re
ent paper, Thuysbaert (2007) 
onsiders an additive version of the Athey andImbens (2006) model where the distribution of the single unobservable does not 
hangeover time. This implies that, 
onditional on observables, the distribution of potentialout
omes in period 2 is a mean shift of that in period 1. Under this 
ondition, he
onstru
ts root-N 
onsistent estimators of fun
tionals of the distributions of potentialout
omes.4This makes our approa
h di�erent from the related work by James He
kman and
oauthors, starting with Carneiro et al. (2003) and Hansen et al. (2004), where fa
tormodels are used for the unobservables. On the other hand, an important assumptionin our approa
h is the additive index stru
ture of the produ
tion fun
tion, whi
h somere
ent work in this literature relaxes (see Cunha et al., 2006).5Allowing for the 
hara
teristi
s of the se
ondary s
hool as extra inputs to the produ
-tion fun
tion is diÆ
ult, due to the fa
t that these 
hara
teristi
s are in
uen
ed by theedu
ation system attended. The 
hara
teristi
s of the se
ondary s
hool attended shouldthus be de�ned as \potential" 
hara
teristi
s (say, X0i2 and X1i2), had the 
hild attendeda 
omprehensive (or a sele
tive) s
hool.6In our data, test s
ores|whi
h are administered in the survey interviews|are ho-mogeneous a
ross 
hildren in a given year. For an attempt to \an
hor" test s
ores to a
ommon metri
 (wages), see Cunha and He
kman (2006).7It 
an be shown that the distribution of potential out
omes is not identi�ed when norestri
tions are imposed on the g fun
tions in (1). Even in the 
ase where g is additivein the endowment but depends on unknown parameters as in (2), we will need a thirdperiod to ensure identi�
ation, see the dis
ussion in Subse
tion 2.3.8In 
ommon with most of the literature on Di�eren
e-in-Di�eren
es (DID) to whi
hour approa
h is related, availability of repeated 
ross-se
tions on (Yi2; Di) and (Yi1; Di)would be suÆ
ient to apply the methods of this se
tion. See Abadie (2005) for a dis
us-sion on the data requirements of DID with repeated 
ross-se
tions.9We use j instead of i to avoid 
onfusion with the indexation of individual units.10Throughout the paper, we will apply 
hara
teristi
 fun
tions to 
ontinuous randomvariables. So, our approa
h does not a

ommodate 
ases where out
omes Yi1 or Yi2 arenot 
ontinuously distributed. 29



11A
tually, the weaker 
ondition that the real zeros of 	Yi1jDi=0 are isolated is suÆ
ientfor identi�
ation. In parti
ular, this result applies to distributions with bounded support,the 
hara
teristi
 fun
tions of whi
h ne
essarily have isolated real zeros. See Carras
oand Florens (2009) for an approa
h to identi�
ation and estimation that 
overs the 
aseof isolated real zeros.12 In addition, Theorem 1 shows that Assumptions 1, 2 and 3 have testable impli
ations.This is so be
ause the right-hand side in (7) must be a 
hara
teristi
 fun
tion. Soin parti
ular its modulus must be lower than one, as: j	W (t)j = jE (exp (jtW )) j �E (j exp (jtW ) j) = 1.13Remark that the quantile treatment e�e
ts �(� ) are not equal to the quantiles ofthe distribution of the treatment e�e
t Y 1i2 � Y 0i2. As in most of the treatment e�e
tsliterature, we fo
us on the marginal distributions of Y 0i2 and Y 1i2. The joint distributionof (Y 0i2; Y 1i2) is fundamentally unidenti�ed (He
kman, Smith and Clements, 1997), unlessstrong assumptions are made.14Using the expressions of the 
.d.f.'s and inverse 
.d.f.'s of normal distributions.15The assumption that the distributions of unobservables are identi
al in the two pe-riods is also made in a related paper by Thuysbaert (2007).16Another di�eren
e with AI is that their identi�
ation result applies the DID logi
 to
.d.f.'s, while our result applies the same logi
 to 
hara
teristi
 fun
tions. A 
onsequen
eis that, while AI obtain root-N 
onsisten
y for every quantile of the distribution ofpotential out
omes, our approa
h yields 
onsisten
y, but at a slower rate in general (seethe estimation se
tion).17So, eYi0 does not satisfy the 
onditions of an \instrumental variable" in the sense ofthe literature on heterogeneous treatment e�e
ts. Were su
h an instrumental variableavailable, distributional treatment e�e
ts 
ould be identi�ed on the subpopulation of
ompliers (e.g., Abadie, Angrist and Imbens, 2002).18Identifying restri
tions on �1 and �02 may be obtained by taking quasi-di�eren
es in(19) and using nonlinear IV (e.g., Amemiya, 1985, p.250).19See http://www.
em�.es/�bonhomme/20One may interpret the set of all pairwise sums Yi2+Yk1 su
h that Di = 0 and Dk = 1as our \sample", the empiri
al 
hara
teristi
 fun
tion being:1N0N1 X(i;k);Di=0;Dk=1 exp [jt (Yi2 + Yk1)℄ = 1N0 Xi;Di=0 exp (jtYi2) � 1N1 Xk;Dk=1 exp (jtYk1)= b	Yi2jDi=0(t)b	Yi1jDi=1(t):21In the empiri
al part we will also report inverse probability weighting estimates, thata

ount for sele
tion on observables only. In that 
ase, we will set � to zero in (23).22Note that (24) does not ensure that bfY 0i2jDi=1 is a valid density. In pra
ti
e, we30



imposed that the estimated density is positive (by taking the positive value) and that itintegrates to one (by simple res
aling). We also res
aled the 
hara
teristi
 fun
tion sothat the mean of the distribution 
oin
ides with the estimated mean. These operationshad very little e�e
t on the estimated densities and quantiles.23We use the trapezoid rule, with 200 equidistant nods.24The asymptoti
 properties of the 
.d.f. and quantile estimators are derived in are
ent paper by Hall and Lahiri (2008), in the nonparametri
 de
onvolution problemwith known error distribution. In this 
ase also, we are not aware of a formal proof of
onsisten
y of the bootstrap.25In the 1960s and 1970s, the allo
ation to a spe
i�
 se
ondary s
hool was de
ided atthe lo
al level by the LEA. The LEAs had responsability for most of the spending ofse
ondary s
hools. See BS for more details.26When using father's and mother's edu
ation as instruments, we drop these variablesfrom the set of exogenous 
ovariates. However, the family 
hara
teristi
s in
luded as
ovariates 
ontain indi
ators of the father's so
ial 
lass, as well as father's and mother'sin
ome.27An insigni�
ant e�e
t of a 
omparable magnitude is also obtained when 
ontrollingfor the �rst period's test s
ore, see the se
ond row in the table.28Densities and 
.d.f.'s of realized out
omes are estimated using a Gaussian kernel,with Silverman's rule of thumb as bandwidth 
hoi
e.29In pra
ti
e, we estimate the mean on the range 2%-98% of Yi2 given Di = 1 (i.e.,between 2 and 28 points in mathemati
s), be
ause the density of potential out
omes isnot as well estimated in the tails.30That is: rank invarian
e holds if FYi2jDi=1(Yi2) = FY 0i2jDi=1(Y 0i2).31Rank invarian
e 
ould fail to hold if some 
hildren had a 
omparative advantagein the sele
tive system, for example be
ause they bene�ted more than others from thepositive externalities exerted by good students. If rank invarian
e does not hold, these
ond term in b�G is a weighted average of out
omes in the sele
tive s
hool, that is notne
essarily a 
onsistent estimate of the 
ounterfa
tual mean E (Y 0i2jGi = 1).32These results are related to Clark (2007), who fo
uses on the East Ridings distri
tin the same period as us, and 
ompares grammar and se
ondary s
hools dire
tly. Con-trolling for the assignment test s
ore (whi
h is not available in the NCDS data) andusing regression dis
ontinuity and IV strategies, he �nds small and mostly insigni�
antdi�eren
es in test s
ores, although he does �nd larger di�eren
es in longer-run out
omes.
31



Table 1: Des
riptive statisti
sAll s
hoolsComprehensive Sele
tiveVariable Mean Std.Dev. N Mean Std.Dev. NMaths s
ore (age 16) 11.9 6.3 3600 13.8 7.1 2872Maths s
ore (age 11) 15.7 9.6 3434 18.7 10.4 2636Reading s
ore (age 11) 15.7 5.9 3434 17.1 6.0 2636Verbal s
ore (age 11) 21.6 9.0 3436 24.2 9.1 2636Maths s
ore (age 7) 5.1 2.4 3431 5.4 2.4 2701Reading s
ore (age 7) 23.1 6.9 3437 24.4 6.4 2717Draw-a-man s
ore (age 7) 24.0 6.8 3373 24.7 6.9 2648Copying designs s
ore (age 7) 7.1 1.9 3426 7.3 1.9 2710Father's edu
ation 3.8 1.6 2997 4.1 1.8 2392Mother's edu
ation 3.9 1.3 3037 4.0 1.4 2427Sele
tive s
hoolsGrammar Se
ondary ModernVariable Mean Std.Dev. N Mean Std.Dev. NMaths s
ore (age 16) 20.5 5.2 985 10.4 5.3 1887Maths s
ore (age 11) 28.5 6.4 913 13.4 8.0 1723Reading s
ore (age 11) 22.1 4.4 913 14.5 5.0 1723Verbal s
ore (age 11) 32.0 4.8 913 20.2 8.1 1723Maths s
ore (age 7) 6.9 2.1 936 4.7 2.3 1765Reading s
ore (age 7) 28.6 2.2 939 22.1 6.7 1778Draw-a-man s
ore (age 7) 27.3 6.6 915 23.3 6.7 1733Copying designs s
ore (age 7) 8.0 1.7 934 6.9 1.9 1776Father's edu
ation 4.7 2.1 824 3.7 1.6 1568Mother's edu
ation 4.5 1.7 834 3.7 1.1 1593
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Table 2: � estimates, using various sets of instrumentsInstruments (1) (2) (3) (4)� estimate 0:520(0:015) 0:522(0:015) 0:525(0:015) 0:530(0:015)Mathemati
s and Shea's partial R2 0.361 0.357 0.357 0.357reading s
ores (age 7) F-statisti
 761 759 754 749Sargan p-value 0.404 0.438 0.280 0.578� estimate 0:561(0:023) 0:563(0:023) 0:562(0:023) 0:555(0:025)Draw-a-man and Shea's partial R2 0.133 0.129 0.129 0.135
opying designs s
ores (age 7) F-statisti
 219 217 207 207Sargan p-value 0.135 0.132 0.151 0.119� estimate 0:662(0:058) 0:683(0:063) 0:682(0:069) 0:702(0:080)Father's and Shea's partial R2 0.024 0.021 0.018 0.018mother's edu
ation F-statisti
 37 34 31 21Sargan p-value 0.383 0.403 0.353 0.337Note: 2-Stage Least Squares regression of the s
ore in mathemati
s at 16 on the s
ore inmathemati
s at 11 on the subsample of 
hildren attending a 
omprehensive s
hool, using varioussets of instruments. Spe
i�
ation (1) in
ludes family 
hara
teristi
s, (2) and (3) in
lude inaddition s
hool, and s
hool and lo
al 
ontrols, respe
tively. Spe
i�
ation (4) is (3) plus squaresand intera
tions. Standard errors 
lustered at the LEA level in parentheses.
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Table 3: ATT estimates of attending a sele
tive s
hool on the s
ore in mathemati
s atage 16 Sele
tion on observables(1) (2) (3) (4) (5)Inverse probability weighting (IPW) 1:555(0:267) 1:514(0:292) 1:449(0:408) 0:789(0:701) 1:261(0:466)IPW (in
luding age 11 maths s
ore) 0:628(0:207) 0:610(0:225) 0:429(0:388) �0:043(0:743) 0:473(0:295)Sele
tion on observables and unobservablesInstruments (1) (2) (3) (4) (5)Maths and reading s
ores (age 7) 0:404(0:175) 0:433(0:173) 0:349(0:227) 0:084(0:304) 0:252(0:268)Copying designs and draw-a-man s
ores (7) 0:345(0:187) 0:385(0:194) 0:289(0:222) 0:023(0:311) 0:241(0:230)Father's and mother's edu
ation 0:001(0:255) 0:021(0:231) �0:080(0:303) �0:274(0:302) �0:135(0:262)Note: Estimates of the e�e
t of attending a sele
tive s
hool, average e�e
t on the treated.Spe
i�
ation (1) in
ludes family 
hara
teristi
s, (2), (3) and (4) in
lude in addition s
hool,s
hool and lo
al, and s
hool, lo
al and additional LEA 
ontrols, respe
tively. Spe
i�
ation (5)is (3) plus squares and intera
tions. Bootstrapped standard errors 
lustered at the LEA levelin parentheses (100 repli
ations).
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Table 4: ATT estimates of attending a grammar (resp. a se
ondary modern) s
hool onthe s
ore in mathemati
s at age 16Grammar versus 
omprehensiveInstruments (1) (2) (3) (4) (5)Mathemati
s and reading (age 7) 0:940(0:247) 0:920(0:283) 0:796(0:413) 0:280(0:455) 0:660(0:461)Draw-a-man and 
opying designs (age 7) 0:869(0:266) 0:817(0:269) 0:586(0:366) 0:177(0:560) 0:696(0:631)Father's and mother's edu
ation �0:089(0:561) �0:304(0:662) �0:342(0:609) �0:688(0:722) �0:458(0:769)Se
ondary modern versus 
omprehensiveInstruments (1) (2) (3) (4) (5)Mathemati
s and reading 0:311(0:177) 0:358(0:168) 0:339(0:336) �0:095(0:422) 0:227(0:404)Draw-a-man and 
opying designs 0:294(0:178) 0:344(0:198) 0:240(0:275) �0:051(0:503) 0:217(0:600)Father's and mother's edu
ation �0:066(0:253) �0:047(0:272) �0:101(0:251) �0:289(0:456) 0:155(0:388)Note: Estimates of the e�e
t of attending a grammar s
hool versus attending a 
omprehensives
hool (�G), and of the e�e
t of attending a se
ondary modern s
hool versus attending a
omprehensive s
hool (�S), average e�e
ts on the treated. The estimates are re
overed fromthe estimated 
ounterfa
tual density of out
omes. Covariates spe
i�
ations are as in Table 3.Bootstrapped standard errors 
lustered at the LEA level in parentheses (100 repli
ations).

35



Table 5: ATT on test s
ores administered at age 11Mathemati
s Reading VerbalControlling for observables 2:222(0:454) 1:011(0:275) 2:063(0:467)Controlling for observables and age 7 test s
ores 1:464(0:330) 0:579(0:238) 1:326(0:413)Controlling for observables and unobservables 0:321(0:501) 0:105(0:356) 0:415(0:625)Note: Average treatment e�e
t on the treated of attending a sele
tive rather than a 
ompre-hensive s
hool on age 11 test s
ores. Covariates spe
i�
ation in
ludes family 
hara
teristi
s, aswell as age 7 reading and mathemati
s test s
ores in the se
ond row. Father's and mother'sedu
ation are used as instruments in the third row. Bootstrapped standard errors 
lustered atthe LEA level in parentheses (100 repli
ations).
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Figure 1: Distributional e�e
ts of attending a sele
tive s
hool on the maths s
ore at 16a1) a2)
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ounterfa
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omes. C.d.f.'s/densities of realized out
omes are estimated using aGaussian kernel. C.d.f.'s/densities of potential out
omes are estimated by integrating 
hara
ter-isti
 fun
tion estimates, see Se
tion 3. Draw-a-man and 
opying designs are used as instrumentsto estimate �. Covariates spe
i�
ation in
ludes family, s
hool and lo
al 
hara
teristi
s.
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Figure 2: Quantile treatment e�e
ts of attending a sele
tive s
hool on the maths s
oreadministered at age 16Instruments: maths and reading s
ores (age 7)a1) a2)
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