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Abstract

This thesis uses a structural, two-sided model of the education system to study in-
teractions between parents’ school choices and teachers’ labour supply decisions
in the context of secondary education in England. These interactions are likely to
play a critical role in shaping the equilibrium effects of various education policies,
notably the expansion of school choice, whereby households are allowed to apply to
their preferred schools instead of being assigned to their neighbourhood school. If
different types of households value school performance to different extents, and if
teachers prefer teaching certain types of pupils, then the expansion of school choice
might alter not just the assignment of pupils to schools but also the assignment of
teachers to schools, which might in turn have implications in terms of inequalities

in learning outcomes.

To model these interactions, I combine some models used in labour and edu-
cation economics with features derived from the Industrial Organization tradition.
On the ‘demand side’, parents have preferences over school attributes, including
their attainment scores. On the ‘supply side’, teachers also have preferences over
school attributes, including the wages they offer but also the proportion of disadvan-
taged pupils on their roll. Teachers are heterogeneous both in terms of their prefer-
ences and their effectiveness at improving pupils’ test scores. The labour market for
teachers is subject to frictions which are captured in a model of job search, where
teachers receive offers from schools at random rates, and move to a different job
when the value of an offer exceeds the value of the job they hold. Between pupils
and teachers, schools operate an ‘education production function’, whereby the test

scores of pupils depend on the size and composition of their teaching workforce.
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Schools receive a budget allocation and set wages to hire the teaching workforce
that maximises the test scores of the pupils on their rolls.

The empirical estimation shows that more affluent households put more weight
on school performance when applying for school places, and teachers tend to prefer
working for schools with children from more affluent families. These preferences
generate sorting effects where children from more disadvantaged households tend to
be taught by less experienced and less effective teachers, which increases inequality

in learning outcomes.
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Impact statement

This research sheds light on some important mechanisms contributing to edu-
cational inequality in England. These insights could be incorporated in the design
of education policies such as school choice, school funding, school accountability

measures, and teachers pay policy. To highlight three current examples:

* the UK Department for Education (DfE) is currently consulting on the fund-
ing formula for state-funded schools, with an emphasis on ‘levelling up’
opportunities for pupils.! My research explains how school funding ‘feeds
through’ to educational attainment through teacher hiring and retention deci-
sions, and simulates the effect on educational inequality of increasing funding

levels for schools serving disadvantaged communities (chapters 2 and 3);

* the DfE has recently committed to improving the ethnic diversity of its work-
force to foster social cohesion and provide diverse role models to pupils (DfE
(2018)). My research documents differences in the career paths of teachers
from different ethnic backgrounds, and highlights some key factors that con-
tribute to difficulties in attracting and retaining teachers from minority ethnic

backgrounds (chapter 4);

* the House of Lords has recently recommended that the government review
the ‘Progress 8’ measure of school performance used in secondary education
in England with a view to ensuring that accountability metrics better reflect
schools’ value added and do not distort their incentives. My research shows
that, with a relatively simple amendment, the Progress 8 metric could approx-
imate a more complex, unbiased estimator of school value added, and could

therefore help households and regulators make informed policy decisions.

This research also provides a framework for analysing market power in the
labour market, a topic of increasing policy importance in the UK and abroad. By

way of example, the UK Competition and Market Authority has just published a

Uhttps://www.gov.uk/government/publications/national-funding-formula-tables-for-schools-and-
high-needs-2024-t0-2025
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report on Competition and Market Power in the UK labour market, and is seek-
ing views on whether the antitrust framework should be amended to address such
concerns.”> My model of the labour market incorporates two possible sources of
‘monopsony power’, search frictions and job amenities, and can be estimated with
commonly available administrative data.

Inside academia, this research will contribute to the literature on school choice,
teachers preferences, and the determinants of educational attainment. The contribu-

tions to these various strands of the literature are highlighted throughout the thesis.

Zhttps://www.gov.uk/government/news/cma-research-report-on-competition-and-market-power-
in-uk-labour-market
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Chapter 1

Introduction

Over the past three decades, many governments have introduced systems of school
choice, whereby parents can apply for places at their preferred schools instead of
seeing their children assigned to the local school. The main objective of these poli-
cies is to improve pupil outcomes by allowing households located close to poorly-
performing schools to access better schools. However, to evaluate the equilibrium
effects of school choice, it is critical to understand how schools - the ‘supply side’
in the education market - respond to parents’ decisions. Proponents of the policy
often argue that schools are likely to respond to the introduction of school choice by
exerting more effort and improving performance to attract pupils. This argument is
plausible in education systems dominated by private, for-profit schools, but it is not
clear that it applies in systems dominated by state-funded schools where there is no

profit incentive for management to increase school attendance.

In this thesis I propose a different model of the school system which incorpo-
rates teachers’ decisions of where to work. The premise is that teachers are likely
to have preferences over the non-wage characteristics of teaching jobs, including
the composition of a school’s pupil body. These preferences are likely to affect the
ability of different schools to recruit teachers, which, in turn, is likely to affect their
performance and their attractiveness to households. Hence, in this model, pupil out-
comes are shaped by the interactions between parents’ and teachers’ choices, which
can create sorting effects over schools, and increase or decrease inequality in access

to learning opportunities.
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Suppose for example that relatively affluent families place more emphasis on
school quality in their applications, and teachers prefer to work for schools with
higher shares of pupils from affluent families. Then the introduction of school
choice means that poorly-performing schools located in disadvantaged areas will
lose pupils from more affluent families, which might increase their difficulties to
recruit teachers, which might affect their performance, which in turn may affect
their attractiveness to affluent families, etc. If this is correct, then it is no longer true
that the introduction of school choice benefits everyone; instead it might reduce
learning opportunities for the most disadvantaged pupils.

These interactions are also likely to play an important part in the design
of school funding policies. Many education systems grant additional funding to
schools located in disadvantaged areas with a view to reduce inequality in pupil at-
tainment. The extra funding needed to reduce inequality by a given amount will de-
pend not just on teachers’ preferences, but also on equilibrium responses by pupils
to changes in the teaching workforce.

I study these interactions in the context of secondary education in England.
England has had a system of school choice since the 1980s, introduced under the
belief that it would improve pupil attainment and school effectiveness.! Also, in
England, 95% of pupils are educated in state-funded schools, one of the highest
shares in the OECD, and this allows me to focus on sorting effects within the public
sector, rather than between the public and private sectors.

To understand these interactions and model relevant policy counterfactuals, I
build a structural, ‘two-sided” model of the secondary school system in England.
Parents have preferences over school attributes, which include distance to their
home, performance metrics, and the proportion of disadvantaged pupils. Teachers
also have preferences over school attributes, including the wages they offer and the

proportion of disadvantaged pupils on their roll. Teachers are heterogeneous both

For example, in 2005 Prime Minister Tony Blair stated that ‘parent choice can be a powerful
driver of improved standards. Performance tables and inspections have given many parents the
information that has enabled them to make objective judgements about a school’s performance and
effectiveness. This has been an important pressure on weaker schools to improve’ (Department
for Education White Paper ‘Higher Standards, Better Schools For All:More choice for parents and

pupils’)
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in terms of their preferences and their effectiveness at improving pupils’ test scores.
The test scores of pupils depend on their socio-economic status, the composition
of the pupil body of their school, and the composition of the teacher body of their
school. Schools receive a budget allocation and set wages to hire the teacher body
that maximise the test scores of the pupils on their rolls. Figure 1.1 below provides
an overview of the overall structure of this model. Chapter 3 provides more de-
tail on the ‘demand side’ (pupils/schools interactions), and chapter 2 provides more

detail on the ‘supply side’ (teachers/school interactions).

Figure 1.1: Structural model of teachers-pupils sorting and education production

(overview)
Pupils preferences Teachers preferences
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Variables not defined in the diagram: u;; is the utility derived by pupil i when attending
school j, d;; is the distance between the residential location of pupil i and school j,&; is the
unobservable quality of school j, V. is the utility derived by teacher k of category ¢ and
experience e when working at school j in year 7, w.j. is the wage offered by school j to
teachers of category ¢ and experience e, {.; is the unobservable amenity value of school j
for teachers of category c, 6; is the value added of school j, and /. is the number of teachers
of category ¢ employed at school ;.

The estimation of the parameters in this structural model relies on rich admin-
istrative data coming from two different databases held by the UK Department for
Education (DfE): the National Pupils Database (NPD) holds data on pupils, their

applications and their attainment at the end of secondary school; and the School
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Workforce Census (SWFC) holds data on teachers, their characteristics and the con-
ditions of their employment. These databases categorise pupils and their households
according to whether they are eligible for Free School Meals (FSMs). Figure 1.2
below provides an overview of the variables used and the timing of observations

(more detail is provided in chapters 2 and 3).

Figure 1.2: Administrative data used to estimate model parameters (overview)

[ 3
’M\i IEII P ]
Households Schools Teachers

Source: National Pupils Database (NPD)

Scope: each household who applied for
a place in secondary school in England
for 2014/15

Key variables:

Source: School Workforce Census
(SWFC)

Scope: each teacher who worked for a
state-funded secondary school in
England in 2010-2019

Source: NPD and public sources
Scope: all secondary schools in England
Key variables:

location

rank-ordered list of schools
submitted (Autumn 2013)

* individual characteristics at point of

performance metrics (incl ACSEM)
share of pupils eligible for FSMs

Key variables:

+ individual characteristics:
qualification status, experience,

application, including postcode and subject specialism

eligibility for FSMs (February 2014) * key terms of contract in each year:
school where employed, wage, role,

test scores at end of primary school
hours worked

(June 2014)

test scores at end of secondary
school (Spring 2019)

Sample used is West Midlands (351 schools, 53,073 households, 20,281 teachers)

On the demand side, the analysis shows that more disadvantaged households
put more weight on distance (ie face higher travel costs), and less weight on school
performance and school composition. These patterns of heterogeneity imply that, in
and of itself, the expansion of school choice may not necessarily reduce educational
inequality, insofar as pupils from more affluent families are more likely to use the
scheme to seek admission to better performing schools. This analysis also indicates
that pupils’ unobserved preferences for quality (which can be recovered from the
mixed logit model) correlates with their attainment scores; in other words, pupils
whose parents put more weight on school performance are also likely to do better in
secondary school exams after controlling for their observable characteristics. This
implies that measures of school value-added that control solely for observable pupil
characteristics are imperfect proxies of true value-added.

On the supply side, the analysis shows that teachers tend to dislike working
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for schools with large shares of disadvantaged pupils, but there is significant het-
erogeneity among teachers in both preferences and effectiveness. One category of
teachers appears to have a slightly stronger distaste for working in disadvantaged
schools, but is also relatively more effective than other teachers in such schools.
These teachers tend to be paid more than other teachers, especially by more disad-

vantaged schools, and are more likely to work in such schools.

Against this backdrop, a policy maker interested in reducing educational in-
equality might consider increasing the funding available to schools serving disad-
vantaged bodies of pupils. My simulations indicate that the effect of such policies
would be limited: doubling the ‘pupil premium’ (the additional budget allowance
granted to school for each disadvantaged pupil) from £1k to £2k per year would
only reduce the mean attainment gap between affluent and disadvantaged pupils by
0.005 standard deviations. This is because, even at this increased level, the pupil
premium only represents a small fraction of the funding available to schools, and
also because differences in school value added only account for a share of the vari-

ance in educational attainment.

This work seeks to connect three strands of the literature on education and
school choice. The first strand recovers estimates of household preferences us-
ing applications submitted in school choice mechanisms. In the UK context, this
research has mostly used conditional logit models to estimate preferences under
the assumption that applications truthfully reveal households’ preferences (Burgess
et al. (2015) and Weldon (2018)). I build on this work by allowing for unobserved
heterogeneity in preferences and instrumenting for endogenous school characteris-
tics, in the spirit of the Industrial Organization literature on differentiated products

markets.

The second strand seeks to recover estimates of teachers’ preferences over
school attributes and the corresponding ‘compensating differentials’ (the wage pre-
mium required to induce teachers to work in undesirable schools). This litera-
ture uses a variety of approaches, including hedonic regressions (Antos and Rosen

(1975)), search models (Bonhomme et al. (2016)), and matching models (Boyd
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et al. (2013), Ederer (2022), Combe et al. (2022)). Beyond the education-specific
literature, recent research has used models of job search to investigate the role of

job amenities and search frictions in explaining the career paths of different workers

and their matching to firms (Sorkin (2018), Moser and Morchio (2023)).

The third strand of literature seeks to evaluate the value added of schools and
the effectiveness of teachers in raising educational attainment. I use information
contained in households’ applications to address the selection bias in the estima-
tion of school value added, in a way similar to Dale and Krueger (2002) and, more
recently, Abdulkadiroglu et al. (2020). In contrast to these papers, I use individual-
level estimates of unobserved tastes for school performance to control for unob-
served drivers of educational attainment. I also seek to understand how school
value added is affected by equilibrium allocations in the teacher labour market, as

in Stromme et al. (2021) and Bates et al. (2022).

There is a small literature connecting some of these three themes to understand
how school choice affects school performance and/or teachers allocation, primarily
in contexts where private schools play a greater role. Tincani (2021) uses a struc-
tural model of the school system in Chile to study the sorting of pupils and teachers
between the private and public sectors. Allende (2019) uses a structural model of
the school system in Peru to examines how private schools choose the quality they
offer depending on local competition and local market characteristics. In contrast,
this thesis is concerned with sorting effects within the public, not-for-profit sector.
Like Allende et al. (2019), I am interested in understanding the equilibrium effect
of school choice, but my model of the ‘supply side’ focuses on the labour supply

decision of teachers as a key mechanism in shaping these interactions.

More generally, there is large body of literature that studies the spatial deter-
minants of access to educational opportunities (eg Agostinelli et al. (2024)), and
the formulation of social interaction models with neighborhood and peer effects (eg
Durlauf and Ioannides (2010)). In my model, the socio-economic environment in
which schools operate shape learning outcomes in two ways: a direct way, through

interactions in the classroom, and an indirect way, through the labour supply deci-
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sions of teachers and their impact on school value added. The model presented in
my thesis can also be seen as an attempt to integrate an model of production into
a broader analysis of a market that does not use prices to allocate resources, in the

way suggested by Pakes (2021).

Mandatory disclaimer

This work contains statistical data from ONS which is Crown Copyright. The
use of the ONS statistical data in this work does not imply the endorsement of
the ONS in relation to the interpretation or analysis of the statistical data. This
work uses research datasets which may not exactly reproduce National Statistics
aggregates. The analysis was carried out in the Secure Research Service, part of the

Office for National Statistics



Chapter 2

Teachers preferences and school

performance

2.1 Introduction

This section develops and estimates a model of the labour market for teachers in the
context of secondary education in England. The literature has shown that teachers
differ widely in terms of their effectiveness (eg Chetty et al. (2013), Jackson (2018)),
and therefore the size and composition of a school’s workforce is likely to be an im-
portant determinant of its value-added, ie its effectiveness in terms of raising pupil
attainment. In turn, this implies that the mechanisms by which different teachers
are allocated to different schools are likely to explain some features of inequality in
educational attainment, and may underpin important policy interventions designed

to mitigate such inequality.

Unlike in many countries studied in recent literature (for example Peru in Ed-
erer (2022), or France in Combe et al. (2022)), England does not have a centralised
mechanism for allocating teachers to state-funded schools. That is, there is no cen-
tral organization collecting teachers’ applications and schools’ preferences, and us-
ing a formal matching algorithm to allocate teachers to school. Instead, English
schools simply advertise vacancies on their websites or on newspaper websites (eg
the Times Educational Supplement, or Guardian Jobs), and teachers apply to va-

cancies and attend job interviews at schools. This presents a significant challenge
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for the analysis: the assignment mechanism is not observed, and there is no explicit
information on teachers’ and schools’ preference rankings over the other side of the
market. All that is observed is the result of this decentralized matching process,
ie where teachers work, the terms of their employment, and the performance of
schools. This decentralized matching process is also likely to be subject to various
sources of frictions, for example if teachers are not perfectly aware of all vacancies,
or if the vacancies advertised at any given time do not match their skill sets (eg a
vacancy for an Maths teacher is not relevant for an English teacher). In other words,
it would be unreasonable to assume that all teachers are at any given time employed
by their preferred school, and that schools always employ their preferred number

and mix of teachers.

I model these complex interactions using a model of job search, where teachers
receive offers from schools at random rates, and move to a different job when the
value of an offer exceeds the value of the job they hold. This approach has been
used previously to model some aspects of the labour market and estimate workers
preferences at a more macro level (see for example Sorkin (2018)). In this paper I
enrich this approach to develop a detailed model of a specific labour market for a
single occupation - teaching in secondary schools in England. This presents four
key challenges challenges. Firstly, as I am interested in how teachers sort them-
selves across different types of schools I need to estimate preferences over specific
school characteristics, notably the composition of their body of pupils. The diffi-
culty in this respect is that these characteristics are likely to be correlated with other
unobserved determinants of school preferences, and therefore a naive projection of
job values onto job characteristics would not recover unbiased estimates of the de-
terminants of these valuations. Secondly, as I am seeking to model detailed policy
counterfactuals around school financing and recruitement decisions, I need to incor-
porate a detailed representation of labour demand in this model, ie schools’ wage
setting and hiring decisions, and this needs to be articulated with the effectiveness of
teachers in raising attainment, ie schools’ ‘education production function’. Thirdly,

teachers are likely to be heterogeneous in terms of their preferences and effective-
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ness, in ways that is only imperfectly captured by their observable characteristics
(eg their experience or qualifications), and therefore I need a way of capturing such
heterogeneity explicitly. Finally, wage setting in this market is subject to various
regulatory constraints that must be reflected in the model in a realistic but tractable

manner.

To overcome these various challenges I combine approaches used in the analy-
sis of labour markets with models developed in the Industrial Organization literature
on differentiated product markets. Following Bonhomme et al. (2022) I use a dis-
crete representation of teachers’ heterogenity, whereby each teacher can belong to
one of a finite number of ‘categories’, and all teachers in a given category share
the same preferences and effectiveness, up to some idiosyncratic shocks. Schools
support an ‘education production function’ whereby their ‘value added’ (ie their
effectiveness in raising pupils’ attainment) is a function of the number of teachers
they employ in each category. The effectiveness of the different types of teachers
is allowed to vary over school characteristics - for examples, some teachers may
be relatively more effective at teaching disadvantaged pupils. The wages posted by
schools to the different categories of teachers comprise of two components: a ‘reg-
ulated component’ that varies automatically with experience, and a ‘unregulated
premium’ that schools can flex. Each school sets the premiums posted to the differ-
ent categories of teachers to attract the mix of teachers that will maximize its value
added. In this model, schools have a degree of monopsony power in the labour mar-
ket that derives from two sources: search frictions (teachers cannot instantly receive
an offer from all schools), and job amenities (teaching jobs at different schools are

not perfectly substitutable for teachers).

The structure of the job search model allows me to recover teachers’ valuations
of teaching jobs at different schools. I define these job values as a linear function
of job characteristics, including wage but also the share of disadvantaged pupils
in a school, which allows me to use conventional instrumental variables and con-
trol function techniques to recover unbiased estimates of preferences over wage and

non-wage amenities. Further, using this model of job search in conjunction with the
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model of school choice set out in chapter 3 allows me to develop approximations
to optimal instruments that improve the efficiency of preference estimates. I also
use the structure of the search model to derive the labour supply functions faced by
schools. Finally, I derive some restrictions from the schools’ optimality conditions
that help me identify the parameters in the production function (the analogous prob-
lem in the traditional IO context is to use the firms’ first order condition to recover

their marginal costs).

The remainder of this chapter provides more details on the model and esti-
mation results. Sections 2.2 and 2.3 sets out some relevant facts underpinning the
modelling approach. Section 2.4 provides more detail on the model. Section 2.5

develops the identification arguments and summarises the results.

2.2 Context and institutions

The rules applicable to teacher pay and hiring vary across different types of schools
in England. Schools that are structured as ‘Academies’ or ‘Free Schools’ have com-
plete autonomy over their pay policies. ‘Maintained schools’, which include several
categories of schools under various degrees of supervision by local authorities, are
required to follow guidance set out by the DfE in the School Teachers Pay and Con-
dition Document (STPCD). The STPCD sets out acceptable pay ranges for teachers
that vary depending on roles (classroom teacher, leading practitioner, leadership
group, etc) and the location of the school (inner London, outer London, Fringe, rest
of England and Wales). Historically, teachers were recruited at the lowest point on
the applicable pay range and their pay increased automatically with years of ser-
vice. In 2013, the government introduced reforms giving maintained schools more
flexibility to decide on starting salaries and requiring them to link pay progression
to performance instead of years of service, such that maintained schools now also
have substantial autonomy in setting their pay policies within the ranges set out in
the STPCD. Maintained schools are also allowed to take account of local labour
market conditions when setting wages. A 2017 report commissioned by the DfE

found that schools had largely implemented these reforms, and had started to differ-
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entiate pay between teachers based on their assessed performance and local market
conditions (DepartmentForEducation (2017)). In summary, all schools have at least
a degree of autonomy in setting wages to teachers, though most still have regard to

central guidance.

During the period considered in this paper, the funding of each school was
determined in two stages. In the first stage, the government allocated a Dedicated
Schools Grant (DSG) to each LA, based primarily on the number of pupils on roll in
the LA and its per-pupil allocation in the previous year. The baseline per-pupil allo-
cation for each LA was set in 2005, taking into account factors such as deprivation,
population sparsity, and area costs. In the second stage, each LA allocated fund-
ing from the DSG to individual schools based on a ‘local funding formula’. These
formulas had to reflect local deprivation indices, and could reflect additional factors
such as the prior attainment of pupils or the number of children in care although
this was not mandatory and there were substantial variations in practices between
LAs. This system was generally considered unfair, in that DSGs reflected LAs’ his-
torical rather than current circumstances, and in 2018 the government introduced a
National Funding Formula (NFF) with a view to re-aligning funding with individual

school circumstances.

Schools also receive an additional allowance for each disadvantaged pupil on
their roll, a system known as the ‘Pupil Premium’, which is currently £1,035 per
pupil. A pupil qualifies for the Pupil Premium if she has been eligible for Free
School Meals (FSMs) at any point in the last 6 years.! To be eligible for FSMs a
child or their parent/carer must be in receipt of a qualifying benefit, and eligibility
for FSMs is commonly used as an indicator of socio-economic conditions by the
DfE. In the remainder of this thesis I sometimes refer to households with a child

eligible for FSMs as ‘disadvantaged’ and to other households as ‘affluent’.

IThere are additional allowances for children in care and children with one parent in the armed
forces
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2.3 Data and descriptive analysis

The analysis presented in this chapter relies on administrative data from the School
Workforce Census (SWFC). For each teacher who worked for a state-funded sec-
ondary school in England at some point over the period 2010-2019, I observe, for
each year: the school where they worked, some individual characteristics (including
qualification status and years of experience), and the main terms of their contracts
(including wage, hours worked, role, etc). Data on schools is obtained from the
NPD as described in section 3.3. For reasons that I detail in section 3.3, I focus on
the West Midlands region in England.

In 2019, there were 23,263 teachers in post in secondary schools in the West
Midlands, 20,281 of whom were categorized as ‘classroom teachers’ (the others
were occupying various senior leadership roles). Table 2.1 below shows some char-
acteristics of the workforce for different quintiles of schools categorised by the share
of disadvantaged pupils on their roll. This shows that the pupils-to-teacher ratio
does not vary much across different categories of schools, but schools with more
disadvantaged pupils tend to have higher shares of inexperienced and non-qualified
teachers.

Table 2.1: Pupils-to-teacher ratio (2019)

School quantile Average share of Average pupils- Average share Average  share
pupils eligible for to-teacher ratio of inexperienced of non-qualified

FSMs (%) teachers (%) teachers (%)
1 11.5 17.3 7.8 3.8
2 20.5 17.2 9.2 3.6
3 29.6 17 12.3 5
4 40.7 17.3 15.3 7.4
5 56.4 17.3 15.4 10.6

Source: author’s calculations using SWFC data provided by ONS. Notes: sample is all teachers employed in the
West Midlands region in 2019 with a permanent contract and not in a senior leadership role at that date (n=20281);
inexperienced teachers are teachers with 3 years of experience or less.

Table 2.2 below shows that schools with a higher share of disadvantaged pupils
tend to also experience much high turnover rates: the share of teachers employed in
2018 in the West Midlands who left their school of employment the following year
was 13.3% for the lowest (least disadvantaged) quintile and 22.4% for the highest

(most disadvantaged) quintile. Roughly one third of teachers leaving their jobs in

2018 moved to another school in the West Midlands, and the rest either left the
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state-funded education system, or moved to a school outside the West Midlands (a
set of transition types that I will term the ‘outside option’ in the rest of this analysis).

Table 2.2: Teacher turnover (2018-2019)

School quantile Average share of Total number of Turnover rate Quits to outside Quits to other

pupils eligible for quits (%) option (% of school (% of
FSMs (%) quits) quits)

1 11.1 539 13.3 67.0 33.0

2 19.7 582 15.2 65.3 34.7

3 28.4 550 15.7 64.0 36.0

4 38.7 784 19.5 56.5 43.5

5 55.7 1029 224 63.7 36.3

Source: author’s calculations using SWFC data provided by ONS. Note: sample is all teachers employed in the West Midlands region
in 2018 and not in a senior leadership role at that date (n=20006). A quit to the "outside option’ is defined as either the teacher leaving
the database , or moving to a school outside the West Midlands region.

A higher turnover rate in more disadvantaged schools could merely reflect the
fact that these schools tend to employ teachers who are at an earlier stage in their
careers, and therefore plausibly more mobile. To investigate this possibility, I es-
timate a simple probit model of job quits as a function of observable teacher and
school characteristics. Table 2.3 shows that, even controlling for teacher experience
and qualification status, the probability of a job quit is higher when a teacher works

in a more disadvantaged school.

Table 2.3: Probit model of exits as a function of school and teacher characteristics

Model 1
Experience (log) -0.068%***

(0.003)
Qualification status -0.257%**

(0.025)
Senior management grade  -0.087***

(0.010)
School FSM share 0.006%***

(0.000)
Urban school -0.073%%*

(0.007)
Num.Obs. 223569
BIC 209078.6
Log.Lik. -104502.346
*p < 0.1, * p <0.05, *** p <

0.01
Estimation by maximum likelihood for
teachers in the West Midlands 2010-2018
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Table 4.7 provides more detail on the school-to-school transitions observed in
the West Midlands in 2018. The table maps all the observed transitions by school
quintile of origin (in rows) and school quintile of destination (in columns). For ex-
ample the cell in the first row and second column indicates that 2.2% of the teachers
who transitioned from one school to another in 2018 moved from a school in the
first quintile (the least disadvanatged) to a school in the second quintile (the sec-
ond least disadvantaged). In total, of the 1293 teachers who transitioned to another
school in that year, 510 (40%) transitioned to a school in lower (less disadvantaged)
quintile (corresponding to the cells highlighted in blue), and 388 (30%) transitioned
to a school in a higher (more disadvantaged) quintile (corresponding to the cells

highlighted in red).

Table 2.4: School-to-school transitions (2018-2019)

School quantile Transtions to Transtions to Transtions to Transtions to Transtions to
quant 1 quant 2 quant 3 quant 4 quant 5
1 4.7% 2.2% 3.4% 2.2% 1.2%
2 3.7% 4.2% 2.7% 2.9% 2.2%
3 3.9% 2.4% 2.7% 3.6% 2.8%
4 2.4% 3.4% 5.2% 8.5% 6.9%
5 3.2% 3.7% 5.6% 6.0% 10.4%

Source: author’s calculations using DfE data (SWFC data for 2018-2019) provided by ONS. Note: Sample is all
teachers employed in the West Midlands region in 2018 and not in a senior leadership role at that date (n=20006)

Table 2.5 shows the results of some simple regressions of individual wages on
school and teacher characteristics. Model 2 shows that observationally equivalent
teachers tend to be paid more in schools with higher shares of disadvantaged pupils.
Compared to a teacher working in the least disadvantaged quintile, a teacher work-
ing in the most disadvantaged quintile earn approximately £1,500 more per year.

This patterns holds when controlling for LA fixed effects (Model 3).



2.4. Model of teachers sorting 24

Table 2.5: Regression of individual wages on school and teacher characteristics

height Model 1  Model 2 Model 3
Share of FSM pupils in school (log) -0.034%*** 0.018***  0.019%%*%*
(0.003) (0.002) (0.002)

Experience of teacher (log) 0.193#%%  (.193%**
(0.001) (0.001)
Qualification status of teacher 0.217%**%  (0.215%**
(0.007) (0.007)
Num.Obs. 20112 20112 20112
R2 Ad;. 0.007 0.613 0.617
LA fixed effect No No Yes

*p <0.1, # p <0.05, *** p < 0.01

Sample is all classroom teachers employed in the West Midlandsregion in
2019. The dependent variable in all models is the full-time equivalent wage
expressed in thousands GBP (logged). Standard errors are HC2

In summary, schools with larger shares of disadvantaged pupils tend to have
higher shares of inexperienced teachers and higher turnover rates, despite offer-
ing higher wages conditional on teacher observable characteristics. When teachers
move to different schools, they are more likely to move to schools with lower pro-
portions of disadvantaged pupils. To rationalize all these observations, I use a model
of job search where teachers have preferences over the composition of schools’
pupil bodies in addition to wage. Teachers receive offers from schools at random

rates, and move jobs when the value of an offer exceeds the value of job they hold.

2.4 Model of teachers sorting

An economy is populated by a set of teachers .7 indexed by k, and a set of schools
- indexed by j. Teachers are likely to be heterogenous in terms of their prefer-
ences over school characteristics and their effectiveness (in terms of raising pupils’
attainment) in a way that is likely to be only imperfectly correlated with teachers’
observable characteristics. I use a discrete representation of this unobserved het-
erogeneity, based on Bonhomme et al. (2022), whereby each teacher can belong to
one of a finite number of ‘categories’, and all teachers in a given category share
the same preferences and effectiveness up to some idiosyncratic shocks (in a sense

that I will define more precisely below). Hence each teacher is characterised by
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her experience, denoted e, and her category, denoted c. There are C categories and
there are 7; teachers in category c, and this is determined exogenously. A teacher’s

category is observable by schools but not by the econometrician.

2.4.1 Wage structure and preferences

The wage received by a teacher consists of two components: a ‘regulated wage’,
denoted w"(e), which is set centrally by the Department for Education and repre-
sents the default wage payable to all teachers of experience e irrespective of their
category or school of employment; and a ‘market premium’, denoted p.;, which
is set by schools and applies to all teachers of category c¢ in school j (this can be
positive or negative). That is, the wage of a teacher of category ¢ and experience e

in school j is:
Weje =W (€) +pje (2.1)

The flow utility received by teacher k of category ¢ and experience e working

for school j in period ¢ is:

Vjeeks = O Weje + 0l 2h + Cej+ €l 2.2)

where ij_ is the share of pupils eligible for FSMs at school j, {; is the utility value of
the unobservable attributes of school j (this could represent the amenity value of the
leadership’s management style, the level of discipline enforced in the school, etc),
and g it is a preference shock that is iid EV1 over teachers, schools, and years. That
is, teachers care about wages, the share of disadvantaged pupils enrolled in schools,
and some unobservable characteristics. The preference parameters (¢, ch ,Ccj) are
common to all teachers belonging to category c.

Given my specification for wages in (2.1), this can be reformulated as:
Vijcekt = Olce + Vej =+ 8]‘:]'; (2.3)

where o, = aw”(e) is a term that varies with experience but not over schools, and

Vej=0'pjc+ ch 2j+ {.j is a term that varies over schools but not with experience.
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A teacher can also work for the ‘outside option’, in which case her flow utility
1S Veoe + Exor- Working for the outside option might involve working for a private
school, working for a state school outside the sample, or leaving the education sector
entirely. I further assume that the flow value of the outside option increases with
experience at the same rate as the flow value of schools, ie v.g, = Ot + 0. This is
plausible given that for a significant share of teachers, the outside option involves
working for another state school outside the area of interest or working for a private

school (who would compete with state schools in the hiring of teachers).

2.4.2 Job search and value functions

To represent the process of matching teachers to schools I use a model of job search
with posted wages, exogenous search effort, and random, on-the-job search, in the
spirit of Burdett and Mortensen (1998). Teachers employed by a school sample job
offers at rate A.j, while teachers working in the outside sector sample job offers at
rate Aq. A teacher receiving an offer draws that offer from distribution f., where
Jfej 1s the probability of receiving an offer from school j. Wages are not negotiated.
There is an exogenous job destruction rate 8.. Following Sorkin (2018), I assume
that when teachers do not receive an offer and are not subject to a job destruction
shock, they can decide whether to stay in their current role or move to the outside
option.

The cross-sectional distribution of teachers of category c is g., where g.; de-
notes the share of teachers working for school j. The share of teachers working for
the outside option is r.9. These quantities are determined endogenously.

Let V¢; + &; denote the present value of working for school j in period ¢
for teacher k of category ¢, net of experience-related payoffs.> The model implies
that V.; takes the following form (in the remainder of this section I suppress the

subscripts ¢):

2Given that the experience-related payoff is invariant over all employment options and enters
the utility function additively, experience can essentially be ignored for the purpose of modelling
teachers’ decisions. Experience still affects teachers’ allocation to school through the search process
- ie less experienced teachers are more likely to work for less desirable schools because they have ot
received an offer from more desirable schools yet.
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V= vj+/3{8/ Vo + €1]de

€]

+(1-8)A Z fs/ max[V;+ &,V + &|dedez+ (2.4)

ses & /8

+(1—5)(1—zl)/

&4 JE;5

max[Vj +&,Vo+ 86]d85d86}

That is, the present value of working for a school is the sum of the flow value
of working at that school as defined in equation (2.3) and a continuation value. This
continuation value is the probability-weighted sum of the value of the three possible
events that can occur after the current period: at rate 9, the teacher is affected by an
exogenous job-destruction rate, in which case she obtains the expected value of the
outside option; at rate (1 — d)A;, the teacher receives an offer from another school,
in which case she obtains the expectation of the maximum of the value of her current
job and the value of the offered job; and at rate (1 — 6)(1 — A;) she makes a utility
maximizing choice between staying in her current job and moving to the outside
option. Given that the preference shocks are iid EV1, this can be expressed more

simply as:
Vi= Vj+ﬁ{5[V0—|—E]

+(1=8)A1 Y. fillog(e¥i+e") +E] (2.5)
se.s

+(1=8)(1—41)[log(e" +e) +E]}

where E is Euler’s constant.
Similarly, the forward-looking value of the outside option is defined as follows:

Vo= +ﬁ{% Y fs/ max[Vo + &, Vs + &7]d€sd €7+
se€. € /&7 (2 6)

1 —/10)/ [v0+sg]dsg}

&3

This form reflects the fact that, when employed in the outside sector, a teacher
can either receive an offer from a school in the inside set, or stay in the outside

sector.
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2.4.3 Labour supply functions

The structure of the search model together with the forward-looking value of
schools induces the labour supply functions applicable to each school (each school
faces one labour supply function in each category). In the steady state, the number
of teachers leaving school j in any period must equal the number of teachers joining

that school:

Vs

e e
T(l—ro)gj[5+(1—5)1136;\jfsm+(1—5)(1—ll)m]

P p @.7)
=T(1-ro) Y, g(1—-8)Mfi—— i +Trodofi—~—— o

seL\j

Dividing by T(1 —rg)(1 — 8) throughout and rearranging gives the share of

teachers working in school j in the steady state:

V.
. ) eJ
f] (A‘IZsE,Y\JgS VY-}-el 1 r()l 5%6 1+e )

Yo

5 +AIZSGY\ij Vs+ Vi +(1 l )Ve—

J +eVO

(2.8)

8j =

This depends on the share of teachers working for the outside option, ry. This is
found in the same way, by setting out the flow-balance equation for teachers leaving

and entering the outside sector, and rearranging:

V Vo

e
Krolosgyfsev =K -n)[8+(1-8)(1- 1) Ségsevsw%}
29
6+(1—5)(1_ll)2s65’gsm 2
=rp=

Vi Vs
§+(1=8)(1— M) Lyer ooy + M Lae s fr s

Therefore, the total supply of teachers of a particular category to school j is
simply I; =T (1 —ro)g j.3 Overall, for each category, each school faces a labour

supply curve of the form:

lj(pj):l(pﬁﬁ*j?gvz?f;a07T7)'17/10;5) (210)

3The number of teachers of experience e within that group is /¢, = hc.ljc where h, is the pro-
portion of teachers of experience e in category c in the economy.
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where (p_;,8,2) denote the school’s expectations over the premiums posted by
other schools, the share of teachers hired by schools, and the share of disadvan-

taged pupils taught by schools.

2.4.4 Education production function and schools’ decisions

Each school faces an ‘education production function” where its value added 6; de-
pends on the number of teachers it employs in each category divided by the total
number of pupils enrolled at the school (denoted g j).4 I assume that this production

function has a Constant Elasticity of Substitution (CES) form:

exp(6)) = 1} (M(“—’f)j @1

where ¥,; is the effectiveness of teachers in category ¢ in school j. At this stage,
this is left unrestricted, allowing for flexible ‘matching effects’ (whereby the effec-
tiveness of each category of teacher can vary across schools in a flexible way).
Each school receives a budget allocation that is a function of the size and com-
position of its pupils body, which I denote B(g j,zf ). Schools flex the wages they
post to the different categories of teachers to attract the optimal set of teachers given
the composition of their pupil body. Formally, noting that maximizing 6; is the same

as maximizing the term in brackets in equation (2.11), their problem is:
l je o
%@XZ?’J'C <C[_) st leC(pjc)ch(pjc) < Bj (2.12)
J c ] c

where wjc(pjc) = Yo hee - (W'(e) + pjc) is the experience-weighted cost of hiring a
teacher of category c.
Assuming an interior solution, the first order condition with respect to p j is:

aljc(pjc) 'y [aljc(pjc)
J

apjc apjc ch(pjc)+ljc(ch) =0 (2.13)

) o—1
’}/JCGljc

We can find an expression for the Lagrange multiplier A; by multiplying each

FOC by wjc(pjc), summing them up over categories, and simplifying using the

4Section 3.4.2 explains how the value added affects pupil outcomes
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budget constraint. This gives:

—1
B Yo ’ch’Glﬁ/ l;'c/ch’ (pjc’)

A= (2.14)
! Zc’ l;'clec’ (pjc/)2 +Bj

Substituting this expression in (2.13) gives a system of S x C equations in S x C
unknowns for the economy. The derivatives of labour supply with respect to price

are the solutions to a system of linear equations (Annex A).

2.5 Estimation

My estimation of teacher’s preferences proceeds in three steps. Following the group
fixed effect approach proposed by Bonhomme et al. (2019), I start by recovering the
unobserved category of each individual teacher using a clustering algorithm based
on relevant moments of outcome variables. In a second stage, taking teachers’ esti-
mated categories as given, I estimate their valuation of working at different schools
based on observed patterns of transitions between schools (and between schools and
the outside option). Lastly, I project estimated school values on observed character-
istics to recover the parameters of teachers’ utility function. The remainder of this

section provides more detail on these three steps.

2.5.1 Teacher categories

The first step in my estimation procedure is to recover an estimate of the category
of each teacher using a variant of the k-means algorithm. The k-means algorithm
classifies individuals into C groups based on individual-specific moments m;. That

1s, it assigns a category ¢ € 1,...,C to each teacher to satisfy the following condition:
K M B )
(é(1),...,6(K)) = argmin Z Z (hy — " (c(k)))

where h™(c) is the mean of moment m in group c. This simply assigns categories
to minimise the total distance between individual moments and group averages.
The individual moments must be informative about the underlying types. I use

two moments: the average wage premium received by a teacher over the period of
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observation;’ and the average share of disadvantaged pupils at the schools where a
teacher was employed over the period of observation. The idea is that, if teachers in
different categories have different levels of effectiveness and preferences for school
characteristics, and if schools observe preferences and effectiveness when setting
wages, then teachers belonging to different categories are likely to work in different
types of schools and earn different levels of wages. Conversely, teachers earning
similar levels of wages in similar schools should belong to the same category.

One difficulty in my context is that I observe teachers at different stages in their
careers, and their search activity implies that their wages and the characteristics of
the schools they work for might vary over time in systematic patterns, even if their
category is fixed. If teachers dislike working in environments with a lot of disad-
vantaged pupils, they will progressively move to schools with fewer disadvantaged
pupils and/or higher wage premiums, even if their preferences and effectiveness re-
main fixed. In this context, the standard k-means algorithm will create clusters that
capture a mix of individual heterogeneity and experience effects. To mitigate this
issue, I follow Jolivet and Postel-Vinay (2020) and implement a modified version
of k-means that essentially allows the expectations of the moments to vary with

experience within each group. That is, I consider the following problem:

K M
i m m m 2
aremin Y Y (=000 + Py - et p2g - ed)” (2.15)
{e(B) Yemrk AP P " P et et K=1m=1

This algorithm is implemented in three steps. First, I set an initial partition
(based on teachers’ position in the distribution of wage premiums). Second, for
each category and for each moment (wage premium and school FSM) I regress the
value of the moment for individual teachers placed in that category on a constant,
their experience, and their experience squared. Third, taking estimates of the p

parameters as given, | update the partition. I iterate on steps 2 and 3 until the

>The wage premium received by a teacher in a given year is the difference between her full-time
equivalent wage in that year and the regulated wage for her experience level. The regulated wage for
a given experience level w'(e) is estimated as the average wage received by teachers of that level of
experience before 2014 (the year the wage reforms described in section 3.2 were introduced) in LA-
maintained schools (the schools subject to the regulated wage guidance), controlling for LA fixed
effects and qualification status
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partition is stable.

My model assumes that a teacher’s category is fixed over time. To make this
assumption more plausible I use only the last three years of my panel in the esti-
mation (2017-2019). Having estimated the category of each teacher, I estimate the
wage premium posted by each school to each category as the median premium ob-
served for teachers of that category in that school. Schools employ a small number
of teachers (50 on average), so I fix the number of categories to 2 to limit the amount
of noise in the estimation of the median wage.

Table 2.6 below shows the mean characteristics of teachers clustered in two
categories using this procedure. Compared to teachers in the first category, teachers
in the second category work for less disadvantaged schools and earn lower wage

premiums, despite being slightly more experienced.

Table 2.6: Mean characteristics of teachers clustered into two categories using modi-
fied k-means algorithm

Category 1 Category 2
N  Mean SD N Mean SD Test

Wage premium 9165 4.052 3.147 16034 -1.888 2.731 F=24644.25%%%*
School FSM share 9165 34.19 16.751 16034 31.432 16.462 F=161.597*%%*
Teacher experience 9165 10.928 6.378 16034 9422 7.064 F=284.124%%*
Ethnicity - White 8282  0.857 0.35 14113 0.837 0369 F=15.764%%%*
Holds degree in STEM 7153 0.37 0.483 12029 0.35 0477 F=8.31#%*
Holds MSc or Phd 7153 0.1 0.301 12029 0.092 0.288 F=4.092%*

Notes: sample is all teachers present in the West Midlands over 2017-2019

Figure 2.1 below shows how, within each category, wages and allocations vary
across school types. Each dot on these chart is a school: the x-axis reports the FSM
share of that school, and the y-axis reports the median premium paid at that school
for teachers of a particular category (left panel), or the teachers-per-pupil ratio at
that school (right panel). The two charts at the top relate to teachers in category
1, while the two charts at the bottom relate to teachers in category 2. Overall, the
charts show that more disadvantaged schools tend to offer slightly higher premia to
teachers of category 1, and slightly lower premia to teachers of category 2. They
also tend to hire larger shares of category 1 teachers and lower shares of category

2 teachers. Within my model of job search, these patterns in wages and alloca-
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tions can be explained by three factors: differences in preferences, differences in
effectiveness, and differences in job offer rates. The following subsections seek to

disentangle the relative importance of these factors.

Figure 2.1: Distribution of wage premia and allocations across schools for the two cat-
egories of teachers
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2.5.2 School values

The second step in the estimation of teacher preferences is to recover the forward-
looking value of working at each school, V;, and the other parameters of the search
model (8,49, A;,f). This is performed for each category of teachers separately, but
for clarity in the remainder of this section I suppress the dependence on c in the

notation. [ start by setting out the identification arguments, before moving on to
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practical considerations related to estimation.
Identification

The identification of school values in this model rests on relatively simple ‘re-
vealed preferences’ arguments: if a teacher moves from one school to another, it
must be the case that she prefers the new school to the old one; and similarly if a
teacher moves from one school to the outside option, it must be the case that she
prefers the outside option to the old school. Thus, high-value schools are likely to
attract many teachers from other high-value schools, and are unlikely to lose many

teachers to low-value schools.

One difficulty, however, is that the model leaves the offer distribution f un-
restricted, and therefore it is not immediately obvious how school values can be
identified separately from offer probabilities. Put simply, if a school is observed
to attract many teachers, it could be that it has a high value, or it could be that it
sends many offers (eg because it has many vacancies or high recruitment effort).
The identifying assumption here is that the offer distribution is the same for teach-
ers working in the inside and outside sectors. Thus, by comparing relative flows
from a school to/from the outside option and to/from other schools, it is possible to
separately identify school values from offer probabilities.

To understand these identification arguments more formally, let /;; denote the
probability of moving from school i to school j, /g the probability of moving from
school j to the outside option, and /&g ; the probability of moving from the outside
option to school j. I assume that these hazard rates are observed in the data.

My structural model implies that:

Vi

e’.
hij=(1—=8)A fi——
J ( ) lf]eVH—eVi
e’ 2.16
hOjZijm (2.16)
evo

These quantities are invariant to the addition of a constant to the values of all

schools and the outside option, so I normalise the value of the outside option to 0
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for each category. Then for any two schools i and j we have:

/’l()j _ fjer(l—f—e‘/i)
hoi  fi €Vi(14€Y)

2.17
by fieY 2.17)
hji  fie"
And the ratio between these two quantities is:
hoi b 1 Vi
fojhji _ 2 e (2.18)

hoi hij  1+€Yi

This restricts the relationship between the values of any two schools. The level

of these values can then be pinned down using the third hazard rate. We have:

1 1
hjo—h,-oz(1—8>(1—M)<1+6Vj - 1+ew) (2.19)

Denote V; = 1/(1+ e'7). The two expressions above become:

hoj hji _ Vj
hoi hij Vi (2.20)
hjo—hio = (1= 8)(1—A1)(V; - V)
For another school k, we have:
hoj hjihoc b _ Vi — Vi
hoi hij  ho; hi, ) Vi ) 2.21)
hjo—hio _ Vi—Vi
hjo — hio Vi—Vik

Combining these two expressions gives the following identifying correspon-

dence:

-1
7.~ ho—hio _ (@ﬂ _ @@) (2.22)

i hoi hij  ho; hix

hjo — hyo
This expression shows that the value of a school is formally identified from
relevant hazard rates at that school and at two other schools in the market.

It may seem from this expression that the identification of school values is

entirely contingent on school-to-school transitions. This could make estimation dif-
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ficult since, in any given year, only 5% of teachers undergo such a transition. But
the second expression in (2.21) shows that differences in the hazard rates of mov-
ing to the outside option (which is a very common type of transition) are directly
informative about the relative values of the schools involved. Moreover the first ex-
pression in (2.17) shows that differences in the hazard of moving from the outside
option (which is also a very common transition) combined with some knowledge
of the relative value of schools is informative about the relative offer rates of the
schools involved. Intuitively, if we observe that a school loses more teachers to the
outside option than other schools, it must be the case that this school has a lower
value. If we also see that this same school also attracts more teachers from the out-
side option, it must also be the case that this school ‘sends more offers’ to teachers:
this second observation cannot be explained by a higher value since this has been
ruled out by the first observation. Combining these observations across schools al-
lows us to separately identify school values from school offer rates. Thus in practice
the estimation of school values is not contingent on there being a large number of

school-to-school transitions in the sample.

Estimation

In practice, I estimate all the parameters by maximum likelihood. I assign
a categorical variable M to each teacher that captures the transition between her
states of employment between two years. There are five possible cases: the teacher
can move from school j to school i, in which case M) = ji; she can move from
school j to the outside option, in which case M; = jO; she can move from the
outside option to school j, in which case M) = 0j; she can stay put in school j, in

which case M}, = jj, or she can stay in the outside section, in which case M} = 00.

The log-likelihood of the sample is then:
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withY,cofy=1land1>f, >0 Vs

It is possible to leave the offer distribution completely unrestricted, which in-
volves estimating the probability of getting an offer from each school f; as part of
the maximization of the log-likelihood function (2.23). However, aside from im-
plying a large parameter space, this approach might be problematic if one wishes
to simulate policy counterfactuals that change the size or composition of schools,
and offer probabilities happen to be endogenous functions of these school character-
istics. Suppose for example that schools with large shares of disadvantaged pupils
have higher offer probabilities, for example because they experience higher turnover
rates and therefore tend to post more vacancies. If a counterfactual scenario reduces
the share of FSM pupils at such schools, using fixed offer probabilities might over-

estimate the labour supply to these schools.

In principle it would be possible to endogenize the offer distribution in a
‘micro-founded’ way by making it a function of the number of vacancies posted
by each school in each year, which is determined in equilibrium as the left-hand
side of the flow-balance equation (2.7) (more specifically, this is the number of
teachers leaving a particular school each year in the steady state). However, this
approach would make the computation of the log-likelihood function and its gra-
dient very cumbersome. Also, it involves interpreting differences in offer rates

between schools purely as differences in rates of vacancy creations. In reality offer

Vi

eVo +évi

%)
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rates might capture other aspects of the job search process, such as search efforts
or schools’ outreach policies. For these reasons, I use a simpler, ‘reduced form’
representation of the offer distribution as a function of the size and composition of

each school:®

_exp(hag)+A3z))
Y e exP(AZQs + 7L3ZS)

/i (2.24)

Even with this simplification, this remains a complex optimization problem.
However, it is possible to obtain starting values for V using a simple recursion
similar to Sorkin (2018) - which is explained in Appendix A.

The log-likelihood is invariant to the addition of a constant to all values, so I
normalise the value of the outside option to O for each category. I assume that the
number of teachers in the outside option equals half of the number of teachers in
the inside sector. I can then estimate the forward-looking value of each school and

the other parameters of the search model, which are shown in Table 2.7.

Table 2.7: Estimates of offer rates parameters

Category 1 Category 2

job destruction rate 0 0.010 0.015
(0.014) (0.011)
offer rate (outside) Ao 0.138%: 0.277%%*
(0.004) (0.005)
offer rate (employed) A1 0.084%:: 0.135%%**
(0.004) (0.004)
offer distribution (size) Ay 0.002%#%  (.004%%*

(0.000) (0.000)
offer distribution (composition) A3  3.228%** 1.454 %%
(0.228) (0.123)

Num.Obs 26234.000 44366.000

The estimates for A, and A3 are both positive, implying that teachers are more
likely to draw offers from larger, more disadvantaged schools. This is captured in

the structural expression for the number of vacancies posted (the left-hand side in

There is a case for including in this offer function all the school characteristics that also enter
the utility function, including wage. However, the model estimated in chapter 4 shows that the
coefficient on wage is not statistically significant
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equation (2.7)), and is fairly intuitive: if teachers dislike working for disadvantaged
schools, then these schools will experience higher turnover rates and will post more

vacancies.

2.5.3 Utility function parameters

Having estimated the forward-looking values of working at each school, V;, I use
the definition of the value function (2.4) to recover the mean flow utility of working
at each school, v;. The normalization I imposed on the forward-looking value of
the outside option means that flow utilities are also only recovered up to an additive

constant. I assume that the discount rate f3 is 0.95.

Having recovered the mean flow utility of working at each school, I proceed to

recover the preference parameters ", o/. The model implies:
f/j:ao-l-awﬁj-l—afzfﬁ-@ (2.25)

The difficulty is that the observable characteristics of schools - the wage pre-
mium they post and the composition of their pupil body - are likely to be correlated
with the utility value of their unobservable characteristics: schools that are per-
ceived as desirable for a category of teachers will post a lower wage premium to
these teachers; similarly schools that are desirable for a category of teachers may

also be desirable for certain categories of pupils.

One possible approach to this issue is to use instruments for the endogenous
characteristics of schools (their FSM shares and the premia they post in the labour
market). As I am also modelling the ‘demand side’ of the education market (ie par-
ents and their application decisions), I seek to leverage information on the location
and characteristics of households relative to schools. The validity assumption is
that the residential location of households relative to schools is independent of the
schools’ unobserved quality for teachers {;. The idea is that schools located close
to a large number of disadvantaged households will tend to enrol larger numbers
of disadvantaged pupils and to adjust their wages accordingly as part of their opti-

mization problem in a way that is not driven by their unobserved quality to teachers.
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As I have an equilibrium model of school choice and wage formation, I can use this
information to derive approximations to optimal instruments. I essentially simu-
late the equilibrium school composition and wages when setting §; = 0 (Chapter 3
provides more information on the derivation of these instruments).

Table 2.8 below shows the OLS and IV estimates of the parameters in teachers’
utility function, for each category of teacher. The OLS estimates suggest that both
categories of teachers dislike working in disadvantaged schools, but teachers in
category 1 have a slightly stronger aversion for such schools: category 1 teachers
request an additional £273 of annual wage for each percentage point increase in the
FSM share of a school; whereas for category 2 teachers the corresponding increase
is £214 for each percentage point. This is also consistent with the observation that
offer probabilities increase faster with the FSM share for category 1 teachers (see
the A3 coefficient in table 2.7): if category 1 teachers dislike disadvantaged schools
more, such schools will experience a higher turnover rate and post moe vacancies
for such teachers.

Unfortunately, the instruments derived from local geographies are weak, and
there are practical issues involved in merging the instruments generated from the
‘demand side’ with school utilities derived in the ‘supply side’, resulting in a loss of
observations.” As a result the IV estimates are very imprecise and not particularly
meaningful.

I use a control function approach to mitigate this issue. As part of the analysis
of pupils’ preferences set out in chapter 3, I estimate the unobserved quality of
schools from pupils’ point of view (the & parameters in their utility function (3.1)).
I assume that the unobservable quality of schools from teachers’ point of view can
be decomposed as {; = Tgéj + 8;‘.’ with E [8~j-v |p j,zf- | = 0. This is a strong assumption
in the sense that the unobserved quality of schools for teachers and pupils are likely
to be imperfectly correlated, and I cannot exclude the possibility that the remaining
error term 8~J\~/ is correlated with endogenous characteristics. Nevertheless, this is a

plausible way of mitigating the endoegeneity issue. The resulting estimates, also

"These two workstrands are structured as two separate projects in the ONS Secure Research
Service, and school identifiers are not always consistent
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reported in table 2.8, are similar to the OLS estimates.

Table 2.8: Estimates of parameters in teachers’ utility function

Cat.1 (OLS) Cat.1 (IV) Cat.l (control) Cat.2 (OLS) Cat.2 (IV) Cat.2 (control)

Intercept -0.607%** -0.052 -0.608%** -0.526%%*  -0.620%** -0.525%%*
(0.042) (1.248) (0.042) (0.025) (0.190) (0.025)
School FSM -0.573%%%  -0.450%* -0.573%:%* -0.729%%* -0.761 -0.730%%*
(0.089) (0.148) (0.089) (0.101) (0.994) (0.101)
Wage 0.021#** -0.104 0.02 1 #%* 0.034 %5 -0.091 0.034 %
(0.008) (0.276) (0.008) (0.011) (0.465) (0.012)
Unobs. quality -0.001 0.011
(0.015) (0.017)
Num.Obs. 367 314 367 371 314 371
R2 0.114 0.05 0.114 0.174 0.066 0.175

*p <0.1, % p <0.05, #* p < 0.01
Notes: preference model estimated for classroom teachers employed in West Midlands schools 2017-2019.

2.5.4 Teacher effectiveness

The next and final step is to estimate the parameters in the education production
function (2.11). Estimating these parameters solely from variations in the composi-
tion of school workforces (in the cross-section or over time) is challenging because
there are only 351 schools in my sample and the CES functional form involves non-
linear parameters. To overcome this issue, I derive a set of additional restrictions
from the schools’ optimality conditions (2.13). The basic intuition for this approach
is relatively straightforward: my model assumes that schools set wages optimally
having observed the preferences and effectiveness of teachers; it follows that, hav-
ing estimating teachers’ wages and preferences, I should be able to recover some
information on teachers’ effectiveness from the schools’ optimality conditions.
This approach is directly inspired from the 1O practice of recovering the
marginal costs of differentiated products from the firms’ profit maximizing condi-
tions (Berry et al. (1995)). However, the application of this approach to my model is
not straightforward because schools face a constrained optimization problem: they
set the wage applicable to each category of teachers to attract the optimal mix of
teachers for their pupil body, subject to not exceeding their budget. As I show be-
low, this structure implies that there is no direct correspondence from the optimality
condition for one teacher category to the effectiveness parameter for that category.

Instead, the optimality conditions impose some restrictions on the relative effective-
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ness of different teacher categories in each school. Nevertheless, these restrictions
can be used jointly with the education production function to support the estimation.
With two categories of teachers, the education production function (2.11) can

be re-written as:

2 \ o
1 Y;
exp(6;) = }/;(}/})qu ! (l]cl - }/—Jl f2> eje (2.26)
J

The value added of schools is not directly observed, but I estimated it as part

of my analysis of pupils’ choices in section 3.5.2. I treat it as known here.

The first order conditions of the school’s optimization problem with respect to

pj1 and pj are:

6171_11;1 —Ajll - (W +pj1) +11] =0
2 (2.27)
yJ o—1y ! r
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Taking the ratio and re-arranging gives:
LW pi) il : ;

log | -2 ( . pit) P2 g (1) 4 (6 1)10g [ 22 (2.28)
Uy Wtpjp)+1pl} Vi lj2

I have estimated all the terms on the left-hand side and the last term on the

right-hand side, but in and of itself this restriction does not directly identify the
parameters of interest. For each school, this is an equation in two unknowns: the
relative effectiveness of the two categories of teachers y} / }/12, and the parameter ©.
To make progress I restrict the heterogeneity in the effectiveness parameters across
schools as follows:

1 vk > 72 Y
p=ebsl p=etsl = N z/ (2.29)

That is, the effectiveness of a category of teacher in a school is a function of a
constant and the share of disadvantaged pupils enrolled in that school. This allows
for ‘matching effects’ between teachers and school types, albeit in a more restricted

way.



2.5. Estimation 43

Equations (2.26) and (2.28) then become:

1 ~
0; —log( q] }/O—i-}/ologz] log( +e” 7’z fl )—i—eje
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j
(2.30)

where the following transformations of the parameters must be estimated:

1

1
N N Y . f
B=0+L p=p+l #=v-% #=v-% e

The error term in the second equation can be interpreted as the effect of mea-
surement error and/or as the effect of unobserved heterogeneity in the effectiveness
parameters. For example, if instead of the restriction assumed in (2.29) we have
}/} = e”(;z}/fl 51 and yjz = eynge&‘,z , then we have 8;7 oc — 8} — SJZ. This raises the
possibility that this error term is correlated with some of the terms in this second
equation, notably /i /lj>: if a school observes that a category of teacher is partic-
ularly effective for its operating conditions, then it is likely to seek to recruit more
teachers of that category.

The first equation also suffers from a potential endogeneity problem operat-
ing through teachers’ preferences and labour supply decisions. If the unobserved
determinants of school effectiveness captured in 8]-9 are correlated with the unob-
served determinants of teachers preferences captured in {; in equation (2.2), then
they might be correlated with teacher numbers ;1 and /.

As for the estimation of preferences discussed above, there are two potential
solutions to this problem. The first approach is to use information on the relative
location of households and schools to derive instruments for the number of teachers
employed by each school in each category. The idea is that schools located close to
a large number of disadvantaged households are likely to enroll a larger proportion
of disadvantaged pupils and are likely to find it optimal to adjust their optimal pay
and hiring decisions accordingly. The second approach is a control function model

using estimates of the unobserved quality of schools {; as a proxy for the omitted
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variables in equations (2.30).

Table 2.9 below reports the results estimated by GMM. As for the estimation
of preferences, the IV estimates are very imprecise, and the control function esti-
mates closely resemble the OLS estimates. The estimates of }/6 and }/} are both
positive, indicating that category 1 teachers tend to be more effective than category
2 teachers, and that the gap in effectiveness increases with the share of FSM pupils
employed by schools. That is, all schools will find it more advantageous to hire
more category 1 teachers, but more disadvantaged schools even more so. Figure 2.2
below graphs the relative effectiveness of category 1 vs category 2 teachers (that is

}’} / }/12 = 176 + )7} logz;) over the range of observed FSM shares.

Table 2.9: Estimates of parameters in production function

Baseline Instruments Control function

gamma 0.0 1.273%%* 1.357%%%* 1.201 %%
(0.041) (0.065) (0.138)
gamma 0_f -0.102%**  -0.090%*** -0.100%**
(0.020) (0.034) (0.020)
gamma"l 0 0.178%*%* 0.215%** 0.170%*%*
(0.024) (0.035) (0.024)
gamma“l_f  0.047%*%* 0.044 0.044%**
(0.014) (0.046) (0.014)
sigma 1.210%** 1.323%:%% 1.209%**
(0.018) (0.146) (0.018)
control_z1 -0.279
(0.193)
control_z2 0.168
(0.159)
Num.Obs. 355 316 355

*p < 0.1, ** p < 0.05, *** p < 0.01
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Figure 2.2: Relative effectiveness of Cat.1 vs Cat.2 teachers
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One potential concern is that these results might be driven largely or com-
pletely by the additional restrictions derived from the schools’ optimality condi-
tions. As a sense check, I also consider whether the patterns set out in table 2.9 also
hold when these restrictions are not applied. To this end, I estimate the parameters
of a simpler, linear model using the whole sample of schools and the Progress 8
metric as a proxy for value added.® As explained in section 3.2, the funding policy
applied in the period considered implies that the budgets of LAs were largely based
on historical factors rather than their current operating conditions, and this is likely
to induce a degree of variation in teachers-to-pupil ratios in the cross section that
is not purely reflective of factors that could be correlated with the error term in the
production function. Table 2.10 shows that the patterns identified in the CES model
also hold in this simpler model - ie teachers in category 1 are more effective, and

their effectiveness decreases at a lower rate with the share of FSM pupils in schools

8The model I estimate is Progress8; = 1 + }/?lq’—: + 7 %zf + yg% +7 %z{ + ¢
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Table 2.10: OLS estimates of linear production function parameters for secondary schools

in England
Model 1
Intercept -0.082
(0.060)
cat 1 teacher-pupil ratio 8.069%***
(1.455)
cat 1 teacher-pupil ratio x school FSM -0.056%**
(0.029)
cat 2 teacher-pupil ratio 6.548% %%
(1.205)
cat 2 teacher-pupil ratio 2 x school FSM  -0.359%#*
(0.031)
Num.Obs. 2959
R2 0.200
R2 Ad;. 0.199
se_type HC2

*p < 0.1, ** p < 0.05, *** p < 0.01

2.6 Conclusion and discussion

In this chapter I have developed and estimated a structural model of the labour
market for secondary school teachers in England. The purpose of this model is to
understand how different types of teachers are assigned to different types of schools,

and how this assignment impacts educational attainment for pupils.

The model combines some aspects derived from the labour literature on job
search, with other features derived from the 10 literature on differentiated product
markets. In this model, the market power of employers (schools) comes from the
fact that workers cannot instantly receive an offer from all schools (the search fric-
tions), but also from the fact that workers have preferences over non-wage attributes
of jobs, and therefore might be willing to work for desirable schools that pay less
than competitors. This concept is often referred to as ‘compensating differential” in
the labour literature (eg Antos and Rosen (1975)). The model also allows teachers’
effectiveness to vary across teacher categories and school types, consistent with a

Roy model of labour allocation.
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The analysis confirms that most teachers tend to dislike working for schools
with large shares of disadvantaged pupils, but there is significant heterogeneity
among teachers in both preferences and effectiveness. One category of teachers
appears to have a slightly stronger distaste for working in disadvantaged schools,
but is also relatively more effective than other teachers in such schools. These
teachers tend to be paid more than other teachers, especially by more disadvantaged
schools, and are more likely to work in such schools. These results suggest that
the observed tendency for more disadvantaged schools to hire greater shares of in-
experienced teachers (Table 2.1) cannot be explained by the fact that such teachers
have a preference for working in such schools or are more effective in such envi-
ronments. Instead, it simply reflects the dynamics of job search - in other words,
inexperienced teachers are more likely to work for disadvantaged schools simply
because such schools tend to ‘send more offers’ (likely because they experience
stronger turnover rates) and inexperienced teachers have not received offers from

‘better schools’ yet.

The process of wage formation applicable to teachers in England operates un-
der complex regulatory constraints encapsulated in the pay scales published by the
DfE. To make the model tractable, I assume that the wage is simply the sum of a
regulated component that varies with experience (in line with the pay scales), and
a flexible ‘premium’ that is applicable to all teachers within a category irrespec-
tive of experience. If more experienced teachers were not in fact more effective,
and if schools effectively used their powers to flex wages depending on teacher
effectiveness, they might face an incentive to ‘flatten’ the pay curve with respect
to experience.” In practice they do not appear to do this to any significant extent,
in the sense that the gradient of pay with respect to experience does not seem to
have changed after the introduction of the wage reforms in 2013. Also, recent re-
search indicates that teachers’ effectiveness does increase with experience (Kini and

Podolsky (2016)), so it seems unlikely that this incentive would be very strong.

I also assume that all schools (whether academies or maintained) have the same

°In the model this would take the form of a pay premium that would vary negatively with wages



2.6. Conclusion and discussion 48

degree of flexibility with respect to wage-setting. This is a strong assumption, but
I show that a simpler empirical model that does not use such restrictions yields
similar results with respect to the relative effectiveness of teachers (see section 2.5).

One challenge for this analysis is the lack of strong instruments for endogenous
school characteristics. I use a control function approach to mitigate endogeneity
issues in the estimation of preferences and effectiveness parameters, but I cannot
exclude the possibility of a residual bias.

In this model, the only variable flexed by schools is the wage (or more specifi-
cally, the wage premium paid above regulated wage). The model ‘endogenizes’ the
offer distribution (the probability that a teacher draws an offer from each school)
by making it a function of observable school characteristics, but it is not a deci-
sion variable. Further research could set out a more complex model of vacancy

formation and hiring decisions.



Chapter 3

School choice and educational

attainment

3.1 Introduction

This chapter develops and estimates a joint model of school choice and educational
attainment in the context of secondary education in England. Understanding the
determinants of school choice is important because the process affects the extent
to which pupils sort themselves across different schools in the education system,
with potentially significant implications for learning inequality. Understanding the
determinants of educational attainment, in particular the ‘value added’ of individual
schools, is equally important because the effectiveness of the accountability frame-
work for schools is contingent on the availability of accurate measures of school
performance. Both processes are ‘building blocks’ in the model of teacher-pupil

sorting and education production that I am developing in this thesis.

Modelling the two processes of school choice and educational attainment to-
gether is useful because they are inter-related, and modelling these interactions
makes it easier to characterize and address endogeneity issues that would be dif-
ficult to overcome otherwise. Suppose for example that parents who value educa-
tional attainment more place more weight on school performance when applying to
schools and provide more support with homework at home. This implies that ‘good

schools’ will also enroll pupils who benefit from more support at home, which is
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unobserved to the econometrician. A naive regression of test scores on school fixed
effects would tend to overestimate the value added of better performing schools,
and underestimate the value added of worse performing schools. However, if we
estimate households’ preferences for school attributes, we can use individual-level
estimates of preferences for school performance to control for these factors and

recover unbiased estimates of school value added.

Suppose further that observable school performance is also positively corre-
lated with some unobserved attributes that are positively valued by households,
such as work ethics, school discipline, etc. A naive estimation of households’ util-
ity function will tend to overestimate the strength of preferences for school per-
formance. But if observable school performance is a function of the educational
attainment of pupils, as it is in England, then knowledge of the attainment pro-
duction function can facilitate the production of ‘optimal instruments’ that enable
the unbiased and efficient estimation of parameters in the utility function. In sum,
knowledge of households’ preferences can support the unbiased estimation of the
education production function, and conversely knowledge of the education produc-
tion function can support the unbiased estimation of households’ preferences. This

is the approach taken in this chapter.

3.2 Context and institutions

In England, children transition from primary to secondary education at age 11. In
the last year of primary school, parents are required to submit a list of secondary
schools ranked in order of preference. They are allowed to list between 3 and 6
schools, depending on the Local Authority (LA) where they live, and are allowed to
list schools outside their home LA. At the point of applying, parents are provided
with a booklet containing information about local schools, their admission criteria,
and some advice on how to fill their application. Parents are also encouraged to seek

additional information from government websites and from the schools themselves.

Schools are required to publish the prioritization criteria they will use to rank

applications if they are oversubscribed. With the exception of a small number of
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selective schools (known as ‘grammar schools’), state schools are not allowed to
prioritize pupils based on their ability. The structure of these admission policies
typically involves a number of coarse priority groups which define a high-level
ranking, and a continuous indicator used to break ties between applicants in the
same priority group. Coarse priority groups can include children in care, children
who have a sibling enrolled at the school, children who can demonstrate religious
observance in a particular faith (for religious schools), and children of a particular
sex (for single-sex schools). The continuous indicator used to break ties is typically

the distance between a child’s home and the school.

LAs collect parents’ applications and schools’ priority criteria, and allocate
school places using a deferred-acceptance algorithm. If a child cannot be offered a
place at any of the schools she applied to, the LA will typically allocate her to the
nearest school with capacity.

After 5 years in secondary school, most pupils take exams to obtain their Gen-
eral Certificate of Primary Education (GCSE). The UK Department for Education
(DfE) uses GCSE results and other data to compute various measures of attainment
and value-added for secondary schools, which are then incorporated into ‘perfor-

mance tables’.

Schools are subject to a complex accountability framework which incorporates
the quantitative metrics published in performance tables, but also wider contextual
factors including the composition of their body of pupil. Until 2016, the head-
line measure of performance published in performance tables was the proportion
of pupils who obtained grades of A to C in at least five GCSE subjects including
English and Maths (a measure sometimes referred to as ACSEM). In 2016, the DfE
introduced additional performance metrics including Progress 8, which is a simple
measure of value added.! The headline measure of pupil composition is the per-

centage of pupils eligible for Free School Meals (FSMs). To be eligible for FSMs a

I'To calculate Progress 8 scores, the Department for Education puts all pupils nationally into prior
attainment groups based on their test scores at the end of primary school. The Progress 8 score of an
individual pupil is the difference between her test score at the end of secondary school and the mean
test score at the end of primary school for her attainment category. The Progress 8 score for a school
is then simply the average of the Progress 8 scores of all pupils enrolled at that school.
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child or their parent/carer must be in receipt of a qualifying benefit. In the remain-
der of this thesis I sometimes refer to households with a child eligible for FSMs as

‘disadvantaged’ and to other households as ‘affluent’.

3.3 Data and descriptive analysis

The analysis presented in this chapter relies on administrative data from the Na-
tional Pupils Database (NPD). For each pupil who applied for a place in a state-
funded secondary school in England for the 2014/15 academic year, I observe: the
rank-ordered list of schools submitted at the point of application (in Autumn 2013),
some individual characteristics (including their residential postcode and whether
they were eligible for FSMs in February 2014), their test scores at the end of pri-
mary school (in Spring 2014), their test scores at the end of secondary school (in
Spring 2019) and the school they were attending at that point. For each state-funded
secondary school in England, I observe: the location, key performance characteris-

tics, and the proportion of pupils on their roll who is eligible for FSMs.

For computational reasons, I estimate and simulate my model on a subset of
this data. For reasons that I detail in section 3.5.1, I focus on the West Midlands
region. The West Midlands are a large, mostly urban area with 351 schools dis-
tributed over 14 LAs. In 2014, 55,445 households applied for a place in secondary
schools in the region (20.5% of which were eligible for FSMs), which corresponds
to 11% of the total number of applicants in England in that year. Table 3.1 below
shows the distribution of the number of schools ranked by pupils in the different
LAs: 36% of pupils only rank one school, and other pupils ranked between 2 and 6

schools.
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Table 3.1: Number of applications submitted in the West Midlands in 2013 broken
down by LA and length of lists

Length of list submitted

Local authority 1 2 3 4 5 6

Birmingham 2,392 1,830 2,513 1,395 904 4,346
Coventry 918 890 1,780 SUPP SUPP SUPP
Dudley 728 1,299 744 194 68 97
Herefordshire 1,009 307 289 SUPP SUPP SUPP
Sandwell 1,401 853 787 281 144 239
Shropshire 1,705 558 308 SUPP SUPP SUPP
Solihull 781 544 440 159 215 SUPP
Staffordshire 3,744 1,774 1,343 10 10 SUPP
Stoke-on-Trent 1,040 648 917 SUPP SUPP SUPP
Telford and Wrekin 359 453 458 525 SUPP SUPP
Walsall 1,000 906 609 233 331 SUPP
Warwickshire 2,475 1,342 811 251 75 47
Wolverhampton 831 647 569 262 396 SUPP
Worcestershire 1,574 851 822 SUPP SUPP SUPP
Total 19,957 12,902 12,390 3,313 2,147 4,736

Sources: author’s calculations using ONS data (NPD application data for academic year
2014/2015). Notes: total number of applications is 55,445; entries marked ‘SUPP’ were sup-
pressed to prevent recovery of counts under 10.

Figure 3.1 below shows the mean characteristics of schools ranked in the first

three slots of applications submitted by households in the West Midlands in 2014.

This shows that households tend to assign higher ranks to schools located closer,

performing better, and with lower shares of disadvantaged pupils.
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Figure 3.1: Mean characteristics of schools ranked at slots 1 to 3 in applications
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Source: author’s calculations based on school applications submitted in the West Midlands
region in 2013 (all households ranking at least 3 schools). Notes: the number of households
in this subsample is 21,713.

Figure 3.2 below shows patterns of heterogeneity in applications. Compared
to applications submitted by affluent households, application submitted by disad-
vantaged households exhibit a steeper gradient in the distance variable (meaning
that the average distance to listed schools increases more for less preferred slots), a
flatter gradient in the performance variable (meaning that the average performance
of listed schools increases less for less preferred slots), and a flatter gradient in
the share of disadvantage pupils. The patterns are similar for households whose
child had a primary school test score below the median, compared to other house-
holds. These patterns are consistent with the proposition that poorer households and
households with lower educational attainment value school performance to a lesser

degree, and similarly care about school composition to a lesser degree.
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Figure 3.2: Mean characteristics of schools ranked at slots 1 to 3 in applications, by
type of household

4

— _60
Es 3 _
o = X 20
3 T =
o © 40 s
€2 £ 0]
3 = =
c L % 10
31 Q20 i
a <
0 0 0
1 2 3 1 2 3 1 2 3
Application rank Application rank Application rank
sample ] Fsm [ NoFsm
25
4
= ~ 60 20
E S _
<. < L
cC { b
3 3 £ 15
IS g = 40 g
g = 10
= EOJ =
2 G20 P
® 1 < 5
a
0 0 0
1 2 3 1 2 3 1 2 3
Application rank Application rank Application rank

Sample . Above median test score . Below median test score

Source: author’s calculations based on school applications submitted in the West Midlands
region in 2013 (all households ranking at least 3 schools). Notes: the number of obser-
vations in this subsample were: 4625 households eligible for FSM, 17088 households ot
eligible for FSMs, 10796 households above the median test score, 10917 households below
the median test score.

3.4 Model of school choice and educational attain-

ment

This section sets out a joint model of household preferences over school attributes
and educational attainment. I consider an economy populated by a set of pupils &

indexed by i and a set of schools .#” indexed by ;.
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3.4.1 Household preferences

I assume that each pupil and her household act as a unitary actor, and I refer to
pupils and households interchangeably. Each pupil i is characterised by five vari-
ables: her residential location; her average test scores at the end of primary school,
which I denote x}; a binary variable indicating whether she is eligible for FSMs,
which I denote x{ ; and two unobserved taste shocks for school performance and
composition, which I denote vl.p and vl.f , respectively. The residential location of
households is determined exogenously.

The utility that pupil i derives from attending school j is a linear function of five
variables: the distance between the residential location of the pupil and the school,
which is denoted d;; the school’s ACSEM performance score, which is denoted z? ;
the proportion of the school’s pupil body eligible for FSMs, which is denoted zf.‘; an
additional quality component denoted &; which is observable to households but not
to the econometrician; and a preference shock denoted ei‘;. The variable & ;j could
represent various attributes of the school that are valued by households, such as its
ethos or the amount of bullying that takes place. The composition of a school’s
pupil body and its ACSEM score are endogenous variables, and the expectations of

these variables are denoted 25 and 2? , respectively. The utility function is:
=B+ B - BPEP 1 E et 3.1
uij = Bidij+ B 2; + B Z; + S+ & CRY
where:

B =B+ Bl + p
Bl =B+ Bl + x4V
B =B+ B x] + Brx V]

v/, vP) ~ A (0,%)
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and g is assumed to be independently distributed over pupils and schools with a
type-1 extreme value distribution. This is a mixed multinomial logit model where

preferences over school characteristics are allowed to vary between pupils based on
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their observable characteristics and, in the case of preferences over school perfor-
mance and composition, unobservable taste variations. State schools do not charge
fees in England, and this specification essentially quantifies preferences for school
attributes in terms of willingness to travel for different categories of students.
When applying for a place in secondary school, each household ranks a subset
of all schools in descending order of utility. This is a ‘truth-telling’ assumption,
which I motivate in section 3.5.1 below. The subset of schools considered by a
household is observed - it is the set of schools listed on its application - and fixed.

The rank-ordered list of schools submitted by pupil i is denoted L;.

3.4.2 Pupil outcomes

I model pupil outcomes (test scores) using a value-added framework of the type
commonly used in the literature (most recently by Allende (2019) and Abdulka-
diroglu et al. (2020)). Let yfj be the test score that pupil i would achieve at the end
of secondary school if she attended school j.2 This is determined by four variables:
the pupil’s test score at the end of primary school (denoted x’ as above); her FSM
status (denoted xlf as above); a school quality component common to all pupils who
attend the school, which is denoted 6;; and an error term which is denoted eiy . The

test score production function takes the form:
¥ =7+ 7/x] 4510+ e (3.2)

where s; is a vector whose jth entry equals one if pupil i attends school j and zero
otherwise, and 0 is a vector containing the value-added of the different schools. The
child’s FSM status is meant to be a proxy for unobserved contemporaneous inputs
provided by the family (eg help with homework, private tutoring, etc) (Todd and

Wolpin (2003)). In chapter 2 I further specify the value added of each school as a

%In practice, pupils obtain a test score for each subject they sit for their GCSE. These test scores
are then aggregated by the DfE into two summary variables for each pupil: a continuous variable
called Attainment 8, which is a weighted average of subject scores and which I denote yl?:i; and a
binary variable called ACSEM, which describes whether the pupil has attained grades of A to C in at
least 5 subjects including English and Maths, and which I denote y?j. I use the continuous variable
for the purpose of modelling pupil outcomes, and I assume that the binary variable is a function of
the continuous variable and a normally-distributed random shock.
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function of the size and composition of its teaching workforce and pupil body.

3.5 Estimation

3.5.1 Household preferences

My main identifying assumption is that the rank-ordered lists submitted by pupils
truthfully reflect their preferences. This assumption is motivated by the fact that
the deferred acceptance mechanism used in England is strategy-proof, in the sense
that truth-telling is a weakly dominant strategy if there are no application costs
(Dubins and Freedman (2018)). Fack et al. (2019) show that truth-telling is the
unique Bayesian Nash equilibrium under deferred acceptance if and only if there are
no application costs and the joint distribution of preferences and priorities has full
support (ie there is uncertainty in admission outcomes for all schools considered).
These conditions might not hold for all pupils in all local contexts. In particular,
they fail to hold for pupils who consider more schools than they can rank. To
mitigate this risk, I focus on the region (outside London) where LAs allow pupils
to rank the largest number of schools, which is the West Midlands. On average,
pupils in the West Midlands can rank 5.2 schools, and only 18% of them rank the
maximum number of schools allowed in their home LA.

Even with the truth-telling assumption, the estimation of preferences presents
the usual challenge of endogeneity since observed school characteristics may be
correlated with unobserved characteristics. Suppose for example that school lead-
ers who use a more effective curriculum are also more effective at enforcing school
discipline and reducing the amount of bullying. Then the process of school choice
combined with the test score production function induces a positive correlation be-
tween performance scores zf and unobservable characteristics §;. Alternatively,
some school leaders might seek to achieve high test scores by ‘teaching to the test’,
offering a narrower curriculum, or focusing effort on marginal students, which could
induce a negative correlation between performance scores and unobservable char-

acteristics.

To address these endogeneity issues I proceed in two steps, in the spirit of
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the IO literature on differentiated product markets. In the first step I re-specify
equation (3.1) with an alternative-specific constant for each school that subsumes
the average utility of unobserved characteristics, the share of disadvantaged pupils

and the performance score. This is denoted:
8) = B/ + BPxf + & (3.3)

I can estimate these alternative-specific constants and the remaining parameters
in the utility function using maximum simulated likelihood. Only differences in
utility matter in this model, so I normalise the alternative-specific constant of one

of the schools to zero.

In the second step I use these estimates of ; together with instrumental vari-
ables for the variables in equation (3.3) to estimate the coefficients 8/ and 87 and
the residual for each school £;. My instruments for these two endogenous variables
are based on the location of households and schools, ie local demographics and
local market structures. These variables will evidently have an effect on the share
of disadvantaged pupils enrolled in schools: a school located in a neighbourhood
with more disadvantaged households will enroll a higher proportion of disadvan-
taged pupils. But these variables should also have an effect on the measured per-
formance of schools: if the attainment of a child in secondary school depends on
her socio-economic status and prior attainment, as posited by my model of edu-
cational attainment (3.2), then a school located close to large numbers of children
from affluent families and with high prior attainment - and further away from other
schools which might also attract such children - will achieve higher performance
scores, independently of its unobservable characteristics. The identifying assump-
tion here is that the location of households relative to schools is independent of
unobservable school quality conditional on observed household demographics, that
is&; Ld; j|x§,xl-f . This approach is somewhat analogous to the logic of ‘BLP instru-
ments’ (after Berry et al. (1995)).

I use approximations to optimal instruments to improve the efficiency of the

estimation procedure. If Z collects the instruments (the location and charateristics
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of households and schools), 8 collects the parameters in (3.3), and 69 is the true

value of these parameters, then the optimal I'Vs are given by (Chamberlain (1987)):

z] n=1,...dim(6) (3.4)

These optimal instruments are not feasible since the true value of the param-
eters and the distribution of the unobserved term are unknown, but they can be
approximated heuristically. I use the approximation proposed by Reynaert and Ver-
boven (2014), which sets & = 0 and uses a guess of parameter values based on
simpler estimation methods. Concretely, I use OLS to provide initial guesses of the
parameters in (3.3) and (3.2) (with the exception of school value added, as it is en-
dogenous), and I simulate the choices of households and the resulting characteristics
of schools iteratively until I find a fixed point in the value of school characteristics.
One can think of these instruments as the component of school performance and

composition that purely reflects local geographies and demographics.

Table 3.2 below shows estimates of the parameters estimated by simulated
maximum likelihood (in the first step of the estimation procedure). This shows that
different types of households make different trade offs when applying to schools:
disadvantaged households put more weight on distance (ie face higher travel costs),
less weight on school performance, and less weight on the share of disadvantaged
pupils; households with higher primary test scores put less weight on distance,
more weight on school performance, and more weight on the share of disadvan-

taged pupils.
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Table 3.2: Estimates of demand model parameters obtained by maximum simulated
likelihood

Parameter Coeff. Std.Err

Panel A: observed heterogeneity

Distance B4 -0.191  0.003
Distance x pupil FSM status Bes -0.055  0.006
Distance x pupil primary test score B 0.047  0.002
School AC5SEM x pupil FSM status Br/ -0.894  0.149
School ACSEM x pupil primary test score B! 1.256  0.064
School FSM share x pupil FSM status B/f 0.505  0.144
School FSM share x pupil primary test score B/ -0.189  0.065

Panel B: unobserved heterogeneity

School AC5EM - variance o’ 4.07 0.894
School FSM share - variance o/ 2.44 0.708
Covariance o/ -1.271  0.586

Sources: parameters estimated by maximum simulated likelihood, number of observations
77250

Table 3.3 below shows estimates of the demand model parameters estimated
by IV regression (the second step of the estimation procedure). The coefficient on
school performance is higher when estimated using IV than when estimated using
OLS. This suggests that there is a negative correlation between school performance
and unobserved school characteristics. The coefficient on school composition be-
comes statistically insignificant. The results of the first stage regression are provided

in table 3.4 below.
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Table 3.3: Estimates of demand model parameters obtained by IV

OLS v

(Intercept) -1.037%** -1.843***

(0.228) (0.584)
School AC5EM  B? 1.9297%#%* 3.108%***

(0.325) (0.820)
School FSM Bl -0.965%* -0.425

(0.260) (0.535)
Num.Obs. 342 342
R2 0.467 0.444
se_type HC2 HC2

#p < 0.1, % p < 0.05, *** p < 0.01

Table 3.4: First stage regression for IV model used in household preferences

School AC5EM score School FSM share

(Intercept) 0.017 0.035
(0.063) (0.048)
School AC5EM score - expected 1.011%%*%* -0.034
(0.092) (0.068)
School FSM share - expected 0.148** 0.829:#*
(0.072) (0.063)
Num.Obs. 342 342
R2 0.467 0.710
DF Resid 339 339

#p < 0.1, # p < 0.05, *** p < 0.01

3.5.2 School value added

A common approach to estimating school value-added is to adopt a ‘selection on

observables’ restriction. Considering equation (3.2), this is E[€] [y” ,xlf ,8i] = 0. This

assumption implies that an Ordinary Least Square (OLS) regression of individual

test scores on school indicators and individual characteristics recovers consistent

estimates of y”,7/ and ©.

In our context, selection on observables is a strong assumption. The error term

8l-y is likely to reflect the effect of a range of inputs into a child’s education that

are not captured by her FSM status and primary school test score, for example:
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(i) past educational inputs from the family or schools; (ii) contemporaneous inputs
from the family; and (iii) the child’s innate ability. I refer to these different factors
as a child’s unobserved ‘ability’. A particular concern in my context is that the
process of school choice may induce a correlation between s; and el-y , in the sense
that the pupils enrolled at different schools might have different average abilities.
This might be the case for example if the households who value attainment more
tend to apply to schools with higher value added and provide more education inputs
outside school (eg private tutoring). In that scenario, estimating equation (3.2) using
OLS would overstate differences in value added between schools.*

A second approach is to use the information contained in pupils’ applications
to correct for the selection bias. Recall that the demand model specified in equation
(3.1) allows for unobserved variations in preferences for performance, captured in
v;. Suppose that a pupil’s unobserved ability is correlated with the intensity of her
preference for performance, which is what may induce the selection bias in the first
place. That is, we can decompose the error term in equation (3.2) as Siy =1Vv;+ ély ,

implying:
V= Yy + ¥ 40+ Vv + & (3.5)

The variable v; is not observed, but the mixed logit model identifies the dis-
tribution of that coefficient for each individual conditional on her observed school

choices L;. This is (eg Train (2009)):

h(V’Ll‘,G,‘U) _ P(Li|V)¢)(V|G,‘LL) (36)

~ JP(Liv)$(vlo,u)dv

3Todd and Wolpin (2003) provide a framework for assessing the validity of value-added models.
Suppose that the true technology is yi; = Xig @1 + Xig—100 + ... + Xi1 &, + B Lo + €4 Where yj, is
the achievment of child i at age a, Xj, is the vector of educational inputs applied at age a, and U
is the child’s endowment at birth. Subtracting yy;,—; from both sides and collecting terms gives:
Yia — VWia—1 = Xia®1 + Xia—1(0 — you ) + ... + Xi1 (¢t — Y0u—1) + (Ba — YBa—1) tio + Eia — YEia—1-
This boils down to the value-added model in equation (3.2) only if the coefficients associated with
past inputs and the endowment decline at the same rate with distance from the date of measurement,
ieifa, —ya, 1 =0and B, —yB,1 =0

4 Alternatively, parents may see school and family inputs as substitutes rather then complements
(eg they may decide to provide less tutoring if the child attends a high-value added school). In that
scenario, estimating equation (3.2) using OLS would understate differences in value added between
schools
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where P(L;|Vv) is the probability of individual i submitting the rank-ordered list L;
for a given value of v, and ¢ (v|o, i) is the distribution of v in the population. The
expectation of a pupil’s preference for performance conditional on her rank-ordered

list L; is then:
Vi:/v~h(v]L,-,o,u)dv (3.7)

If we are willing to assume that E[& |y? ,x{ ,8i,Li, 0, it] = 0, which is a weaker
assumption than selection on observables, then we can replace v; by V; in equation
(3.5) and estimate the parameters using OLS. This is essentially a control function
approach. The intuition for how this can identify the value-added of schools is
simple: if a household ranks better-performing schools higher than can be predicted
by this household’s observed characteristics, then one can infer that this household
has a high unobserved preference for school performance, and this information can
be used to control for this household’s unobserved ability.

One limitation of this approach in my context is that I can only compute V;
for households who rank at least two schools in their application (because equa-
tion (3.6) is only defined for a non-trivial choice set of at least two schools). It is
conceivable that the number of schools ranked by a household is correlated with
the unobserved ability of their children, for example if households who value edu-
cational attainment more also research more schools and provide more tutoring at
home. If that is the case, the control function approach risks introducing a sam-
ple selection issue. To address this issue I use a standard sample selection model
(Heckman (1979)), where a household’s propensity to rank more than one school is
a function of her observable characteristics (whether she is eligible for FSMs and
her primary school test scores) and the number of schools present within a radius of
2km.

I estimate four models: one model that only controls for pupils’ test scores in
primary school (a simple ‘selection on observables’ model);> a second model that

also controls for pupils’ FSM status (a slightly richer ‘selection on observables’

>this is the approach that underpins the DfE’s Progress 8 measure of value added
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model), a third model that also controls for pupils’ estimated mean unobserved
preference for school performance (a ‘control function” model); and a fourth model
that also control for factors affecting a household’s propensity to rank more than one
school (a control function and sample selection model). The coefficients on pupil
characteristics are reported in Table 3.5. The coefficients on control factors are
both positive and statistically significant, indicating that a household’s unobserved
‘ability’ is indeed positively correlated with her unobserved preference for school
performance and her propensity to list more than one school.

These results also show that school value added is an important determinant for
educational attainment: moving a pupil from a school at the 25th percentile of the
value added distribution to a school at the 75th percentile improves her test scores
by 0.33 standard deviation. By way of comparison, moving a pupil out of FSM
status increases her test scores by 0.22 standard deviation; and moving a pupil from
the 25th to the 75th percentile of the distribution of primary school scores increases

her secondary test scores by 0.79 standard deviation.

Table 3.5: Estimates of test score determinants

Model 1 Model 2 Model 3 Model 4
selection selection control control
on observ. on observ. function function

Pupil primary school score 0.688%** 0.676%** 0.682%** 0.688%***
(0.003) (0.003) (0.004) (0.005)

Pupil FSM status -0.221%%% - -0.220%%*  -(.223%%*
(0.008) (0.010) (0.009)
Pupil unobserved preference 0.007***  0.007%**
(0.002) (0.002)
Variance (selection model) 0.624 %%
(0.003)
Covariance (selection model) 0.112%%%*
(0.036)
Num.Obs. 48233 48233 31397 31397
R2 0.601 0.608 0.625
se_type HC2 HC2 HC2
School dummy Yes Yes Yes Yes

Interest resides in how estimates of school value added that control for unob-
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servable factors compare with more simple estimates that only control for observ-
able factors (and which are more commonly used by policy-makers). Figure 3.3
below compares estimates of value added obtained under model 4 with estimates
from model 1 (which most closely approximates the ‘Progress 8’ measure of value
added introduced by the DfE in 2016). This shows that, while estimates of value-
added differ between the two models for many schools, there is no obvious pattern
whereby the simpler model significantly overstates differences in value added be-
tween schools (if this were the case, then the slope of the regression line would be

significantly below 1).

Figure 3.3: Estimates of school value added obtained under different assumptions
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For completeness, Table 3.6 below shows the results of a series of simple linear
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regressions of value added estimates obtained under models 2,3, and 4 on estimates
obtained under models 1 and 2. The coefficients are only slightly below 1 and not

statistically different from 1.

Table 3.6: Comparison of different estimates of value added (linear regressions)

Model 2 estimates Model 3 estimates Model 4 estimates

(Intercept) 0.045 0.012 -0.027
(0.001) (0.003) (0.003)
Model 1 estimates 0.978
(0.005)
Model 2 estimates 0.980 0.986
(0.012) (0.012)
Num.Obs. 337 337 337
R2 0.989 0.956 0.954
R2 Ad;. 0.989 0.956 0.954
se;ype HC2 HC2 HC2

Overall, this analysis suggests that, while the simple ‘Progress 8’ measure of
value added is likely to underestimate the value added of schools with large shares
of disadvantaged pupils, it does not otherwise suffer from selection biases that might

overstate differences in value-added between schools.

3.6 Policy counterfactuals

Having developed and estimated a model of teachers-to-schools matching in chap-
ter 2, and a model of pupils-to-schools matching in this chapter, I can simulate
counterfactual allocations and outcomes for different policies. For this purpose I
assume that the principal policy lever available to policy makers operates through
school funding, and more specifically an additional budget allocation made for each
percentage of FSM pupils (the ‘pupil premium’). I further assume that policy mak-
ers are primarily interested in educational inequality, and that their objective can
be formulated simply as reducing the mean attainment gap between affluent and
disadvantaged households.

To simulate counterfactual prices, allocation, and educational outcomes, I need

to define the equilibrium concept applicable to this model. A sorting equilibrium
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is defined by three objects: the ordered lists submitted by households {L;};c »; the
wages set by schools for the different categories of teachers {w} jc »-; and an allo-
cation of teachers to schools {t;};c». The tuple {{L;}ic»,{W;}jcs,{tj}jcs} is

a rational-expectations sorting equilibrium if the following conditions are satisfied:

e the ordered lists {L;};cp reflect households’ consideration sets and prefer-

ences as defined in (3.1);

* the wages set by schools {w;} jcs solve their optimisation problem defined in

(2.12);

» the allocation of teachers to school {t;} jcg reflects the preferences given in

(2.2); and

* expectations are rational, that is §; = ¢, 2{ = z; , and 25-’ = Zf .

Simulating this equilibrium is computationally intensive, and it is not currently
possible to perform this task in the ONS Secure Research Service (SRS), which is
the environment used for this analysis. For this reason, I perform this exercise on
a fictitious economy simulated outside the SRS to reflect the key characteristics
observed for the secondary education system in the West Midlands. These char-
acteristics are: the overall share of disadvantaged households, the distribution of
disadvantaged households across and within local authorities, the average distance
to schools listed in applications, the covariance between FSM status and primary
school test scores, the attainment gap between affluent and disadvantaged pupils,
and the number and composition of the teaching workforce (both employed and un-
employed). I assume that schools simply rank applying pupils based on distance
(which is the most common criterion used to break ties after coarser criteria have
been applied).

The computation procedure essentially looks for a fixed point in the endoge-
nous school characteristics (FSM share and ACSEM score) that satisfies the equi-

librium conditions set out above. It involves the following steps:

 Step 0: specify arbitrary starting values of school endogenous characteristics;
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» Step 1: compute the utility of being assigned to each school for each house-
hold according to (3.1) and rank the 5 closest schools to each household ac-

cordingly;

» Step 2: run the Gale-Shapley deferred acceptance algorithm to obtain the
allocation of pupils to schools, and compute the resulting size and FSM share

of each school;
 Step 3: compute the resulting budget allocation of each school;

» Step 4: find equilibrium wages and allocations in the teacher labour market

by simultaneously solving the system of optimality conditions (2.13);

» Step 5: find the resulting value added of each school based on the education

production function (2.11);

» Step 6: find the resulting test score of each individual pupil based on the
test score production function (3.2), and compute the corresponding ACSEM

score of each school;

» Step 7: compare the resulting school characteristics with the starting values,

and re-iterate from Step 1 if the difference exceeds a tolerance.

Table 3.7 below reports the mean attainment gap between affluent and disad-
vantaged pupils, as well as the mean teacher-to-pupil ratio at schools in the most
disadvantaged quintile. This shows that even large increases in the pupil premium
only have a fairly modest impact on educational inequality: doubling the pupil pre-
mium from £1k to £2k only reduces the attainment gap from 0.612 standard de-
viation to 0.607 standard deviation. Increasing the pupil premium to £5k reduces
the attainment gap to 0.595 standard deviation. Even at this higher levels, the pupil
premium only represents a share of the total per pupil funding granted to schools.®
Moreover, my analysis of the determinants of test scores set out in section 3.5.2

shows that differences in school value added only account for a share of differences

®By way of reference, the total wage bill divided by the number of newly enrolled pupils in 2019
was £12k per year
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in outcomes. Lastly, improvements in school staffing resulting from better funding
of disadvantaged schools benefits both disadvantaged pupils and the affluent pupils
who are educated alongside them, such that the attainment gap only reduces by a

modest amount.

Table 3.7: Counterfacual policy simulations

Premium Attainment gap  Pupil to teacher Pupil to teacher
(k£ per pupil) (% of SD) ratio (cat 1) ratio (cat 2)

1 61.2% 0.121 0.221

2 60.7% 0.124 0.226

3 60.3% 0.128 0.229

4 59.9% 0.132 0.233

5 59.5% 0.134 0.237

3.7 Conclusion and discussion

The analysis summarised in this chapter has shown that different types of house-
holds make different trade offs when applying to schools: disadvantaged house-
holds put more weight on distance (ie face higher travel costs), and less weight
on school performance and school composition; and conversely, households with
higher primary test scores put less weight on distance, and more weight on school
performance and on school composition. These patterns of heterogeneity imply
that, in and of itself, school choice may not necessarily reduce inequality in attain-
ment. Pupils from more affluent families are more likely to use the scheme to seek
admission to better performing schools, and this is likely to exacerbate inequality in
attainment in secondary education.

This analysis also indicates that pupils’ unobserved ability correlates with their
unobserved preferences for school quality - in other words pupils who put more
weight on school performance are also likely to do better in secondary school ex-
ams than suggested by their observable characteristics. This implies that measures
of school value-added that control solely for observable pupil characteristics are
imperfect proxies of true value-added. However, such simple measures of value

added do not seem to systematically understate differences in the true value added
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between schools.

My estimation of preferences relies on the assumption that households’ appli-
cations truthfully reveal their preferences, ie households rank all the schools they
consider, and rank these schools in the true order of preferences. This assumption
may be violated if households face costs when ranking schools they have considered
(which might apply to the 18% of households in my sample who rank the maximum
number of schools allowed in their LA), or if households face no uncertainty in their
probability of admission in certain schools (which could apply for example to some
households located very far away from oversubscribed schools that they like). A
breach of this assumption is likely to bias the coefficient on school performance
downward, as some households do not rank very good schools that they do in fact
find desirable.

In principle, it might be possible to address this issue by exploiting the ‘sta-
bility’ property of the deferred acceptance mechanism (Fack et al. (2019)). This
property implies that every pupil is matched with her favorite school among those
she qualifies for ex post. If the researcher observes the ranking of schools over
pupils and the cutoff applicable at each school, then the researcher can essentially
delineate the ‘choice set’” of each pupil (the set of schools for which that pupil quali-
fied) and use standard discrete choice models to recover preferences. Unfortunately
this approach is not feasible in England as although schools publish their prioritiza-
tion criteria, the NPD does not contain information on the attributes of pupils that

would inform their ranking by schools.



Chapter 4

The career path of minority ethnic

teachers

The content of this chapter was co-authored with Professor Imran Rasul

4.1 Introduction

A substantial body of research indicates that students from minority ethnic back-
grounds benefit from being assigned to teachers of the same background (Dee
(2005), Redding (2019)). Many governments in developed countries have recog-
nised the role of these interactions in shaping learning outcomes, and have commit-
ted to increasing the diversity of their teaching workforces. In a recent statement of

intent, the UK Department for Education stated:

The value of a diverse workforce and school leadership is clear. Di-
versity within schools is valuable in fostering social cohesion and most
importantly, in supporting pupils to grow and develop in an environ-

ment of visible, diverse role models (DfE (2018)).

However, the most recent administrative data in England shows that teachers
from minority ethnic backgrounds continue to be under-represented in the teaching
workforce, largely because their retention rates are lower (Worth and Sharp (2022)).
Qualitative research also shows that, while minority teachers are open and motivated
to teach in urban diverse schools, they continue to be preoccupied with discrimina-

tion, and experience difficulties in progressing their careers (Tereshchenko et al.
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(2020)).

The purpose of the analysis presented in this chapter is to document differences
in the career paths of white and minority teachers in England, and disentangle the
effect of different factors in driving some of these outcomes, notably the relative role
of preferences and opportunities (or frictions). Beyond the education system, the
empirical literature has used surveys and experiments to establish that job amenities
are important in explaining the career paths and labour supply decisions of workers
(Hall and Mueller (2018)), and that there are significances between demographic
groups in how these amenities are valued (Wiswall and Zafar (2018), with a focus

on gender differences).

The analysis uses an extract of the School Workforce Census, an administrative
database maintained by the DfE, for 2010-2019. Minority teachers account for 11%
of all teachers employed in secondary education in England, and tend to be concen-
trated in London and a few large urban agglomerations. Compared to white teachers
working in the same local authorities, minority teachers tend to work in schools with
pupil bodies that are more diverse, more disadvantaged, and with lower attainment
scores. In line with earlier research, we find that minority teachers tend to exit the
profession earlier than white teachers: 10 years after qualification, the Kaplan-Meir
survival probability is 77% for white teachers and only 64% for minority teach-
ers. Minority teachers earn less than white teachers on average, but a large share
of this difference is explained by the fact that minority teachers tend to be at an
earlier stage in their careers, with less experience and in more junior roles. Most
of the remaining, ‘unexplained’ wage gap disappears when the sample is restricted
to new hires. Finally, minority teachers are less likely to be promoted to senior
management roles (Head, Deputy Head, Assistant Head), even when controlling

for experience and qualifications.

We use the model of job search set out in chapter 2 to shed some light on the
factors driving differences in the career paths and school assignments of white and
minority teachers, notably the role of preferences over school characteristics. The

results indicate that minority teachers prefer working for schools with more diverse
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bodies of pupils and more diverse leadership teams, whereas white teachers do not
appear to value these characteristics (positively or negatively). All teachers appear
to dislike working for schools with large shares of disadvantaged pupils, though
to different degrees depending on ethnicity and location. The results indicate that
minority teachers also ‘find it easier’ to be employed in schools that are more diverse
and more disadvantaged, in the sense that the offer probabilities for such schools are
higher for them than for white teachers. This result could reflect differences in the
search process of teachers or in the hiring policies of schools, but in any case they
suggest that differences in preferences only partly account for observed differences

in the school assignment of white and minority teachers.

4.2 Data and descriptive analysis

This analysis uses an extract of the School Workforce Census data, an administra-
tive database maintained by the DfE which records the characteristics of individual
teachers and their employment on a yearly basis. The extract used is for the period
between 2010 and 2019, and covers all teachers employed in secondary schools in

the state-funded school system in England. For each teacher, the data provides:

* some time-invariant demographic characteristics, including their gender, eth-

nicity, date of birth, and qualifications; and

* the characteristics of their teaching job in each year, including the school
they worked for, any management responsibilities,! their wage (on a full-time

equivalent basis), their working hours, and the subjects they taught.

We link this extract of the SWFC data to various extracts of the School Census,
a separate database collated by the DfE which contains data on state-funded schools.

The main school characteristics of interest in this analysis are:

* the share of pupils who speak English as an Additional Language (‘EAL

pupils’); The EAL categorization is not perfectly aligned with ethnicity

'In addition to their teaching duties, teachers can fill various management roles which are cat-
egorised as Head, Deputy Head, Assistant Head, Leading Practitioner, Hear of Year, and Head of
Department. We characterize the first four of these positions as ‘senior leadership roles’.
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groupings (a pupil could be white and classified as EAL, or belong to an
ethnic minority and not be classified as EAL). Nevertheless, it is commonly
used as a high-level indicator of ethnic and cultural heterogeneity in a school’s

body of pupils;

* the share of pupils eligible for Free School Meals (‘FSM pupils’). To be
eligible for FSM, a child or their parent/carer must be in receipt of a qualifying
benefit, and eligibility for FSM is commonly used as an indicator of socio-

economic conditions by the DfE; and

* the ‘Attainment 8 score’ of the school, which is the average test score of pupils

at the end of secondary schools (aggregated across subjects).

In 2019, there were 204,371 teachers employed in state-funded secondary
school in England, 91.5% of whom reported their ethnicity. Of those teachers
who reported their ethnicity, 10.8% were from a minority ethnic background (5.3%
Asian, 3.0% Black, 2.5% Other/Mixed). Most of the analysis conducted in this
chapter requires large sample sizes, so we are not able to distinguish between these
different ethnic groups. In the remainder of this chapter, we refer to non-white

teachers as ‘minority teachers’ and report aggregated results for them.

Table 4.1 below provides more details on the structure of the panel and the
share of minority teachers over time, distinguishing between all teachers employed
and ‘new hires’. In any given year, ‘new hires’ are defined as teachers who first
appear in the panel in that year and have not yet attained qualified teacher status,
or have attained that status less than two years before. The sample is restricted to
teachers who report their ethnicity, and excludes the first year of the panel (for which
new hires cannot be identified). This shows that the share of minority teachers in
new hires has grown steadily over time, from 11% in 2010 to 16% in 2019. This has
come from a reduction in the overall number of teachers hired while maintaining

the number of minority teachers hired constant.
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Table 4.1: Number of teachers employed in England, by year and ethnicity

All teachers New hires
year Total Minority % Total Minority %
2011 202,735 8 13,991 10.8
2012 205,910 8.1 14,033 11.6
2013 203,777 8.5 13,428 12.7
2014 203,007 8.8 14,471 124
2015 196,745 9.1 13,797 14.1
2016 192,371 9.6 13,424 14.9
2017 188,515 10 12,438 154
2018 186,585 104 12,048 16.4
2019 186,940 10.8 12,469 17.9

Figure 4.1 below shows the geographical distribution of minority teachers, for
all teachers employed in 2019 (Panel A), and new hires in 2019 (Panel B). Minority
teachers tend to be concentrated in London and a few urban areas in the South East
(Luton, Slough), the West Midlands (Birmingham, Wolverhampton) and the North
(Bradford).

Figure 4.1: Share of minority teachers by local authority (2019)

(a) All teachers (b) New hires
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Table 4.2 below shows the mean attributes of white and minority teachers in
2019. Compared to white teachers, minority teachers employed in 2019 tend to be
at an earlier stage in their careers: they are less likely to have reached qualified

teacher status (QTS), have less experience (where experience is defined as the years
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since QTS for teachers who have reached that stage), and are less likely to occupy
senior leadership roles. They also tend focus more on STEM subjects, are more

likely to hold postgraduate degrees, and less likely to work part-time.

Table 4.2: Mean characteristics of teachers in different ethnic groups (all teachers em-

ployed in 2019)
Minority White
Num. Mean SD Num. Mean SD Indep. Test
Demographics
Female 20,268 0.658  0.475 166,672  0.64 0.48 P<0.001 *
Age 20,268 38.074 10.016 166,672 39.481 10.128 P< 0.001 s s
Experience and seniority
Experience 18,378  9.648 7.75 158,154 12.891 9.267 P<0.001 s
Qualified 20,268 0907  0.29 166,672 0.949 0.219 p< 0.001 s
Has leadership role 20,268 0.076  0.265 166,672 0.126  0.332 p< 0.001 %
Qualitif. and specialism
Holds degree in STEM 15,838 0.408 0.492 133,374 0.324  0.468 P< 0.001 s s
Teaches mostly STEM 16,747 0.451  0.498 136,375 0.264  0.441 p< 0.001 %
Holds a MSc or PhD 15,838 0.148  0.355 133,374 0.115 0.319 P<0.001 * =+
Holds First degree 15,838 0.088  0.283 133,374 0.099  0.299 P<0.001 s %
Other
Works in urban school 20,261 0.673  0.469 166,621 0.334  0.472 P<0.001 * =+
Works part time 20,268 0.144  0.351 166,672  0.21 0.407 p< 0.001 s

Notes: test of independence is a group F-test for continuous variables, and a chi-squared test for logical
variables; the ‘years of experience’ of a teacher are the number of years elapsed since the teacher reached
‘qualified teacher status’; a teacher is deemed to teach mostly STEM subjects if she teaches STEM subjects
more than 70% of her working hours; a school is classified as urban if its postcode area is categorized by the
UK ONS as belonging to a minor or major conurbation.

Table B.1 in the appendix reports results for minority teachers at a more disag-
gregated level, distinguishing between black, asian, and other/mixed. Most the key
patterns observed at the aggregate level (lower level of experience, lower propensity
to be in management roles, greater propensity to teach STEM subjects) are observ-

able for these smaller groups, although there are differences in magnitude.

Table 4.3 below shows a selection of these characteristics when the sample is
restricted to new hires in three years. As this table relates to new hires, we do not
report characteristics that only show significant variation in later career stages like

experience, seniority, or age.
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Table 4.3: Mean characteristics of newly hired teachers in white and minority groups
in different years

2011 2015 2019

Num Mean SD Num Mean SD Num Mean SD Ind. test
Minority
Female 1,517 0.65 048 1,948 0.66 047 2,238 0.70 0.46 p=0.004%**
Qualified 1,517  0.65 048 1,948 056 0.50 2,238 0.65 0.48 p<0.001 %%
Holds degree in STEM 795 041 049 1,217 040 049 1,217 0.34 047 p=0.002%**
Teaches mostly STEM 1,062 042 0.49 1,432 047 0.50 1,823 049 0.50 p=0.003%**
Holds a MSc or PhD 795 0.17 0.37 1,217  0.14 0.35 1,217 0.03 0.16 p=0.001°%**
Works in urban school 1,517  0.64 0.48 1,948  0.68 0.47 2,236 0.69 0.46 p=0.002%**
Works part time 1,517 0.10 0.30 1,948 0.07 0.26 2,238 0.06 0.24 p<0.001 *
White
Female 12,474  0.65 048 11,849 0.64 048 10,231 0.65 048 p=0.424
Qualified 12,474 0.67 047 11,849 0.64 048 10,231 0.74 044 p<0.001 *xx

Holds degree in STEM 6,684 032 0.47 7,206 030 0.46 5,521 028 0.45 p<0.001 *%x*
Teaches mostly STEM 8,603  0.30 0.46 9,055 029 045 8,296 028 0.45 p=0.336
Holds a MSc or PhD 6,684 0.12 0.33 7,206 0.12 0.33 5,521 0.02  0.13 p<0.001 *%x*
Works in urban school 12,474 037  0.48 11,845 038 0.49 10,225 038 049 p=0.149
Works part time 12,474  0.12 0.33 11,849 0.11 0.31 10,231 0.09 0.28 p<0.001 * *x

4.2.1 Initial school characteristics and transitions

To understand whether minority teachers tend to start their careers in schools with
different characteristics compared to white teachers, we run a series of three re-
gressions where the dependent variable is an observable characteristic of the first
school where each teacher is assigned to (namely, the FSM share, the EAL share,
and the ATTS score), and the independent variables are: a binary variable indicating
whether the teacher belongs to an ethnic minority, basic demographic controls (gen-
der and age), qualifications, year fixed effects, and LA fixed effects. The sample is

restricted to new hires between 2011 and 2019.

The results are provided in Tables 4.4 to 4.6 below for the EAL share, the FSM
share, and the ATTS score, respectively?. These results indicate that new minority
teachers tend to work in schools that are systematically different than those em-
ploying observationally similar white teachers, even within relatively small local
labour markets, with poorer, more diverse pupil bodies and slightly worse attain-

ment scores.

’These variables are imperfectly correlated: the correlation between the EAL and FSM shares of
a school is 0.44 (p;0.001), and the correlation between the EAL share of a school and its Attainment
8 score is 0.03 (p=0.10)
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Table 4.4: Regression of EAL share in initial school on teacher characteristics
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Model 1 Model 2 Model 3  Model 4 Model 5
Minority 19.428***  47702%%*  4,699%** 4 T]16%** 4,924 %%*

(0.277) (0.143) (0.144) (0.129) (0.264)
Num.Obs. 95960 95960 95960 95723 48479
R2 Ad;. 0.096 0.641 0.647 0.647 0.667
Year FE No Yes Yes Yes Yes
LA FE No Yes Yes Yes Yes
Year x LA FE No No Yes Yes Yes
Demographic controls No No No Yes Yes
Qualification controls No No No No Yes

*p <0.1, ¥ p <0.05, ** p < 0.01

Notes: standard errors clustered by year, sample restricted to new hires, the mean Share
of pupils with EAL in initial school for white new hires is 15.2 with a SD of 19.1

Table 4.5: Regression of FSM share in initial school on teacher characteristics

Model1 Model2 Model3 Model 4 Model 5
Minority 8.467*** D 145%**k D 2QQ¥*kEk D DIk D 553k *

(0.487) (0.225) (0.215) (0.216) (0.311)
Num.Obs. 95960 95960 95960 95723 48479
R2 Ad;j. 0.029 0.478 0.489 0.489 0.503
Year FE No Yes Yes Yes Yes
LA FE No Yes Yes Yes Yes
Year x LA FE No No Yes Yes Yes
Demographic controls No No No Yes Yes
Qualification controls No No No No Yes

*p <O0.1, ¥ p <0.05, *** p < 0.01
Notes: standard errors clustered by year, sample restricted to new hires, the mean
Share of pupils eligible for FSMs in initial school for white new hires is 29.5 with a

SD of 16.4
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Table 4.6: Regression of Attainment 8 score in initial school on teacher characteristics

Model 1 Model 2 Model 3 Model 4 Model 5
Minority -0.360*  -0.970%** -0.966*** -0.963***  -1.116%*%*

(0.159) (0.211) (0.205) (0.206) 0.277)
Num.Obs. 95960 95960 95960 95723 48479
R2 Ad;. 0.000 0.206 0.220 0.220 0.236
Year FE No Yes Yes Yes Yes
LA FE No Yes Yes Yes Yes
Year x LA FE No No Yes Yes Yes
Demographic controls No No No Yes Yes
Qualification controls No No No No Yes

*p < 0.1, # p < 0.05, *** p < 0.01
Notes: standard errors clustered by year, sample restricted to new hires, the mean
Attainment 8 performance score in initial school for white new hires is 50.6 with a SD

of 10

We also consider whether minority and white teachers exhibit different patterns

in terms of school-to-school transitions. Such transitions are relatively rare events:

in any given year only about 5% of teachers leave one school to start working in

another school. Table 4.7 below shows the proportion of transitions to schools with

lower EAL shares, and lower FSM shares, for both minority and white teachers.

We report results for the whole of England, and separately for the two administra-

tive regions with the largest shares of minority teachers: London (30% of minority

teachers),? and the West Midlands (14% of minority teachers). Generally teachers

are more likely to move to schools with lower shares of disadvantaged students, but

they are not more likely to mor diverse schools. The patterns are similar between

white and minority teachers.

3This includes inner and outer London borough
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Table 4.7: Number of transitions by school characteristics (2010-2019 transitions)

School- Share of Share of Share of
to-school teachers tran- transitions to transitions to
transitions sitioning lower EAL lower FSM
(count)
All regions
Minority 11,175 7.0% 51.0% 54.0%
White 88,110 5.0% 50.0% 53.0%
indep.test (p) 0.344 0.241
London
Minority 3,881 6.0% 53.0% 55.0%
White 7,705 4.0% 53.0% 54.0%
indep.test (p) 0.959 0.501
West Midlands
Minority 1,501 6.0% 49.0% 53.0%
White 7,770 5.0% 48.0% 53.0%
indep.test (p) 0.769 0.822

4.2.2 Propensity to exit the profession

We next estimate the propensity of teachers to exit the profession at different stages
in their careers. For the purpose of this analysis, we approximate the date when
teachers enter the teaching profession as the date when they receive their teaching
qualification (this means that the sample is restricted to qualified teachers, who rep-
resent approximately 90% of the school workforce). We approximate the date when
teachers leave the profession as the date of their last observation in the database (ex-
cluding 2019, the last year of observation in the sample).

Figure 4.2 below shows the Kaplan-Meir survival curves for minority and
white teachers. These curves show the probability of a teacher still being in the

profession after different lengths of time following their qualification. * The curves

4The Kaplan-Meir estimator of the survival rate in the year a,, is
S(ay) =T" | [(N, —E,)/N,],m=1,2,....M

where: N, is the number of teachers in the ‘risk set’ for year r (which is the number of teachers who
were present in the data and not censored in year » — 1); and E, is the number of teachers observed
to leave the profession in year r. The Kaplan-Meir estimator estimates the survivor function

S(am) = P(T > ap) =L, P(T > a,|T > ar—1))

where T is the duration. The Kaplan-Meir estimator is consistent for the survival function if the
duration is independent of the year of entry and the year of truncation.
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show that minority teachers tend to exit the profession earlier: the Kaplan-Meir sur-
vival rate 10 years after qualification is 64% for ME teachers, and 77% for white
teachers (after 20 years this is 42% for minority teachers and 60% for white teach-
ers). The curves also show that the gap increases at at faster rate in the early stages
of teachers’ careers. The charts also indicate that the hazard rates tend to be weakly
decreasing for both groups — ie the longer a teacher has been in the profession, the

less likely she is to exit in the following year.

Figure 4.2: Kaplan-Meir survival probabilities for white and minority teachers
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Figure 4.3 below shows the KM survival curves estimated separately for Lon-
don and the West Midlands. This indicates that in London there is no significant

difference in the retention rates of white and minority teachers for the first 10 years.
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Figure 4.3: Kaplan-Meir survival probabilities for London and the West Midlands
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To understand whether the duration process has changed over time, we com-
pute KM curves separately for some of the cohorts. More specifically, we estimate
KM survival rates separately for teachers who entered the profession in 2011, 2014,
and 2017. Figure B.1 in the appendix shows that survival rates have decreased for
more recent cohorts, for both white and minority teachers.

Estimator of survival functions robust to left-censoring

A potential issue with the standard Kaplan-Meir estimates presented above is
that they do not account for the specific structure of our sample. The sample we
are using comprises of all teachers employed in a state-funded school at any point
between 2010 and 2019. This combines aspects of two sampling methodologies
often referred to as ‘stock sampling’ and ‘flow sampling’, in the sense that our sam-
ple consists of the ‘stock’ of teachers employed in 2010 and the ‘flows’ of teachers
entering the profession in each subsequent year until 2019. This implies that this
sample is subject not just to ‘right-censoring’, in the sense that we do not observe
the exit date of teachers still present in the data in 2019 (which is accounted for
in Kaplan-Meir estimates), but also to ‘left censoring’, in the sense that we do not
observe the spell duration for teachers who entered and exited the profession before
2010. Put differently, if the population of interest is all teachers who entered the
profession between 1980 and 2019 (which represents the bulk of schools’ current

workforce), the sample is not a random draw from that population because it ex-
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cludes teachers who entered and exited the profession before 2010, by construction.

The solution to this issue is relatively straightforward conceptually, albeit it is
easier to implement if we parametrize the distribution of duration.’ Let T denote
the duration of a teacher’s teaching career and f(7|0) the density of that variable
in the population. Interest resides in estimating the parameter vector 6. Without
left-censoring, the likelihood of observing the duration ¢#; for teacher i is simply
f(1;10)%[1 — F(;]0)]' =%, where d; is an indicator variable equals to 0 if the dura-
tion is right-censored, and 1 otherwise. With left-censoring, the likelihood must
be divided by the probability of having been sampled given the sampling process
set out above. For teachers entering the profession in or after 2010, this proba-
bility is one. For teachers entering the profession before 2010, this probability is
P(t > e2°1910) = 1 — F(e7°190) where €210 denotes the experience of teacher i in
2010 at the point of entering the data, and ¢/ denotes the true duration of her spell.

Therefore the likelihood of observation i is:

Si

1
(1-F(ei*1°]6))

F(@|@) 11— F ()]~

where s; is an indicator equal to 1 if the teacher was in the data in 2010. The
model assumes that the duration distribution is invariant over time for each group.

To implement this approach, we assume that 7 has a Weibull distribution, ie
its CDF is F (1) = 1 —exp(—yt®) where y and « are nonnegative parameters. This
assumes that hazard rates are monotonically decreasing (or increasing), which is
consistent with the non-parametric estimates shown above.

Figure 4.4 below shows the resulting survival probabilities for white and mi-
nority teachers, when left censoring is not controlled for (Panel A), and when it
is controlled for (Panel B).® In both cases the survival rate of white teachers is
higher, although the difference is not as stark when the estimation controls for left-

censoring:

* when we control for left censoring, the survival rate 10 years after qualifica-

>Wooldridge (2010) provides a treatment of stock-sampled data in duration models. Our data
combines aspects of stock- and flow-sampling, and therefore the treatment differs slightly.
The shaded areas around curves show the 95% confidence intervals.
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tion is 50% for minority teachers, and 57% for white teachers (at 20 years this

is 23% for minority teachers and 26% for white teachers);

* when we do not control for left censoring, the survival rate 10 years after
qualification is 66% for ME teachers, and 78% for white teachers (at 20 years

this is 39% for minority teachers and 55% for white teachers);

Figure 4.4: Weibull survival probabilities for white and minority teachers

(a) Not controlling for left-censoring (b) Controlling for left-censoring
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Number of observations: white = 304896, minority= 33669 Number of observations: white = 304896, minority= 33669

Relationship with school characteristics

We use a ‘proportional hazard model‘ with time-varying covariates to esti-
mate how hazard rates (and, consequently, survival rates) vary with observable
teacher and school characteristics.” The hazard function takes the form A (¢,x,) =
exp(x;B)Ao(t) where Ag(¢) is the baseline hazard (common to all teachers), and
exp(x;B) shifts the hazard for an individual teacher/year. We estimate the coeffi-
cients using the Cox partial likelihood estimator (which estimates 8 without esti-
mating the baseline hazard).

The covariates include a binary variable indicating whether the teacher belongs
to a minority ethnic group, and key school characteristics including the EAL share,

the FSM share, the ATTS score, the share of minority ethnic teachers in the senior

"The hazard rate at time ¢ captures the change in the survival rate at that time with A (1) = — ‘”’;‘j(’)
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leadership team (Heads, Deputy Heads, Assistant Heads), and whether the school
is in an urban area

Table 4.8 below shows the results. The coefficients for Model 3 simply show
that minority teachers tend to exit the profession faster even controlling for the ob-
servable characteristics of the schools where they work. The coefficients for Model
4 suggest that the association between the hazard rate and several school character-
istics depends on teacher ethnicity. In particular: hazard rates are increasing with
the FSM share for white teachers but not for minority teachers; they are increasing
with the EAL share for white teachers but decreasing with the EAL share for mi-

nority teachers, and similarly they are increasing with the share minority leaders for

white teachers but decreasing with the share of minority leaders.

Table 4.8: Cox Proportional Hazard Models

Model 1 Model 2 Model 3 Model 4
Minority 0.191*** 0.299%%%* 0.137%** 0.496%**
(0.008) (0.013) (0.009) (0.062)
Female -0.007
(0.008)
Holds qualification in STEM -0.127 %%
(0.009)
Holds MSc or PhD 0.048%#%%*
(0.012)
School share of FSM pupils 0.742%%%* 0.753%#%%*
(0.023) (0.024)
School share of FSM pupils x minority -0.079
(0.069)
School share of EAL pupils -0.063%** 0.033*
(0.017) (0.019)
School share of EAL pupils x minority -0.524%%*
(0.045)
School attainment score -0.031 0.006
(0.031) (0.033)
School attainment score x minority -0.334 %%
(0.104)
School share of minority leaders 0.164%%*%* 0.241%#%%*
(0.026) (0.031)
School share of minority leaders x minority -0.153%%*
(0.060)
School in urban conurbation -0.069%#* -0.078*#%*
(0.006) (0.006)
School in urban conurbation x minority 0.017
(0.021)
Num.Obs. 1874179 1374691 1874179 1874179
Log.Lik. -1793617.752 -663615.581 -1792542.456 -1792371.432

*p < 0.1, ¥ p < 0.05, ¥ p < 0.01

Source: Authors’ calculations based on SWFC data for England 2010-2019;

Estimation by maximum likelihood
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4.2.3 Wages

To understand whether and how the wage of minority and white teachers differ,
we regress the (log of the) wage of individual teachers on a binary variable indi-
cating whether they belong to a minority ethnic group and a series of covariates:
basic demographic controls (gender and age); role attributes (log experience and
any management responsibilities held); qualifications (whether they have a degree
in a STEM subject, whether they hold a MSc or Phd); school characteristics (EAL
share, FSM share, ATT8 score); and year and LA fixed effects. To mitigate in-
ference issues associate with time-dependence, each teacher is only retained in the
sample for one year (selected at random among the years in which that teacher is
present).

Table 4.9 below shows the results. When controlling for their place of employ-
ment, experience and management responsibilities, there is no difference between
the wages of white and minority teachers (Model 4). When we also control for their
qualifications and school characterisics, minority teachers appear to be paid slightly

less (Models and 6), albeit the difference is small.

Table 4.9: Regression of log wage on teacher and school characteristics - All teachers

Model 1 Model 2 Model3 Model4 Model5 Model 6

Minority -0.045%**%  -0,080%** -0.055%**  0.000 -0.003*** -0.002*
(0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Num.Obs. 338152 338152 337936 337936 204341 337936
R2 Adj. 0.002 0.038 0.330 0.803 0.806 0.803
Year FE No Yes Yes Yes Yes Yes
LA FE No Yes Yes Yes Yes Yes
Year x LA FE No Yes Yes Yes Yes Yes
Demographic controls No No Yes Yes Yes Yes
Role and experience No No No Yes Yes Yes
Qualifications No No No No Yes No
School characteristics No No No No No Yes

*p < 0.1, ¥ p < 0.05, *** p < 0.01
Source: Notes: standard errors are HC2

Table 4.10 below shows the results of the same regressions when the sample
is restricted to new teachers. Within this sample, minority teachers earn slightly

more across the specifications, when correcting for observable characteristics of
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employment.

Table 4.10: Regression of log wage on teacher and school characteristics - New hires

Model1 Model2 Model3 Model4 Model5 Model 6

Minority 0.063*** (0.009*** (0.006%** (0.006%** (0.006%** (.005%**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Num.Obs. 118539 118539 118264 118264 75409 118264
R2 Adj. 0.029 0.417 0.444 0.492 0.507 0.493
Year FE No Yes Yes Yes Yes Yes
LA FE No Yes Yes Yes Yes Yes
Year x LA FE No Yes Yes Yes Yes Yes
Demographic controls No No Yes Yes Yes Yes
Role and experience No No No Yes Yes Yes
Qualifications No No No No Yes No
School characteristics No No No No No Yes

*p < 0.1, ** p < 0.05, *** p < 0.01
Notes: standard errors are HC2

Qaxaca-Blinder decompositions

We perform an Oaxaca-Blinder decomposition to obtain further insight into
wage differences between white and minority teachers. Compared to the simple
regression above, an OB decomposition allows the coefficients on observable char-
acteristics to vary between groups. That is, a twofold OB decomposition models

differences in mean wages as follows:
A = Xy Bw — Xy Bu
= (X — X)) Bw + Xy (Bw — Bu)

The decomposition divides the difference in mean wages into a portion that is
explained by differences in the explanatory variables, and a part that remains ‘un-
explained’. Because the sample of minority teachers in some LA-years and man-
agement positions is small, we use a more aggregate structure of geographic and
role variables compared to that used in Table 4.9 above (geographies are aggregated
as Inner London, Outer London, and the rest of England). Over the period con-
sidered (2010-2019), white teachers earned on average £1,262 per year more than
minority teachers, and Figure 4.5 shows the decomposition of that difference. The

first panel shows the decomposition of the share of that difference that can be ex-



plained (£1203): on the one hand, white teachers have more experience and more
management responsibilities, which are associated with higher wages; on the other
hand, white teachers are less likely to work in London and/or in more diverse and
disadvantaged schools, where salaries are higher. The second panel shows the de-
composition of the share of the difference attributable to differences in ‘returns’ on
observable characteristics. White teachers appear to have slightly lower returns on

experience and on working in schools with high FSM share or high ATTS scores,

4.2. Data and descriptive analysis

but the large positive intercept suggests they are earning more anyway.?

Figure 4.5: Oaxaca-Blinder decomposition of teacher wages (all teachers)

Explained

Intercept 4

Female 4

Experience (logged) -
Mid-management role -
Senior management role 4
School FSM share
School EAL share -
School ATT8 score 1
Inner London 4

Quter London 4
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Unexplained
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Notes: 254,361 observations; the dependent variable is annual FTE wage in level; fixed effects

omitted from chart.
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8Figure B.2 shows that the result of this decomposition when the qualification and subject vari-

ables are included are similar.
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Figure 4.6 below reports the result when the sample is restricted to new hires
over 2011-2019. Over the period of observation, white new hires earned on average
£1619 less than minority new hires in their first year of employment. The bulk of the
this difference can be explained by the fact that white new hires are less likely to be

in London, and the intercept in unexplained difference is not statistically significant.

Figure 4.6: Oaxaca-Blinder decomposition of teacher wages (new hires)

Explained

Intercept 1

Female 4

Experience (logged) 1
Mid-management role -
Senior management role -
School FSM share -
School EAL share 4
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Mid-management role -
Senior management role 4
School FSM share

School EAL share -
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Inner London -

Quter London A

1w

-500 500

Notes: 50,681 observations; the dependent variable is annual FTE wage in level; year fixed effects

omitted from chart.

4.2.4 Promotions
The different roles or grades that a teacher can perform in order of ascending wages
are: classroom teacher, head of department, head of year, leading practitioner, as-

sistant head, deputy head, and head (there are other possible roles, for example SEN
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coordinators, but these tend to concern only few teachers). Figure 4.7 below shows
that the share of minority teachers decreases fairly progressively along this ‘career
ladder’, from 11.8% for classroom teachers to 4.4% for heads. A notable exception

is for leading practitioners, where the share of minority teachers is 11.1%.

Figure 4.7: Share of minority teachers by grade (2019)

classroom Teacher [N 113%
Head of Year [N 2
Head of Department || NENENGNNNGEGEEEEEEEEEEE 1
Leading practitioner || NNENGNTNGNGEGEEEEEEEEEEEEEEEE 11 2%
Assistant Head [N 3%
Deputy Head [|INEGNGGEGEEEE - o
Head [IINGEGEGEGEEEE : 5%

We use a probit model with time-varying covariates to model the likelihood of
being promoted to a senior leadership position (head, deputy head, assistant head).
The model is P(y;; = 1|xi) = ¢ (xiB). Table 4.11 below shows that even controlling
for observable teacher characteristics, minority teachers appear to be less likely to

be promoted to senior leadership roles.
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Table 4.11: Probit models of promotion to senior management as a function of observable
teacher characteristics

Model 1 Model 2 Model 3

Minority -0.290%#*  -0.024***  -0.031***
(0.005) (0.005) (0.006)
Num.Obs. 1886494 1886440 1379813
Demographic controls Yes Yes Yes
Experience No Yes Yes
Qualifications No No Yes

*p <0.1, #* p <0.05, **p < 0.01
Source: Authors’ calculations based on SWFC data for
England 2010-2019; Estimation by maximum likelihood

4.2.5 Summary

Overall, this descriptive analysis has revealed two important facts: that minority
teachers tend to work in schools with bodies of pupils that are more diverse and
more disadvantaged; and that they are less likely to be promoted to senior man-
agement roles. Minority teachers also tend to exit the profession faster than white
teacher, but the gap is smaller than previously thought and varies across geogra-
phies. They also earn less than white teachers, but the gap reduces considerably
when we control for basic characteristics, and disappears almost entirely when the
sample is restricted to new hires.

Explaining differences in promotion rates with our data set is challenging be-
cause sample sizes for management and leadership grades are small, and the data
only contains some of the variables that might play a role (for example it contains no
information on evaluation or performance throughout the career). We therefore fo-
cus on seeking to explain the first stylised fact: differences in the schools employing

these teachers.

4.3 Model of job search

We use the model of job search set out in chapter 2 to shed some light on the factors
driving differences in the career paths and school choices of white and minority

teachers. Teachers employed by a school sample job offers at rate A, while teachers
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working in the outside sector sample job offers at rate Ag. A teacher receiving an
offer draws that offer from distribution f, where f; is the probability of receiving
an offer from school j. There is an exogenous job destruction rate 0. All these
quantities can vary by ethnic group. Following Sorkin (2018), we assume that when
teachers do not receive an offer and are not subject to a job destruction shock, they
can decide whether to stay in their current role or move to the outside option. Wages

are posted and search effort is exogenous.

An important difference with the analysis presented in chapter 2 is that the
categorization of teachers is based on their observable ethnicity rather than unob-
servable characteristics recovered through a k-means algorithm. Also, schools post
the same wage (or wage premium) to the different categories (ethnicities). Wage
discrimination based on ethnicity is illegal, and the descriptive analysis presented
in section 4.2.3 is consistent with the assumption that schools abide by these prin-

ciples.

For the purpose of this analysis, we assume that the utility of working for a
school (equation (2.2)) depends not just on the wage premium and the FSM share
of each school, but also on its EAL share, ATT8 score, and the share of minority
teachers in its leadeship team. Using a richer specification for the utility function
is necessary for the purpose of this analysis, but it makes it difficult to implement
the two-step approach to estimation set out in section 2.5.2 (where we first find the
school values that maximise the likelihood function, and then regress these school
values on observable school characteristics using instruments). Essentially in this
context the second stage of this approach would involve estimating a linear model
with 5 endogenous variables with only 300-500 observations, depending on the
size of the local market considered. Moreover, the analysis set out in section 2.5.2
suggests that the instruments available in this market are not sufficiently strong.
For this reason, we use a simple, one-step approach where we directly search for
the parameters of the utility function (and the parameters of the search model) that
maximize the likelihood function set out in (2.23). The resulting estimates are more

efficient than in the two-step approach but they are likely to be biased.
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We assume that the offer probability function (equation (2.24)) depends on all
the variables that enter the utility function plus the number of pupils enrolled at the
school. If we were to interpret offer probabilities as being simply reflective of the
number of vacancies posted by each school, then there might be a case for restricting
the parameters of this offer distribution function to be the same across ethnic groups.
However it is plausible that these probabilities capture more complex aspects of the
search process, including for example teachers’ search effort or schools’ outreach
policies. For this reason we allow the parameters of the offer distribution function
to vary across ethnic groups. So effectively each labour market involves two ‘job

ladders’, one for each ethnic group.

As discussed in section 2.5.2, the identification of school values separately
from school school offer rates is based on comparisons between the probabilities of
moving between different employment states (both between between schools, and
between schools and the outside option). Intuitively, if we observe that a school
loses more teachers to the outside option (or to other schools) than other schools,
it must be the case that this school has a lower value. If we also see that this same
school also attracts more teachers from the outside option (or from other schools),
it must also be the case that this school ‘sends more offers’ to teachers: this second
observation cannot be explained by a higher value since this has been ruled out
by the first observation. Combining these observations across schools allows us to
separately identify school values (which we interpret in terms of preferences) from

school offer rates (which we interpret in terms of ‘opportunities’).

We implement this approach for the two regions that have the highest shares
of minority teachers in England: London and the West Midlands. Table 4.12 below
reports the results for London, and table 4.13 reports the results for the West Mid-
lands. The results indicate that white and minority teachers have different prefer-
ences over school characteristics. In both London and the West Midlands, minority
teachers prefer working for schools with high EAL shares and high shares of mi-
nority leaders, whereas white teachers do not appear to value these characteristics

(positively or negatively). Both ethnic groups appear to dislike working for schools
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with high FSM shares, though to different degrees in different regions: in London
the results suggest that minority teachers have a greater aversion for this charac-
teristic than white teachers (minority teachers request an additional £625 in annual
wage for each percentage point increase in the FSM share whereas white teachers
only request £200); in the West Midlands minority teachers appear to have a lower
degree of aversion to this characteristic (minority teachers request an additional £80
in annual wage for each percentage point increase in the FSM share whereas white

teachers request £208).

The results also indicate that the offer distribution function differs between
white and minority teachers. Minority teachers ‘receive more offers’ from schools
with high EAL shares and high shares of minority leaders, whereas white teachers
do not. All teachers receive more offers from schools with high FSM shares, but
minority teachers more so. In London, white teachers are more likely to receive
offers from high attainment schools, while minority teachers are less likely to re-
ceive offers from such schools (in the West Midlands both groups are less likely
to offer offers from such schools). These differences in the parameters of the offer
distribution function are difficult to interpret because they might capture a number
of aspects of the search process. Nonetheless they suggest that differences in the
assignment of white and minority teachers only partly reflect differences in prefer-

€nces.
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Table 4.12: Estimates of utility and offer rates parameters: London

White Minority
Search parameters
delta 0.167***  (0.105%**
(0.004) (0.015)
lambda_0 0.602%**  ().754%**
(0.005) (0.016)
lambda_1 0.119%**  (.154%**
(0.002) (0.005)
Offer distribution function
School size 0.001***  0.001%**
(0.000) (0.000)
School FSM 0.500%**  (0.658***
(0.088) (0.114)
School EAL -0.002 0.299%**
(0.057) (0.072)
School ATT8 0.009%**  -(0.022%**
(0.002) (0.002)
School leaders -0.001 0.2271%%*
(0.071) (0.084)
School wage premium 0.007 0.007
(0.005) (0.007)
Utility function
Intercept 0.000 -0.040
(0.090) (0.127)
School FSM -1.000%**  -0.876%**
(0.076) (0.099)
School EAL -0.001 0.302%**
(0.048) (0.050)
School ATT8 0.006%**  -0.004***
(0.001) (0.001)
School leaders -0.001 0.125%**
(0.055) (0.047)
School wage premium 0.050%**  0.014%**
(0.004) (0.004)

Num.Obs

69518.000 30912.000

*p < 0.1, ¥ p <0.05, #* p < 0.01
Notes: maximum likelihood estimates; sample
restricted to ’classroom teachers’ and
teachers in mid-management roles (head of year
and head of department) employed in relevant

region 2016-2019.

96
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Table 4.13: Estimates of utility and offer rates parameters: West Midlands

White Minority

Search parameters

delta 0.128***  (0.194%**
(0.004) (0.008)

lambda_0 0.588%**  ().644%**
(0.006) (0.013)

lambda_1 0.135%**  (0.198%**

(0.003) (0.008)
Offer distribution function

School size 0.001***  0.001***
(0.000) (0.000)
School FSM 0.499%***  1.269%**
(0.110) (0.218)
School EAL -0.002 1.326%**
(0.082) (0.124)
School ATT8 -0.013***  -0.010%*
(0.002) (0.004)
School leadership -0.001 1.007%#*%*
(0.111) (0.137)
School wage premium -0.010 -0.016
(0.008) (0.018)
Utility function
Intercept -0.001 -0.017
(0.091) (0.263)
School FSM -1.00T##*  -0.676%**
(0.082) (0.212)
School EAL 0.000 0.848#**
(0.053) (0.121)
School ATT8 0.003%** 0.003
(0.001) (0.004)
School leadership -0.001 0.337%*
(0.070) (0.135)
School wage premium 0.048#**  (0.084%**
(0.006) (0.015)
Num.Obs 59105.000 10488.000

*p < 0.1, ¥ p <0.05, #* p < 0.01

Notes: maximum likelihood estimates; sample
restricted to ’classroom teachers’ and
teachers in mid-management roles (head of year
and head of department) employed in relevant
region 2016-2019.
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4.4 Conclusion and discussion

The analysis summarised in this chapter has documented some significant differ-
ences in the career paths and school assignments of white and minority teachers.
The structural analysis of job transitions indicates that these differences reflect the
combined effect of preferences and ‘opportunities’, where opportunities are cap-
tured in the probabilities of drawing offers from different schools in the job search
process.

A limitation of this approach is that these offer probabilities do not have a
straightforward interpretation - they could reflect differences in the search process
or in the hiring policies of schools. There is an unavoidable limit on the quality of
the insights that can be drawn from the analysis of administrative data that simply
records the successive assignments of workers and some relatively basic job and
worker characteristics. Nevertheless, this result is consistent with the findings of
more qualitative research suggesting that minority teachers tend to experience more
limited opportunities in progressing their careers, and that these difficulties are felt
to be more acute in less diverse schools (Tereshchenko et al. (2020)).

The specification of a relatively rich utility function makes it more difficult
to instrument for the endogenous characteristics of schools. The model must be
estimated for a regional labour market, both for theoretical reasons (the schools
included must represent the plausible set of schools that a teacher would consider)

and for computational reasons.



Appendix A

Supplementary material - chapter 2

Derivatives of labour supply functions

This appendix provides the analytic derivatives of the labour supply functions
with respect to price. These derivatives are required to estimate the effectiveness
parameters in (2.30) and to compute equilibrium prices and allocation in in coun-
terfactual scenarios in (2.13). The labour supply functions and their derivatives are
specific to each category of teachers, but for clarity I suppress the dependence on ¢
in the notation.

Section 2.4.3 shows that the labour supply function is [; = T'(1 — ry)g}, there-

fore its derivative M is a simple function of % and a—r?.
ap; apj dp;

Totally differentiate each function g;Vs € .% with respect to an arbitrary py,

giving S equations. For school j, this is:

&: 881' ags+8gj 8r0+ agj oV 8gj A%,
9P ses\j dgsdpx  drodpx =5, dVidpr Vo dpy

(A.1)

Totally differentiate rp with respect to an arbitrary py, giving 1 equation:

drg drg dg; dro dVy  drg IV

~V_ VoS _ - A2
o g ap & aviap T avan &.2)

These equations depend on the derivatives of the value functions with respect
to price. To find these, totally differentiate the Bellman equation for each school

(2.5) with respect to an arbitrary py, again giving S equations. For schools j, this is:
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OBE;

. av; JdBE; dVy, JBE; dV,
e~ =K t+ ) o =

Ipu &, Vs Ipr - Vo Ipr

0 (A.3)

where BE; is the sum of the terms on both sides of the Bellman equation. !

Similarly, totally differentiate the Bellman equation for the outside option (2.6)

with respect to py, giving one equation:

IBEy _ y IBE dVy | IBEg dVy _
Ipr 5, Vs dpr - IV Ipx

0 (A.4)

where BE is the sum of the terms on both sides of the Bellman equation.?

In both (A.3) and (A.4), the derivatives of the Bellman equation with respect
to school values have simple expressions that depend on known objects (the school
values and the parameters of the search models). Therefore these two sets of equa-

tions form a linear system of S+ 1 equations in S+ 1 unknowns, which can be

IV
Ipi

system of S+ 1 equations in S + 1 unknowns which can be solved for g—j’;z‘v’s.

solved for 5—*Vs. Plugging these in (A.l) and (A.2) also forms a system a linear
Starting values for the estimation of the job search model parameters

This appendix sets out an approach to deriving estimates of school values V
that does not involve the maximization of the likelihood function (2.23). These
estimates do not use the full structure of job transitions set out in section 2.5.2,
and therefore are less efficient, but they can be used as starting values to speed
up the maximization of the likelihood function. The approach is similar in spirit
to Sorkin (2018), though kept simpler as the resulting estimates are only used as
starting values for the full MLE.

The search model implies that the relative flows between two schools can be

'That is:

BE; = vj+ﬁ{6[vo+E] +(1=8)A1 Y fillog(e¥i+€%)+E]+(1-8)(1 —)Ll)[mg(erJreVO)JrE]}—vj
ses

2That is:

BEy = v0+[5{/10 Y fillog(e"i + ")+ E] + (1 —AO)[V0+E]}—V0 =0
se€s
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expressed as:

My _ S
Mjy  figje'

(AS)

Substituting the expression for the hazard rate of moving from the outside op-

tion h; based on (2.16), this gives:

My; hojgrV,

= = (A.6)
M hoegiVk
with V; = (1+¢€"9).
Re-arranging and summing over all schools gives:
Y MishorgVie =Y MchosgiVs (A7)
ses se.
Or:
8 M chosgrV.
Vv, — ZSEY ski0s8k S\/k (A.8)

k p—
Y se.r Mishog j

This is a simple fixed point problem that can be used to find starting values for

the full MLE.
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Supplementary material - chapter 4

Table B.1: Mean characteristics of teachers in different ethnic groups (all teachers em-

ployed in 2019)
White Asian Black Other
Num Mean Num Mean test  (White Num Mean test  (White Num Mean test (White
Asian) Black) Other)
Demographics
Female 166,672 0.64 9,965 0.67 < 0.001 %% 5,558 0.61 < 0.001 s 4,745 0.68 < 0.001 s s
Age 166,672 39.48 9,965 36.64 < 0.001 # #x 5,558 41.08 < 0.001 s #x 4,745 37.56 < 0.001 s s
Experience and seniority
Experience 158,154 12.89 9,208 9.53 < 0.001 % %% 4,892 10.33 < 0.001 s 4,278 9.12 < 0.001 * #x
Qualified 166,672 0.95 9,965 0.92 < 0.001 % *x 5,558 0.88 < 0.001 s #x 4,745 0.9 < 0.001 s s
Has leadership role 166,672 0.13 9,965 0.08 < 0.001 % #x 5,558 0.07 < 0.001 # #x 4,745 0.08 < 0.001 s #x
Qualif. and specialism
Holds degree in STEM 133,374 0.32 7,882 0.46 < 0.001 % #x 4,308 0.38 < 0.001 s #x 3,648 0.33 0.342
Teaches mostly STEM 136,375 0.26 8,330 0.51 < 0.001 * #x 4,575 0.42 < 0.001 # #x 3,842 0.36 < 0.001 s #x
Holds a MSc or PhD 133,374 0.12 7,882 0.14 < 0.001 s xx 4,308 0.16 < 0.001 s #x 3,648 0.15 < 0.001 s %
Holds First degree 133,374 0.1 7,882 0.1 0.289 4,308 0.06 < 0.001 s #x 3,648 0.09 0.163
Other
Works in urban school 166,621 0.33 9,963 0.68 < 0.001 %% 5,557 0.73 < 0.001 * %% 4,741 0.59 < 0.001 * %
Works part time 166,672 0.21 9,965 0.16 < 0.001 % *x 5,558 0.1 < 0.001 s #x 4,745 0.16 < 0.001 s s
Figure B.1: KM survival curves for different cohorts
(a) White teachers (b) Minority teachers
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Figure B.2: Oaxaca-Blinder decomposition of teacher wages accounting for qualifica-
tion characteristics (all teachers, n=157,465)
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