VALUING SCHOOL QUALITY USING

BOUNDARY DISCONTINUITIES

Stephen Gibbons*, Stephen Machin** and Olmo Silva***

November 2009

* Department of Geography and Environment and €efdr Economic Performance, London
School of Economics

*x Department of Economics, University College Hon and Centre for Economic Performance,
London School of Economics

***  Department of Geography and Environment and tEefor Economic Performance, London School
of Economics

Author for correspondence:

Stephen Machin,

Department of Economics,

University College London,

Gower Street, London, WCL1E 6BT, UK.
Email: s.machin@ucl.ac.uk

AcknowledgementsiWe would like to thank Amy Challen and Anushri Baln®r excellent research
assistance, and Jaap Abbring, Victor Lavy, ErikeBgen and participants at the Workshop on Resalenti
Sprawl and Segregation 2007 (Dijon), the CEP AnMexting 2008 (Cambridge), the CEPR Economics
of Education and Education Policy in Europe Confees2008 (Amsterdam), and seminars at CPB - The
Hague, Sussex University and Tinbergen Institutedonments and suggestions. We are responsible for
any errors or omissions.




Abstract
A large body of international research shows tbatle prices respond to local school quality as uneds
by average test scores. However, better test sconssignal better expected academic outputsimiyy
reflect higher ability intakes, and existing stuediarely differentiate between these two chanmhelsur
research, we simultaneously estimate the respdpsiees to school value-added and school comjpositi
to show more clearly what drives parental demamdséhools. To achieve consistent estimates, we
improve the boundary discontinuity regression metinomatching identical properties across admission
authority boundaries; by allowing for a varietyoofundary effects and spatial trends; by re-weigttinr
data to only consider transactions that are claseBstrict boundaries; and by submitting ourrestes a
number of potentially destructive falsificationteesOur results survive this battery of experimemd
show that a one-standard deviation change in edtleool average value-added or prior achievement

raises prices by around 3%.
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1. Introduction

Good schooling is frequently upheld as decisivdife) but empirical evidence remains quite
ambiguous when it comes to answers about what nekekool ‘good’, and about what people
really value in education. Parents making schoolagds seem well aware of their preferences, and
go to great lengths to secure places for theidodl at their preferred schools. However, social
scientists have had mixed success in elicitinggeneral conclusions about these preferences.

Researchers in education have regularly used suesgppnses to learn about preferences for
schools (e.g. Coldron and Boulton, 1991; Flatleglgt2001; and Schneider and Buckley, 2002).
The evidence from this field is that parents rac&demic outcomes highly among the reasons for
choosing a school, but other factors play an ingrdrtole, such as distance from home, school
composition, safety and well being. More recemibrents’ actual choices of schools and teachers
have been used as an alternative way to uncoviarpnees for school attributes (e.g. Hastings et
al., 2005; and Jacob and Lefgren, 2007).

Apart from these examples, the vast majority oéaesh in the field has looked for evidence of
the value of schools in the capitalisation of thenefits into housing prices — i.e. the ‘hedonic’
valuation method. This wide-ranging internatiom@rhture has shown that the demand for school
quality is at least partly revealed in housing g@siovhenever school places are assigned to
neighbouring homes. Gibbons and Machin (2008) dadikBand Machin (2010) provide summaries
of recent evidence, suggesting a consensus estohateund 3-4% house price premium for one
standard deviation increase in school averagestases. Bayer et al. (2007) offer a structural
modification based on discrete housing choicesphatides a correction to the standard hedonic
framework when preferences are heterogeneous,and t similar conclusions.

A limitation of this line of work is that — with dyna few exceptions — it is confined to showing
that prices follow headline school performance ress based on school average test scores.

However, better school test scores could occuutfitomprovements in school intake or through



faster pupil progress — potentially driven by teaglguality, school resources and peer effects. One
possibility is that parents pay for school outputvalue-added because it represents what they
expect their children tgain academically. A second possibility is that pargrag for good peers
and favourable school composition — which are skahpats — irrespective of the likely contribution
that these factors make to their own child's aahigents. While the first perspective is interesting
from a policy point of view because it puts a pocenterventions that raise academic standares, th
second one is relevant because of its implicationschool segregation (e.g. Epple and Romano,
2000). Clearly then it matters which of these disvis important in determining house prices.

A handful of papers have taken steps to disentdhgke two channels of influence. Brasington
and Haurin’s (2006) results appear to show thatgblaool value-added and initial achievements
both have positive effects on prices, althoughithjgortant point is lost in their conclusions. Kane
et al. (2005) also consider value-added and avdesmjescores as alternative indicators of school
performance. However, they do not present spetifica that include both indicators
simultaneously, and do not aim to provide pers@asiwdence on the importance of value-added. In
contrast, Clapp et al. (2007) show that pupil etiyyseems more important than test scores to home
buyers around Connecticut schools, although thlkeoasitdo not have access to data on pupils’
academic progress. Other papers have looked empoetance of school expenditure relative to test
score outputs. For example, Downes and Zabel (F0tR)hat test scores are capitalised into local
house prices, whereas measures of school expersldate not. Very recently, Cellini et al. (2008)
use referenda outcomes in California’s school foeesystem to suggest that house prices respond to
the level of capital expenditure per pupil and thé cannot be fully explained by changes in test
scores. Occasionally other school attributes haes lzonsidered. For example, Figlio and Lucas

(2004) find that state-assigned school ratings laavansient effect on prices, over and above test

! See Kramarz et al. (2009) for a detailed discussimgether with empirical tests, of the relatiwebrtance of pupil,
school and peer effects in determining test scditesir findings suggest that a large part of théagi@n in test scores is
explained by pupil attributes, followed by schoobtity differentials. On the other hand, peers’releteristics matter
less. This result is consistent with Gibbons anitdjg2008), Lavy et al. (2008) and most other isadn peer effects.
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scores, suggesting that householders draw additioimemation about achievement from these

grades, or else value the ratings in their owntrigimally, Gibbons and Machin (2006) suggest that
popularity in itself raises prices, given that eeapacity schools command an additional premium
relative to under-capacity schools with equal penfance.

Our paper moves this literature forward in a nundd@mportant ways. Our first contribution is
to clearly delineate the house price respong@j@ducational ‘value-added’, which we treat as the
school’s expected production output; gbyintake composition, which we treat as a ‘consuanpti
good’ aspect of school quality. To the best of kiowledge, our research is the first to use a
convincing identification strategy to show thatgras value both school value-added and school
composition, even if the latter aspect is not apotive input in the educational production funetio

Our second contribution is to improve and testibendary discontinuity regression method,
which has become the favoured research approdtimsifield as a way to mitigate the effects of
endogeneity induced by unobserved neighbourhoorhcteistics. We make several innovative
contributions to this methodology, which can be sarised as followga) We set out clearly the
assumptions involved in identifying school qualgffects on prices from discontinuities at
admission zone boundari€b) We extend the method to a context in which schdolission zones
are fuzzy, overlapping and only partially boundéy;We combine matching methods with the
regression-discontinuity design to allow for ayuibn-parametric specification of the way housing
observables affect price differentials across baued;(d) We incorporate in our models a variety
of boundary fixed effects and spatial trends tooaot semi-parametrically for between-district
unobserved heterogeneity (e.g. in refuse collediad policing) and trends in amenities across
boundaries;(e) We make full and better use of the data by inveiseance weighting our
regressions such that identification comes froniati@n at the admission zone boundaries where
neighbourhood heterogeneity is minimised, whereag@us work has restricted samples to within

fixed buffer-zones close to boundaries (e.g. 1/le)nff) We perform a number of falsification



exercises and in particular a ‘killer falsificatidest which uses the quality of autonomous state
schools (church schools) that dot admit on the basis of residential location, but suister the
same standard tests as the mainstream schoolwritbrdtise admission on place of residence.

A final advantage of our work is that we establiglese findings using large scale
administrative data for the whole of England, aatjuast for one city (e.g. Boston or San Francisco)
as done by previous research. The size and covefage data makes the above strategies feasible.
Additionally, it allows us to disentangle the ‘midhat parents are willing to pay for test score
progression as opposed to ‘consumption’ of betterpin a general and representative context.

To preview our results, our main finding is thabree-standard deviation change in school
average final test scores, brought about by egbleool value-added or prior achievement, raises
prices by around 3%. On the other hand, we showitieee is no house price premium associated to
living close to high quality schools that dotadmit based on residence. This test — alongska ot
falsification exercises — demonstrates that outifigs for schools that prioritise admissions on the
basis of school-home distance eagisaland not spuriou$in this respect, these exercises go much
further than any previous study in the field. FHipaltarious calculations show that the magnitude of
this house price response to school quality isgitde as a parental investment decision given the
expected return in terms of future earnings ofrtbeildren.

The remainder of the paper has the following stmectSection 2 explains our methods. Section
3 discusses the context in which we apply thes@odstand the data setup. Section 4 presents our
results and discussion, focussing firstly on ides@tion of the effects of school performance on
house prices, and then considering the role ofevatided and school composition in this

relationship. Finally, Section 5 provides some todiog discussions.

2 Note that this is very different from the exeraigd=ack and Grenet (2008), who concentrate on stwthat house

prices respond ‘less’ to the quality of local natemomous school if there are autonomous schodlseimrea. The

authors cannot perform any falsification tests beedheir autonomous schools (unlike ours) ar@fischools and are
not ‘ranked’ using comparable performance tablest@® schools (once more, unlike our autonomousds).

-4 -



2. Empirical strategy

2.1. Methodological framework

Our empirical work uses a regression discontindésign that builds on the geographical ‘boundary
discontinuity’ approach. This method was populafige use in property value analysis by the work
of Black (1999), and has been employed severalstisigce (e.g. Bogart and Cromwell, 2000;
Gibbons and Machin, 2003, 2006; Bayer and McMill200Q5; Kane et al., 2005; Davidoff and
Leigh, 2007; Fack and Grenet, 2008; Bayer et &072. Closely related thinking provides the
foundation of studies that investigate the effe€taarket access when there are changes in national
borders or their permeability. Examples includediegland Sturm (2008), who look at changes that
occurred during German division and re-unificatemg Hanson (2003) who focuses on the opening
of Mexican border as a result of the North Ameri€aee Trade Agreement. In a similar vein,
boundary discontinuities have been used to adsesdfect of taxation on housing prices (Cushing,
1984), and on the location of manufacturing firsianton et al., 2006; Holmes, 1998).

The standard ‘hedonic’ property value model is Wwatbwn to economists (Sheppard, 1999).
This models property values (or, most commonly,dagperty values) as a linear combination of
observable property attributes and the ‘implicices’ of these attributes in the housing market.
These implicit prices can be estimated by stangast squares regression techniques. However, the
pervasive drawback with this approach is that mebems do not observe all salient property and
neighbourhood characteristics, leading to serioostted variable issues. This problem is
particularly acute when neighbourhood amenity gyalnd local public good quality — like school
guality — depends on the distribution of charastears in the local population. In such cases, any
unobserved attribute that raises local housingeprachanges amenity quality through residential
sorting, because higher price houses are (on aeoagupied by higher income households.

One way to mitigate this problem is to compare @idge-neighbouring houses, because these

often tend to be quite structurally similar andf-esidently have near-identical neighbourhood



environments. Therefore, researchers can elimera@ effects in a house price model by taking
differences between houses that are in close prtxifowever, this strategy is not useful for
obtaining implicit prices of neighbourhood attribst unless there is a sharp discontinuity in the
supply of these attributes between close-neighhguromes.

This last condition holds when school admissiorsoaganised using contiguous pre-defined
admission zones: residents on one side of the lavyridive access to a different school or set of
schools than do residents on the opposite sideedidundary. A researcher looking at the effect of
schools on house prices can therefore reduce #Hsedicaused by unobserved neighbourhood
attributes by including attendance district bougaghmmmy variables in regression models (unless
the boundaries are particularly long), or by wogkimith differenced data from a matched pair of
neighbouring houses on either side of the boundéwy empirical model underlying this approach is

set out below in a way that will help explain oungrical methods.

The price (pin logs) of a house sale, with characterismﬁs) in a geographical locatiaon, is:

p=s(q9B+ X qr+ d ¢+ (1)
Where s(c) represents the school ‘quality’ that home buyetseet to be able to access by

residence at, prior to school admission, measured on the lmdsishool characteristics at periods
prior to the house sale. These characteristicadedboth school composition and effectiveness, and
in our empirical application we will try to estineathe effects of these different components
separately. As usuad, represents unobserved housing attributes andsdlratr are assumed to be
independent ok andc. The functiong (C) represents unobserved influences on market ghegs
are correlated across neighbouring spatial locatisunch that the price varies deterministicallywit
geographical location, for example due to unobskeneghbourhood characteristics and amenities

(other than schooling). Location can be specified in various ways, most flexiblyerms of a

vector of geographical or Cartesian coordinates.dieuss this in more detail below.



2.2. Identification issues in geographical boundary distinuity models

The fundamental identification problem arises beeaaf the common dependence of prices,

housing characteristics and anticipated schooltgual the unobserved attributes of locatmnA

spatial differencing strategy eliminates commonaatiged effectsg(c). Taking differences
between specific houseésand j results in the following specification:

(n- pj):(s(g:)— { F))'B+( X19- i>‘(j@)y+ 63 0 4+(c-¢) @)

This transformation, on its own, does not appeaffer advantages. Least squares estimates of

the implicit prices (3,y) are consistent if and only if the difference inobservable price

determinantsg(q ) - g( G ) is uncorrelated with the difference in school qyah s( 9) and
with differences in other housing attributeg g ) - X ( q) . This condition will not hold in general,
and consistent estimation g requires the researcher to find locatidng such that locally

Cov[ {¢)-4%¢). §9- § (ﬂ 0 andVar[s( ¢)- 9)] # 0 (conditional on observed housing

and neighbourhood characteristics). These two tiondi will never be met simultaneously and

exactly, except for pathological cadefor any continuous functions(.), g(.) because the first
condition requires that, = ¢, , which would violate the second. However, the teaditions can

hold approximately for closely spaced neighbours(ij is discontinuous and(.) is continuous

such that:
Al: Var[g(q)— of q)] ~ 0 as|c-¢| - 0, where|l —¢| is the Euclidian distance
between house salesand j .
as(c)| _a ag( _
% For example n% 0, 0r s( I g @IJ and 9 accj suchthat;ov[g( ¢)- 4 F)' g.9- éj(ﬂ_o.



A2: Var[s( c;)— 5( 9)} -0 as‘cI - cj‘ - 0, whered is a positive constant (or positive

definite matrix ifs is multidimensionalf.

The geographical ‘boundary discontinuity’ approaacmounts to an attempt to exploit A1 by
choosingi, j to be as close together as possible, whilst emgthati, ] are on different sides of an
attendance zone boundary to satisfy A2. Note tiegjeographical boundary discontinuity method
differs from standard regression discontinuity gesi(Imbens and Lemieux, 2008) in which a single
forcing variable (e.g. voting share, such as in &éeal., 2004) determines ‘treatment’ (e.g. party
affiliation of elected representative), although general principle is similar.

In practical empirical settings, there are threenmmaasons why the identification strategy
sketched above could fail:

(a) There are spatial trends in amenities acroaadaries such that, even if assumption Al

holds in principle, it is violated in practice bese the distance between sa‘le;s— cj‘ in

housing sales samples is never exactly zero.

(b) There are boundary discontinuities in prices caused by school quality differences, which

violates assumption Al.

(c) School quality lacks any discontinuity at attance boundaries, violating assumption A2.

Regarding case (a), highly localised factors (&.goisy next-door neighbour) that influence
sales prices of individual homes, but are uncatedlaver space (i.e. they are ‘noise’, contained in

& —¢&,) are not of serious concern. These property-sipefei€tors do not affect housing market

prices in a way that could influence school quahipugh population sorting. However, deneed

* Note that assumption A2 is a necessary condifitirere is to be any variation in school qualitpttow estimation of
an associated hedonic price. On the other hand; gdfficient, but not necessary, given the pathiolal cases outlined
in footnote 3.

® One additional assumption is tl‘@( c) represents a spatially isotropic process, sodinattion does not matter and

buyers do not care more about, say, bad neighbetie left than bad neighbours to the right. i$ th not the case then
even identical co-located properties may have wiffeprices depending on which way buyers are fopkihen they
make their valuation.



to be concerned about spatially correlated ameartitiat could lead house prices on one side of a
boundary to diffepn averagdrom house prices on the other side. This sitnatmuld arise if, for
example, one attendance zone contained a rabstatid another did not (see Gibbons and Machin,
2005, for evidence of the amenity value of railems). This would result in higher prices, richer
families and better schools in the ‘station zoaay a spatial trend in house prices rising actoss t
boundary towards the station. Because of this trémel price differential between houses on
different sides of the boundary grows with the afise between sales. Hence we could find a
correlation between house prices and school quatityngst closely spaced neighbours that is not
caused by the demand for school quality, but bigessial sorting that is a consequence of demand
for rail access.

Even if there are no gradual cross-boundary prereds, there can be cases of type (b), where
prices change sharply from one side of the bountdatlye other. First, administrative attendance
zone boundaries may coincide with distinct geogiagifieatures, e.g. major roads, which partition

communities. If these communities are differerg, llbundary may create a discontinuity in average

housing prices over short distances that is haidetelated, violating the assumption tkga(tc) is

continuous. Secondly, even without visible evideat¢he boundary on the ground, houses on
different sides of a boundary could have differdimectional aspect or outlook. Consider, for
example, two long rows of houses on an east-wesimg boundary, one with sunny gardens facing
south and one with shady gardens facing nortlesitlents with children prefer sunny gardens, then
this aspect could be sufficient to induce a houpige differential and a consequent school quality
difference across the boundary. Thirdly, contigudissricts may have different tax rates or offer
different district-specific amenities, like refusmllection or policing, generating a sharp
discontinuity in prices that is not caused by sd$f.00

Lastly, lack of discontinuity of type (c) occursaitendance boundaries do not, in practice, act

as a barrier to pupils attending schools in distneighbouring their homes. This could happen if



changes in school policy have removed the impoetawictraditional attendance zones. Note
however, that even if some pupils can cross thesadaries, condition A2 will still hold. In fact,
identification (in the sense of condition A2) reeps only that there is a discrete jump in the
probability of attending schools on different sidéthe boundary as one moves from a residence on
one side to a residence on the other, but thisggharprobability need not be from zero to one-1i.
the discontinuity can be fuzzy (Imbens and Lemi@0%7). This change in probabilities ensures that

there is a discrete jump expectedchool quality (before admission) from one sidéhwother.

2.3. Proposed methods to address the identification lerab

A few of these identification concerns have beetiypaddressed in the existing literature. However,
we take these problems into much deeper considarartid go a long way further than existing work
in establishing the credibility of the boundaryadistinuity approach in our empirical context. With
this purpose, we extend the standard methodologypeoduce a series of powerful robustness and
‘falsification’ checks. These key extensions arsigare as follows (numbered method M1-M8 for
recognition in the Results section below):

ML1. Visually assess and statistically test for the pre of discontinuitiesDrawing on the
regression discontinuity design literature (andilsinto Bayer et al., 2007, and Kane et al.,
2005), we provide some graphical evidence andsstati tests regarding such discontinuities in
area characteristics.

M2. Match property transactions with identical obserleabharacteristics across administrative
boundariesWe pair up each house sale with the nearestactios on the opposite side of an
administrative attendance district, where the tatien is of the same property type and occurs
in the same year (see also Gibbons and Machin,, 200@bto a lesser extent Fack and Grenet,
2008). This approach borrows from the literatur@omn-parametric discrete-cell matching, first
pioneered by Rubin (1973). In our set-up, this éegito allowing the price effects of matched

property characteristics to vary by boundary.
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M3.

M4.

M5.

Weight regressions to zero-distance housing traimsapairs.Earlier work (e.g. Black, 1999)
tested robustness to cross-boundary trends bytisgjéouses in increasingly narrow distance
bands along either side of the boundary, that pyapy weights of 1 to transactions within a
specified boundary distance, and weights of Odsdtoutside that distance. We generalise this
idea by weighting observations in inverse proportio the distance between sales, such that
greater weight applies to observations that arsecleeighbours (on opposite sides of the
boundary). This is an important contribution of approach, given that conditions A1 and A2
hold as the distance between paired transactiqgreaghes zero. Re-weighting our analysis in
this way ensures that our identification predomilyaoomes from observations where the
identifying assumptions A1 and A2 are most likelyhbld.

Include boundary fixed effects in cross-boundaffedence modelur institutional context
(described below in Section 3) offers us multigleaols on each side of an attendance district
boundary, so school quality varies across bounslane along a boundary within a given
attendance district. This data structure meansanecontrol for boundary fixed effects (using
boundary dummy variables) in our cross-boundaryedihced model, thus eliminating
between-boundary variation. This is crucial givessuanption A1 and the problems with
boundary-specific discontinuities highlighted incBen 2.2 under case (b).

Control for distance-to-boundary trends and polyims We follow the regression
discontinuity design literature by controlling fpolynomial trends in ‘distance’ from the
discontinuity (e.g. DiNardo and Lee, 2004; Leeletz004; and Clark, 2009). In our context,
this ‘distance’ is literally the geographical dista from attendance district boundaries. Like

other studies in this field, we impose some paramedtructure, e.g. by specifying

9(6)-9(G)=pud+p, & +pd+ 0,0+ p 4+ p .0 Whered, is the distance from saleto
the boundary, and, is the distance from the matched salt the boundary. Note that we can

further control for different trends for each boandby including boundary dummxdistance-
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M6.

M7.

M8.

to-boundary polynomial trends, and allow for asyrtrioetrends on opposite sides of
boundaries. By explicitly modelling trends in pgcas we move away from school district
boundaries we act to mitigate the issues discussddr point (a) in Section 2.2.

Restrict our attention to boundaries where pupdiety cross Our data is unique in allowing
us to observe whether pupils cross an admissidnaisoundary to attend their school. Thus,
we can check that our results are not compromigeithd ‘fuzziness’ of the school quality
discontinuity, or by the lack of it caused by exares pupil movements across boundaries. This
allays the concerns highlighted in point (c) int8et2.2.

Apply falsification tests using ‘fake’ attendan@ahdaries We re-estimate our models using
differences between transactions in the same atteedlistrict and using differences between
property transactions along imaginary attendanaentharies, created by translation of the
geographical coordinates. While the first method wapplied in Black (1999), the use of
completely artificially translated boundaries isvaband provides a powerful and stringent
falsification test. A finding of a positive assaie between school quality and housing prices
in this setting would falsify the claim that prieéfects are causally linked to cross-boundary
school quality discontinuities. This exercise thefps to allay some of the concerns raised in
point (a) in Section 2.2, and helps to verify tladidity of assumption Al.

Compare the methodology and results for cases iohwiome location is and is not a school
admission criterionOur institutional context provides us with tw@é&g of schools. For ‘non-
autonomous’ institutions, places are typically edlted according to how close a pupil lives to
the school, and attendance district boundariedbiding. There are therefore compelling
reasons to buy a home close to a school of chamgpn the ‘right’ side of the boundary. On
the other hand, ‘autonomous’ schools (mainly relig) operate pupil admissions policies that
do notcompel families to buy their home close to theostlie.g. based on church attendance

and denomination). Although parents might still lauyouse close to the school of choice so as
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to minimise travel costs, they dot needo do so to secure admission to their childremusTh
we expect local house prices to respond to thetgafhon-autonomous schools, but not to the
quality of ‘autonomous’ schools. This institutiorfelature provides us with a particularly
demanding ‘falsification’ test based on the congamiof the price response to the quality of
both types of schools as an additional check orsthees raised in points (a) and (b) in Section
2.2. We discuss these features of the school agdmisgstem in more detail in Section 3.2.
The robustness and falsification tests describedetelate to identification of the causal effect
of school quality and other characteristics on equrices. We now turn to describe an additional set
of identification issues that arise when the redeaoal is to interpret the above estimates as

‘willingness to pay’ for school quality.

2.4. Identification in hedonic models when there isisgron school quality

It is well known that empirical identification ofanginal willingness to pay for any neighbourhood
amenity in a hedonic model is challenging whenedéht households have different incomes and
different preferences for this amenity leading ésidential sorting. Under these conditions, the
distribution of household characteristics near ggodlity schools will be different from the
distribution of characteristics of residents neasmjuality schools, even if school quality is tmdy
factor determining house prices. This sorting lasd¢onsequences.

Firstly, linear regression estimates may not predstimates of th@meanvaluation of school
quality, because the marginal willingness to payTR) for school quality varies across the
distribution of household characteristics. Obvigusit is incorrect to simply model this
heterogeneity by interacting school quality witlueehold characteristics (e.g. income), because if
WTP varies by characteristics, then these chaiatitearare endogenous in house price regression
models. The innovative paper by Bayer et al. (2@QiTds on Berry et al. (1995), and focuses on
this particular identification problem. They deberia solution using a two-stage structural approach

that imposes a particular functional form on thedential choice and sorting process (coupled with
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an instrumentation strategy). In terms of detdik first stage in their estimator involves a
multinomial logit model on actual housing choic&khough technically impressive, this method
relies on strong and hard-to-test assumptions ahewhape of the indirect utility function and on
the Independence of Irrelevant Alternatives (lIA&pbthesis invoked to estimate multinomial logit
models. It is thus difficult to generalise its apability and understand the consequences of the
failure of any of the required assumptions. In wark, we do not wish to impose this much
structure, but present no novel solution to thesesds. In the presence of heterogeneous preferences
and/or incomes and sorting across boundaries, isaomtinuity design will provide a weighted
average of the marginal WTP of residents alongthmissions zone boundary. This estimate may
be an upward or downward biased estimatme@inmarginal WTP. However, in our defence, the
work by Bayer et al. (2007) shows that, both ensplly and from a theoretical point of view, the
‘traditional’ hedonic modelare effective at evaluating mean WTP in contexts (bkes) where the
amenity in question is supplied at various qualittemany different locatiofis

For the same reasons, in this paper we also doamstider the issue of heterogeneity in the
responses of house prices to school quality depgradi buyers’ or neighbourhood characteristics.
These are endogenous in house price regressionisrindbe presence of sorting, and cannot be
simply added to empirical specifications in intei@t with school quality.

The second consequence of sorting on school qualityat it makes it difficult to separate
marginal willingness to pay for school quality frahe marginal willingness to pay for neighbours’
quality. In the presence of sorting, part (thoulglady not all) of the association of between sd¢hoo
quality and house prices works through its effecheighbour quality, so estimates cannot be easily
interpreted as WTP for school qualggr se Our robustness checks in this respect are linidted

control variable strategy in which many of the mdigurhood demographic controls are potentially

® The authors find a house price response of apmately 2.5% for a one standard deviation changesinscores in
their ‘standard’ hedonic models, which rises touach 3% when accounting for the effects of sorting.
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endogenous. Nevertheless, we will demonstratetiratstimates of the value of school quality are
steadfastly linked directly to school attributesdain this control function context not to

neighbourhood quality.

3. Institutional context and data setup
Before presenting our results in the next Secticth® paper, we offer a description of England’s
primary schooling system in more detail. We alszdss the data sources that we use to implement

our work and the empirical specifications that wasider.

3.1. National curriculum and assessment in England

Compulsory education in England is organised inte $tages referred to as Key Stages. In the
primary phase, pupils enter school at age 4-5arFttundation Stage then move on to Key Stage 1
(ksJ), spanning ages 5-6 and 6-7. At age 7-8 pupilsenio\Key Stage 2, sometimes — but not
usually — with a change of schdoAt the end of Key Stage <2, when they are 10-11, children
leave the primary phase and go on to secondarykeal@re they progress through Key Stage 3 and
4. At the end of each Key Stage, in May, pupilsaagessed on the basis of standard national tests,
and progress through the phases is measured is ey Stage Levels, ranging between W
(working towards Level 1) and Level 5+ in the primphase. A point system can also be applied to
convert these levels into scores that representtabw term’s (10-12 weeks) progress.

Since 1996, in the autumn of each year, the resitiltse National Curriculum assessment at
Key Stage 2 are published as a guide to primargagserformance. More recently, since 2003, a
value-added score has also been reported, badbe amerage pupil gain at each school between
age 7 and age 11 (relative to the national aver&phpols and Local Education Authorities report

these performance figures in their admissions decus) and parents refer to these documents and

"In few cases there are separate Infants and Jsatiopls (covering Key Stage 1 and 2 respectigigi)a few LAs still
operate a Middle School system (bridging the pringard secondary phases); we do not consider ticbs®Is here.
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the performance tables, as well as using word-afittncecommendations, when choosing schools
(seejinter alia, Flatley et al., 2001 and Gibbons and Silva, 2009)

In our empirical work below, we use tkglto ks2value-added scorgd) as the main indicator
of schools’ productioutput,or effectiveness. On the other hand, we tksdscores as a general
control for pupils’ prior academic achievements, mainly as a measure of schimgdutsin terms
of the educational advantages embodied in the cesitipoof its pupil intake. Thedes1tests might,
at least in part, reflect the effectiveness ofteostin children’s early years. However, they apé n
publicly available and so cannot provide parents widirect signal of school performance. Thus,
we treatkslscores as capturing information about school caitipa that parents can only learn
about from school visits, word of mouth, and udimzal knowledgé Our results in the following
sections seem to confirm thieé1test scores are predominantly linked to studeraskground
characteristics. Note also that if there were $iggmt benefits to be had from schoolmates with
higher mean prior achievemenks1) operating through peer effects, these would pédalgsed in
house prices via school average value-added. Tdaunglitional on school effectiveness), a
significant response of house prices to school asitipn is more likely to indicate parental demand
for peer quality as a consumption (non-productigedd. Finally, one further justification for
focusing onksl scores as an indicator of background (rather theome or free school meal
eligibility) is that the coefficient on value-addeainditional orkslin our regressions can be easily

interpreted in terms of pupil progresssfinal achievement.

3.2. School types and admissions

All state primary schools in England are fundedyddy by central government, through Local

Authorities (LAs, formerly Local Education Authags) that are responsible for schools in their

& Note however that performance tables contain inédion on the fraction of students with specialaadion needs
(SEN), with varying degrees of severity. SEN stadysartly based on poor performance in early @stsassessments.
Thus parents can gather some indirect informatimutthe intake quality of a school using perforomtables.

-16 -



geographical domain. These schools fall into a remobdifferent categories, and differ in terms of
the way they are governed and who controls pupilissions® Most primary schools (roughly two-
thirds) are termed ‘Community’ schools and areealpsontrolled by the LA. Other types of school,
instead, are usually linked to a Faith or otherithlale organisation, and more autonomously run.
The key difference relevant to this paper is betwsshools that administer their own admissions
and make their own choices on whom to admit — wkieltermautonomouschools — andon-
autonomousschools such as Community schools to which pugiés assigned by the Local
Authority. Gibbons et al. (2008) provide more distan the overall differences between these two
groups of schools.

Regarding pupil admissions, overall, all LAs andauis must organise their arrangements in
accordance with the current (now statutory) Schalmhissions Code. The guiding principle is that
parental choice should be the first consideratitwenwranking applications to a primary school.
However, if the number of applicants exceeds thmber of available places, almost any criterion,
which is not discriminatory, does not involve sélat by ability and can be clearly assessed by
parents, can be used to prioritise applicants. 8 bateria vary in detail, and change over time, bu
preference in non-autonomous schools is usuallgrgirst to children with special educational
needs, next to children with siblings in the schanad, crucially, to those children who live closest
For Faith and other autonomous schools, regulend#nce at designated churches and other
expressions of religious commitment are of foreniogtortance. Place of residence, in contrast,
almost never features as a criterion. Even thgrlade of residence is important for admission, it
relates to Diocese boundaries, which do not followinistrative and school admission boundaries.
Consequently, there is little reason for parentsatpfor homes close to good autonomous schools,

other than to reduce travel costs.

%L As are responsible for the strategic managenestate education services, including planningsiiygply of school
places, intervening where a school is failing af@tating central funding to schools. In additibette is a small private,
fee-paying sector, which we do not consider hetigake schools educate around 6-7% of pupils in&mdjas a whole.
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There is however one additional crucial featur¢hefadmission system that applies to non-
autonomous, but not to autonomous schools, anavinakploit in our empirical work. Pupils rarely
attend non-autonomous schools outside of their Lsidence. Families are allowed to apply to
non-autonomous schools in other LAs, but up uatiently (covering the period we consider in our
empirical work) parents had to make separate agics to different LAs. More importantly, LAs
do not have a statutory requirement to find a stfaygupils from other school districts: the law
only requires that they provide enough schoolpfils in “their area™® As a result, banking on
admission to a popular non-autonomous school irthend_A is a high-risk strategy and LA
boundaries act as admissions district boundariestbe period we study. This provides a source of
discontinuity in the non-autonomous school ‘quatityat residents can access on different sides of
LA boundaries. In contrast, these barriers are nesdrelevant for admission to Faith schools and
other autonomous schools that manage their ownsatlmis. In Section 4.2 below, we will provide
clear and compelling evidence that LA boundarigmiicantly affect non-autonomous school
attendance patterns, and that there is a disargtp jn the probability of attending schools in a
given admission district as one moves from a remid®n one side to a residence on the other side

of a boundary.

3.3. Source data

In our analysis we combine information obtainedfrihree different data sources. Our source of
price information is the “Price-paid” dataset froine UK Land Registry for the years 2000-2006.
This is an administrative dataset that recordsaiihdress, sales price and basic characteristics
(property type, new or old build, freehold or Idasiel) of all domestic properties sold in the UK.

Each property is located by its address postcogesdlly 15 neighbouring addresses, and each

19 More precisely, the Education Act 1996 sectiomelatls: “(1) A Local Education Authority shall seethat sufficient
schools for providing (a) Primary education, andgtiucation that is Secondary education (...) foir theea. (2) The
schools available for an area shall not be regaadexiifficient (...) unless they are sufficient imuer, character and
equipment to provide for all pupils the opporturdgfyappropriate education”.
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postcode can be assigned to a 1 metre coordinatteeoBritish National Grid system using the
National Statistics Postcode Directory.

Information on school quality and characteristicanes from the UK’s Department for
Children, Schools and Families (DCSF ). The DCSIects a variety of census data on state-school
pupils centrally, because the pupil assessmergmsyistused to publish school performance tables
and because information on pupil numbers and cterstics is necessary for administrative
purposes — in particular to determine funding. Aidleal Pupil Database exists since 1996 holding
information on each pupil’s assessment recordakey Stage Assessments throughout their school
career. Since 2002, a Pupil Level Annual Censué&\8tl) records information on pupil’s school,
gender, age, ethnicity, language skills, any spedacational needs or disabilities, entitlement to
free school meals and various other pieces ofimdtion including postcode of residence. PLASC is
integrated with the pupil’'s assessment recorden\thtional Pupil Database (NPD), giving a large
and detailed dataset on pupils along with thetrhiegories. Additional institutional charactercsti
and expenditure information on schools is obtainech “Edubase” data, from the Annual School
Census and from the Consistent Financial Reposinigs that can be obtained from the DCSF.

Finally, neighbourhood characteristics from the P@B Census at Output Area level are
linked to the Price-paid housing transactions dgtdheir address postcode. We also compute
various geographical attributes such as distammde& boundaries and distances between properties
using a Geographical Information System.

Linking the schools data to housing sales is monegdex, since there is no predefined mapping
between a house sale, i.e. its postcode, and tloé sehools that are accessible from that location
We infer this mapping from actual home-school tlgpaiterns using a computationally intensive,

but intuitively simple procedure as described ia iext section.
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3.4. Linking schools to housing transactions and matglaoross boundaries

One of the innovations in this work is the accuestgignment of school quality to house location in
institutional settings such as ours, where theme isne-to-one mapping between where a child lives
and the school he or she attends. The proceduaéseimiputation of the set of schools accessible
from each postcode in our Land Registry housingstiations database using the attendance patterns
of pupils that are recorded in the National Pupitdbase. This approach is much more sophisticated
than the common approach of simply assigning adtohe nearest school or set of schools, and is
essential when we want to exploit boundary discuities. Defining catchment areas from
‘revealed preferences’ in this way implicitly acodsi for features of school choice and attendance
patterns that would be obscured by simpler assighnuges.

In our revealed preference procedure, we startsliynating the approximate shape of the
catchment area for each school using the residawtiiesses (postcode) of pupils in the year when
they start at the school. This shape is delindayatie 7% percentile of the home-to-school distance
in each of 10 sectors radiating from each schamitlon (starting West and moving anticlockwise).
Each of the 10 sectors is drawn to capture 10%hefsthool’'s intake. This procedure relaxes
constraints on the shape of catchment areas, alipfer geographically asymmetric patterns of
attendance with sufficient flexibility to apply oboundary discontinuity design. The reason we
truncate the catchment areas at th€ @&rcentile home-school distance in each diredsoto
remove outliers that could artificially inflate tteze of the imputed school catchment areas.
Discarding these outliers reduces the likelihoad we erroneously draw catchment areas across LA
boundaries, and ensures that we focus on areakiaghthere is a high chance of admission — a
consideration which is paramount to home buyerg&isgdo get their children into a particular
school (and thus to our research). Note that werxgnted with various distance thresholds, as
well as with overlapping fixed interval radial sest and alternative starting points and orientation

with little effect on the results.
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Before moving on, let us emphasise why this shapimegedure is necessary by considering
some alternatives. Suppose we simply assigneduaktygof the nearest school to each housing
transaction, or arbitrarily drew a circular catcmnarea around each school. To implement a
boundary discontinuity strategy, we would needtificially impose the constraint that a student in
a house on one side of an administrative attenddistrect boundary (i.e. the LA boundary) can not
attend their nearest school if it lies on the otside. Without this restriction, the set of schools
available close to an admissions zone boundaryrapposite sides of it, would be nearly identical
to each other. Hence, there would be no sourcar@dtion in school quality for identification ingh
boundary discontinuity model (violating Assumptid®). On the other hand, we would not want to
impose this constraint if the discontinuity did mctually exist. Our imputation procedure does not
force any such truncation of the catchment aréaedboundary unless it is supported by the spatial
distribution of pupil homes in relation the schotiley attend. Stated differently, we allow the
catchment areas of schools close to the LA bouesl#éwsibe truncated and shrunk in the direction of
the boundaries — as well as in any other areatrajedtories — only when the data reveal thatithis
the ‘right’ pattern.

After creating each school-specific catchment a@e&faition, we calculate the distance and
direction from each school to each housing tramsaa@h our Land Registry housing transactions
database (up to a maximum distance of 10km)tlitge straightforward (though time consuming) to
link each house to multiple schools by deducingoivimousing transactions lie within which school
catchment areas. Following that, we calculate et summarising the set of schools that are
accessible from a given housing transaction postciod a given year, by averaging the
characteristics of the schools to which a houieked (note that we average using higher weights
on the closest schools to each house, althoughsese similar when using un-weighted means). In

carrying out this aggregation we maintain the ditton between autonomous and non-autonomous
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schools. So, for example, a housing transactiasssgned the mean value-added of local non-
autonomous schools and the mean value-added af@utius schools as separate variables.

We also take care to correctly organise the tinoihgvents in our data. The pupil census in
England occurs in January, pupils take thsitandks2 assessments in May, and the results are
published towards the end of the calendar yearth&tefore link prices of houses sold in calendar
yeart (January to December) to the test results andisditgires published at the end of ye&(in
October to November).

The procedure described above yields a large datbgeer 1.6 million housing sales for 2003,
2004, 2005 and 2006 joined to data on the averageacteristics of the set of schools that can be
accessed from the postcode of each sale. To se¢gpatially differenced cross-boundary model in
Equation (2) we reduce our sample to the set eksadcurring within 2500m of a LA (attendance
district) boundary. We then find, for each trangagtthe nearest sale in the same year of the same
property type, occurring in an adjacent LA, witlie median inter-property distance across that
specific boundary (method M1 in Section 2.3). Thisans that a given housing sale can provide a
‘match’ for multiple housing sales. Note that prapedype here is defined by detached, semi-
detached, terraced or flats, and by ownership typdeasehold or freehold. Further, the resticti
on matching within median distance along a boundasures that we do not create any matched
pairs that are excessively far apart, given thesilerof houses in the local area. For reasons
explained in Section 2.3, we also set up a setadEhed sales across ‘fake’ LA boundaries and a set
of matched sales within LAs (method M7). To prodtiee first sample, we simply translate the
geographical coordinates of the housing transastiata by 10km North and 10km East, and repeat
the matching exercise. For the second, we repeantiching exercise but impose the constraint
that the matched sale is within the same LA ardastt 20m away to achieve better comparability

with the cross-LA samples.
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3.5. Empirical specification

Applying the data described above to the model&gdations (1) and (2) yields empirical

specifications of the form:

Py =Ava+Bka + A+ ky+ §.9+6, (3)

Apy = BAVa + BAKS +A A +A fy+A § Q+A6,

In equation (3),p,; is the (log) price of the house sdlen locationi ; va is the expected value-
added andksl is the mean age-7 test score, for schools thatbeaaccessed from locatidn
(measured at periods prior to the house transgctiomvectorz contains other observable school
and neighbourhood characteristics; vectprcontains observable attributes of house bakend the
function g(g) represents unobserved neighbourhood characteriatid amenities (other than
schooling) that affect market prices. We paramsgegji(c) using boundary dummy variables,
distance to school, distance between matched thosa and various distance-to-boundary
polynomials. As usual; represents unobserved housing attributes andsélratrare independent

of all other factors (i.e. ‘noise’). The notatidh means a difference between matched, closest
transactions on either side of the LA boundary.

Although we have house sales and school attrittesiltiple periods, we have suppressed the
t-subscripts for simplicity. Variation over timetime cross-boundary differences in school quality
contributes to identification, but we do not explthie time dimension alone in our estimation
strategy. Three reasons for this decision @)test scores assigned to house postcodes are highly
correlated from one period to the next so thawthkein-place, between-period variance in school
quality is low;(b) we have only 3 full years (2003, 2004 and 200%) @me quarter (quarter 1 of
2006) of housing transactions linked schools datd(c) response of prices to changes is likely to

display inertia and be sluggish. These factors meacannot use changes over time alone as a basis
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for identification. In the next section we presesgults from regression estimates of the models in

(3) obtained by pooling all available time periods.

4. Reaults

4.1. Descriptive statistics

Table 1 presents some key descriptive statistios fifst two columns summarise the full data set of
housing transactions and associated school chastickefrom 2003-2006. The second two columns
present comparable statistics for our boundaryssuhple of sales, described in the Data section
above. The average price of sales in the trangectiata set is £182,730. In the boundary sub-
sample the mean is about £13,000, or 7% highes.i$liecause administrative boundaries are more
prevalent in and around towns and cities and he&me@ick up more urban transactions in the
boundary sub-sample. In addition, there is a gresi@nce of finding matched pairs of sales across
sections of the boundaries in urban areas, wheusiig is denser. It is easy to visualise this in
Figure 1, which plots the locations of transactionthe boundary sub-sample for two arbitrarily
chosen geographical area: the Midlands, North \&ledtSouth YorkshireRanel A; and London
and the South EagPénel B. The figure illustrates a general spread of sdiesighout England’s
cities and towns, but in a way that is governedhayadministrative boundary structure.

In terms of school test scores, value-added isgnighthe boundary sub-sample d&sdscores
are lower, but the differences are relatively sntdduses in this sub-sample have slightly fewer
accessible schools (where accessibility is impfrtad travel patterns described in the Data section
above). This difference is in accordance with daine that LA boundaries restrict the choice set for
houses located close to the boundary (see thesdiscuabove and Gibbons et al., 2008). Schools
also tend to be closer to home in the boundaryssuiple, again reflecting the relatively urban

nature of the sample.
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For the boundary group, we also present sometstates the distance to the closest boundary
and the distance between property pairs that ateh@é across boundaries. The raw mean distance
to the boundary is nearly 500 metres, and the kesege distance between matched properties is
just under 725 metres. These figures look higlompgarison with previous studies that focus on city
neighbourhoods only, but are not so large in thiet lof the general geographical spread illustrated
in Figure 1. In our regressions, we apply invengerisale distance weights, so the inverse distance
weighted (IDW) means provide a better representatiahe effective boundary difference relevant
to our regressions. The effective mean distandeddoundary in the weighted sample is only

133m, and the weighted inter-sale distance onlyn206

4.2. Evaluating the boundary discontinuities

As discussed at length in Section 2.2, a pre-régue$ our method is that a discontinuity exists in
school quality at LA boundaries (or in the schamlity households expect to be able to access; see
Assumption A2). As a preliminary step, we show ttrass-district school attendance is much less
prevalent than within-district attendance, eveseltw district boundaries. The relevant figures are
presented in Table 2 and refer to proportionsérpibstcode. In the full dataset, only 3.3% of mupil
attend schools other than in their home LAs, thatlnghis not surprising given that, on average,
schools in other LAs will be further away. In th@umdary sub-sample the proportion rises to 6.2%,
while the IDW mean proportion crossing from eadidential postcode in our sales data (given that
the postcode has any children of primary schoalege) is 25%. Since this figure corresponds to
addresses only 133m from the boundary (Table 1)weeld expect nearly 50% chances of
attending a school on either side of the boundamhis did not impose a ‘barrier and was
unimportant for admission. Moreover, these meassfram distributions that are highly right-
skewed and the median proportion of pupils attemdiachool in a district different is zero. Clearly

then, LA boundaries create a strong impedimenthoal choice. This is fully consistent with the
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results using boundary discontinuities to idertiiy causal impact of school choice and competition
on pupil achievement in Gibbons et al. (2008) @ee Card et al., 2008).

More explicit tests for discontinuities in schoaoladjty and other area characteristics at the LA
boundary are provided in Figure 2 and Figure 3n@snethod M2 of Section 2.3). In all these
figures, thex-axis reports the distance from a property transadb the LA boundary. The right

hand side of the diagram (distance > 0) corresptmdales which have access to greater school

value-added than their match across the boundary(iq) - s( 9) >0 in Equation (2). On the other

hand, the left side of the diagram (distance <odjesponds to cases where access is to schools with
value-added below that on the other side of thebary. The plots are obtained as predictions from
a regression of the cross-boundary differenceamelevant variable, on a positive side and negativ
side constant term, and 18 distance-decile dummpey 800m from the boundary on each side.
The dependent variables are standardised by theéasthdeviation of the cross-boundary difference
within 800m. The dotted lines show 95% confidemtervals. The plots are restricted to 400m on
each side for clarity, and shown alongside a m@stwhether the differences on both sides at the
boundary are equal (i.e. an F-test of the hyposhttsit the absolute values of the positive and
negative constants in the regressions are equahd@canother). Note that the reason why these
graphs are not necessarily symmetric is that aisatethe ‘good’ side of the boundary may be
matched with its closest salen the ‘bad’ side of the boundary, but gateay in turn be matched to
another sal& on the ‘good’ side of the (same or a differentyfudary ifj is closer tdk thani. Note
also that it is simply an artefact of the consiarciof the graphs that the lines do not reach the
boundary, because the first point on the horizoat# is the mean distance of the first decile of
housing transactions, ranked by distance to thedeny. Finally, the standard errors are clustered

on locationc; to allow for repeated matches of the samejdaleultiple saleg and for a degree of

arbitrary spatial correlation in the error term.
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The top left panel of Figure 2 shows a large aralsdiscontinuity in value-added scores at LA
boundaries for non-autonomous schools, making#rdhat we have substantial variation in our
main school performance measure across bound#sssifiption A2). The overall scale of the
difference within the 400 metres of the boundamyrisurprising given this is the variable on which
the right and left halves of the plot are definedwever, the most important point here is that
almost half of the 2-standard deviation spread kceuthin the first 100m, from where our
identification will predominantly come. The tophigpanel shows that a discontinuity in house sale
prices exists too: although visually this looks Bnthe difference across the boundary is highly
significant, and the price on the ‘good’ boundadgss higher than the price on the ‘bad’ boundary
side at every corresponding distance. Rough visaalparison of the top left and right panels
suggests that a 0.8 standard deviation changdookaverage value-added is associated with a 0.05
standard deviation change in house prices at thadary. As we move away from the boundary,
focussing on more widely spaced properties, welsseprices tend not to follow school average
value-added. This occurs because many other ameediive these spatial price trends, illustrating
the importance of weighting our regression estisate close-neighbour observations, and
controlling for distance-to-boundary trends (meth&B and M5 in Section 2.3).

In the lower two panels of Figure 2, we look at¢beresponding cross-boundary discontinuity
picture for autonomous school quality. In thesepbsa the right hand side corresponds to places
with relatively highautonomouschool quality (and vice versa for the left haidg)s Again, there is
by definition a strong rise in school quality agdbhe boundary. However, there is no sizable
discontinuity in house prices at the boundary is itistitutional context, where admission to school
is not linked to where pupils live. In fact the phve of the F-test (= 0.76) shows that one cannot
reject the null hypothesis of no cross-boundarfed#ince in house prices.

In Figure 3 we present similar pictures for a ranfaeighbourhood-related characteristics,

with left and right sides split by low and high rantonomous school average value-added. These
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plots serve to show to what extent cross-boundaighibourhood differences are correlated with
cross-boundary non-autonomous school value-addéstatices. It is evident that there are no
discontinuities in terms of a wide range of neiginmod characteristics (obtained from the 2001
GB census and the Land Registry data), includiegstiare of local dwellings sold per year, the
dwelling size and residents’ characteristics. Oweption is the proportion high-qualified residents
(degrees and equivalent), in which there is astieailly significant break. The fact that more hygh
educated residents live on the side of the bounddhygood schools is evidence for some degree
sorting of those with higher incomes and strongefgsences for their children’s education (similar
results are found in Bayer at al., 2007). The eimgditssues arising from this kind of sorting were

discussed in 2.4, and we will address them in obustness checks presented in Section 4.6.

4.3. Baseline results: comparing the price effects bbst value-added and prior achievements

Table 3 presents the coefficients and standardssisoour main regression results. We report only
the key figures for the house price effects of stimean value-added (‘output’) akslltest scores,
which we claim proxy for school ‘inputs’ (i.e. memss of pupil background and school
composition). The reported coefficients are mukiglby 100 so as to show, to an approximation,
the percentage effect of a one point change inddechean test scores. Control variables are listed i
the Table notes. The specifications become inanghsstringent as we move left to right across the
Table. Column (1) reports results from a simple @&gression using the full time-pooled cross-
sectional samples for 2002-2006 (i.e. Equation; (@plumn (2) shows the same specification
estimated on the boundary sub-sample (see Sec#igraBd Column (3) is the cross-boundary
(method M2) pair-wise differenced model describe8eéction 2.3. Columns (4) to (7) introduce the
other modifications described in Section 2.3, bdiag inverse distance weighting (M3), LA
boundary dummies (M4), distance-to-boundary polyiabtrends (M5), and by finally restricting to

boundaries with below-median rates of crossing (M6)
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Let us focus first on the price effects of valueled. In the simple OLS estimates, we observe
very large and significant associations betweemaichalue-added and house prices, with a one
point change linked to an 11-14% change in priBes106 for a one standard deviation change in
the school average value-added distribution). Thesdts should not be trusted as causal estimates:
in fact, when we eliminate common neighbourhootbiscusing the boundary differencing strategy
there is a dramatic fall in the price effect of aohvalue-added (down to 2%). However, we have
argued that the effects of school quality are oséparately identified from neighbourhood
influences when the distance between matched isateso. Therefore, a more reliable estimate is
the one presented in Column (4), where we apply \dghts to the regressions. This shows that
the coefficient on value-added rises consideraipyto 3.8%, and becomes more statistically
significant. Note that if we follow the strategy®fack (1999) and only concentrate on the closest
properties pairs (that is, we apply weights of Xrémsactions within a threshold distance, and
weights of 0 otherwise) we find similar results.r Example, when we restrict our sample to
transaction pairs less than 250metres apart (sasig@€el6,515) we find a point estimate of 3.89,
with a standard error of 1.45.

An important result is that once we have appliedli@eights, the coefficient on value-added
remains very stable at around 3.7%, (or 3% for staedard deviation) even when we add in
boundary dummy variables (Column (5)), and distaneeoundary polynomials (Column (6)). We
can further include boundary x year dummies, irtstéagimple boundary dummies, to eliminate all
time-series variation occurring along boundariebthe coefficients are almost unchanged (3.74 on
va, 2.75 onks]). Similarly, the results change only slightly whes restrict our analysis to
boundaries with low rates of crossing (below medaaress than 5% of pupils crossing along the
whole boundary) in Column (7). The size of the leopisce response sits comfortably with previous

results in the literature, surveyed by Gibbons Biathin (2008) and Black and Machin (2010),
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which shows a consensus estimate of around 3-4%eharice premium for one standard deviation

increase in school average test scores.
Note that other weighting schemes, for exampTé where d; is the distance between

transaction and matched transactigrproduce similar results. Additionally, we hav@esimented
with a number of formulations for distance-to-boarydolynomials too, coming to almost identical
conclusions. These included: simple differenceistasthce-polynomials (as reported in Table 3);
separate polynomials in the distance ori {gseurce) ang(matched) sides of the boundary; separate
polynomials in the distance of the ‘good’ and ‘baidles of the boundary (i.e. an interaction between
distance polynomials and an indicator for highaw kchool value-added). Finally, if we include
interactions between distance-to-boundary and banyrdbummies, allowing for 680 boundary side
specific trends, we find a slightly lower, butlstighly significant coefficient on value-added! i

all, our most robust and testing specificationsdatk that prices rise by about 3.7-3.8% for a one
point increase in school value-added from the nfabaut 3% for a one standard deviation change
in the school average value-added distribution).

Our results also point to a significant relatiopshetween early test scores and housing costs.
The OLS results on the full sample show a 3.7% gbam prices for a one point change&gitest
scores. Once we focus our attention to the bounskample and apply IDW weights, the effect is
reduced, but remains significant, and suggestsca pesponse of around 2.8% for a one point
improvement (again, about 3% for a one standarcties change in the school average age-7 test
scores distribution). As already mentioned, therpitetation we place on this coefficient is that it
measures the house price response due to parentahd for peer quality, irrespective of its impact
on test score progression. Comparing the responsdue-added and age 7 scores, it is evident that
school choice is driven by the demand both for etgubacademic gasndfor aspects of expected

peer group quality that are uncorrelated with qureecademic gains. The net result is that house
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prices respond to mean age-11 test scores, whathet these arise through school composition or
school value-added. We will return to this poinbir Conclusions.

In conclusion, it is worth noting that previouseasch (Kane et al., 2003 and Gibbons and
Machin, 2003) has suggested that single-year teses could be noisy proxies for the long-run
performance indicators in which parents are likellge interested. This could lead to underestimate
the response of prices to expected school perfareaim this research, we considered this
possibility by using two-year averaged test scamesur regressions, but found no evidence that

using single-year performance measures attenuateefficients.

4.4. Falsification tests using imaginary boundaries andperative boundaries

In Table 4, we implement the first of our falsifiican tests based on imaginary boundaries, described
as Method 7 in Section 2.3. In the first instamecé&olumns (1) to (3), we simply pair sales up with
other salesvithin the same LA, imposing a minimum distance betwbemtatched properties of
20m to achieve better comparability with the actwats-LA sample. A similar test was carried out
in Black (1999). In Column (1), we present the Gisfimates for comparison. In Column (2), we
present the coefficients based on the differenegd @hile in Column (3) we introduce our IDW
weighting. Note that we cannot include LA boundduynmies or distance to boundary polynomials
in these models, since no boundaries are invol@&& estimates are similar to what we found
before on the full sample. However, when we diffeebetween close-neighbour pairs within the
same LA we find no house price effects associatied wcal schools. This suggests that our
findings above are not spuriously driven by locabloservables, rather causally linked to cross-
boundary school quality discontinuities.

The specifications based on paired differencessacifake’ LA boundaries — re-drawn by
translating the coordinates of housing transactidiisn North and East — tell a similar story. In
Column (4), we report simple OLS estimates for carigon. In Column (5), we difference the data

across fake LA boundaries, and then go on to alfly weights to our regressions (Column (6))
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and to include LA boundary dummies and distancbetordary trends (Column (7)). The change as
we move from Column (4) to (6) is dramatic andsthates the importance of IDW weighting in our
boundary discontinuity design: the simple boundisgontinuity estimates in Column (5) still
suggest a significant association of house priads kgltest scores, even when no discontinuity
should exist between the school quality assignélddaalose-neighbour housing sales pairs (i.e. a
similar set of schools could be accessed from &idigs of the fake boundary, since these do not act
as real barriers). When we apply IDW weights, thefiicients are greatly attenuated and become
completely statistically insignificant. In other vds, these tests do not falsify our claim thateher
exists a causal effect on house prices arising frendemand for school quality, when admission is
constrained byeal attendance boundaries. Moreover, they providééursupport for our use of

IDW weighted regressions.

4.5. Falsification tests using schools which do not admpils based on home location

One way to falsify our findings would be to showtthouse prices respond to the quality of schools
that donotration places according to home address. Oututistnal set up allows us to implement
this test, as described in Section 2.3 and Se8t®yrusing the characteristics of autonomous sshool
vis-a-vis those of non-autonomous schools. Hemc@able 5, we compare the effect of school
quality on house prices for these two types oftutsbns (method M8). The first two rows present
again the association of house prices with qualityon-autonomous schools, which admit pupils
according to home address (i.e. the set of schusad so far for our baseline results). The second
two rows show the coefficients for autonomous s&hfmy which home-to-school distance is not an
important admission criteria.

In the OLS estimates presented in Columns (1) ahdue find that the association between
school quality and housing prices is large andiggmt for both types of school, indicating that
these coefficients are unlikely to represent caaffakts running from school quality to housing

demand. In fact, the only reason to buy very ctossutonomous schools is to minimise transport
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costs (not to grant admission). Therefore, the@ason between autonomous school quality and
house prices most likely reflects a reverse-caesaiionship between local family incomes (driven
by differences in neighbourhood amenities, suatasss to better transport) and average academic
achievement in schools that pupils from these fesdttend. In contrast, as soon as we difference
across LA boundaries, we find positive and sigaiitoresults for non-autonomous schools as we did
before, but very small and insignificant resultsdatonomous schools — especially when we weight
the estimates towards the closest sales pairs Ge&emns (3) and (4)). A joint test for the
coefficients on value-added and age-7 test scar€viumn (4) being equal for autonomous and
non-autonomous schools clearly rejects the nulbbygsis with a p-value of 0.025.

Once concern is that, given the availability ofsiaéwvo types of schooling, our estimates of the
non-autonomous school effects might be attenuayed tendency for shrewd parents, seeking
admission to popular autonomous schools, to buggdrehousing on those sides of LA boundaries
that provide low non-autonomous school quality, #meh to ‘cross’ the boundary to attend an
autonomous school. Under this scenario, autonosahusols might raise housing prices when non-
autonomous quality is low. However, in Column (%) show that interactions between autonomous
and non-autonomous school quality are not sigmiflgalinked to prices either, making this

hypothesis highly unlikely.

4.6. Robustness of the results to sorting, neighbourtaititbutes and school resources

Section 2.4 highlighted the problems associatel inferring mean social valuations of amenities
(willingness to pay) such as school quality wheadaholds are heterogeneous and there is sorting
on school quality according to household type. Fag® further showed the fact that some such
sorting exists across LA boundaries in our datpaiicular for high-qualified residents. Therefore

in Table 6, we check the robustness of our schaality effects to inclusion of a variety of
neighbourhood demographic controls (at Output Aeeal, the smallest geographical unitin the GB

2001 Census containing on average 125 househ@lsjocus in particular on the importance of
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highly qualified neighbours, with degrees and eglg@mt qualifications, and those without
gualifications. It should be noted these neighboadwvariables are potentially endogenous in these
housing price models, because unobserved amesiti@dtaneously raise housing prices and
generate residential sorting.

Column (1) simply repeats our preferred specifaratrom Table 3, while Column (2) adds ina
control for the proportion of highly qualified amige proportion of unqualified neighbours. Both
enter the regression with the expected signs aadoantly highly significant, suggesting that
households value the educational status of tha@jphbeurs (similar to Gibbons, 2003). However,
controlling for neighbours’ educational qualificats makes very little difference to the coefficgent
on school quality. In Column (3) and (4), we go etep further by first adding a range of other
demographic controls (Column (3)), and then inalgdhe average school achievements of children
in the residential neighbourhood (Column (4)yhe coefficients on school quality change reldgive
little, in particular the one capturing the respoi$ house prices to school value-added. This is
particularly reassuring since it shows that sclefi@ctiveness is capitalised into house prices over
and above the educational progress of pupils liinrtge same neighbourhood. Finally, in Column
(5), we subject our data to an even stronger testraatch sales across LA boundaries according to
whether they are in Census Output Areas in the squaatile of the distribution of high
qualifications (in addition to matching on the stard set of housing characteristics). This process
provides us with a considerably smaller sampleatthed housing pairs, with consequent effects on
the precision of our estimates. In fact, the coedfit onksltest scores is weakened considerably,
which is consistent with our claim that early t®sires act as a proxy for school composition, which
is in turn dependent on neighbouring parents’ @t background. Nevertheless, our point

estimates for school value-added remain of a simitder of magnitude to our baseline findings, and

 We derive the mean value-added scores of pupiisgliin the neighbourhood from our pupil database.
Neighbourhoods are defined as geographical areasltiare the same three nearest schools.
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broadly confirm our results so far. Taken togetltee,evidence from Columns (1)-(5) in Table 6
suggests that the second order ‘multiplier effettschool quality on neighbourhood quality
operating through residential sorting is quite $raadl has little bearing on our valuation of school
performance — especially the contribution of vaduleled.

School financial resources also have a potentatioaship with housing prices — through taxes
and through family background linkages — and thian issue that we have not discussed yet. In
England, resources are allocated to LAs from cegimaernment grant on the basis of needs
(mainly: numbers of pupils, levels of income, disattage and special educational needs).
However, LAs tend to distribute this grant to th&shools simply on the basis of pupil numbers,
with various other small payments and allowancesévere special educational needs (Sibieta et
al., 2008). Most of the variation in school expeud per pupil is therefore between-LAs, and hence
taken out by our LA-pair boundary dummies (methaf M is, however, possible that resources are
allocated to LAs in response to changing area deapbics over time, or that localised factors
within LAs (e.g. parents’ fund raising associatjomsght generate some correlation between within-
LA expenditure per pupil and within-LA house prices

To check the robustness of our findings againsetissues, we continue Table 6 by introducing
controls for school resources (pupil teacher raimenditure per pupil and pupil numbers) along
with a control for local housing tax rates (Colu(b)), and by including those school demographic
characteristics that affect school income (peragtd pupils eligible for free school meals, ethnic
minority proportion and proportion with special edtional needs; Column (7)). Clearly, from
Column (6), school expenditures, pupil numbers pagil-teacher ratios show no statistically
significant association with prices. This resultdsowhether or not we control for school value-

added or mean test scores, and/or if we replaakdrpenditure per pupil with sub-categories of
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spending* More importantly, our key findings on value-addet age-7 test scores are largely
unchanged. On the other hand, when we control heerocaspects of school composition as in
Column (7), the coefficient on age-7 school avetagescores falls to near zero and is statisyicall

insignificant. This is mainly because the incomletezl dimension of intake —namely the proportion
of pupils eligible for free school meals — doestdr job of measuring those dimensions of school
composition that influence parental demand and thugse prices. Other aspects of school
composition — ethnicity, special educational neetle'n out to be irrelevant. In contrast, although
the coefficient on value-added is attenuated diightthis rather saturated model, it remains hyghl

statistically significant and economically importam size, emphasising the crucial role of value-

added in driving the house price response.

5. Concluding discussion

The question of how much parents are willing to {waget their children into what they perceive as
better schools remains a high profile researchpalidy question. However, accurately pinning
down the house price premium generated by supseciwol performance, and developing a better
understanding of what aspects of performance pareost value, is hampered by a number of
methodological difficulties and concerns.

In this paper, our research aim was to go furthan fprevious work in finding out if, why, and
by how much people pay for homes near good sch¥éésstarted by refining the ‘boundary
discontinuity’ approach to hedonic modelling, asthblished through a series of novel robustness
checks and falsification tests that the methodojugyides credible estimates of the causal links
between school characteristics and housing pri2esmethodological extensions to the boundary
discontinuity framework are of broader interestthat they generalise to other contexts such as

border effects in international trade (e.g. Reddind Sturm, 2008; Hanson, 2004), provision of

2 This is not surprising given what is known abche tveak link between resources and performancectiabe
observed within cross-sectional data on state d&dystems - see among others Hanushek (2003) fiotemmational
survey and Levacic and Vignoles (2002) for a distusof the UK experience.
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health care (e.g. Propper et al., 2004; Proppe,e2008), and the effects of local tax regimes an
policies on housing costs and business locatian @ushing, 1984; Holmes, 1998).

A principal objective of this paper was to estdblighether the well-documented response of
housing prices to school-mean test scores repeaatgmand for educational outputs of schools.
This is a crucial policy question, because it ceguhe value of educational performance arising,
potentially, from teaching quality, leadership, lifyand resources. The alternative explanation we
considered is that prices rise in response to coeis of school quality that are uncorrelated with
school value-added and hence unlikely to raiseild'stachievements. These aspects of school
quality are less amenable to policy intervention d&wave little or no bearing on educational
effectiveness.

Our results are the first to show convincingly thatiseholds pay higher house prices for
schools that are likely taaise their child’s educational achievements — i.e. higlue-added
schools. In other words, households pay for whey gee as theutputof schooling in terms of
expected educational progress. But householdspalg@n additional premium for a favourable
distribution of pupil characteristics in these salso— which we represented by higher mean
achievements at age 7. In fact, this seems tmkedito the willingness of households to pay for a
more favourable family income distribution in th@heol — namely, fewer children on free school
meals — rather than school effectiveness at thHiesstages of education. On the other hand, @thni
mix in schools does not appear to have an impofiaating on prices and the housing market
reveals no preference for higher school expenditigenerally and on any specific resources, or
preferences for smaller classes and schools.

As it turns out, we are not completely able to gdyuseholdknowexactly what they are
paying for. The magnitudes of the effects of scleoahposition and value-added on house prices are
similar to each other, so a one point increaseloal average test scores at age 11 is valued the

same, irrespective of whether this is achievedutnovalue-added or school composition. One
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potential explanation is that parents use the vegdtnd-of-primary test results as an indicator of
academic effectiveness, but do not use other sdbwel information adequately to differentiate
between school results that arise because of blgioseffectiveness, as captured by a higher value-
added, and results that come about because thelsstemrolling high achieving pupils from the
start. An implication of this conjecture is thatuseholds are paying part for aspects of schools
that are unlikely to make much difference to tlosun child's achievement. Another possibility is
that value-added is really just another dimensimstbool composition, reflecting the average rate
of progress of pupils enrolling in a school, butalated to the expected gains the school would
generate for a child picked at random. The impiicathen is that parents pay to access schools that
admit fast-progressing pupils, even though thedsoas offer no obvious academic (or
consumption) benefits to their own child. Both #hesenarios seem theoretically and empirically
unappealing. The most plausible explanation thedmsistent with our results is that parents value
both academic effectiveness and composition aspésthool quality, because they are interested
in their own child's academic progress, as wethasocial status of their child's peers. Eithey,wa
the statistical association between school valukeddand house prices seems empirically
indestructible, regardless of what we do to coritmoschool composition. This finding persuades us
that parents really do care about value-added wlenvalue schools.

The magnitude of our estimates of the effect obsthuality is in line with previous research
for England and internationally (see Gibbons andiita 2008): prices increase from the mean by
about 3% for a one standard deviation improventeathool-mean age-7 to 11 value-added, plus
about 3% for a one standard deviation increasesimamschool achievements at age 7. It is useful to
benchmark these effects against expected retudhalmnative options. Firstly, itis clear thagsle
price responses represent substantial amountsréyngiven that the between-school variance in
scores is low relative to the variance in achiev&iy@cross pupils. The price response for a

standard deviation in thgupil score distribution (2.7 value-added points) isiath11%, or about
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£20,500 at the house prices prevalent at the tfroarastudy (or approximately £1500 per year on a
repayment mortgage over 25 years, at 5% interest ihis cost is equivalent to just over 2.5 years
of private schooling fees (about £2800 per ternpforate day-schooling in England in 2006%7).
Are these figures credible in terms of the valumeéstment in a child’s education? To answer
this question, consider first that Machin and MdiN#&2008) estimate a labour market return of
about 0.42% to a one percentile increase in agest&cores, for a cohort of children raised in the
1970s and 1980s. This implies that a one standandtion improvement in achievement at this age
raises future earnings by 12%. Next, following Maa#t al. (2007), we calculate the present value
of this 12% increase on earnings between ages d &andiscounted back to child's age 5 when
parents are likely to buy their home for primarhaal admissiort* This calculation gives a
discounted lifetime benefit of approximately £2@6&hich is amazingly close to the house price
response to one standard deviation improvemeheiptpil test score distribution (about £20,500).
Of course, this comparison is based on the fulitaiped value of the house, and the benefitsief th
investment could clearly outstrip the user costdnta into account potential house price
appreciation. Similarly, the benefits could sigraiintly outweigh the costs for families with more
than one child. Nevertheless, these basic calounlsstill clearly illustrate that house price rasgm

to school quality is of a plausible magnitude gitlea expected return in terms of future earnings.

3 These figures are derived from Independent Schdofermation Service web site and available at:
http://www.isc.co.uk/FactsFigures_SchoolFees.htm

4 Machin et al. (2007) estimate average yearly egsfor all individuals aged 16 to 64 in the Faniigrnings Survey
(2002/2003) to be at around £10,700. They then gsepto use a discount rate of 3.5%, in line witk th
recommendations in the UK HM Treasury Green Bdutp(//www.hm-treasury.gov.uk/data_greenbook_ind&w).
Considering the 12% return to a one percentile asmen age-10 test scores discussed above, weatsstime benefits
& £LO,700 1%

1+ 35%)112 a+ 350/)

over ages 16 to 65, and discounted back to age fojlaws: NPV =
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6. Tables

Table 1: Descriptive statistics

Full data set Boundary sub-sample
Mean s.d. Mean s.d.
Price 182730 153372 195910 165360
Log price 11.91 0.642 11.98 0.625
Age 11-7 value-added 12.60 0.789 12.69 0.781
Age 7 English and Maths points 14.90 1.093 14.62 0812.
Age 11 English and Maths points 27.50 1.235 27.31 189
Number of schools in catchment area 3.98 2.19 3.871 1.937
Distance from home to school 2289.4 1376 1779.5 388
Distance to boundary - - 492.6 347.4
Inverse distance weighted distance to - - 133.2 202.9
boundary
Distance between properties - - 723.1 402.2
Inverse distance weighted property distance - - 205 133.2
Observations 1656056 138132

Table 2: Statistics for pupils crossing admissi@tritt boundaries

Mean postcode proportion non-autonomous boundagsers

IDW mean postcode proportion non-autonomous cresse

Median postcode proportion non-autonomous boundargsers

Full data set
0.033

Boundary sub-sample
0.062
0.250
0

Notes: Figures refer to proportions in the postcdld&/ means weighted by inverse distance betwedahad property
transactions pairs (i.e. weighted toward obsermatitvat have zero-distance matches on oppositesidémission

district boundary).
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Table 3: OLS and cross-boundary difference modetiseoeffect of school quality measures on house

prices
(1) (2) (3) (4) (5) (6) (7)
OLs all OLS Cross-LA Cross-LA Cross-LA Cross-LA Low
England boundary boundary boundary boundary boundary crossing
M2 M3 M4 M5 sample
Method: Mé

Age 11-7 Value-added, *¥10.64  *14.23 =206  *3.82  *3.70  *3.69  *3.49
(yeart—t-4)  (0.55) (1.03) (0.52) (0.90) (0.87) (0.87) (1.09)

Age7 English, maths  **3.66 0.53 **3.57 **2.86 **2.75 **2.75 **3.07
(year t-4) (0.45) (1.05) (0.52) (0.85) (0.80) (0.80) (0.91)
Inverse property No No No Yes Yes Yes Yes
distance weights
Admissions authority No No No No Yes Yes Yes
boundary fixed effects
Distance to boundary No No No No No Yes Yes
cubic

Observations 1656001 138132 138132 138132 138132 8133 60394

Notes: Table reports regression coefficients aaddsird errors multiplied by 100 to give the % dffefca one point
change in explanatory variables. Dependent variddehouse sales price. School characteristicsiiagfrom schools
accessible from housing transaction site. Contnoalbées are: average rooms per dwelling in tramsastcensus 2001
output area, census output area proportion of imlde social renting, census ward population dgnsird proportion
under continuous or semi-continuous urban landgawember of schools accessible from transactian siterage
distance to accessible schools, distance fromardiaos site to local authority boundary, year duesnSample based
on transaction pairs for second-hand home salgsairs 2003, 2004, 2005 and first quarter of 20@87.and Registry
“Pricepaid” postcode dataset. Columns (1) and (2lude additional controls for property type (deeadthsemi-
detached, terraced, flat/maisonette) and ownetgpg(leasehold or freehold). All variables in Cohs{3) to (7) are
differences between neighbouring transaction pairgpposite sides of school admissions authorityndary, where
neighbouring pairs are matched by transaction ygaperty type and ownership type. Column (7) samgsd&icted to
boundaries with below-median proportions (<5%) @bits crossing. Standard errors are clustered dohmd nearest
sites across boundaries (15489 clusters, Columrts (3)), or clustered on Census ward (Columnsrid)2)). Test for
equality of coefficients on age-7 tests and valdéea in weighted x-LA models Column (4) to (7) fadsreject null
(e.g.: Column (6), p-value = 0.359).
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Table 4: Falsification tests: Within-admissions e@md fake boundary difference models of the efiéct
school quality on house prices (Method M7)

) ) ®3) 4 ®) (6) Q)

OLS  Within-  Within- OLS Cross Cross Cross

within-LA LA LA fake LA fake LA fake LA fake LA

sample sample

Age 11-7 Value-added, (yeart— **14.96 0.75 0.55 **16.85 1.08 0.68 0.57

t-4) (0.94) (0.40) (0.54) (1.50) (0.76) (1.16) (1.56)

Age7 English, maths (year t-4) **3.28 *0.74 0.79 -0.328 **2.74 0.24 0.15

(0.83) (0.35) (0.48) (1.83) (0.67) (1.23) (1.23)
Inverse distance weights No No Yes No No Yes Yes
Admissions boundary dummies - - - No No No Yes
Distance to boundary cubic No No No No No No Yes

Observations 130500 130500 130500 92054 92054 920592054

Notes: as in Table 3. Column (1) includes additiauatrols for property type (detached, semi-de¢alcherraced,
flat/maisonette) and ownership type (leaseholdeetiold). All variables in Columns (2) and (3) difterences between
neighbouring transaction pairs on same side of@dmmissions authority boundaries, where neighlbgyvairs are
matched by transaction year, property type and estiygtype, and a minimum distance of 20m and marirdistance
of 1500m is imposed. Variables in Columns (5) toaf@) differences between neighbouring transactins pn opposite
sides of ‘fake’ school admissions authority bourelgrwhere neighbouring pairs are matched by trdiosayear,

property type and ownership type. Fake boundaresr@ated by translation 10km North and East.dgaherrors are
clustered on matched nearest sites (Columns (2§3rahd (5) to (7)), or clustered on Census wardy@olk (1) and

(4))-

Table 5: Falsification checks with autonomous sth@dethod M8)

1) 2) 3) 4 (5)
OLS OLS Cross- Cross-LA  Cross-LA
boundary  boundary boundary
M2/8 M5/8 M5/8
Age 11-7 Value-added, (year t —t-4), **9.40 **14.46 **2.02 **3.68 **3.70
non-autonomous schools (0.51) (1.03) (0.52) (0.87) (0.87)
Age7 English, maths (year t-4), non- **2.30 -1.23 **3.49 **2.72 **2.72
autonomous schools (0.43) (1.16) (0.52) (0.80) (0.80)
Age 11-7 Value-added in autonomous **9.35 **9.89 1.07 0.72 0.74
schools (0.45) (1.05) (0.61) (0.80) (0.89)
Age7 English, maths (year t-4), **7.02 **5.76 *1.60 0.70 0.66
autonomous schools (0.43) (0.97 (0.62) (0.80) (0.80)
Age 11-7 value-added autonomous X - - - - 1.93
autonomous (1.15)
Age 7 English maths, autonomous x - - - - -0.63
autonomous (0.83)
Inverse distance weights No No No Yes Yes
Admissions boundary dummies No No No Yes Yes
Distance to boundary cubic No No No Yes Yes
Observations 1656001 138132 138132 138132 138132

Notes: as Table 3 and 4. Columns (1) and (2) inchdiitional controls for property type (detachesimsdetached,
terraced, flat/maisonette) and ownership type @deakl or freehold). All variables in Columns (3)%) are differences
between neighbouring transaction pairs on oppesltes of school admissions authority boundary, eheighbouring
pairs are matched by transaction year, propertg gqd ownership type. Standard errors are clustamedatched
nearest sites across boundaries (15489 clustersn@sl(3) to (5)), or clustered on Census ward (Cotufhnand (2)).
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Table 6: Some models with additional (potentialiglegenous) controls

1) (2) 3) (4) (5) (6) (7)
Cross- Cross- Cross- Cross- Cross- Cross- Cross-
LA LA LA LA LA LA LA

boundary boundary boundary boundary boundary boundary boundary

Age 11-7 Value-added, (yeart **3.69 **3.42 **3.12 **3.89 *2.68 **3.12 **2.32
—t-4) (0.87) (0.89) (0.90) (1.03) (1.20) (0.85) (0.90)

Age7 English, maths (year t-4) **2.75 **2.05 *1.85 **2.40 1.37 **2.37 0.29
(0.80) (0.79) (0.79) (0.81) (1.12) (0.77) (0.87)
Neighbourhood qualifications No p=0.000 p=0.000 /60 Matched p=0.000 p=0.000
guartile
Augmented neighbourhood No No p=0.000 p=0.000 No p=0.000 p=0.000
controls
House neighbourhood Age-7- No No No p=0.006 No No No
11 value-added and age 7
scores
School expenditure No No No No No p=0.336 No
Local housing (council) tax No No No No No Yes No
rate
Pupil characteristics No No No No No No p=0.050
Standard controls Yes Yes Yes Yes Yes Yes Yes
Inverse property distance Yes Yes Yes Yes Yes Yes Yes
weights
Admissions authority boundary Yes Yes Yes Yes Yes Yes Yes
effects
Distance to boundary cubic Yes Yes Yes Yes Yes Yes Yes

Observations 138132 138132 138132 109941 74819 27378 137655

Notes: as Table 3. All variables are differencesvben neighbouring transaction pairs on oppositessof school
admissions authority boundary, where neighbouraigsare matched by transaction year, propertyaypoeownership
type. Standard errors are clustered on matche@siesites across boundaries. Neighbourhood quatliics include
proportion high qualified and proportion unqualifid@ugmented neighbourhood control set includep@rtion black,
proportion inactive through iliness, proportion mm@oyed, proportion with dependant children, prajoor retired.
School expenditure and local taxes control setishes expenditure per pupil, pupil-teacher rationber of full-time
equivalent pupils and local housing taxes. Pugirahteristics include percentage pf pupil eligibtdree school meals,
percentage of pupils from ethnic minority and patage of pupils with special educational needs.
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Figure 1: Location of housing transactions in tbardary sub-sample

Panel A: Map of the Midlands, Manchester and VYioires
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Figure 2: Discontinuities and non-discontinuitieschool quality and house prices

Non-autonomous value-added, by non-autonomous Log house price, by hon-autonomous value-added,
value-added, p=0.000 p=0.007
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Figure 3: Some example discontinuities and noneatiouities in neighbourhood characteristics

Households dwelling size=p.326

Population density: p=0.946
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