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Abstract

This thesis consists of four main chapters that focus on the themes of occupational
choice, wage gaps, and networks. Chapter 1 assesses the impact of financial incentives
on the recruitment and retention of trainee teachers. Using a panel of UK teachers,
I exploit policy-induced variation in the bursary levels offered across years, subjects,
and the trainee’s undergraduate classification. Larger bursaries increase both trainee
recruitment and teacher cohort size three years post-training. However, the proba-
bility of becoming a teacher post-training also falls, which is driven by unobservable
selection. Chapter 2 explores the heterogeneity of teacher wage gaps in England. I
assess the comparability of teacher wages across sources and explore the robustness
of estimated wage gaps for state-funded school teachers. I find substantial variation
in wage gaps depending on the data, method, and counterfactual used, in addition
to geographic inequality in teacher wage competitiveness. Chapter 3 describes how
ethnic and migrant wage gaps vary across the life cycle. By exploiting newly linked
UK administrative panel data, we estimate pay gaps on labour market entry and
differences in pay growth. We find that the entry pay gaps are large, though they
vary between groups. For most groups, pay gaps are largely preserved over the life
cycle. For migrants, we find that the extra pay penalty is concentrated in those who
arrived in the UK at a later age. Chapter 4 studies gangs in Brazil, an underexplored
yet pervasive and volatile setting in organised crime. Using highly detailed informa-
tion from intelligence, occurrence data, and prison records, we construct a network of
gang affiliation and detect gang clusters using Markov stability analysis. We analyse
the identified clusters through different network statistics and find a strong corre-
lation between most individual centrality measures, while intercentrality highlights
that some “key players” may have been missed in official hierarchical classifications.
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Chapter 1

Intention to Teach: Incentive
Impacts of Bursaries

Teachers are an essential input of the education production function. However, at a
time of global teacher shortages, there is limited research on the effectiveness of poli-
cies designed to attract more individuals into the profession. I assess the impact of
front-loaded financial incentives on the recruitment and retention of trainee teachers.
Using a panel of UK teachers, I exploit policy-induced variation in the bursary levels
offered across years, subjects, and the trainee’s undergraduate classification. Results
suggest that a £10k increase in training bursary leads to a 34% rise in trainee re-
cruitment, and a 14% increase in the remaining teacher cohort size three years later.
However, a £10k increase in bursary leads to negative retention outcomes. Trainees
are 2.4% less likely to appear as a teacher post-training, which is driven primarily
by unobservable ‘motivation’ rather than observable personal characteristics. Results
are primarily driven by stem trainees and are robust to controlling for an individ-
ual’s outside option wage. Attracting an additional 5,000 FTE teachers by increasing
bursaries costs approximately the same as raising all teacher pay. Raising training
bursaries is a flexible tool to address teacher shortages, but leads to compositional
effects that can impact the long-term motivation and occupation decisions of the re-
sulting teacher workforce.

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 interpre-
tation or analysis of the statistical data. This work uses research datasets which may not exactly
reproduce National Statistics aggregates. This analysis was carried out in the Secure Research
Service, part of the Office for National Statistics. All errors are my own.
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1.1 Introduction

Teacher shortages are an urgent issue across both high and low income countries, to
such an extent that in 2024 the UN issued a ‘global alert’!. In the UK, larger incoming
pupil cohorts and high teacher attrition rates are putting pressure on recruitment
targets. Trainee teacher retention is also particularly low: around 25 percent of
trainee teachers do not progress to teaching in a public school. In order to attract
more staff, the UK government offer bursaries (financial incentives which are similar
to scholarships) as financial support to graduates who undergo a one year course to
retrain as teachers. Despite this policy, recruitment targets for trainee teachers have
been missed for nine of the last ten years®. Evaluation of the effectiveness of such
financial incentives is particularly pertinent at a time when the current government
has pledged to employ 6,500 additional teachers.

Understanding teacher recruitment and retention is essential because teachers are
a key determinant of the educational attainment of students, and therefore impact
future human capital and growth (Rivkin, Hanushek, and Kain (2005), Hanushek
(2011)). There is evidence that lower pupil-teacher ratios improve test scores (Angrist
and Lavy (1999), Finn and Achilles (1999)), and that teacher value-added increases
with experience (Clotfelter, Ladd, and Vigdor (2006), Rockoff (2004)). If there is an
insufficient supply of teachers, or if due to poor retention teachers leave the profession
too quickly, the resulting lower educational attainment could also reduce long run
productivity and innovation.

Whilst numerous papers study the effectiveness of tools designed to improve the
retention of the existing teacher workforce, evidence on how to increase the supply of
new teachers is more limited. In this chapter, I evaluate the impact of a UK policy
that offers financial incentives to graduates who retrain as teachers. This is a unique
setting where financial incentives are large and the training program is a major entry
route for new teachers. I examine whether these incentives increase the number of
trainees, and how they impact the characteristics of those recruited. Given that
bursaries lead to a change in the composition of trainee cohorts, they can also impact
the attrition of teachers once they are employed. I therefore evaluate the policy’s
long-run effect on teacher retention, separating the effects into those stemming from
both observed and unobserved selection components.

My analysis combines administrative teacher panel data with trainee records to
track teachers across their career. I also use an administrative wage panel data set and
labour force survey data to measure local labour market conditions and movements
between occupations. The richness of these data sources allows me to exploit policy
induced variation in wages and exogenous variation in bursary levels. The bursary
itself is an incentive offered to all who enrol onto a one year training course which

ISource: UN News at [https://news.un.org/en/story/2024/02/1147067] accessed 29/07/2024
2Source: ITT Statistics (DfE) at [https://www.gov.uk/government /collections/statistics-teacher-
training]
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awards them qualified teacher status at the end. The amount a trainee is eligible for
is between £0 to £30,000 and depends on the year of training, the grade classification
of their undergraduate degree and the subject they have chosen to train to teach.
Trainees are not required to repay the bursary if they do not teach after training.

I find that increasing the bursary level by £10,000 (roughly one standard deviation
and a third of a teacher’s starting pay) significantly increases entry cohort size by 34
percent. I then separate the analysis by the training subject and the individual’s
undergraduate classification and find that STEM (Science, technology, engineering,
and mathematics) applicants are more responsive. A £10,000 bursary increase raises
STEM cohort size by 51 percent, but only increases Non-STEM size by 23 percent.
I analyse teacher cohort size three years after training and observe a positive but
insignificant increase of 14 percent for the pooled sample. This suggests that the
boost in recruitment is reduced as cohorts with bigger bursaries are subject to greater
attrition. In STEM subjects, long-term teacher cohort sizes are still 42 percent larger,
but growth of non-STEM teacher cohorts is small and insignificant from zero.

I find that retention decreases when the bursary level increases, and that this is
driven by the unobservable characteristics of trainees. By running a logistic regression
on retention, I find that individuals are 1.8 percentage points less likely to teach post-
training following a £10,000 increase. The magnitude and significance of this effect
is consistent when controlling for personal characteristics and outside wages. Dis-
aggregating by subject type, I find that this pattern is strongest and only significant
for STEM trainees, who are 2.8 percentage points less likely to become a teacher.
Summarising the recruitment and retention results, generous STEM bursaries are
effective in attracting more trainees. But they are less likely to become teachers com-
pared to similar trainees with a lower bursary. The attrition of non-STEM trainees
is not significantly affected.

I construct a simple model of dynamic occupational choice where agents have het-
erogeneous non-pecuniary valuations of teaching (motivation) to interpret the empir-
ical results. The model suggests that a higher bursary reduces the minimum required
motivation to enter training and increases the number of trainees, but also reduces
the trainee-to-teacher conversion rate through attracting more ‘dropouts’ who leave
after the training is complete. By considering variation in the outside options of in-
dividuals, the model also explains the observed differential recruitment and retention
impacts across undergraduate classifications, and differential impacts between STEM
and non-STEM courses.

Lastly, I construct a cost-benefit analysis that compares the cost of gaining 5,000
additional teaching years through bursaries with a menu of other recruitment and
retention policies. Raising the bursary for all trainees by around £6,000 results in
an average cost per teacher-year of £58,000. This is approximately the same cost as
raising all teacher pay by 0.7%, but more expensive than raising early-career pay?.
However, bursaries have the additional benefit of flexibility compared to pay rises as

3Early Career Teachers are those who are in their first 2 years of teaching post-qualification.
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they can be easily varied across subjects, years, and personal qualifications*. Policy
makers should also consider the trade-off between recruiting new teachers versus
retaining experienced teachers.

My findings contribute to the teacher recruitment literature by establishing that
financial incentives can have both positive recruitment and negative retention effects.
Since the training programme is widely available to all high-skill workers, I can also
evaluate the policy as the impact of a one-time financial incentive on occupational
choice. Teaching is an ideal example of an alternative occupation to high-skill workers
due to its availability across geography, wage certainty and low unemployment risk.
My work also serves as an evaluation of a large-scale recruitment policy with large
payments that is one of the primary paths into teaching in the UK. The policy itself
is an important alternative to general pay rises because bursaries can target shortage
subjects and are one-time transfers.

Overall, bursaries are an effective tool whose positive recruitment effects over-
power their negative retention effects. However, high bursary cohorts are subject to
compositional effects that may not be easily observed or readily apparent when initial
recruitment occurs. Marginal trainees are relatively more financially motivated and
more analysis is required to establish how this may affect the cohort-level elasticity of
labour supply. Teacher cohorts recruited using large bursaries could even be more re-
ceptive to different types of retention and motivation incentives. The most important
question remaining is whether these marginal candidates differ in their teaching qual-
ity. Additional research is required to assess whether high-bursary teachers improve
not only the pupil-teacher ratio, but also pupils’ educational attainment.

The rest of the chapter is as follows: In section 1.1.1 I discuss the key contributions
of this chapter. I then provide the context of the policy and discuss the data in
sections 1.2 and 1.3 respectively. In section 1.4, I describe the empirical strategy.
Section 1.5 presents the empirical form results and section 1.7 offers an explanation
of these results using a simple model of occupational choice. T discuss robustness in
section 1.8, policy implications in section 1.8 and conclude in section 1.9.

1.1.1 Contribution and Literature

Existing research finds a positive impact of offering financial incentives to the existing
teacher workforce on retention. A high wage premium reduces likelihood of attrition
(Falch (2011)), and inexperienced teachers are most responsive to this (Hendricks,
2014). Bonuses are also effective in reducing attrition in schools with high poverty
rates (Clotfelter et al., 2008) and in short-staffed subjects (Sims and Benhenda, 2022).
Bueno and Sass (2018) also find a reduction in attrition through subject-specific bonus
awards, but note that the policy had no impact on teaching graduates selecting into
those subjects. Feng and Sass (2018) explore a range of financial incentives, including

4Teacher pay is generally set in line with national pay bands which do not vary by subject.
Unequal changes to the pay scale risk being politically unpopular and generating union resistance.
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a one-time recruitment payment similar to the one studied in this chapter. They find
a positive impact of a bonus on retention, but only evaluates this for a small bonus
in the year it was awarded.

A handful of existing papers evaluate the impact of financial incentives on new
teachers but focus on different types of incentives. Coffman et al. (2019, 2023)
find that offering a combined grant and loan of up to $1,800 to the most financially
constrained trainees increases their uptake into the Teach for America (TfA) program,
their completion rate, and their retention in the medium term. Whilst TfA is similar
to the UK’s PGITT program in that both require an undergraduate degree, TfA
is designed as a selective, short term, prosocial program; whereas the PGITT is
a major channel of recruitment for permanent teachers. Secondly, Coffman et al.’s
work focuses on liquidity constraints which is less relevant in the UK context where all
trainees are eligible for postgraduate loans®. De Falco, Hattemer, and Sierra Vasquez
(2024) examine the impact of an undergraduate teacher training scholarship in Chile
targeted at high-performing students on teacher quality. The policy was effective
in attracting more applicants with higher test scores that progress to having higher
teacher value-added (TVA) and are no less intrinsically motivated. I complement this
work by analysing retention impacts, as Chilean scholarship recipients were required
to teach after training. Lastly, a report for the National Foundation for Education
Research generates a cost-benefit analysis of the same UK bursary policies (McLean,
Tang, and Worth, 2023).

The relevance of bursaries as a recruitment tool cannot be understated in the
presence of myopic or financially-constrained workers. Christian, Ronfeldt, and Zafar
(2024) found that treating US undergraduate students with information generally
corrects their biased beliefs about the relative pecuniary and non-pecuniary payoffs
of teaching, however this only had a minor and weak impact on transferring their
major to education. Similarly, Biasi (2024) shows that teachers respond four times
less to a change in pension than a change in salary. Bursaries and scholarships can
act as a front-loaded incentive that may have a larger impact on recruitment than
financial incentives in later years.

This chapter adds to the teacher recruitment literature in three ways: Firstly, I
analyse the effectiveness of financial incentives on new teachers by exploiting a unique
setting where quasi-random financial incentives are large, the training program is a
major entry route for new teachers, and training represents a widely available outside
option for all graduates. Secondly, I consider the long term impacts of a financial
incentive on the underlying characteristics and retention of the trainee population.
In other words, I not only estimate the effect of the policy on teacher cohort size,
but also explore its composition and retention effects. Lastly, I consider the policy in
the context of occupational choice, and evaluate how the financial incentive interacts
with outside wages. 1 develop a simple occupational choice model that complements

SUK Postgraduate loans are also repaid as a percentage of income over a certain threshold, which
eliminates the risk of being unable to repay student debt post training completion.
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these results.

I also contribute to the literature on how financial incentives affect the ability
and prosociality of new hires. The introduction of a bursary improves the short term
return to teaching relative to other occupations, which alters the quality of trainees. In
a randomised experiment in Mexico, Dal Bo, Finan, and Rossi (2013) show that higher
civil service salaries attract more skilled workers, but most importantly do not result
in adverse selection effects on motivation. Ashraf et al. (2020) also note that when
recruiting Zambian health workers, marginal recruits attracted by career benefits were
no less prosocial and led to improved health outcomes, despite the pool of applicants
being on average less pro-social. Turning attention to schools, Leaver et al. (2021)
study the impact of recruiting teachers for pay-for-performance roles and find worse
intrinsic motivation as measured at baseline. But despite negative selection, job
outcomes were largely similar, and performance pay led to increased effort, improved
student outcomes, and had no effect on retention. Conversely, Deserranno (2019) finds
that higher paid positions act as a signal and disincentivise prosocial applicants from
applying, and as a result retention is worse. On balance, financial incentives seem to
affect the pool of applicants, but the effect on job outcomes depend on how applicants
are filtered during the hiring process. Lastly, Abebe, Caria, and Ortiz-Ospina (2021)
measure the impact of providing a small monetary incentive for applying to a position.
By reducing the cost associated with making an application, they find an improved
ability to recruit quality workers. In my setting, the opportunity cost of training is
large and takes one year, therefore the bursary may have a similar effect.

I additionally speak to the literature on labour market conditions and selection
into the public sector. When outside wages are higher, the quality of recruits into
the public sector fall (Nickell and Quintini (2002), Propper and Van Reenen (2010),
Crawford and Disney (2018)). Fullard and Zuccollo (2021) note that due to Eng-
land’s inflexible pay structure for teachers, large local pay gaps discourage workers
from entering the occupation. Fullard (2021a) estimates the impact of the local unem-
ployment rate on enrolling as a trainee teacher in the UK using centralised admissions
data. He finds that a higher unemployment rate does not impact the probability of
enrolment, but does impact the diversity of those enrolled. More ethnic minority
trainees, more men, and more trainees from ‘prestigious’ universities are enrolled.
Nagler, Piopiunik, and West (2020) find that teachers who enter during a recession
are more effective at raising student test scores. This suggests that a higher bursary
would result in positive selection at the recruitment stage. However, teacher train-
ing is not just a route into teaching. It also presents an opportunity to shield from
unemployment and develop human capital. Enrolment into undergraduate educa-
tion (Dellas and Sakellaris, 2003) and postgraduate education (Bedard and Herman,
2008) increases during times of economic downturn. Therefore a higher bursary could
induce a lower transition rate from training to working as a teacher.
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1.2 Context

In 2011, UK education minister Michael Gove expanded the provision of teacher
training bursaries, with an aim to raise the status of the profession and the quality
of teachers within the UK. The bursary is a financial incentive offered to those who
undertake a one-year intensive training programme to become a qualified teacher.
The policy intended to target graduates with high performance in their undergraduate
degrees (Department for Education, 2011).

School staffing issues have not been resolved since the introduction of these poli-
cies. The secondary school student-teacher ratio has been steadily increasing, and the
government have since found themselves in a ‘recruitment crisis’ where recruitment
targets have been consistently missed since 2013, with the exception of 20208, the
pandemic year. In 2023/24 recruitment was only 62 percent of its goal and only 17
percent for physics, a particularly short-staffed subject. Teachers report high levels of
dissatisfaction, with 25 percent considering leaving in the next 12 months for reasons
other than retirement (Adams et al., 2023). They cite high workloads, government
initiatives, and pressures relating to student outcomes or inspection. 61 percent of
teachers were also dissatisfied with their pay. Between 2010 to 2022, real wages fell
13 percent for experienced teachers and 5 percent for new teachers (Sibieta, 2023). In
2023, teachers in England went on strike and consequently negotiated a 6.5 percent
increase in pay.

The postgraduate initial teacher training course (PGITT) is a one-year postgrad-
uate course that combines theoretical learning (often based in a university) and on-
the-job classroom training in at least two schools. Anyone with a UK undergraduate
degree or higher, or its equivalent value, is eligible to apply. Training is provided
by many different accredited organisations across the country and students apply to
each provider separately. Each provider may differentiate itself based on its schooling
partners, or the type of support it offers its trainees. A number of training routes
are also available, including a school direct route in which trainees are paid a non-
qualified teacher salary rather than a bursary. Trainees that complete the course are
awarded Qualified Teacher Status (QTS), and depending on the course can also attain
a Postgraduate Certificate in Education (PGCE). Whilst a PGCE is a postgraduate
qualification, it is equivalent to only a third of a masters degree.

PGITT is not the only way to attain QTS, however it is a uniquely interesting
route. Individuals of any undergraduate specialism can enrol to re-train and change
occupation. This makes teaching a common outside option for higher educated work-
ers with a transparent pay schedule and low unemployment risk. The Postgraduate
ITT course is also the most common route of teacher training, representing around
80% of trainees. Other routes include an undergraduate degree in teaching, Teach-
first (a Teach for America equivalent), and an assessment-only ITT for those who have

6Source: ITT Statistics (DfE) at [https://www.gov.uk/government /collections/statistics-teacher-
training]
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had sufficient teaching experience as an unqualified teacher. PGITT is the quickest
and most flexible route into teaching. It is also distinct from teach-first, which is
more charitable in its mission and operates on a smaller scale.

The bursary level awarded to a trainee varies based on three characteristics: the
subject they are training to teach, the year they undertake training, and the classifi-
cation of their undergraduate degree (or a higher qualification). Classification is the
overall grade of a degree, roughly equivalent to a banded version of a GPAT. Trainees
must also be a UK national to be eligible for funding. The government reviews bur-
sary levels on an annual basis through an opaque process. However, bursaries are
generally higher for students with higher degree classifications, and subjects with a
distinct teacher shortage. Students receive their bursaries in monthly instalments,
and payments are not conditional on becoming a teacher after training. Students
that drop out are no longer paid monthly, but are not typically required to reimburse
their previous payments. The maximum bursary awarded over the time period of this
analysis is £30,000, and the minimum is £0. Figure 1.1b shows the within-subject
variation in bursary levels over time for physics and modern foreign languages re-
spectively. As an example, a physics graduate who attained a 2:1 (upper-second)
classification would have a bursary of £25,000 in 2016, but a physics graduate with a
first-class would be offered a bursary of £30,000. Bursaries are not announced more
than a year ahead of time, so potential trainees are not aware of the payoff of waiting
an additional year to train.

Figure 1.2 describes the timeline for teacher training. For a training course that
would commence in September of year 2, bursaries are announced in October of year
1. Applications are then open on a rolling basis up until September and involve
submission of a personal statement, interviews, and references. Candidates apply
directly to training providers, and can re-apply within the same cycle if their first
application was unsuccessful. Individuals typically qualify by June of year 2. Whilst
undergoing training, individuals may apply for teaching roles that will commence as
early as September year 3 (the next academic year).

The tuition fee for an ITT course is £9,250%, however all students eligible for a
bursary are also eligible for a postgraduate student loan for the full amount. Mainte-
nance loans are also available depending on household income. Student loans in the
UK are provided through the UK government and are only repaid after the individ-
ual’s income is over a set threshold?. Past this point, individuals have 6% of their
income automatically deducted from their paycheck.

"The grades in order of highest to lowest are First-Class (1st), Upper-Second Class (2:1), Lower-
Second Class (2:2) and Third-Class (3rd).

8Raised from £9,000 in 2017

9A Qualified Teacher’s starting salary is above the repayment threshold.
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1.3 Data

I have two main sources of data provided by the UK Department of Education
(DofE). The first is the Initial Teacher Training (ITT) dataset which contains the
details of I'TT trainees from 2013 to 2020. The data contains information on the per-
son’s course: their training subject, provider, training route, and their course status:
(pass/fail/ongoing). 1 also observe their sex, ethnicity, age, undergraduate degree
subject, and undergraduate classification. I do not observe any funding information,
including the level of bursary awarded, so I match each trainee with the amount they
are eligible for based on their qualifications, training subject, and year. A trainee’s
location is inferred by the provider they train with. I include all trainees enrolled
in fee-funded postgraduate training routes: Higher education institution-led, School
centered, and School direct *°

The second source of data is the School Workforce Census (SWC) which is an
annual census submitted by schools each autumn containing information on teachers,
teaching assistants, and other non-classroom based school support staff. It is a panel
that contains information on personal characteristics, pay, qualifications, absences
and vacancies, and details on the subject taught, hours worked, and additional roles
of teachers. I have access to the SWC from the years 2013 to 2020. Teachers are
identified in the SWC using a unique anonymised ID, and can therefore be tracked
across time as long as they remain employed within a public sector school. ITT
trainees are linked to the SWC data, so I am able to track their career progress.
Unfortunately, trainees are not captured in the SWC during their training year as
they are not formally employed by their school (excluding school-direct trainees).
I therefore do not observe either of the schools that trainees work in during their
studies. The SWC also contains no information on pupil performance and therefore
I do not construct a measure of teacher value-added!'. Given the first order concern
of teacher recruitment, I focus on the quantity of teachers instead.

My analysis uses data for trainees in the 2013-2019 cohorts. In 2013 the payments
became more generous and varied based on undergraduate classification, which pro-
vides a richer source of variation to exploit. Analysis stops in 2019 as in 2020 Covid
drastically altered the labour market and led to a resulting surge in I'TT applica-
tions. I focus on trainees in England as course fees and funding structure can vary
across countries within the UK and therefore affect results. I also restrict analysis
to secondary school focused ITT trainees (educating ages 11-16) as training to be a
primary school teacher differs in many respects to secondary school teaching, and the

0As of 2022/23, fee-funded routes made up 88 percent of postgraduate trainees and only 11
percent of school direct trainees were salaried. In the robustness section I exclude those enrolled in
school direct programmes who may receive a salary rather than a bursary.

1 The DfE dataset on pupil performance is currently not linked with their history of teachers.
Accurately measuring TVA for all teachers in the study would also face additional barriers. Students
also take just one set of national tests (GCSEs) at the end of secondary school by which time each
student will likely have been taught by multiple teachers for the same subject across different years.
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SWC contains more detailed information for secondary teachers.

Lastly, I use several datasets to infer context about labour market conditions that
may influence the choices of potential trainees. The Annual Survey of Hours and Earn-
ings (ASHE) is a 1% sample of earnings data provided by firms that includes accurate
pay, occupation, and job sector information but limited information on employee’s
personal characteristics. The Labour Force Survey (LFS) includes self-reported in-
formation about pay and occupation, but also includes information about personal
characteristics, training and education. ASHE provides rich wage data, but is unable
to differentiate wages based on educational qualifications. The LFS therefore supple-
ments ASHE with information about pay and unemployment for the sub-sections of
the population relevant to this study!?. I focus on those eligible to receive a bursary:
UK nationals with an undergraduate degree.

1.3.1 Descriptive Results

I include 95,397 trainees across seven years. Table 1.1 shows that around half of
trainees are early career (under 26), and 81 percent are eligible for a bursary. Whilst
the majority of trainees are female, the rate is lower than the overall share of secondary
teachers which currently stands at 64 percent!'®. The trainee-to-teacher-conversion
rate is 74 percent, meaning that one-quarter of trainees never take up a job as a
qualified teacher across the observed time frame'*. These are also clear distinctions
between STEM and non-STEM trainees, which may reflect the composition effects
stemming from the differing generosity of bursary payments offered, and the different
labour market conditions faced by groups with different undergraduate specialisms.
Overall, T observe 12 different bursary levels across 17 subjects. Figure 1.3 shows
the distribution of the size of bursaries awarded to trainees. STEM graduates gen-
erally get higher bursaries and are skewed towards higher values. In contrast, non-
STEM trainees are more likely to receive no bursary at all, and bursary levels are
skewed towards zero. Trainee retention generally worsens as bursaries increase. By
grouping bursaries into four general levels, Figure 1.4 plots the share of teachers that
are present in the SWC in each year subsequent to their training year. For each
group, the drop out rate is highest directly after training, with about 35% of trainees
dropping out, however retention continues to slope downwards after this. Figure 1.4
also shows that post-training retention generally worsens with higher awards.
Teacher pay is determined by a nationally set pay schedule, where individuals may
progress up the scale based on their performance, experience, and seniority'®. Any

12Note that these data sets are not linked.

13Source: School ~ Workforce  Statistics  (DfE)  at  [https://explore-education-
statistics.service.gov.uk /find-statistics/school-workforce-in-england]

14Whilst private schools are not observed in this data, employees working for private secondary
schools make up for around 4 to 15 percent of the entire secondary school workforce [Source: IDBR,
March 2023].

15 Also note that teacher pay scales do not vary by undergraduate degree classification, whilst
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individual considering a career in teaching can therefore transparently observe their
potential pay progression. This strengthens the concept of teaching as an outside
option, as it is a more predictable and steady career than other private sector occu-
pations. Figure 1.5 demonstrates how average pay progresses over teaching tenure.
Pay progresses fastest during the first ten years of teaching, however after this it
stagnates at the same level for junior teaching faculty. Only for senior teaching roles
does pay consistently progress. However, not all teachers are guaranteed to proceed
to a senior role. The share of teachers in a senior role increases until it is roughly
constant at 40-45 percent for each teaching cohort with over 20 years of experience.

1.4 Empirical Strategy

1.4.1 Identifying Variation

I exploit variation in the bursary levels offered to students to estimate the impact of
financial incentives on a number of trainee outcomes. Bursary levels are determined
annually by the Department for Education (DofE) but the process by which they
are set is opaque. Since these levels are unlikely to be randomly assigned, I address
two key potential confounders: teacher demand and the alternative labour market
opportunities for trainees. For example, the DofE would offer larger bursaries in
subjects or years with more demand for new teachers, which may also correlate with
teacher workload, vacancy availability, or other non-observable characteristics of the
teaching experience. The same argument applies when the graduate labour market
is strong: a higher bursary may be required to compensate trainees for their time.
I explain how I address these biases in my analysis, and argue that there remains a
sizeable amount of variation in bursary levels not accounted for by these confounders
that I am able to exploit'®.

I construct a control variable for each of the two confounders. The DfE publishes
subject-specific teacher training targets each year!” which reflect the level of demand
for teachers. For each individual I also estimate their outside wages in each year, which
I discuss in detail in appendix section A.1. Regressing bursaries on outside wages and
trainee targets confirms that both variables are significantly positively correlated. I
therefore directly control for both variables, which leaves only the random variation
in bursary levels orthogonal to the labour demand of both teachers and non-teachers.
Eighty percent of the total variation in bursary level remains when adding these
controls, which suggests that bursary levels are not solely determined by these two

bursaries can.

16Tt is also likely that these factors bias the effect of the bursary on cohort size towards zero if
higher bursaries are offered in cases where supply of teachers is particularly low.

"These targets are set by a teacher workforce model that takes into account expected teacher
re-entries and exits, the fulfilment of previous year’s targets, and changes in student populations
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factors'®.

I also offer four arguments as to why the remaining variation in bursaries af-
ter controlling for confounders contains valid exogenous variation. Firstly, bursary
levels vary at the subject-year-degree classification level, so I am able to exploit
within cohort variation across time whilst controlling for year, subject, and degree
classification. This means that I can compare two trainees taking the same course
in the same year (and therefore experiencing the same teacher labour market), but
whose bursaries differ due to different undergraduate classifications. The identifying
assumption is that bursary levels are not correlated with any changes at the year-
subject-classification level. Secondly, If bursaries were determined using a formula,
they would still need to be rounded to generate the values we observe. Therefore,
there is a bursary component that is orthogonal to its potential determinants. Thirdly,
bursaries are determined at least a year before the course commences, and two years
before the first retention outcome is realised. The actual labour market conditions
faced by graduates will contain additional random components that were not con-
sidered when calculating the bursary level. Lastly, The National Audit Office (2016)
stated that “The Department [of Education] has not assessed the impact of bursaries
on applicants’ success or the number who go on to qualify and teach”. Referring to
the teacher workforce model algorithm that determines trainee targets, they wrote
that “The Department is yet to demonstrate how accurate the model and its own
judgements are”. If the accuracy of the teacher workforce model was undetermined
and the impact of bursary levels is unknown at the time these bursaries were set, it
is reasonable to assume that bursaries are not precisely calculated and will contain
random variation.

1.4.2 Cohort-level Characteristics

Firstly, I explore the impact that financial incentives have on the size and character-
istics of trainee cohorts. Equation 1.1 estimates the effect of the average bursary level
Bj; in subject j in year t on the log of the number of trainees enrolled, Nj;. 3 there-
fore represents the semi-elasticity of cohort size. I control for year and subject fixed
effects and the target number of trainees for each subject-year cohort, as reported by
the Department of Education. In addition to estimating the impact of the bursary
on the log of trainee cohort size (at time = 0), I also run the same regression on the
remaining cohort size of teachers three years later (at time = 3). All regressions are
run separately for STEM subjects, non-STEM subjects, and all subjects combined.
Owing to small sample sizes and a small number of clusters when regressions are run

18] run a regression of trainee target and outside wages up to the 8th power on bursary level at
the individual level to assess what share of the total variation is explained by these two variables.
The r-squared of this regression is 0.2054. I also compare the r-squared of two regressions that
also control for characteristics and course-related variables; where only one controls for wages and
trainee-targets. The increase in r-squared from the inclusion of these variables is 0.0252.
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at the subject level, robust standard errors will be biased downwards. I therefore use
a wild bootstrap estimation with standard errors clustered at the subject level. In
the robustness section of the chapter, I discuss alternative methods of estimation to
correct for potential biases.

log(Nj) = ﬁﬁjt + a; + ay + yTraineeTarget;; + € (1.1)

I also examine how bursary levels impact the observable characteristics of trainee
cohorts. Equation 1.2 estimates the probability of an individual in subject j in year ¢
having a certain characteristic, where Cjg4; is the propensity to have characteristic C
and €45 is distributed logit. I run this analysis at the individual level, as it avoids the
use of bursary averages and allows me to control for the degree-classification held by
the individual, as well as including year and subject fixed effects and trainee targets.
I consider the following characteristics: being female, having a non-white-British
ethnicity, and being under the age of 26. The exponent of the resulting coefficient
can also be interpreted as the impact of bursary level on the expected share of the
cohort that holds that characteristic. Errors are clustered at the subject-classification-
year level.

Cigjt = BBajt + aq + o + oy + yT'raineeT argetj; + €;q5 (1.2)

1.4.3 Individual-level outcomes

Secondly, I examine the impact of financial incentives on four measures of trainee
retention. The main measure of interest is a whether the trainee ever appears as a
teacher in the SWC post-training, as this is typically the stage with the largest rate of
dropout. I also estimate (un)conditional retention, which I define as the probability
of teaching in each year for up to four years after training has been completed. This
measure is a dummy equal to one if we observe an individual in a teacher or senior
school position (e.g. head teacher) in any school type in the SWC x years after their
training. Conditional retention excludes those who never teach post-training from
the sample, whereas unconditional retention includes the full sample of trainees and
can be considered a combination of the conditional retention measure and appearing
post-qualification. I lastly measure the probability of passing training.

I estimate these measures using equations 1.3, 1.4 and 1.6, where the error terms
are distributed logit. I estimate these for the entire sample and separately for STEM
and non-STEM subjects. Notation ¢djt denotes an individual ¢ with undergraduate
classification d, training in subject j at time ¢. Y4 is a dummy equal to one if the
performance indicator is true. I include fixed effects for degree classification, year,
subject, and training route r. Errors are clustered at the subject-classification-year
level.
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Yigit =BBajt + g + o + ap + a + €t (1.3)

}/idjt :ﬁijt + ag + aj + . + oy

+ nTraineeTarget, + 2. WageGap, i, + €igje (1.4)

WageGapidjt - 7~Dout,idjt - 7~Dteach,idjt (15)

Regression 1.4 estimates the overall effect of the bursary level on retention. In
equation 1.4 I control for two key variables that may influence the setting of bursary
levels and therefore threaten their exogeneity: trainee targets and the teaching wage
gap. The wage gap is calculated as the predicted outside weekly wage for individual
¢ minus their predicted weekly wage as a secondary school teacher. Using samples
of teachers from the SWC and workers employed in other graduate occupations from
ASHE, I estimate wages as a function of region, time, characteristics and their inter-
actions. The resulting coefficients are applied to my trainee sample to predict their
wages. Additional details of how these wages are approximated can be found in ap-
pendix section A.1. The gap refers to the wage gap in an individual’s training year.
For the outcomes of (un)conditional measures of retention across teaching years, I

additionally control for the wage differential in that given teaching year!?.

Yigjt =BBajt + @ + aj + o + o

+nT'raineeTargetj, + y2WageGap, 4+
+ v3Characteristics;qj, + €igjt (1.6)

Regression 1.4 measures the combined effects of observable and unobservable se-
lection into training by controlling for course related fixed effects only (subject, degree
classification, and year) as well as confounders. Equation 1.6 additionally controls for
the personal characteristics of the individual (age, sex, ethnicity, region, undergradu-
ate subject) and so only measures the impact of unobservable change the composition
of trainees on retention. For example, perhaps a higher bursary attracts more individ-
uals aged over 25 (who are more likely to quit) and less inherently motivated trainees.
Regression 1.4 will identify both effects, whereas the regressionl.6 will isolate the sole
impact of underlying motivation to teach. The first equation is useful from a policy
perspective to assess whether their incentives were effective. However controlling for

19Tn robustness checks, the addition of the current wage does not have an impact on the bursary
level coefficient. In section 1.6 I also discuss how the use of different wage estimations impacts my
results.
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observable characteristics may be more relevant from an economic perspective, as it
isolates the composition effects that admission procedures cannot easily target.

Whilst undergraduate classification is a personal characteristic and not a course
related characteristic, I include it in the base specification as it is used to determine
the bursary level (or ‘treatment’). Using my previous example, whilst a higher bursary
could attract older trainees with differing motivation to the same subject-classification
group, it cannot in the same way attract trainees with higher classifications as these
individuals are offered a separate bursary. The bursary an individual is offered instead
depends on their classification. Classification is, by construction, positively correlated
with both bursary level and also positively correlated with most retention outcomes.
Failing to control for it in the base specification would lead to an upwards bias and
over-estimate the efficacy of bursaries as financial incentives. The outside wage gap
can also be considered both a key control variable and a personal characteristic. I
therefore first control for trainee targets and then sequentially add outside wages
and then other personal characteristics in separate regressions. The overall combined
impact of the bursary on retention exists between the coefficient values of the first
and second of these regressions.

1.5 Empirical Results

1.5.1 Cohort Characteristics

Table 1.2 shows the impacts of the average bursary level on trainee cohort size, where
column 1 estimates equation 1.1. Overall, a bursary increase of £10k is associated
with a significant 34 percent?” increase in cohort size. This is in line with Worth’s 2021
estimates for the impact of bursary size on trainee applications, suggesting that the
increase in recruitment is driven by trainee supply, rather than changes in demand.
Overall, STEM graduates are more responsive to the financial incentive than non-
STEM graduates, as cohort sizes increase by 51 and 23 percent respectively.

I also examine the impact on cohort size 3 years after training to see if offering
higher bursaries has a long term impact on the stock of teachers. Overall, there is
an insignificant increase in cohort size of 14 percent, much smaller than the initial 34
percent increase, which suggests higher attrition rates for higher bursary awards. In
STEM, a bursary uplift of £10k results in a statistically significant increase in overall
cohort size, but the magnitude has fallen to 42 percent. In non-STEM subjects, there
is a small and insignificant positive effect of the bursary on the number of teachers
employed 3 years later.

The results produced by estimating equation 1.2 can be seen in table 1.3. Across
all subjects, the largest significant effect of an increase in bursary is an increase in the
share of over-25s, or later career trainees. The share of early career trainees decreases

20Calculated as the exponent of the regression coefficient
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by approximately 5 percentage points following a £10k bursary uplift. The magni-
tudes are similar in both the STEM and non-STEM subject groups. As bursaries
increase, the training year becomes more competitive relative to an individual’s out-
side wage and attracts more later-career individuals who have more experience and
therefore a larger wage in their next-best occupation. There is a negligible impact of
bursaries on the gender and ethnicity ratios of trainees. The only significant result is
observed for STEM subjects, where a £10k increase significantly increases the share of
women by approximately 2 percentage points. This is an encouraging result: trainee
cohort sizes increase without compromising on diversity within the classroom.

1.5.2 Retention

In the previous section I established that financial incentives to train had an impact
on both the size and composition of trainee cohorts. Next, I explore how trainees
attracted by different bursary levels may be negatively selected by estimating the
impact of bursaries on individual-level retention outcomes. I present the results of
regressions 1.3, 1.4 and 1.6 in tables 1.4 to 1.6. Below, I discuss the marginal impact
of a £10k bursary uplift (approximately one standard deviation) on the probability
of retention, where the margin is estimated using the average probabilities of the
population.

Table 1.4 shows that a £10k raise in funding results in a significant 1.8 percentage
point decrease in the probability of appearing post-qualification. The magnitude is
unchanged when controlling for trainee targets and decreases slightly by 0.2 percent-
age points when controlling for the wage gap on entry into training. The negative
impact of a £10k bursary raise increases from 1.6 to 1.8 when controlling for personal
characteristics, suggesting that this composition effect is predominantly stemming
from unobservable ‘motivation’ rather than a change in in observable characteristics.
Given that the wage may also act as a noisy proxy for characteristics such as age, we
can conclude that the observable composition effect accounts for at most 10% of the
total negative post-training-retention impact of the bursary?!.

Table 1.5 disaggregates these effects for STEM and non-STEM trainees. It shows
that the negative retention effects are much larger in magnitude and only signifi-
cant for the STEM sample, who are 2.8 percentage points less likely to appear as
a teacher following a £10k increase in bursary. Controlling for trainee targets re-
duces the magnitude by 0.6, but controlling for characteristics and outside wages in

2INote that controlling for outside wages decreases the coefficient on wages to almost zero when
controlling for personal characteristics. This suggests that for this outcome, the wage itself does not
convey any additional useful variation that the characteristics themselves do not generate (despite
the outside wage being a function of additional variables). The wage can act as a noisy proxy for age
or sex. Therefore the 10% drop in coefficient from column (2) to column (3) in table 1.4 could be
attributed to sex or age. Since this cannot be disaggregated from the confounding effect of outside
wages, we can summarise that the negative composition effect is between 0 and 10% of the overall
effect.
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this sub-sample increases the magnitude and leaves the impact of the unobservable
negative retention effect at 3 percentage points. Note that controlling for outside
wages increases the magnitude of the effect by 0.9, but subsequently controlling for
characteristics decreases the effect by only 0.1 and reduces the impact of wages on
retention to zero. Again, the wage gap could be proxying for personal characteristics.
This implies that for the STEM sample, a £10k bursary raise either generates no
observable composition effect, or generates a positive observable composition effect
that increases retention by up to 0.7 percent with a £10k bursary increase. The latter
is more likely. Referring to tables 1.3 and A.6, higher STEM bursaries attract more
female trainees, who have smaller outside wage gaps and are significantly more likely
to appear post-training, even when controlling for wages.

I also estimate the impact of financial support on the likelihood of appearing as
a teacher at each year post-training in table 1.6. I construct a conditional measure
where the sample is comprised of those who appear as a qualified teacher at any time
after qualification. The coefficient can therefore be interpreted as the additional re-
tention effect separate from post-training dropout. I present unconditional retention
results in the appendix table A.2 for a combined measure. For each year, I measure
the total impact of bursaries in column (1) and only the effect stemming from unob-
servable changes in trainee composition (by including personal characteristic controls)
in column (2).

Overall, there are generally negative but insignificant effects of the bursary on ap-
pearing in each year. The sign of the marginal effects suggests that on the intensive
margin, trainees who become teachers may be present in schools for fewer years. I find
an insignificant 0.5 percent decrease of being present as a teacher in year one for the
full sample, which increases in magnitude to 1 percent and becomes significant when
controlling for personal characteristics. This suggests that bursaries lead to negative
selection in terms of unobservable ‘motivation’, but positive selection effects in ob-
servable characteristics. The change in the probability of STEM teachers appearing
the year after training following a £10,000 uplift when (not) controlling for character-
istics is significant at (-1.3) -1.9 percentage points. Wages are less likely to proxy for
the impact of other characteristics in this case as the wage gap coefficients generally
increase in magnitude and become significant when controlling for characteristics.

One remaining feature of interest in table 1.6¢ is that STEM trainees with higher
bursaries are increasingly likely to appear as a teacher with each additional year. By
raising the bursary by £10k, the probability that a STEM teacher is present in year 4
increases by around 4 percentage points. Intuitively this would suggest that for those
who do eventually enter teaching, STEM teachers with higher bursary levels are less
likely to enter teaching straight away.

Trainee targets have markedly different impacts on retention outcomes for the
STEM and non-STEM samples. A 100 unit rise in the trainee target is significantly
associated with a 0.5 percentage point increase in the probability of teaching post-
training for STEM subjects. However, the same change in targets decreases retention
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for the non-STEM sample by 0.5 percent. There are two explanations as to why
targets could have either a positive or negative effect. For example, a large number
of teacher vacancies suggest it may be easier to find a job that matches a trainee’s
preferences and increase the number of trainees that become teachers after qualify-
ing. However higher targets also imply more under-staffing in those subjects, and
so trainees experience larger workloads and more stress during their school-based
training, making them less likely to apply for teaching roles post-qualification. If
non-STEM subjects feature more qualitative assessments that are time consuming
for teachers to mark, then under-staffing may generate a larger penalty in non-STEM
subjects that cause this channel to dominate.

1.5.3 Local Labour Market Conditions

Local wages are an important factor to consider when evaluating teacher retention for
two reasons. Firstly, the outside options of potential teachers impact their decision
to enrol into teacher training. Secondly, the Department for Education may also take
this into account when designing bursary incentives. In Chapter 2.11 I analyse the
dynamics of teacher wages versus other graduate wages in detail, and construct a
measure of the teaching wage gap. A brief description of how I apply this measure
to my trainee teacher sample is also included in the appendix section A.1.

Figure 1.6 represents the predicted regional disparity in graduate wage outcomes.
Teacher salaries are more uniformly distributed due to national pay scales, meaning
that the relative return to teaching mostly depends on the outside wage. Teaching
is therefore most attractive in northern regions where outside wages are relatively
lower. Note teachers within and around London also are subject to an additional pay
supplement, so whilst teaching is least competitive in this area, the ratio is not as low
as it otherwise would be. Therefore, it may not be surprising that the teaching:outside
wage ratio for trainees (individuals that have selected into teaching) in their training
year is 1.11 (but not statistically significant from one)??.

I control for the wage gap upon entry into training as defined in equation 1.5 on
the probability of appearing post-qualification in the fourth column of tables 1.5 and
1.6. If weekly teaching wages become £100 more competitive (around one standard-
deviation) during the training year, trainees are 4.5 percentage points more likely to
become a teacher post-training?3. This effect becomes small and insignificant from
zero when controlling for characteristics, suggesting that the wage effect was driven

22Whilst this result is a departure from some of the literature measuring average teacher pay gaps,
my sample is unique as it refers to teachers at the very start of their career, rather than focusing
on the outside options of existing and more senior staff. A recent study of the wage outcomes of
individuals who were marginally rejected from teaching also finds a teaching wage premium (Tsao,
2025).

Z¥Whilst the bursary coefficient is robust to the definition of outside wage, the wage gap coefficient
varies in magnitude depending on the wage measure. More details in the appendix
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by differences in wages between groups, and not within groups. It is also of a similar
magnitude for STEM and non-STEM groups.

The wage gap during an individual’s trainee year has a significant positive effect
on teaching in any given year, conditional on becoming a teacher post-training (table
1.6). A £100 larger wage gap during training increases the probability of teaching in
any given year by between 2 and 3 percentage points. This means that those recruited
into teacher training when it is less financially competitive are generally less likely to
become a teacher, but those that do teach more on the intensive margin. Note that
this effect is significant only when controlling for personal characteristics, implying
that this wage effect is instead driven by differences in wages within groups.

Outside wages are a useful source of variation to examine how bursaries could
have differential impacts depending on the relative competitiveness of teaching. In
table 1.7, I investigate the regional impact of the bursary level on appearing post-
qualification by running regression 1.6 but excluding wage gaps and replacing the
bursary with a full set of interaction terms of the bursary level with region. Seven
out of ten regions are significant, and marginal effects range from being insignificant
from zero in Outer London and the North West to -4.7 percentage points in the North
East. With the exception of Inner London, the regions with the largest impact are
more rural regions (North East, East of England, South West), whereas those with
the least impact are regions housing major cities (Outer London, North West, West
Midlands).

In a separate set of regressions, I interact the wage gap and the bursary level. The
bursary level coefficient can now be interpreted as the impact of a bursary increase on
an individual with a wage gap equal to zero. The interaction term is the additional
change in retention that an increase in the bursary level of £10k causes for an indi-
vidual with a £100 greater wage gap. The results show that for individuals with no
wage gap, an increase in the bursary level reduces their likelihood of appearing post-
qualification by 2 percentage points. Consistent with table 1.4, the larger the wage
gap upon entry into training, the less likely a trainee is to appear post-qualification.
However, there is a positive significant additional marginal effect of the bursary level
as the wage gap increases. In other words, the negative retention effect of the bursary
is largest for those with small wage gaps. The impact of offering a higher bursary
can become positive for those who have a weekly wage gap of roughly £250 or more,
however for STEM graduates this value is much larger at roughly £570. In section
1.7 T introduce a model with rational agents that can explain the main results of the
empirical section. The model, however, cannot explain why those with the highest
outside options are the least negatively impacted by the bursary level.
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1.6 Robustness

Cohort size

The selected specification for cohort size regresses the average bursary on the total co-
hort size at the subject level. However, the bursary varies at the subject-classification
level. To further disaggregate this impact, I estimate the semi-elasticity of cohort size
at the subject-classification level. This allows the bursary level Bgj; to be fixed for
each observation, rather than an average across a trainee cohort. I run equation
1.7 separately for each degree classification d, with errors clustered at the subject
level, where Ng;; is the number of trainees enrolled with classification level d in that
subject-year. I additionally include year and subject fixed effects. All regressions are
run separately for STEM subjects, non-STEM subjects, and all subjects combined. I
weight subject-level regressions by the average cohort size across all years.

log(Ngjt) = BaBajt + aaj + aar + vaT raineeTarget j, + €qj (1.7)

The results of equation 1.7, which disaggregates the impact of a bursary increase
at the subject-classification level, are shown in table A.3%%. Since the confidence
intervals for each estimate are large, the impacts of the financial incentive across
degree classifications on recruitment are not statistically significant from one-another.
The same conclusion can be reached in tables A.3b and A.3c, which run the same
analysis for the non-STEM and STEM samples respectively. However, the magnitudes
are all roughly consistent with the average impact of the bursary level calculated in
table 1.2.

Using an average bursary level as the independent variable in regression 1.1 when
estimating the overall impact on cohort size could lead to biased results; For example,
if the bursary offered to graduates with a lower second (2:2) increases, let us assume
that this increases the number of 2:2 graduates enrolled on to the course. Keeping
all else equal, this could also reduce the average bursary level of that cohort if the
existing trainees had higher classifications and larger bursaries. This example would
demonstrate recruitment increasing whilst the average bursary level fell, despite an
underlying positive correlation between bursaries and recruitment. I explore this bias
by running regression 1.7 with a pooled sample of all subject-classes to estimate the
average impact of the bursary across all classifications. The results, in table A.4,
suggest that the impact remains significantly positive for total trainee cohort size,
but the magnitude of estimates are reduced. The impact on the number of STEM
teachers is also no longer significant.

I also address cross-subject substitution. Prospective trainees may prefer to teach
the subject that they were chiefly trained in during their undergraduate degree. How-
ever if the bursary of a related subject is more generous, this would prompt them to

24Note that third class degrees are not included due to insufficient variation in the bursary level.

30



apply to train as a teacher in this subject instead. Econometrically, a positive coeffi-
cient of the bursary on trainee cohort size may be generated by the redistribution of
existing trainees, rather than attracting new trainees. I therefore control for the av-
erage bursary level of competing subjects® in the pooled estimation of equation 1.7.
Table A.5 shows that the statistically significant coefficients decrease in magnitude,
but remain significant. The coefficient for the number of teachers remaining in all
subjects also becomes significant at 14.6%.

I perform two remaining robustness checks. Firstly, I control for the average
outside wage gap of trainees upon entry into training within the specified cohort. Co-
efficients and p-values are largely unaffected. Secondly, I limit the sample of subject-
years included in the regressions of trainee cohort size to those who are still observed
in the sample three years later. This allows a direct comparison between the change
in trainees recruited and the change in teachers employed three years later. The co-
efficients on average decrease by a third, and as a result the difference in impact on
cohort size during training versus teaching is less pronounced. However, the sample
sizes of this wild-bootstrap estimation generate large confidence intervals which make
attrition difficult to measure by comparing cohort sizes. The regression results on
retention are more informative for this purpose.

Cohort Characteristics

Table 1.3 showed that the share of trainees under 26 and the share of males in STEM
trainee cohorts falls with an increase in bursaries. In additional analysis, I examine
whether the number of trainees under 26 and the number of STEM male trainees
also decreases using equations 1.1 and 1.7, where Nj; is the count of individuals that
possess the relevant characteristic. I find that all sub-groups increase in size following
a rise in bursary, and that only the relative shares are significantly effective.

I additionally use alternative specifications to estimate the impact on cohort char-
acteristics. I use a linear regression where the left hand side variable is the share of
individuals in the cohort possessing the characteristic, and each observation repre-
sents a given year-classification-subject cohort. I use a wild bootstrap where errors
are clustered at the subject level, and observations are weighted by average cohort
count across years. I find that the magnitude of effects are unchanged, all under-26
coefficients remain at the same level of significance, but the impact on being female
is no longer significant for any category. Finally, I add a control for undergraduate
classification in the original specification. Results are of a similar magnitude and
significance is unchanged, with the exception of the share of non-white individuals.
The magnitude of the effect roughly doubles to -0.83 for the non-STEM sample and
becomes significant at the 10 percent level.

25Competing subjects are all subjects in that year-classification group that share the same STEM
status. E.g. for first-class physics, I estimate the average bursary offered for first-class trainees in
all other STEM subjects.

31



Retention

One concern when estimating the retention results is that not all trainees are awarded
bursaries. Trainees may also apply for a ‘school direct salaried’ route, in which they
are instead paid a taxable salary by a school. Due to the format of the data, I
am able to identify school-direct trainees but in some years I am unable to identify
whether these trainees are salaried or not. For robustness, I run the same regressions
but excluding all school-direct trainees. The results reported in tables 1.4, 1.5 and
1.6 become stronger: all significant coefficients are between 5 percent smaller and 50
percent larger. However, it is notable the probability of appearing post-qualification
doubles in size and is significantly negative in column 1 for non-STEM trainees in
table 1.5.

Given that outside wages are calculated as a function of characteristics of the in-
dividual, the wage gap will be correlated with characteristics (although not co-linear
due to additional fixed-effects and interaction terms). I therefore also compare how
the coefficient on bursary level changes when controlling for characteristics before
controlling for the outside wage gap. The effect continues to be minimal: the ma-
jority of the effects observed for appearing post-qualification stem from unobservable
composition effects.

I also explore the impact of adding a dummy equal to one when a trainee is likely
to experience a drop in income when moving from training into full-time teaching on
the probability of appearing post-qualification. Whilst this has a negligible effect on
the bursary coefficient and is itself insignificant for the pooled and STEM samples, it
does have an effect for the non-STEM population. The bursary coefficient becomes
significantly negative and the wage drop coefficient becomes significantly positive.
This result seems counter-intuitive, as we would assume that an income drop would
make an individual more likely to exit the profession. It is instead likely that this
wage drop term is acting as a proxy for non-linearity in the effect of bursary level,
since a wage drop is most likely at higher bursary levels. Indeed, the effect is no
longer significant when controlling for the square of the bursary.

1.7 Modelling Occupational Choice

I develop a simple model to interpret the results presented in section 1.5 and explore
whether they can be replicated with rational agents. This model is based on the
standard occupational choice framework as developed by Keane and Wolpin (1997),
and builds on models of teacher labour supply presented in Stinebrickner (2001a) and
Stinebrickner (20015). It is a dynamic model of individual behaviour where in each
period individuals maximise lifetime utility by selecting one of two occupations, but
must undergo training before they are able to move into the teaching occupation.
Each period, an individual chooses to either work as a teacher (T), or work in
another occupation (O). Individual i at time t derives a utility from occupation j
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which is a linear combination of wage w’, and non-pecuniary benefit m?.Given that
there are only two occupations, I normalise m; to be the relative non-pecuniary benefit
of teaching, otherwise referred to as motivation. I assume that motivation is randomly
drawn from a normal distribution, and known to the individual. Utility is denoted
below, where d?, is a dummy variable equal to one when teaching is chosen. Each
individual lives for a fixed number of periods.

UZ& = wgt + dgtmi (1.8)

Each period, an individual receives a wage offer for occupation j which is a function
of qualifications ¢;, experience egt endogenously accrued within the occupation, and a
random AR(1) error component ¢/,. The errors follow an AR(1) progression in order
for a positive wage shock to be maintained across time periods. Although teacher pay
is banded, a random component is included because a teacher’s pay varies through
band sub-steps, speed of promotion, and additional responsibilities. Schools also have
some autonomy on deciding which band a teacher is classed under?®. For simplicity,
labour demand is not modelled and the parameters of the wage function are considered
to be exogenous.

w}, = fi(a ep) + €, (1.9)
An individual selects their occupation for that period in order to maximise their
expected lifetime utility, according to the value function below:

Vil = U}, + BEmaa [{Vier| &} (1.10)

: T O
diy = {1 v >V (1.11)

0 if VT < VP

Individual ¢ will choose to teach in any year when the present discounted value
of teaching is greater than the present discounted value of the other occupation. Re-
arranging this inequality, each individual trades off the relative wage gap of teaching
versus other occupations and their own motivation for teaching. The lower the ex-
pected lifetime wage gap, the lower the minimum motivation m; required to select
into teaching. For simplicity, I assume no switching costs. The key friction is instead
that individuals must undergo a training year that is only funded by the bursary
before they can be paid a teacher’s wage. The bursary offered to the individual could
be as small as zero, which implies that the training year has a high opportunity cost,

or larger than the first year pay of either occupation?”.

26 Academies in particular are not required to adhere to national pay structures

2"For additional simplicity, I do not incorporate liquidity constraints or a negative bursary offer.
Whilst in reality some trainees may experience liquidity constraints, maintenance loans of a limited
amount are available.
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Teacher wages vary less with respect to undergraduate classification compared to
other occupations, and better qualifications are rewarded more in occupations other
than teaching®. Therefore, an individual with better qualifications will experience
a higher wage gap when selecting into teaching. As a result, the minimum required
motivation m; for a highly qualified individual is higher than the minimum required
motivation for an individual with lower qualifications, all else being equal.

1.7.1 Model impact of Bursaries

Teacher training is considered as the first year of teaching. Therefore, the bursary
amount B;, replaces the first year teaching wage. I simulate the occupation choices
for 30 periods under the model for a population of individuals with different outside
wages and outside wage growth. For all individuals, the initial average teaching
wage and teaching wage growth is the same. Each individual is randomly assigned
their motivation of teaching from a normal distribution, and their wage for both
occupations vary subject to an AR(1) sequence of wage shocks. I then observe how
the number and characteristics of individuals who decide to train in year t=1 changes
when the bursary level is varied. I summarise the key results of this exercise below,
and more details can be found in the appendix A.2.

In this model, the share of individuals in one particular occupation eventually sta-
bilises. This is because as long as each occupation experiences positive wage growth,
it is more profitable for the individual to specialise and remain in one occupation and
continue to benefit from the return to the occupation-specific experience they have
accrued. Switching between occupations is more likely in earlier time periods when
experience is lowest and wage gaps between teaching and the ‘other’ occupation are
smallest. The earlier the time period, the more likely it is that an exogenous wage
shock can change the lower-utility occupation choice into the dominant choice. There-
fore, we can imagine that the bursary can impact an individual’s lifetime choices in
two ways: Firstly, raising the bursary could permanently pull more individuals into
teaching who otherwise had a very weak preference for the outside occupation. In
other words, a higher bursary attracts individuals whose expected lifetime payoff
from the outside occupation was only marginally larger than that of teaching. We
can informally name this group the ‘converts’. Secondly, a larger bursary can attract
people into teaching temporarily, particularly if the bursary is worth more than the
second-year wage of teaching. Individuals may train whilst the teaching payoff is
generous and then move to the alternative occupation to accrue experience in their
long-term most profitable occupation. In other words, the front-loaded payoff of the
bursary is large enough to compensate the individual for the lifetime income lost by
giving up one year of experience in the alternative occupation. I call this second
group ‘dropouts’.

28Based on regressions of wage against undergraduate classification in the SWC data and LFS
data.
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Model results

Due to the dynamic structure of the model, I produce simulations to observe the
decisions of 450,000 individuals. I use the outcomes of these simulations to describe
six results of the model below. The simulation process is described in more detail in
appendix section A.2.

Result 1: Increase in the number of trainees

An increase in bursary increases the relative financial payoff of teaching and re-
duces the minimum motivation threshold required to select into teaching. This in-
duces marginal applicants to apply for teaching. Given that training targets are
largely unmet, the increase in supply will lead to an increase in the number of trainees
recruited. This can be seen in figure 1.7, and aligns with the results in section 1.5.
Figure 1.10 also shows that a larger bursary attracts a larger share of the population
to train in year t=1. Figure 1.11 attempts to replicate the results in the empirical
analysis by measuring the share of the population who train in the first year, and
following this training cohort across time. A higher bursary consistently increases the
number of trainees.

Note that the in figure 1.10, the bursary level increases in £5,000 intervals but
the increase in trainees is not uniform. This may happen due to randomness in the
outside wage offers of individuals, but it can also occur because of the distribution of
motivation in the population. Figure 1.7 assumes a theoretical normal distribution of
motivation. The number of applicants attracted by an additional £5,000 in bursary
is initially small when starting at the right-most point of the graph, then increases
till the motivation threshold is at the mean level of motivation, and then decreases
on the left hand side of the distribution. By observing the gap between each line in
figure 1.11, we see that the marginal impact of the bursary in the model simulations
is largest for the median bursary amounts.

Result 2: Increase in the long-term number of teachers

As previously discussed, a raise in bursary level attracts both ‘converts’ and
‘dropouts’ into the training programme. Converts are individuals who prior to an
increase in bursary only marginally preferred their outside option. The increase in
the bursary is sufficient to make teaching the dominant occupation and they will re-
main in teaching and benefit from the return to their occupation-specific experience.
The empirical results confirm that even after four years, teacher cohort size is larger
for higher bursary levels?. In simulation figure 1.10, we see that the shares of indi-
viduals in teaching stabilises for all bursary levels by around year 10. Figures 1.10,
1.11 and 1.12 demonstrate that the share of the population engaged in teaching is
higher for larger bursary levels any number of years later.

Result 3: Composition effects based on qualifications

29Though not always significant.
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Given that the teaching wage gap varies with personal qualifications, there are
separate motivation thresholds for entering teaching for those with different under-
graduate classifications. For example, those with a first will have a higher threshold
than those with an upper second since their outside wages are higher (Britton, Walker,
and Waltmann, 2022). When the bursary increases, the number of marginal appli-
cants from each of these groups depends on the relative population density at that
part of the motivation distribution. Figure 1.8 demonstrates the case where offering
a uniform bursary increase to all applicants attracts mostly upper-second class can-
didates. The empirical results show that the higher bursaries were most effective at
attracting candidates with a first-class degree. The simulation results show that those
with higher outside wages (greater than £30,000) are less likely to train than those
with lower wages (less than £30,000) at any bursary level. Figure 1.12 disaggregates
the impact of the bursary on training cohort size for these two groups. Note that the
axis for the high and low wage groups are separate so the difference in the share of
the population training in year one is around 74 percent.

STEM and Non-STEM results can also differ when outside wages for the alter-
native occupation differ between those who apply to teach STEM and non-STEM
subjects. This is plausible given that STEM subjects are mostly taught by those who
studied STEM subjects themselves at the undergraduate level and that this group has
higher average wages in the labour market (Britton, Walker, and Waltmann, 2022).
Section 1.6 established that in terms of magnitude, STEM bursaries were most effec-
tive in attracting those with first class degrees whereas non-STEM bursaries mostly
attracted those with lower-second class degrees®’. The model simulations can also
reflect this by assuming that STEM graduates have a higher proportion of trainees
with high starting wages.

Result 4: Increase in attrition between training and teaching

The empirical results found that higher bursary levels reduced the likelihood of ap-
pearing post-qualification, even when controlling for observable characteristics. The
model suggests this is due to higher bursaries attracting more ‘dropouts’ into train-
ing: those that seek a higher paid training year without the intention to remain as
teachers. As previously discussed, this occurs when the bursary is large enough to
compensate the individual for the lifetime income lost by forgoing one year’s experi-
ence, but teaching is still not competitive enough compared to their outside option
to induce the individual to remain in teaching after training.

Figure 1.13 replicates the survival rates in the data shown in figure 1.4 using
simulations and shows the share of the trainee cohort that remain teaching in each
subsequent year. The simulations show that the biggest drop in retention occurs in
the first year post-training, and that higher bursaries lead to higher attrition. One
clear distinction is the magnitude of attrition. The empirical data shows that post-

3ONote that these coefficients were significant, but not statistically significant from the estimates
for other classifications.
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training retention is between 65 to 75 percent. However the simulations report 95 to
99 percent retention. In the final paragraph of this section I discuss some alternative
models that could predict a larger rate of attrition. Table 1.10 shows that whilst
moving form the lowest to the highest simulated bursary increases trainee cohort size
by 14%, the number of converts only increases by 10%. Meanwhile the number of
dropouts has increased by 322%. Overall, the share of trainees that are converts
decreases by 3.3% over this interval, from 98.2 to 94.9%.

Result 5: Reduced marginal and average motivation

I have established that as the bursary level increases, the threshold level of mini-
mum motivation required to select teaching falls. This is because the financial payoff
of teaching has increased whilst the compensation of the alternative occupation is
unchanged. The marginal individuals who are persuaded to teach by the increase in
bursary have lower motivation, and will also decrease the average motivation of the
pool of trainees. Table 1.9 confirms that the average motivation for all trainees, as
well as for converts only, is lower at higher bursary amounts.

Result 6: Retention varies by outside option

Retention of trainees depends on their likelihood of being a dropout versus a
convert. In order for someone with a high expected outside wage to permanently
select teaching, they would require at least one or a combination of the following:
a very low wage growth for their alternative occupation, a very high motivation for
teaching, a large negative wage shock to their alternative wage, or a large positive
wage shock to their teaching wage. In the model simulations, individuals are equally
distributed across 10 outside wage values and 5 wage growth values, and wage shocks
and motivation are randomly allocated from a normal distribution. Table 1.11 shows
that in these simulations, the higher the outside wage value the higher the share of
trainees that are dropouts. This increases from 0.4% when the bursary is zero, to
24.4% at a bursary of £55,000%!. In line with previous results, the average motivation
of trainees with large outside wages is also higher, and the number of trainees is fewer.

The model backs up the key differences between STEM and non-STEM attrition
in the empirical results. Figure 1.15 displays the probability of retention at each
bursary level for each value of expected outside wage. By comparing the gap between
two neighbouring bursary levels as the wage level increases, we can see that the effect
of raising the bursary level is more negative for higher outside wages. In section 1.5,
we observed that bursaries had the largest negative impact on post-training retention
for STEM graduates, but a smaller and non-significant effect on STEM graduates.
The model can explain this as long as STEM graduates have higher outside wages,
or a higher variance in outside wages.

There are two empirical results that are in direct contradiction to the model’s
predictions. Firstly, the model suggests that controlling for bursary levels, those with

31Whilst the largest bursary actually offered to trainees was £30,000, this is equivalent to an
income of just under £43,000 following student loan repayments and tax deductions.
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higher classifications in their undergraduate degrees are generally less likely to remain
in teaching due to higher outside wages®?. Whilst this is in line with most findings
in the literature®; this is not reflected in the empirical results (see figure A.6). In
the results section, I also established that the negative retention effect of the bursary
was largest for those with smaller wage gaps. The converse is true in the model: the
negative retention effect is strongest for those with large wage gaps. This can be seen
in figure 1.15 as the gap between two neighbouring bursary levels increases as the
wage level increases.

Implications and Limitations of the model

Overall, the model predicts that raising the bursary is effective in recruiting more
teachers in both the long term and short term. However, the higher the bursary the
higher the rate of ‘dropouts’. A higher bursary will also lower the average motivation
of trainees, and so marginal trainees will be more sensitive to future teacher pay
cuts or raises. The magnitude of the recruitment and retention effects depend on the
outside wages and underlying distribution of motivation of the potential trainees. In
light of these findings, in section 1.8 I evaluate whether bursaries are cost effective
and discuss which sub-groups are most effectively targeted by this policy tool.

The model is successful in generating both an increase in trainee recruitment
and trainee-to-teacher attrition, in addition to explaining why there are markedly
different results observed for different sub-groups of trainees. However the model
does not explain the large magnitude of the post-training attrition rates observed in
reality, nor does it explain the second order interaction effects between outside wages
and the bursary level. Discount rates are important in determining the impact of the
bursary on both recruitment and retention, however an improvement to the model
could incorporate myopic agents to generate larger attrition rates. Alternatively, a
model that combines risk averse agents and uncertainty over teaching motivation
may also provide further insight into the observed behaviour of individuals under
this policy, as the bursary reduces the inherent risk associated with learning your
motivation for teaching in the training year.

This model does not establish the optimal wage-setting behaviour of the firm (or
in this case government). However, the results imply that a front-loaded financial
incentive may not be optimal if the objective is to maximise long-run employment,
subject to budget constraints. A growing literature on wage-tenure contracts suggests
that although a high bursary may be effective in inducing more job-to-job transitions
into teaching, the design of the wage-tenure profile in the early career stages, and the
extent to which pay is back-loaded, matters for retention 3*. The wage schedule for

32This can be seen by comparing the retention rate in figure 1.12 at the same bursary level across
different wage levels. A higher outside wage worsens retention and makes it less likely that a trainee
will appear as a teacher.

33For example, see Podgursky, Monroe, and Watson (2004), Stinebrickner (1998)

34See Burdett and Coles (2003), Shi (2009), and Bagger et al. (2014) for model examples.
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teachers remains relatively rigid, and the effectiveness of customised bursaries could
remain limited unless wage offers and return to tenure can also be personalised.

This exercise has presented one potential explanation for the empirical results
observed, however there are other possible mechanisms that could generate similar
outcomes. The most important mechanism to consider is whether the change in
recruitment and retention is generated by alleviating financial constraints. If individ-
uals are unable to forego a year of income to train, a bursary will enable an increase
in cohort size. However, this would imply that the marginal recruit is highly moti-
vated and financially constrained. In this case, we would not anticipate an increase
in attrition since these individuals would be more incentivised to remain employed in
teaching following completion of the training.

1.8 Policy Evaluation

I evaluate the cost-effectiveness of bursaries compared to a menu of other policies in
increasing the supply of teachers. Through a back-of the envelope calculation that
incorporates elasticity estimates of UK teachers from Sims and Benhenda (2022) and
Worth, Tang, and Galvis (2022), I estimate the cost of attaining 5,000 additional
teaching years for three policies: Raising the teacher training bursary, increasing
early-career pay (the pay of teachers in their first 2 years of teaching), and raising
all secondary school teacher pay. Each policy has effects on the recruitment and the
retention of teachers, and I consider wages, bursary costs, and training costs. For
each policy I evaluate the additional cost of the policy and the additional teaching
years gained. I use these figures to generate the average cost per additional teaching
year. Additional details and assumptions made are included in the appendix.

Table 1.12 presents these results. I find that the cost of raising an additional
5,000 teaching years would require a bursary raise of around £6,500 and would cost
£58,000 per additional teaching year. This is just over the average cost of raising
all pay: which would require a 0.7% pay increase and cost £57,700 per additional
teaching year. The most cost-effective tool is raising early-career pay. Raising early
career pay by 2.5% for one teacher cohort would result in 5,000 additional teaching
years at a cost of £37,000 per year.

The estimates show that bursaries are roughly just as cost effective as training
pay for all teachers. This may be surprising since a pay rise is targeted at the entire
teaching workforce, despite attrition being highest in the first five years of teaching.
Pay rises are more expensive for experienced teachers with higher pay, who have lower
attrition rates to begin with. Alternatively, bursaries are effective in recruiting more
individuals into teaching, but come with the additional disadvantage of lower post-
training retention and higher fixed costs. A pay rise for early career trainees is cheaper
than a general pay rise because it is targeted at teaching cohorts during the lowest
retention years, in addition to their pay being lower. It also avoids the negative post-
training attrition effect observed with raising bursaries because the financial incentive
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is delayed until years one and two of teaching. Raising pay for early-career teachers
is unlikely to attract such ‘dropouts’ as long as pay growth remains positive for the
cohort after the policy window ends.

One additional benefit of bursaries is that they can be easily targeted at specific
subgroups of trainees, whereas varying teacher pay by subject is more difficult to
implement politically. Table 1.13 demonstrates this heterogeneity by estimating the
cost to increase the number of total teaching years by 10 percent for all trainees
and for STEM and non-STEM?>. The average costs per teaching year are lower for
STEM trainees (£56,000) than Non-STEM (£59,000). STEM subjects are more cost-
effective as trainee recruitment is more responsive to financial incentives, however the
gap between these costs is narrow because STEM trainees are already offered larger
bursaries than STEM trainees, resulting in a larger fixed cost. Note that bursaries are
particularly cost-effective when applied to smaller groups: for example, the average
cost of a teaching-year for first-class maths trainees is £50,000.

There are three key considerations to be made when targeting bursary increases to
raise the long run size of teacher cohorts. Firstly, when increasing the bursary offered
to a specific degree classification group, post-qualification attrition will increase. The
cost-effectiveness of doing so will depend on the current bursary level, the cost of
training and the effectiveness of trainee teachers compared to experienced teachers.
Secondly, bursaries only significantly raised cohort size for certain degree classification
groups. Attracting the highest number of trainees for the lowest possible increase in
bursary level requires an understanding of the underlying distribution of motivation
and outside wages. In the case of STEM candidates, the population of marginal
applicants is largest for first-class degree holders whereas most non-STEM marginal
applicants hold a lower-second degree. At the margin, attracting the same number
of first-class degree holders requires a larger non-STEM bursary than is currently
offered. Lastly, raising the bursary level may trade off the unobservable non-pecuniary
motivation of trainees in favour of financial motivation. This will affect the elasticity
of supply of the teacher workforce and so policy-makers should consider this in future
pay-setting decisions.

All three of these policies are most effective when used in tandem with each other.
Whilst raising early-career pay is the cheapest policy, it is limited in how much it
can be raised before it becomes larger than the expected pay of a third-year teacher.
Bursaries are a cost-effective tool to target particularly low-staffed subjects and can
increase and decrease between years in a way that pay cannot. However, bursaries

35This measure is used for comparison since cohort sizes vary by subject, and so gaining 5,000
trainees is more difficult in STEM than Non-STEM. Because the average cost of a teaching year is
increasing in the number of trainees recruited (in other words, there is a diminishing marginal return
to raising the bursary), this measure is more comparable. Bursaries face diminishing marginal returns
because as retention rates worsen, trainees spend on average less time in teaching. This means that
the fixed costs of the bursary and training become a larger share of total costs. Total costs increase
at a faster rate than total teaching years.
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also are subject to diminishing returns®®. If bursaries are used as the sole policy in
recruiting a large number of teachers, the average cost per teaching-year will increase
above the average cost of raising teacher pay. Lastly, there is a clear experience trade-
off when policy focuses on attracting new teachers versus retaining experienced ones.
Employing a sufficient number of teachers is a first-order concern, but consideration
for teacher quality is also essential to maintain teaching standards in the long-term.

1.9 Conclusion

This study evaluates the impact of UK teacher training bursaries, a financial incen-
tive, on the composition of trainee teachers and the resulting impact on workforce
retention. I found that higher bursaries increase trainee cohort size and that teacher
cohort size remains slightly higher three years later. However, an increase in the
bursary level reduces the probability that an individual will appear as a teacher post-
training. This negative retention effect is primarily driven by unobserved motivation,
as the coefficient of interest is relatively constant when controlling for outside wages
and personal characteristics. The effect is strongest for STEM graduates. Non-STEM
graduates have smaller recruitment effects and no significant negative retention ef-
fects.

By developing a simple model of occupational choice to explain my results, I find
that raising bursary levels increases the long term number of teachers by attracting
marginal individuals into teaching with a lower non-pecuniary valuation of teach-
ing, or ‘motivation’. A higher bursary level also increases the number and share of
‘dropouts’ in the trainee cohort: Individuals who are attracted to train by the finan-
cial incentive, but who move to their alternative occupation directly afterwards. This
increases the post-training attrition rate.

Through a cost-benefit analysis, I found that bursaries are just as cost-effective
as raising teacher pay, and cost less per teaching-year when targeted at the most
receptive sub-groups of trainees (e.g. STEM first class trainees). However even at
their most effective, bursaries are still more costly per teaching year than raising early
career teacher pay. Bursaries have the additional benefit of flexibility compared to pay
rises as they can be easily varied across subjects, years, and personal qualifications.
Policy makers should also consider the trade-off between recruiting new teachers
versus retaining experienced teachers.

My findings contribute to the teacher recruitment literature by establishing that
financial incentives can have both positive recruitment and negative retention effects,
and I am able to evaluate this in the context of the outside option wages of trainees.
By framing teaching as a widely available occupation for university graduates, I am
also able to evaluate the effect of a one-time financial incentive on occupational choice.
My work also acts as an evaluation for a large-scale recruitment policy that is one of

36See previous footnote.
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the primary paths into teaching in the UK.

Overall, bursaries are an effective tool whose positive recruitment effects over-
power their negative retention effects. However, high bursary cohorts are subject to
compositional effects that may not be easily observed or readily apparent when ini-
tial recruitment occurs. Marginal trainees are relatively more financially motivated
and may react more strongly to the relative stagnation of public sector teacher pay.
Alternatively, additional research could explore whether salary increases are a more
effective retention tool for high-bursary teacher cohorts. Future research could also
examine how wage-setting practises within the UK schooling system impacts the dis-
tribution of new teachers. The most important question remaining is whether these
marginal candidates differ in their teaching quality. Additional research is required
to assess whether high-bursary teachers improve not only the pupil-teacher ratio, but
also pupils’ educational attainment.

42



1.10 Tables

Table 1.1: Within-sample Trainee Characteristics

ATl STEM Non-STEM  STEM

trainees trainees trainees Difference
share female 0.60 0.52 0.65 -0.13
mean age 28.53 29.75 27.62 2.13
share under 26 0.52 0.47 0.55 -0.07
share non white 0.21 0.29 0.15 0.14
share census matched 0.74 0.72 0.76 -0.04
share with bursary 0.81 0.92 0.74 0.18
Total Observations 95397 39347 56050 16703

All differences are significant at the 1% level

Table 1.2: Cohort Size Pooled Regression Results: Subject-Year Level

All Subjects Stem Subject Non-Stem Subject
Trainees Teachers Trainees Teachers Trainees Teachers
Bursary 0.292** 0.136 0.413  0.352%** 0.208 0.066
[0.036] [0.186] [0.190] [0.000] [0.122] [0.748]
Observations 383 215 140 &0 243 135

P-values of Wild-Bootstrapped regressions in brackets. *p <0.10, **p<0.05, ***p<0.01. Bursary is in units of £10k.
All regressions control for subject-specific trainee targets, with wild-bootstrapped standard errors clustered at the
subject level.
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Table 1.3: Marginal Impact of Bursary on Cohort Characteristics

All Subjects
Cohort Share Female Non-White Under-26
Bursary 0.000 -0.006 -0.045%+*
(0.005) (0.005) (0.007)
Observations 84,857 81,498 84,857

Non-Stem Subjects
Cohort Share Female Non-White Under-26
Bursary -0.008 -0.006 -0.048%+*
(0.008) (0.006) (0.008)
Observations 49,007 47,078 49,007

Stem Subjects
Cohort Share Female Non-White Under-26

Bursary 0.021** -0.012 -0.058%**
(0.009) (0.008) (0.009)
Observations 35,850 34,420 35,850

Logistic regression with standard errors in parentheses. *p <0.10, **p<0.05, ***p<0.01
Marginal effects evaluated at the average probability. Units of £10k. All regressions control for subject-specific trainee
targets.
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Table 1.4: Marginal Effect on Becoming a Teacher Post-Qualification

Appear Post-Qualification
All Subjects

(1) (2) (3) (4)

Bursary* -0.018%F*  _0.018***  -0.016** -0.018**
(0.006) (0.006) (0.007) (0.008)
Trainee Target*" -0.001 -0.001 -0.001
(0.001) (0.001) (0.002)
Outside Wage Gaptt -0.045%** 0.002
(0.002) (0.003)
Course Controls X X X X
Characteristics - - - X
Observations 95,397 95,397 76,651 76,651

Standard Errors in Parentheses. *p <0.10, **p<0.05, ***p<0.01
Marginal effects evaluated at the average probability. * Units of £10k. ¥ Units of 100. Outside wage gap controls for
the predicted [outside wage - teacher wage| in the training year.

Table 1.5: Marginal Effect on Becoming a Teacher Post-Qualification (By Stem Status)

Appear Post-Qualification

Stem Non-Stem
(1) (2) (3) (4) (1) (2) (3) (4)
Bursary* -0.028%*F*F  _0.022*** _0.031*** -0.030*** -0.011 -0.011 0.000 0.001
(0.007) (0.006) (0.007) (0.007)  (0.009) (0.093)  (0.011) (0.011)
Trainee Target™ 0.004** 0.005** 0.004** -0.002  -0.005**  -0.004**
(0.002) (0.002) (0.002) (0.002)  (0.112) (0.002)
Outside Wage Gaptt -0.0447%%* 0.002 -0.052%%F  0.002
(0.002) (0.004) (0.003) (0.004)
Course Controls X X X X X X X X
Characteristics - - - X - - - X
Observations 39,347 39,347 32,459 32,459 56,050 56,050 44,192 44,192

Standard Errors in Parentheses. *p <0.10, **p<0.05, ***p<0.01. Marginal effects evaluated at the average probability.
+ Units of £10k. * Units of 100. Outside wage gap controls for the predicted [outside wage - teacher wage] in the
Training year.
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Table 1.6: Marginal Impact on Remaining in Teaching (Conditional on Entry Post-Qualification)

All Subjects
Probability of Conditional Retention by Year

Year 1 Year 2 Year 3 Year 4
Bursary* -0.005 -0.010%  -0.004 -0.009 -0.001 -0.001 -0.016 -0.016
(0.003)  (0.005) (0.003)  (0.007) (0.006) (0.008)  (0.011) (0.011)
Trainee Target™ -0.001*  -0.002*  -0.000 -0.000 0.001 0.001 0.001 0.001
(0.001)  (0.001) (0.001) (0.001) (0.001) (0.001)  (0.002)  (0.002)

Wage Gap (Entry year)™ -0.002  0.031*%  -0.002 0.022%%  0.006  0.027*** -0.001 0.020%**
(0.009)  (0.016) (0.003) (0.007)  (0.005) (0.007) (0.006) (0.008)

Observations 50,766 50,766 44,456 44,456 38,849 38,849 29,091 29,091
Non-Stem Subjects
Year 1 Year 2 Year 3 Year 4
Bursary* -0.002 -0.004  -0.002 -0.009%* -0.005 -0.008 -0.020 -0.022
(0.002)  (0.004) (0.003)  (0.005) (0.005) (0.008)  (0.013)  (0.013)
Trainee Target™ -0.001**  -0.003**  0.000 -0.001 0.000 0.000 0.000 0.000

(0.001)  (0.001) (0.000) (0.001)  (0.001)  (0.001) (0.001) (0.001)
Wage Gap (Entry year)™  -0.007  0.0019* -0.003 0.001 0.004 0.014**  0.003  0.024***
(0.005)  (0.010) (0.002) (0.006) (0.004)  (0.007) (0.006) (0.008)

Observations 30,213 30,213 26,362 26,362 22,964 22,964 17,310 17,310
Stem Subjects
Year 1 Year 2 Year 3 Year 4

Bursary® -0.013**  -0.019%* -0.006 -0.011 0.012 0.016 0.035 0.038%

(0.006)  (0.009) (0.009) (0.0016) (0.0014) (0.0017) (0.022) (0.021)
Trainee Target™ 0.002 0.002 0.000 0.002 0.002 0.000 -0.003 -0.003

(0.002)  (0.002) (0.002) (0.002)  (0.002) (0.002)  (0.004)  (0.004)
Wage Gap (Entry year)™  0.036* 0.044 0.003  0.052***  0.008  0.043*** -0.007 0.0032**

(0.021)  (0.039) (0.007) (0.013)  (0.009) (0.012)  (0.011) (0.013)
Observations 20,553 20,553 18,094 18,094 15,885 15,885 11,781 11,781
Course Controls X X X X X X X X
Characteristics - X - X - X - X

Standard Errors in Parentheses. *p <0.10, **p<0.05, ***p<0.01

Marginal effects evaluated at the average probability. * Units of £10k. ™ Units of 100. Y variable is the probability
an individual is present in the school workforce census X years after training ends. This conditional measure excludes
those who don’t appear as a teacher at all post-training from the regression. Outside wage gap controls for the
predicted [outside wage - teacher wage] in the year of entry into teacher training.
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Table 1.7: Teaching Post-qualification: Bursary-Region Interaction Marginal Effects

Appear Post-Qualification

Region x Bursary Level* All Non-Stem Stem
South West -0.034%*F*  _0.037*F%*  -0.030**
(0.009) (0.013) (0.013)
South East -0.024** -0.012 -0.023**
(0.007)  (0.012)  (0.012)
Outer London -0.003 0.014* -0.022%*
(0.007)  (0.009)  (0.009)
Inner London -0.029%**  -0.006  -0.042%***
(0.012)  (0.016)  (0.014)
East of England -0.033***  -0.038***  -0.032***
(0.007)  (0.010)  (0.012)
East Midlands -0.0217%* -0.008 -0.025**
(0.009)  (0.012)  (0.015)
West Midlands -0.010 -0.009 -0.003
(0.007)  (0.010)  (0.010)
North West -0.002 0.003 -0.007

(0.008)  (0.009)  (0.010)
Yorkshire and the Humber -0.023** -0.012 -0.038***
(0.009)  (0.013)  (0.011)

North East -0.047FF% _0.026%*  -0.047HF*
(0.010) (0.011) (0.011)
Course Controls X X X
Characteristics X X X
Trainee Targets X X X
Outside Wages - - -
Observations 76,893 32,557 44,336

Reports the marginal change in probability evaluated at the regional average. Standard Errors in Parentheses. *p
<0.10, **p<0.05, ***p<0.01.
+ Bursary is in units of £10k. All regressions control for year, region, trainee targets and subject fixed effects.
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Table 1.8: Appearing Post-qualification: Wage Interactions

Appear Post-Qualification
All Non-Stem Stem

Bursary* -0.020*** -0.002 -0.031%%*
(0.008)  (0.011)  (0.007)
Wage Gaptt -0.012%%*  _0.014** -0.009

(0.008)  (0.006)  (0.006)
Bursary x Wage Gap™  0.001***  0.013***  0.005**
(0.002)  (0.002)  (0.002)

Course Controls X X X
Characteristics X X X
Trainee Targets X X X
Observations 76,651 44,192 32,459

Errors in Parentheses. *p <0.10, **p<0.05, ***p<0.01. Marginal effects evaluated at the average probability. * Units
of £10k. * Units of 100. ** Units of (100*10k) Outside wage gap controls for the predicted [outside wage - teacher
wage] in the training year. All regressions control for year, region and subject fixed effects.

Table 1.9: Simulation Results: Motivation by Bursary Level

Average Trainee Average Trainee Average Complier

Bursary Level — Outside Wage Motivation Motivation
0 25871 3056 3107
5000 25861 2937 2998
10000 26022 2923 2997
15000 26080 2780 2858
20000 26163 2789 2872
25000 26282 2720 2808
30000 26302 2717 2843
35000 26536 2634 2748
40000 26574 2681 2787
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Table 1.10: Simulation Results: Compliers and Never-Takers by Bursary Level

Trainee A Total A Total A Total A Complier
Bursary Level Complier Share Trainees Compliers Never-Takers Share
0 0.982 1.000 1.000 1.000 0.000
5000 0.979 1.002 1.000 1.144 -0.003
10000 0.976 1.031 1.025 1.349 -0.006
15000 0.973 1.043 1.033 1.589 -0.010
20000 0.968 1.069 1.053 1.895 -0.014
25000 0.964 1.091 1.072 2.182 -0.018
30000 0.956 1.103 1.074 2.694 -0.026
35000 0.952 1.129 1.095 3.000 -0.030
40000 0.949 1.140 1.102 3.215 -0.033

Table 1.11: Simulation Results: Compliers and Never-Takers by Wage Level

Number of Average Trainee Average Complier Share
Wage  Trainees Motivation Motivation Never Taker
20000 40844 917 982 0.004
25000 31791 2312 2443 0.010
30000 20451 3770 3987 0.019
35000 11233 5472 5844 0.031
40000 5095 7711 8261 0.045
45000 1763 10147 11025 0.074
50000 416 12236 13296 0.144
55000 45 13889 15000 0.244

Table 1.12: Cost-Benefit Policy Comparison: Cost of 5,000 Additional Teaching Years

Value Marginal Cost per
Policy Raise Cost Teacher-Year
Bursary Raise (All Subjects) £6,175  £290,042,633 £58,001
Raise all pay (1 year) 0.67% £288,559,712 £57.817

Raise early career pay (1 cohort) 2.5%  £185,958,682 £37,620

Figures are based on teacher cohort characteristics and pay in the 2022/2023 academic cycle.
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Table 1.13: Cost-Benefit of a 10 Percent Increase in Trainees

Value  Additional  Additional = Average

Bursary Type Increase years Cost Cost

General Bursary £3,596 2,923 £165,867,494 £56,763
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